Learning and Decision Making
from Diverse Forms of Information

Yichong Xu

June 2020
CMU-ML-20-108

Machine Learning Department
School of Computer Science
Carnegie Mellon University

Pittsburgh, PA

Thesis Committee

Artur Dubrawski, Co-Chair
Aarti Singh, Co-Chair
Sivaraman Balakrishnan
John Langford (Microsoft Research)

Submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy.

Copyright (©) 2020 Yichong Xu

This research was sponsored by: Air Force Research Laboratory award numbers FA87501220324, FA87501420244,
FA87501720130 and FA87501720212; National Institutes of Health award numbers RO1GM117622, RO1HL141916,
RO1HL 144692 and ROINRO013912; National Science Foundation award numbers CCF1563918, CCF1763734 and
11S1320347; and Innovation Works award number 2015WCZ01733E1.



Keywords: interactive learning, pairwise comparison, multitask learning, preference learning,
ranking



To my family, my girlfriend, and everyone I have ever met



v



Abstract

Classical machine learning posits that data are independently and identically
distributed, in a single format usually the same as test data. In modern applications
however, additional information in other formats might be available freely or at a
lower cost. For example, in data crowdsourcing we can collect preferences over the
data points instead of directly asking the labels of a single data point at a lower cost.
In natural language understanding problems, we might have limited amount of data
in the target domain, but can use a large amount of general domain data for free.

The main topic of this thesis is to study how to efficiently incorporate these diverse
forms of information into the learning and decision making process. We study two
representative paradigms in this thesis.

¢ Firstly, we study learning and decision making problems with direct labels and
comparisons. In many applications such as clinical settings and material science,
comparisons are much cheaper to obtain than direct labels. We show that
comparisons can greatly reduce the problem complexity; using comparisons as
input, our algorithm requires an exponentially smaller amount of labels to work
than traditional label-only algorithms. Moreover, our total query complexity is
similar to previous algorithms. We consider various learning problems in this
settings, including classification, regression, multi-armed bandits, nonconvex
optimization, and reinforcement learning.

e Secondly, we study multi-task learning and transfer learning to learn from
different domains and tasks of data. In this case, our algorithm use the previous
collected data from similar tasks or domains, which are essentially free to
use. We propose simple yet effective ways to transfer the knowledge from
other domains and tasks, and achieve state-of-the-art result on several natural
language understanding benchmarks.

We illustrate both theoretical and practical insights in this thesis. Theoretically, we
show performance guarantees of our algorithms as well as their statistical minimaxity
through information-theoretic limits. On the practical side, we demonstrate promising
experimental results on price estimation and natural language understanding tasks.
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Chapter 1

Introduction

Traditionally, machine learning deal with data from a single distribution and in a fixed form,
usually independently and identically distributed. In many practical applications, however, we
can obtain data in diverse forms for a single target task, with varied costs and qualities. A
natural question is that whether and how algorithms can benefit from using these diverse forms of
information. In this thesis we aim to answer this question by analyzing how diverse information
can be incorporated into learning algorithms.

Multi-formed data can come in various ways in practice, and we study two different paradigms
in this thesis. We first consider multi-formed data from feedbacks; during data acquisition, workers
can not only answer about the label of a specific sample, but also many other alternative questions
to help understand the problem. A broad goal is to understand the usefulness of, and to design
algorithms to exploit, such alternative feedbacks. We study a special version of such feedbacks,
namely learning from pairwise comparisons, in this thesis.

We then consider multi-formed data from multiple domains. In many applications, the
available data is limited. However, we can obtain data from other domains, effectively of a
different distribution, at essentially no cost. For example, for understanding Wikipedia, we
can also use other forms of text, such as news and webpages, to train our model. We study
the application of multi-task learning to understand multi-domain data for natural language
understanding (NLU) problems.

By demonstrating the results of learning from multiple feedbacks and multiple domains, we
illustrate the effectiveness of using multiple-source data in learning and decision making problems.
We give an overview of our results in the next section.

1.1 Overview of Results

We review our results in this section. In Section [I.1.1] we illustrate our results on learning from
both labels and comparisons. In Section [I.1.2] we describe the dueling-choice framework for
decision making, where comparisons (duels) are available in addition to traditional direct queries.
Lastly in Section [1.1.3] we study the problem of learning from multiple domains on natural
language understanding tasks.



1.1.1 Interactive Learning from Labels and Comparisons

Classical classification and regression algorithms is centered around using labeled observations
{(X1,%), -, (X0, yn)}, where X; € R?, and y; € {—1, 1} for binary classification, or y; € R
for regression. In Chapter We consider an alternative way of interaction in this setup, where in
addition to direct labels, we can also compare two points (X;, X;) in the data pool, and obtain the
point with a larger y value.

In many applications of machine learning comparisons are easier to obtain than labels. For
example, in crowdsourcing, workers are often able to provide ordinal feedback accurately with
little effort [[153 [164]]. Similarly, in clinical settings, precise assessment of each individual
patient’s health status can be difficult, expensive and/or risky (e.g. it may require application of
invasive sensors or diagnostic surgeries), but comparing relative statuses of two patients at a time
may be relatively easy and accurate.

In Chapter 2, we consider the problem of active classification with both labels and comparisons,
and characterize how the access to an easier comparison oracle helps in improving the label and
total query complexity. We show that the comparison oracle reduces the learning problem to that
of learning a threshold function. We then present an algorithm that interactively queries the label
and comparison oracles and we characterize its query complexity under Tsybakov and adversarial
noise conditions for the comparison and labeling oracles. This chapter is based on [187]].

In Chapter (3| we consider linear and nonparametric regression with additional ordinal in-
formation. We consider ordinal feedback of varying qualities where we have either a perfect
ordering of the samples, a noisy ordering of the samples or noisy pairwise comparisons between
the samples. We provide a precise quantification of the usefulness of these types of ordinal
feedback in both nonparametric and linear regression, showing that in many cases it is possible to
accurately estimate an underlying function with a very small labeled set, effectively escaping the
curse of dimensionality. We also present lower bounds, that establish fundamental limits for the
task and show that our algorithms are optimal in a variety of settings. Finally, we present extensive
experiments on new datasets that demonstrate the efficacy and practicality of our algorithms and
investigate their robustness to various sources of noise and model misspecification. This chapter
1s based on [[185, [188]].

1.1.2 Decision Making with Comparisons

Many practical problems can be casted as bandit or optimization problems, where we aim to
find target items in a given (finite or infinite) set. In the classical Multi-Armed Bandit(MAB)
framework, we selectively query (or pull) an arm to get a random reward from its mean distribution
in each iteration. We consider the same additional interaction with comparisons as in the previous
section: In each iteration in addition to pulls, we can also compare (or duel) two arms to get the
arm with a larger reward. We refer to this problem as Multi-Armed Bandits with Dueling Choices
(MAB-DC) since MAB with comparisons is usually called dueling bandits in literature [200], and
duels are optional in the algorithm process.

In Chapter 4, we consider regret minimization for MAB-DC under both discrete and continuous
arm spaces. For the discrete K -armed MAB-DC, we propose the DF algorithm by combining
Beat-the-Mean [199] and Successive Elimination[70]. We show that DF acehives a O(logT')

2



regret rate where 7' is the number of direct queries, and the regret combines the benefit of both
duels and pulls. For a continuous arm space, we give the COMP-GP-UCB algorithm based on
GP-UCB [156]], where instead of directly querying the point with the maximum Upper Confidence
Bound (UCB), we perform constrained optimization and use comparisons to filter out suboptimal
points. COMP-GP-UCB comes with theoretical guarantee of O(%) on simple regret where @ is
an improved information gain stemming from a comparison-based constraint set that restricts the
space for optimum search. In contrast, in the plain direct query setting, ® depends on the entire
domain. We discuss theoretical aspects and show experimental results to demonstrate efficacy of
our algorithms. This chapter extends the content of [189].

In Chapter 5, we consider the Thresholding Bandit Problem (TBP) with Dueling Choices.
The Thresholding Bandit Problem (TBP) aims to find the set of arms with mean rewards greater
than a given threshold. We provide an algorithm called Rank-Search (RS) for solving TBP-DC
by alternating between ranking and binary search. We prove theoretical guarantees for RS, and
also give lower bounds to show the optimality of it. Experiments show that RS can outperform
baseline algorithms when duels can be obtained at a lower cost than direct assessments. This
chapter is based on [192]].

In Chapter 6, we consider reinforcment learning with comparisons, namely Preference-based
Reinforcement Learning (PbRL). PbRL replaces reward values in traditional reinforcement
learning by preferences to better elicit human opinion on the target objective, specially when
reward metrics are hard to design or elicit. Despite promising results in applications, the theoretical
understanding of PbRL is still preliminary. We present the first finite-time analysis for general
PbRL problems. We first show that a unique optimal policy may not exist if preferences over
trajectories are deterministic for PbRL. If preferences are stochastic, and the preference probability
relates to the reward values, we present algorithms for PbRL both with or without a simulator
that are able to identify the best policy up to accuracy epsilon with high probability. Our method
explores the state space by navigating to every (remove every since states with very low reach
probability are not visited?) under-explored states, and solves PbRL using a combination of
dueling bandits and policy search. Experiments show the efficacy of our method on real-world
problems. This chapter is based on [193].

1.1.3 Natural Language Understanding from Multiple Domains

We focus another paradigm of learning from multiple sources, where we have data from multiple
domains, and would like to learn a joint model targeting the performance on a specific dataset. The
domains can be different in their input/output formats, data distributions and label distributions.
We focus on the problem of Natural Language Understanding (NLU) problems, since NLU data
is typically collected from different sources using various corpora.

In Chapter 6, we consider the problem of multi-task learning for machine reading comprehen-
sion(MRC). We propose a framework to learn a joint MRC model that can be applied to a wide
range of MRC tasks in different domains. Inspired by recent ideas of data selection in machine
translation, we develop a novel sample re-weighting scheme to assign sample-specific weights to
the loss. Empirical study shows that our approach can be applied to many existing MRC models.
Combined with contextual representations from pre-trained language models (such as ELMo), we
achieve new state-of-the-art results on a set of MRC benchmark datasets. This work is based on



[191].

In Chapter 7, we consider the problem of transfer multiple source of knowledge to NLU in
the medical domain. We use a multi-source transfer learning approach to transfer the knowledge
from MT-DNN [[119] (general domain NLU) and SciBERT [33]] (language model in the medical
domain). For transfer learning fine-tuning, we use multi-task learning various tasks on general
and medical domains to improve performance. The proposed methods are proved effective for
natural language understanding in the medical domain, and we rank the 2nd on the QA task of the
MEDIQA-2019 shared task[34]]. This work is based on [190]].



Part I

Interactive Learning from Labels and
Comparisons






Chapter 2

Classification with Labels and
Comparisons

Given high costs of obtaining labels for big datasets, interactive learning is gaining popularity
in both practice and theory of machine learning. On the practical side, there has been an
increasing interest in designing algorithms capable of engaging domain experts in two-way
queries to facilitate more accurate and more effort-efficient learning systems (c.f. [124} [171]]).
On the theoretical side, study of interactive learning has led to significant advances such as
exponential improvement of query complexity over passive learning under certain conditions
(c.f. [14}[15] 26, 44, 86, [146]]). While most of these approaches to interactive learning fix the
form of an oracle, e.g., the labeling oracle, and explore the best way of querying, recent work
allows for multiple diverse forms of oracles [25} 136, 64, [196]]. The focus of this chapter is on
this latter setting, also known as active dual supervision [11]. We investigate how to recover a
hypothesis h that is a good approximator of the optimal classifier 4", in terms of expected 0/1
error Pry[h(X) # h*(X)], given limited access to labels on individual instances X € X and
pairwise comparisons about which one of two given instances is more likely to belong to the +1/-1
class.

Our study is motivated by important applications where comparisons are easier to obtain than
labels, and the algorithm can leverage both types of oracles to improve label and total query
complexity. For example, in material design, synthesizing materials for specific conditions requires
expensive experimentation, but with an appropriate algorithm we can leverage expertize of material
scientists, for whom it may be hard to accurately assess the resulting material properties, but
who can quickly compare different input conditions and suggest which ones are more promising.
Similarly, in clinical settings, precise assessment of each individual patient’s health status can be
difficult, expensive and/or risky (e.g. it may require application of invasive sensors or diagnostic
surgeries), but comparing relative statuses of two patients at a time may be relatively easy and
accurate. In both these scenarios we may have access to a modest amount of individually labeled
data, but the bulk of more accessible training information is available via pairwise comparisons.
There are many other examples where humans find it easier to perform pairwise comparisons rather
than providing direct labels, including content search [7/], image retrieval [[171], ranking [90],
etc.

Despite many successful applications of comparison oracles, many fundamental questions
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Figure 2.1: Explanation of work flow of ADGAC-based algorithms. Left: Procedure of typical
active learning algorithms. Right: Procedure of our proposed ADGAC-based interactive learning
algorithm which has access to both pairwise comparison and labeling oracles.

remain. One of them is how to design noise-tolerant, cost-efficient algorithms that can approximate
the unknown target hypothesis to arbitrary accuracy while having access to pairwise comparisons.
On one hand, while there is theoretical analysis on the pairwise comparisons concerning the
task of learning to rank [7, 93], estimating ordinal measurement models [152] and learning
combinatorial functions [28]], much remains unknown how to extend these results to more generic
hypothesis classes. On the other hand, although we have seen great progress on using single or
multiple oracles with the same form of interaction [23}164], classification using both comparison
and labeling queries remains an interesting open problem. Independently of our work, Kane
et al. [105] concurrently analyzed a similar setting of learning to classify using both label and
comparison queries. However, their algorithms work only in the noise-free setting.

Our Contributions: Our work addresses the aforementioned issues by presenting a new algo-
rithm, Active Data Generation with Adversarial Comparisons (ADGAC), which learns a classifier
with both noisy labeling and noisy comparison oracles.

® We analyze ADGAC under Tsybakov (TNC) [165] and adversarial noise conditions for
the labeling oracle, along with the adversarial noise condition for the comparison oracle.
Our general framework can augment any active learning algorithm by replacing the batch
sampling in these algorithms with ADGAC. Figure [2.1] presents the work flow of our
framework.

e We propose A2-ADGAC algorithm, which can learn an arbitrary hypothesis class. The label
complexity of the algorithm is as small as learning a threshold function under both TNC
and adversarial noise condition, independently of the structure of the hypothesis class. The
total query complexity improves over previous best-known results under TNC which can
only access the labeling oracle.

¢ We derive Margin-ADGAC to learn the class of halfspaces. This algorithm has the same
label and total query complexity as A2-ADGAC, but is computationally efficient.

e We present lower bounds on total query complexity for any algorithm that can access both
labeling and comparison oracles, and a noise tolerance lower bound for our algorithms.
These lower bounds demonstrate that our analysis is nearly optimal.

An important quantity governing the performance of our algorithms is the adversarial noise
level of comparisons: denote by TOlcomp (€, 6, A) the adversarial noise tolerance level of compar-
isons that guarantees an algorithm .4 to achieve an error of €, with probability at least 1 — . Table
compares our results with previous work in terms of label complexity, total query complexity,
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Table 2.1: Comparison of various methods for learning of generic hypothesis class (Omitting
log(1/e) factors).

Label Noise Work # Label # Query Tolcomp

Tsybakov (k) B4 O(()"a)  O((H)"Tw)  Na

Tsybakov (k) Ours O (( QH 2) ( (1) e 20+d0> O(e2%)
Adversarial (v = O(g))  [86] O(d@) (7) do) N/A
Adversarial (v = O(g)) Ours O(1) O(d@) O(e?)

Table 2.2: Comparison of various methods for learning of halfspaces (Omitting log(1/¢) factors).

Label Noise Work # Label # Query Toleomp  Efficient?
Massart [27] O(d) O(d) N/A No
Massart [14] poly(d) poly(d) N/A Yes
Massart Ours o(1) O(d) O(e?) Yes

Tsybakov () 86 O((H)*"*do) O((L)"*ds)  NIA No
Tsybakov (k) Ours O ((%)2'{_2) o ((%)2'{_2 + d> O(e2F) Yes
Adversarial (v = O(¢))  [202] O(d) O(d) N/A No
Adversarial (v = O(g))  [15] O(d?) O(d?) N/A Yes
Adversarial (v = O(g)) Ours o(1) O(d) O(e?) Yes

and Tol.mp for generic hypothesis class C with error . We see that our results significantly
improve over prior work with the extra comparison oracle. Denote by d the VC-dimension of
C and 0 the disagreement coefficient. We also compare the results in Table for learning
halfspaces under isotropic log-concave distributions. In both cases, our algorithms enjoy small
label complexity that is independent of # and d. This is helpful when labels are very expensive to
obtain. Our algorithms also enjoy better total query complexity under both TNC and adversarial
noise condition for efficiently learning halfspaces.

2.1 Our Techniques

Intransitivity: The main challenge of learning with pairwise comparisons is that the comparisons
might be asymmetric or intransitive. If we construct a classifier h(x) by simply comparing x
with a fixed instance & by comparison oracle, then the concept class of classifiers {h : h(x) =
Z(x,z),z € X} will have infinite VC dimension, so the complexity will be as high as infinite
if we apply the traditional tools of VC theory. To resolve the issue, we conduct a group-based
binary search in ADGAC. The intuition is that by dividing the dataset into several ranked groups
S1, 59, ..., the majority of labels in each group can be stably decided if we sample enough examples
from that group. Therefore, we are able to reduce the original problem in the high-dimensional
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space to the problem of learning a “threshold” function in one-dimension space. Then some
straightforward approaches such as binary search learns the thresholding function.

Combining with Active Learning Algorithms: If the labels follow Tsybakov noise (i.e., Con-
dition [2)), the most straightforward method to combine ADGAC with existing algorithms is to
combine ADGAC with an algorithm that uses the label oracle only and works under TNC. How-
ever, we cannot save query complexity if we follow this method. To see this, notice that in each

~ 2k—1 ~ 2k—2
round we need roughly n, = O (d@ (5) ) samples and m; = O (d@ (%) ) labels; if

we use ADGAC, we can obtain a labeling of n; samples with at most ¢;n; ~ m; errors with low
label complexity. Suppose N is the set of labels that ADGAC makes error on. However, since the
outside active learning algorithm works under TNC, we will need to query labels in N to make
sure that the ADGAC labels follow TNC. That means our label complexity is still m;, the same
as the original algorithm. To avoid this problem, we combine ADGAC with algorithms under
adversarial noise in all cases including TNC. This eliminates the need to query additional labels,
and also reduces the query complexity.

Handling Independence: We mostly follow previous works on combining ADGAC with existing
algorithms. However, since we now obtain labels from ADGAC instead of Py, the labels are not
independently sampled, and we need to adapt the proof to our case. We use different methods for
A2-ADGAC and Margin-ADGAC: For the former, we use results from PAC learning to bound
the error on all n; samples; for the latter, we decompose the error of any classifier 4 on labels
generated by ADGAC into two parts: The first part is caused by the error of ADGAC itself,
and second is by A on truthful labels. Using the above techniques enables us to circumvent the
independence problem.

Lower Bounds: It is typically hard to provide a unified lower bound for multi-query learning
framework, as several quantities are simultaneously involved in the analysis, e.g., the comparison
complexity, the label complexity, the noise tolerance, etc. So traditional proof techniques for
active learning, e.g., Le Cam’s and Fano’s bounds [44, |86], cannot be trivially applied to our
setting. Instead, we prove lower bounds on one quantity by allowing arbitrary budgets of other
quantities. Another non-trivial technique is in the proof of minimax bound for the adversarial
noise level of comparison oracle (see Theorem[I2): In the proof of upper bound, we divide the
integral region w.r.t. the expectation into n segments, each of size 1/n, and the expectation is thus
the limit when n — oo. We upper bound the discrete approximation of the integral by a careful
calibration of noise on each segment for a fixed n, and then let n — oo. The proof then leads to a
general inequality (Lemma [21)), and it might be of independent interest.

2.2 Related Works

It is well known that people are better at comparison than labeling [152, [158]]. It has been widely
used to tackle problems in classification [[124], clustering [[109] and ranking [, [77]].

Balcan et al. [28]] studied using pairwise comparisons to learn submodular functions on sets.
Another related problem is bipartite ranking [4], which exactly does the opposite of our problem:
Given a group of binary labels, learn a ranking function that rank positive samples higher than
negative ones.
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Interactive learning has wide application in the field of computer vision and natural language
processing (see e.g., [171]). There are also abundant literatures on interactive ways to improve
unsupervised and semi-supervised learning [[109]]. However, there lacks a general statistical analy-
sis of interactive learning for traditional classification tasks. Balcan and Hanneke [23]] analyze
class conditional queries (CCQ), where the user gives counterexamples to a given classification.
Beygelzimer et al. [36] used a similar idea using search queries. However, their interactions re-
quires a oracle that is usually stronger than the traditional labelers (i.e., we can simulate traditional
active learning using such oracles), and is generally hard to deploy in practice. There turns out to
be little general analysis on using a ”weaker” interaction between human and computer. Balcan
and Hanneke[23] studied an abstract query based notions from exact learning, but their analysis
cannot handle queries that gives relation between samples (as comparisons do). Our work fits in
this blank.

We compare our work to traditional label-based active learning [86], which has drawn a lot of
attention in the society in recent years. Disagreement-based active learning has been shown to
reach a near-optimal rate on classification problems [84]. Another line of research is margin-based
active learning [14]], which aims at computational efficiency of learning halfspaces, under the
large-margin assumption.

2.3 Preliminaries

Notations: We study the problem of learning a classifier h : X — Y = {—1,1}, where X
and ) are the instance space and label space, respectively. Denote by Py the distribution over
X x Y and let Py be the marginal distribution over X'. A hypothesis class C is a set of functions
h : X — Y. For any function h, define the error of h under distribution D over X x ) as
errp(h) = Prxyy.plh(X) # Y]. Let err(h) = errp,,,(h). Suppose that h* € C satisfies
err(h*) = infyec err(h). For simplicity, we assume that such an h* exists in class C.

We apply the concept of disagreement coefficient from Hanneke [84] for generic hypothesis
class in this chapter. In particular, for any set V' C C, we denote by DIS(V') = {x € X' : Jhy, hy €
V,hi(x) # ha(x)}. The disagreement coefficient is defined as 6§ = sup,.. w, where
B(h*,r) ={h € C: Prx.p,[h(X) # h*(X)] < r}.

Problem Setup: We analyze two kinds of noise conditions for the labeling oracle, namely,
adversarial noise condition and Tsybakov noise condition (TNC). We formally define them as
follows.

Condition 1 (Adversarial Noise Condition for Labeling Oracle). Distribution Pxy satisfies
adversarial noise condition for labeling oracle with parameter v > 0, if v = Pr(x y)up., [V #
B (X))

Condition 2 (Tsybakov Noise Condition for Labeling Oracle). Distribution Py satisfies Tsy-
bakov noise condition for labeling oracle with parameters v > 1,u > 0, if Vh : X —
{—1,1},err(h) —err(h*) > puPrxp,[h(X) # h*(X)]". Also, h* is the Bayes optimal classifier,
i.e., h*(z) = sign(n(x) — 1/2).[|where n(x) = Pr[Y = 1|X = z]. The special case of k = 1 is

'The assumption that h* is Bayes optimal classifier can be relaxed if the approximation error of h* can be
quantified under assumptions on the decision boundary (c.f. [44]).
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also called Massart noise condition.

In the classic active learning scenario, the algorithm has access to an unlabeled pool drawn
from Py . The algorithm can then query the labeling oracle for any instance from the pool. The
goal is to find an h € C such that the error Pr[h(X) # h*(X)] < ¢ The labeling oracle has
access to the input x € X, and outputs y € {—1, 1} according to Pyy. In our setting, however, an
extra comparison oracle is available. This oracle takes as input a pair of instances (z,z’) € X X X,
and returns a variable Z(z,2') € {—1,1}, where Z(z,2’) = 1 indicates that x is more likely
to be positive, while Z(z, 2') = —1 otherwise. In this chapter, we discuss an adversarial noise
condition for the comparison oracle. We discuss about other conditions on comparisons at the end
of this section.

Condition 3 (Adversarial Noise Condition for Comparison Oracle). Distribution Py xz satisfies
adversarial noise with parameter v' > 0, if v/ = Pr[Z (X, X")(h*(X) — h*(X")) < 0].

Note that we do not make any assumptions on the randomness of Z: Z (X, X’) can be either
random or deterministic as long as the joint distribution Py yz satisfies Condition

For an interactive learning algorithm .A, given error € and failure probability J, let SCeomp (€, 6, A)

and SCupei(,6,.A) be the comparison and label complexity, respectively. The query com-
plexity of A is defined as the sum of label and comparison complexity. Similar to the def-
inition of TOleomp (<, 9, A), define TOlpe (e, 0, A) as the maximum v such that algorithm A
achieves an error of at most ¢ with probability 1 — §. As a summary, A learns an A such
that Pr[h(X) # h*(X)] < e with probability 1 — ¢ using SCcomp(e, d, A) comparisons and
SCaei(e, 6, A) labels, if v < Tolinei (€, 9,.A) and v/ < Toleomp (€, 6, A). We omit the parameters
of SCeomp, SCiabel; TOlcomp, TOliaver if they are clear from the context. We use O(-) to express
sample complexity and noise tolerance, and O() to ignore the log(+) terms. Table [2.3| summarizes
the main notations throughout the chapter.
Learning under TNC for comparisons. In this section we justify our choice of analyzing
adversarial noise model for the comparison oracle. In fact, any algorithm using adversarial
comparisons can be transformed into an algorithm using TNC comparisons, by treating learning
comparison functions as a separate learning problem. Let C’ be a hypothesis class consisting
of comparison functions f : X x X — {—1,1}. Suppose the optimal comparison function is
f(z,2") = sign(g*(x) — g*(«')), and Tsybakov noise condition holds for ((X, X’), Z) with some
constant i/, k’; i.e., for any f € C’ we have

Pr(f(X,X") # Z] = Pr(f*(X, X') # Z] = p/ Pr[f(X, X) # f*(X, X)]"".

Also suppose f*(x,x') = sign(Pr[Z = 1|X =z, X’ = 2/] —1/2). Assume C’ has VC-dimension
d' and disagreement coefficient ¢’, standard active learning requires

B0/) = O (9’ (1) ( og(#) + og(1/9)) log (1))

samples to learn a comparison function of error v/ with probability 1 — §. So an algorithm .4
for adversarial noise on comparisons can be automatically transformed into an algorithm A’ for

2Note that we use the disagreement Pr[h(X) # h*(X)] instead of the excess error err(h) — err(h*) in some of
the other literatures. The two conditions can be linked by assuming a two-sided version of Tsybakov noise (see e.g.,
Audibert 2004).
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Table 2.3: Summary of notations.

Notation Meaning
C Hypothesis class
X, X Instance & Instance space
Y.V Label & Label space
Z,Z Comparison & Comparison space
d VC dimension of C
0 Disagreement coefficient
h* Optimal classifier in C
g Optimal scoring function
K Tsybakov noise level (labeling)
v Adversarial noise level (labeling)
7 Adversarial noise level (comparison)
errp(h) Error of h on distribution D
SClbel Label complexity
SCeomp Comparison complexity
Toliabel Noise tolerance (labeling)
Toleomp Noise tolerance (comparison)

TNC on comparisons with SCiapei(A") = SCapei(A) and SCeomp(A) = P(TOlcomp(A)). So we
only analyze adversarial noise for comparison in other parts of this chapter.

2.4 The ADGAC Algorithm

The hardness of learning from pairwise comparisons follows from the error of comparison
oracle: the comparisons are noisy, and can be asymmetric and intransitive, meaning that the
human might give contradicting preferences like vy < 23 < z10rr; < 29 < T3 X T
(here < is some preference). This makes traditional methods, e.g., defining a function class
{h:h(z)=Z(z,z),& € X}, fail, because such a class may have infinite VC dimension.

In this section, we propose a novel algorithm, Active Data Generation with Adversarial
Comparisons (ADGAC), to address this issue. Having access to both comparison and labeling
oracles, ADGAC generates a labeled dataset by techniques inspired from group-based binary
search. We show that ADGAC can be combined with any active learning procedure to obtain
interactive algorithms that can utilize both labeling and comparison oracles. We provide theoretical
guarantees for ADGAC.

2.4.1 Algorithm Description

To illustrate ADGAC, we start with a general active learning framework in Algorithm (Il Many
active learning algorithms can be adapted to this framework, such as A? [26] and margin-based
active algorithms [14} [15]. Here U represents the querying space/disagreement region of the
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algorithm (i.e., we reject an instance x if = ¢ U), and V' represents a version space consisting of
potential classifiers. For example, A% algorithm can be adapted to Algorithm [1|straightforwardly
by keeping U as the sample space and V' as the version space. More concretely, A? algorithm
[26]] for adversarial noise can be characterized by

Up=X, Vo =C, fy(UV,W,i) = {h: [Wlerrw(h) < ne;}, fuo(U,V,W,q) = DIS(V),

where ¢; and n; are parameters of the A% algorithm, and DIS(V) = {x € X : Jhy, hy €
V, hy(x) # ho(x)} is the disagreement region of V. Margin-based active learning [[15] can also
be fitted into Algorithm [I|by taking V" as the halfspace that (approximately) minimizes the hinge
loss, and U as the region within the margin of that halfspace.

Algorithm 1 Active Learning Framework

Input: ¢, 9, a sequence of n;, functions fy, fy.
1: Initialize U <+ Uy C X,V + V C C.

: fori=1,2,...,1og(1/¢) do
Sample unlabeled dataset S of size n;. Let S < {z:z € S,z € U}.
Request the labels of = € S and obtain W <« {(z;, ;) : ; € S}.
Update V < fy (U, V,W,i), U « fu(U,V,W,1i).

end for

Output: Any classifier h € V.

SAN AN ~I S

To efficiently apply the comparison oracle, we propose to replace step @ in Algorithm [T| with
a subroutine, ADGAC, that has access to both comparison and labeling oracles. Subroutine
describes ADGAC. It takes as input a dataset S and a sampling number k. ADGAC first runs
Quicksort algorithm on S using feedback from comparison oracle, which is of form Z(z,2').
Given that the comparison oracle Z(-,-) might be asymmetric w.r.t. its two arguments, i.e.,
Z(z,2") may not equal to Z (', ), for each pair (z;, z;), we randomly choose (z;, z;) or (z;, x;)
as the input to Z(-,-). After Quicksort, the algorithm divides the data into multiple groups of
size am = 5|§ |, and does group-based binary search by sampling % labels from each group and
determining the label of each group by majority vote.

For active learning algorithm A, let A-ADGAC be the algorithm of replacing step 4] with
ADGAC using parameters (.S;, n;, €;, k; ), where ¢;, k; are chosen as additional parameters of the
algorithm. We establish results for specific A: A2 and margin-based active learning in Sections

and respectively.

2.4.2 Theoretical Analysis of ADGAC

Before we combine ADGAC with active learning algorithms, we provide theoretical results for
ADGAC. By the algorithmic procedure, ADGAC reduces the problem of labeling the whole
dataset S to binary searching a threshold on the sorted list S. One can show that the conflicting
instances cannot be too many within each group .S;, and thus binary search performs well in our
algorithm. We also use results in [/] to give an error estimate of Quicksort. We have the following
result based on the above arguments.
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Subroutine 2 Active Data Generation with Adversarial Comparison (ADGAC)

Input: Dataset S with |S| =m, n, ¢, k.
I+ .
2: Define preference relation on S according to Z. Run Quicksort on .S to rank elements in an
increasing order. Obtain a sorted list S = (x1, 79, ..., Tpp).
Divide S into groups of size am: S; = {T(i—vam+15 - Tiam }, 1 = 1,2, ..., 1/cv.
tmin < 1, tmax < 1/
while ¢, < thax dO > Do binary search
t = (tmin + tmax)/2.
Sample k points uniformly without replacement from S; and obtain the labels Y =
{1, Y )
: If Zle y; > 0, thent,,, =t; else t,;, =t+ 1.
9: end while
10: Fort' >t and z; € Sy, let ; + 1.
11: Fort' < tand x; € Sy, let ; + —1.
12: For z; € Sy, let y; be the majority of labeled points in .S;.
Output: Predicted labels 91, U2, ..., Um-

AN

Theorem 4. Suppose that Condltlonslandlholdforﬁ; > 1,/ >0,andn =Q ((%)2'{_1 (1/5))

Assume a set S with |S| = n is sampled i.i.d. from Py and S C S is an arbitrary subset o
S with |S| = m. There exist absolute constants C',Co, Cy such that if we run Subroutzne
withe < Cy, V' < Cye?6, k = kW (e,8) == Cylog <1°g 1/€)> (%)21{72, it will output a labeling
of S such that |{x; € S : y; # h*(z;)}| < en, with probability at least 1 — . The expected
number of comparisons required is O(mlogm), and the number of sample-label pairs required

is SCrapei (2, 8) = O (1og () log(1/5) (X )2“*2).

Similarly, we analyze ADGAC under adversarial noise condition w.r.t. labeling oracle with
v=0(e).
Theorem 5. Suppose that Condztzons I and I hold for v, > 0, and n = ) ( log(l/é))
Assume a set S with |S] = n is sampled i.i.d. from Px and S C S is an arbitrary subset of S
with |S| = m. There exist absolute constants Cy,Cy, Cs, Cy such that if we run Subroutine 2 I with
e < O,V < (0?5, k= kP (e, 6) = Cslog <%), and v < Cye, it will output a labeling

of S such that |{x; € S : y; # h*(x;)}| < en, with probability at least 1 — §. The expected
number of comparisons required is O(mlogm), and the number of sample-label pairs required

is SCrapei(¢,0) = O (log ( ) log (%))

Proof Sketch. We call a pair (z;, z;) an inverse pair if Z(z;,z;) = —1, h*(z;) = 1, h*(z;) = —1,
and an anti-sort pair if h*(z;) = 1, h*(x;) = —1, and i < j. We show that the expectation of
inverse pairs is n(n — 1)e*. By the results in [7] the numbers of inverse pairs and anti-sort pairs
have the same expectation, and the actual number of anti-sort pairs can be bounded by Markov’s
inequality. Then we show that the majority label of each group must be all -1 starting from
beginning the list, and changes to all 1 at some point of the list. With a careful choice of k, we
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may obtain the true majority with k labels under Tsybakov noise; we will thus end up in the
turning point of the list. The error is then bounded by the size of groups. See appendix for the
complete proof.

Theorems ] and [5] show that ADGAC gives a labeling of dataset with arbitrary small error
using label complexity independent of the data size. Moreover, ADGAC is computationally
efficient since it only involves binary search. These nice properties of ADGAC lead to improved
query complexity when we combine ADGAC with other active learning algorithms.

2.5 AZ-ADGAC: Learning of Generic Hypothesis Class

In this section, we combine ADGAC with A? algorithm to learn a generic hypothesis class. We use
the framework in Algorithm 1} let A2--ADGAC be the algorithm that replaces step in Algorithm
with ADGAC of parameters (S, n;, €;, k;), where n;, &;, k; are parameters to be specified later.
Under TNC, we have the following result.

Theorem 6. Suppose that Conditions 2| and[3|hold, and h*(z) = sign(n(x) — 1/2). There exist
global constants Cy, Cy such that if we run A>~ADGAC with ¢ < C1,0, V' < Toleomp(£,0) =

‘ 2k—1
Coc™6, &, = 2704 n; = Q (L (dlog(1/2)) + (l> log(1/5)>, ki = k() (ei,—mgfl/s))

with k™) specified in Theorem ¢} with probability at least 1 — 0, the algorithm will return a
classifier h with Pr[h(X) # h*(X)] < e with comparison and label complexity

E[SCeomp) = O (9 log? (é) log(dh) ((dlog <§>) -+ (é)w 10g(1/5))> :
SChapet = O <1og (%) log (min {é 9}) log(1/5) ( % )2“—2> .

The dependence on log®(1/¢) in SComp can be reduced to log(1/<) under Massart noise.

We can prove a similar result for adversarial noise condition.
Theorem 7. Suppose that Conditions[I|and 3| hold. There exist global constants Cy, Cy, Cs such
that if we run A>~ADGAC with e < C1,8, V' < Toleomp(,0) = Coe?0, v < TOlwei(€, ) = Cse,
g = 27012 pny = Q) <€iidlog (Ei) 10g(1/5)> k= k@ (&, m> with k@ specified in

Theorem with probability at least 1 — 0, the algorithm will return a classifier h with PI[E(X) =+
h*(X)] < e with comparison and label complexity

E[SCeom] = O (9d log(6d) log G) log(1 /5)) ,

)

SCipt = O (log (%) log (min {% 9}) 1og(1/5)) |

Proof of Theorems [6|and[7|uses Theorem 4] and Theorem [5| with standard manipulations in
VC theory. Theorems [6] and [7]show that having access to even a biased comparison function can
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reduce the problem of learning a classifier in high-dimensional space to that of learning a threshold
classifier in one-dimensional space as the label complexity matches that of actively learning a
threshold classifier. Given the fact that comparisons are usually easier to obtain, A2--ADGAC will
save a lot in practice due to its small label complexity. More importantly, we improve the total
query complexity under TNC by separating the dependence on d and ¢; The query complexity is
now the sum of the two terms instead of the product of them. This observation shows the power
of pairwise comparisons for learning classifiers. Such small label/query complexity is impossible
without access to a comparison oracle, since query complexity with only labeling oracle is at least

0 (d (%)%_2) and Q (dlog (1)) under TNC and adversarial noise conditions, respectively [86]].

Our results also matches the lower bound of learning with labeling and comparison oracles up to
log factors (see Section [2.7).

We note that Theorems [6] and [7) require rather small TOlcomp, equal to O(e276) and O(£%0),
respectively. We will show in Section that it is necessary to require TOleomp, = O(?) in
order to obtain a classifier of error ¢, if we restrict the use of labeling oracle to only learning a
threshold function. Such restriction is able to reach the near-optimal label complexity as specified
in Theorems [6] and [71

2.6 Margin-ADGAC: Learning of Halfspaces

In this section, we combine ADGAC with margin-based active learning [15] to efficiently learn
the class of halfspaces. Before proceeding, we first mention a naive idea of utilizing comparisons:
we can i.i.d. sample pairs (z1,x2) from Py X Py, and use Z(x1,x2) as the label of z; — o,
where Z is the feedback from comparison oracle. However, this method cannot work well in our
setting without additional assumption on the noise condition for the labeling Z(x1, x).

Before proceeding, we assume that Py is isotropic log-concave on R?; i.e., Py has mean
0, covariance [ and the logarithm of its density function is a concave function [14, [15]. The
hypothesis class of halfspaces can be represented as C = {h : h(x) = sign(w - z),w € R%}.
Denote by h*(x) = sign(w* - z) for some w* € RY. Define I, (w, z,y) = max (1 — y(w - x)/7,0)
and [ (w, W) = ﬁ > (eyyew br(w, z,y) as the hinge loss. The expected hinge loss of w is
L.(w,D) =E, pll,(w,z,sign(w* - z))].

Margin-based active learning [15] is a concrete example of Algorithm [I| by taking V' as
(a singleton set of) the hinge loss minimizer, while taking U as the margin region around that
minimizer. More concretely, take Uy = X and V = {wy} for some wy such that 0 (wy, w*) < w/2.
The algorithm works with constants M > 2 x < 1/2 and a set of parameters 7;, 7;, b;, z; that
equal to ©(M ) (see proof in Appendix for formal definition of these parameters). V' always
contains a single hypothesis. Suppose V' = {w;_; } in iteration i — 1. Let v; satisfies [, (v;, W) <
MWDy |y, [Ja<rs,|v]la<1 U (U, W) + K /8, where wj is the content of V' in iteration . We also have

Fo (VW) = {w} = {20} and fo(U, VW) = {a s [wi - 2] < bi}.

Let Margin-ADGAC be the algorithm obtained by replacing the sampling step in margin-
based active learning with ADGAC using parameters (.5, n;, ;, k;), where n;, €;, k; are additional
parameters to be specified later. We have the following results under TNC and adversarial noise

conditions, respectively.
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Theorem 8. Suppose that Conditions[2|and[3|hold, and h*(x) = sign(w* - x) = sign(n(z) — 1/2).
There are settings of M, k,r;, 7;, b;, €;, ki, and constants C1, Cy such that for all e < C,V <
TOleomp(g, 6) = Coe?6, if we run Margin-ADGAC with wq such that 0(wo, w*) < 7/2, and n; =

0, (édlogg(dk/é) + (%)2}@_1 log(1/6)>, it finds W such that Pr[sign(w - X) # sign(w*- X)] < e
with probability at least 1 — 6. The comparison and label complexity are

E[SCeomp] = O (10g2(1/5) (dlog4(d/5) + (é) - log(l/5))> ;

SClabel = CN) (10g(1/6) lOg(1/5) (é) me ) .

The dependence on log®(1/¢) in SComp can be reduced to log(1/<) under Massart noise.
Theorem 9. Suppose that Conditions|[l|and 3| hold. There are settings of M, K, r;, 7;, b;, &, ki, and
constants Cy, Cy, Cs such that for all e < Cy,1 < Toleomp (e, ) = C2ed, v < T0lsomp (€, ) =
Cse, if we run Margin-ADGAC withn; = O <§dlog3(dk/5)> and wy such that 6(wgy, w*) < /2,
it finds w such that Pr[sign(w - X) # sign(w* - X)| < e with probability at least 1 — 0. The
comparison and label complexity are

]E[SCcomp] = @ (log(l/e) (d 1Og4(d/5))) ) SClabel =0 (1Og(1/5) 10g<1/5)) .

The proofs of Theorems [§] and [9] are different from the conventional analysis of margin-
based active learning in two aspects: a) Since we use labels generated by ADGAC, which is not
independently sampled from the distribution Py, we require new techniques that can deal with
adaptive noises; b) We improve the results of [[15] over the dependence of d by new Rademacher
analysis.

Theorems [§ and 9] enjoy better label and query complexity than previous results (see Table
[2.2). We mention that while Yan and Zhang [[195] proposed a perceptron-like algorithm with
label complexity as small as O(d log(1 /<)) under Massart and adversarial noise conditions, their
algorithm works only under uniform distributions over the instance space. In contrast, our
algorithm Margin-ADGAC works under broad log-concave distributions. The label and total
query complexity of Margin-ADGAC improves over that of traditional active learning. The lower
bounds in Section show the optimality of our complexity.

2.7 Lower Bounds

In this section, we give lower bounds on learning using labeling and pairwise comparison. In
Section we give a lower bound on the optimal label complexity SCiapei. In Section we
use this result to give a lower bound on the total query complexity, i.e., the sum of comparison and
label complexity. Our two methods match these lower bounds up to log factors. In Section [2.7.3]
we additionally give an information-theoretic bound on TOlcomp, Which matches our algorithms in
the case of Massart and adversarial noise.
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Following from [86, [87], we assume that there is an underlying score function g* such that
h*(x) = sign(g*(x)). Note that g* does not necessarily have relation with 7(z); We only require
that ¢g*(x) represents how likely a given x is positive. For instance, in digit recognition, ¢*(x)
represents how an image looks like a 7 (or 9); In the clinical setting, g*(z) measures the health
condition of a patient. Suppose that the distribution of ¢*(.X) is continuous, i.e., the probability
density function exists and for every ¢t € R, Pr[g*(X) =] = 0.

2.7.1 Lower Bound on Label Complexity

The definition of g* naturally induces a comparison oracle Z with Z(z, z") = sign(g*(z) — g*(z')).
We note that this oracle is invariant to shifting w.r.t. ¢*, i.e., g* and ¢g* + ¢ lead to the same
comparison oracle. As a result, we cannot distinguish g* from g* + ¢ without labels. In other
words, pairwise comparisons do not help in improving label complexity when we are learning a
threshold function on R, where all instances are in the natural order. So the label complexity of
any algorithm is lower bounded by that of learning a threshold classifier, and we formally prove
this in the following theorem.

Theorem 10. For any algorithm A that can access both labeling and comparison oracles,
sufficiently small €,0, and any score function g that takes at least two values on X, there
exists a distribution Pyy satisfying Condition 2] such that the optimal function is in the form of
h*(x) = sign(g(x) +t) for some t € R and

SCaper(e, 0, A) = Q ((1/)* ?1og(1/9)) . (2.1)

If Pxy satisfies Condition with v = O(e), SCyupe satisfies Equation with k = 1.
The lower bound in Theorem matches the label complexity of A2-ADGAC and Margin-
ADGAC up to a log factor. So our algorithm is near-optimal.

2.7.2 Lower Bound on Total Query Complexity

We use Theorem [[0]to give lower bounds on the total query complexity of any algorithm which
can access both comparison and labeling oracles.

Theorem 11. For any algorithm A that can access both labeling and comparison oracles, and
sufficiently small €, 0, there exists a distribution Py satisfying Condition 2] such that

SCeomp(€, 0, A) + SCuuei(, 6,.4) = Q ((1/2)**log(1/6) + dlog(1/e)) . (2.2)

If Pxy satisfies Conditionwith v = O(e), SCeomp + SCiavel satisfies Equation with k = 1.

The first term of Equation follows from Theorem 10} whereas the second term follows
from transforming a lower bound of active learning with access to only the labeling oracle. The
lower bounds in Theorem match the performance of A2-ADGAC and Margin-ADGAC up to
log factors.
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2.7.3 Adversarial Noise Tolerance of Comparisons

Note that label queries are typically expensive in practice. Thus it is natural to ask the following
question: what is the minimal requirement on »/, given that we are only allowed to have access
to minimal label complexity as in Theorem We study this problem in this section. More
concretely, we study the requirement on ©/ when we learn a threshold function using labels.
Suppose that the comparison oracle gives feedback using a scoring function g, i.e., Z(x,z’) =
sign(g(x) — g(z’)), and has error /. We give a sharp minimax bound on the risk of the optimal
classifier in the form of h(z) = sign(g(x) — t) for some ¢ € R below.
Theorem 12. Suppose that min{Pr[h*(X) = 1], Pr[h*(X) = —1]} > v/ and both §(X) and
g*(X) have probability density functions. If §(X) induces an oracle with error V', then we have
min, max, ;- Prlsign(g(X) —t) # h*(X)] = VV'.

The proof is technical and omitted. By Theorem we see that the condition of v/ = £% is
necessary if labels from ¢* are only used to learn a threshold on ¢. This matches our choice of v/
under Massart and adversarial noise conditions for labeling oracle (up to a factor of ).

2.8 Conclusion

We presented a general algorithmic framework, ADGAC, for learning with both comparison
and labeling oracles. We proposed two variants of the base algorithm, A2-ADGAC and Margin-
ADGAC, to facilitate low query complexity under Tsybakov and adversarial noise conditions.
The performance of our algorithms matches lower bounds for learning with both oracles. Our
analysis is relevant to a wide range of practical applications where it is easier, less expensive,
and/or less risky to obtain pairwise comparisons than labels.

There are multiple directions for future works. One improvement over our work is to show
complexity bounds for excess risk err(h) — err(h*) instead of Pr[h # h*]. Also, our bound
on comparison complexity is in expectation due to limits of quicksort; deriving concentration
inequalities on the comparison complexity would be helpful. Also, an adaptive algorithm that
applies to different levels of noise w.r.t. labels and comparisons would be interesting; i.e., use
labels when comparisons are noisy and use comparisons when labels are noisy. Other directions
include using comparisons (or more broadly, rankings) for other ML tasks like regression or
matrix completion.

2.9 Proofs

2.9.1 Proof of Theoremd

Proof. We only prove the theorem for x > 1, the case of x = 1 holds with a similar proof. An
equivalent condition (see e.g., page 341, [37]) for Condition [2Junder x > 1 is that there exists
constant i > 0 such that for all £ > 0 we have

Pr(|n(z) —1/2| < t) < at*/==Y, (2.3)

We use Equation (2.3) instead of Condition [2|through out the proof.
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To bound the error in labeling by ADGAC, we first bound the number of incorrectly sorted pairs
due to noise/bias of the comparison oracle. We call (x;, x;) an inverse pair if h*(z;) = 1, h*(x;) =
—1, z; < x; (the partial order is decided by randomly querying Z(z;, ;) or Z(x;,x;)). Also, we
call (z;, z;) an anti-sort pair if h*(x;) = 1, h*(x;) = —1,i < j (after sorting by Quicksort). Let
T be the set of all anti-sort pairs, 7" be the set of all inverse pairs in S, and T’ be the set of all
inverse pairs in S. We first bound |7'| using |7”|. Let s be the random bits supplied for Quicksort
in its process, by Theorem 3 in [[7] we have

E[|T]] = [T7].

Notice that sampling a pair of (X, X') is equivalent to sample a set S of n points and then
uniformly pick two different points in it. Also, number of inverse pairs in S is less than that in S.
So we have

Es [E[|TN)] = Es[|T"] < Eg[|T"]] = n(n — 1) < n?"

By Markov inequality we have
2V )
Pr <|T| > %rﬂ) <3 (2.4)

Suppose |T'| < 2%712 (which holds with probability > 1 — §/2). We now proceed to bound
the number of labeling errors made by ADGAC. First, notice that in Algorithm 2] we divide all
samples into groups of size am = en/2. For every set S, let

|;i| min {Z I(h*(x) = 1), > I(h*(z) = —1)}

z€S; z€S;

Q(Si) =

—min { Pr (0(2) = ~1). Py (0°() = 1)

where X ~ S; denote the empirical distribution that X is drawn uniformly at random from the

finite collection of points in S;. Let
/
B = g v < Cet—1
eV o

for some constant C'. Suppose ¢ is small enough such that 5 < 1/2. Then we claim that there
is at most 1 set S; such that ¢(5;) > (. Otherwise, suppose two such sets exist; let them be S;
and S;. So there are at least afm points x € S; with h*(x) = —1, and afm points = € .S; with
h*(x) = 1; the same holds for S;. These -1s and 1s would indicate at least

2V
2028%m? = 2 p?
o
anti-sort pairs, which violates our claim of |T'|.
Since ADGAC uses group binary search, we first analyze some properties of the major-

ity label of the Bayes optimal classifier within each group/set. For each set S;, let u(S;) =
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sign( g, 7*(7;)) be the majority Bayes optimal label. We can show that 4(S;) is mono-
tonic: that is, for every ¢ < j we have u(S;) < u(S;). To see this, suppose there exist
two sets 5;,.5;,7 < j such that (S;) = 1 and u(S;) = —1. That would indicate at least
a?m?/2 > o?3?m? anti-sort pairs, which violates our assumption. So there must be a boundary !
such that ;(S;) = —1 for ¢ < [, and p(S;) = 1 for i > [. We call S, to be the boundary set. Now

consider two cases:

e Case 1: there exists a set Sy such that ¢(Sy) > [ (recall that from previous arguments,
there is only one such set). If [ # I’, the sets S; and S generates at least 2(am/2)(afm) >
202 3*m? anti-sort pairs, which violates our assumption for |T'|. So [ = I'.

e Case 2: for all sets .S;, we have ¢(5;) < S.
In both cases, we have ¢(.5;) < /3 for all i # .

Now we prove that the majority vote of the noisy labels agrees with the majority vote of the
Bayes optimal classifier p(.S;) for each set .S; that we visit, and hence we will find the boundary

set S;. Suppose ¢(5;) < /5. Take
e e K—1
()

For small enough ¢, we have t < 1/2, and Pr(z : [n(z) — 1/2| <t) <e/16. LetU = {x; € S :
In(z;) — 1/2] < t}. By relative form of Chernoff bound we have

_ 3log(4/9) +6n/16) < 0
3 4

Pr (|U| > 3log(4/0) + ne/8) < exp (

Suppose [U|/n < /8, so at most 1/4 of each S; is in U.
For each set S;, let S; = {z € S; : h*(z) # p(S;)} and S; = {z € S; : |n(z) —1/2| < t}. So
for each set such that ¢(S5;) < 3, we have

Pr(Y # pu(S)|X ~ 8;) <Pr(Y # p(S)|X € ) Pr(X € S| X ~ i)+
Pr(Y # u(S;)|X € S;) Pr(X € Si|X ~ S;)+
Pr(Y # u(S))|X € S;, X ¢ S;) Pr(X € S}, X & S;| X ~ S;)

1 1 1 3
<[z R Z_ R
<(3+1) -5+ 10+ (3-9) (1-7)
1 1 1
== — —t —+t])pB.
2 2+(2+)ﬁ
Pick v/ small enough such that § < }lt:

2 v 1/ e \*!
Sy =< | = .
eV s~ 4\ 167

)
< —_—
= 32(161)22

This yields

/

22



Note that this also guarantees 3 < 1/2 above, since ¢ < % Now we have

1
— —t.

t+1(t+1/2) 1

PrY # pu(s;)|X ~ 5] < 1

N —
l\DI»—t

1
2
In the algorithm, suppose we pick X, Xy, ..., X € S; as the points for which to query the label

and the labels are Y1, ..., Y;.. Note that since n = () (( )2'€ "o g(l/é)), we have |S;| = an > k
for every i, so we will not run out of samples for each set. By Hoeffding’s inequality, we have

Pr [mgn (ZY) = u(S; ] —Pr[ Z[ ) > %] < exp (—%kﬁ).

7=1

The choice of k yields that the majority vote of the noisy labels agrees with the majority Vote 1(S;)
of the Bayes optimal classifier for each S; with ¢(.5;) < 8 we visit, with probability - (2 7

Suppose the binary search output set S; (i.e., the value of ¢ at step[I0). Now we analyze the
errors we made in the final output. We consider the two cases:

e Case 1: If ¢(S;) > [, then with probability 1 — 0, we have t € {l — 1,1,1 + 1} since we
might behave arbitrarily in set S;. In this case, we have ¢(.5;)|S;| > afm, andso |{z : z €
Sy, t' < 1,h*(x) = 1} < afim, because otherwise we have o> 3*m? anti-sort pairs, which
violates our assumption on |T'|. Similarly, [{z : z € Sy, t' > [,h*(x) = —1}| < afm.
Counting also the possible errors made on S;, the total number of errors is

1
Ui - Ui # h*(x; §04m+20z5m§ﬂ 14 =t) <en.
2 2

e Case2: If ¢(5;) < [ forall, then wehavet € {{—1,[}. Now note that we have [{x € S;_; :
h*(x) = —1}| > am/2,and so |{z € Sy : t' <l—1,h*(z) = 1}| < afm since otherwise
at least o 3m/2 anti-sort pairs are present. So [{z € Sy : t/ <1 —1,h*(z) = 1}| < 2am
considering ¢(S;—;) < S. Similarly, |[{z € Sy : t' > [, h*(z) = —1}| < 2afm. So the
total number of errors is

{9 = 9 # h*(x;)}] < dafm < en.

So we have at most en error under both cases. Now we examine the total query complexity: The
expected comparison complexity is O(m logm) even if we have noisy comparisons, see [7]. For

label complexity, it takes k = O <10g(1 /6) (%)25_2> queries for each set S;, and we do this for
O(log(1/a)) = O (log (22)) times. So the total query complexity is

O (1og (2™ ) 10g(1/5) ( X Y
( (en) (6) )
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2.9.2 Proof of Theorem 3

Proof. The first part of proof is exactly the same as that of Theorem We now bound Pr[Y #
w(S;)|X ~ S;]. Suppose q(S;) < . Let V = {z : Pr[Y # h*(X)|X = z] > 1/4} and
U={x;: PrlY # h*(X)|X = ;] > 1/4}. We have P(V') < 4v. By a relative Chernoff bound,
if v < (e for a small enough constant C'; we have

Pr[|U| < 8nw + 3log(4/8)] < exp (-310g(4/§> i 4”") < 5/4.

Soif v < Ze we have |U|/n < e/8 with probability §/4. In this case, at most 1/4 of each S; is in
U.

For each set S;, let S; = {z € S; : h*(z) # u(S;)} and S; = {z € S;,z € U}. So for each
set such that ¢(S;) < /3, we have

Pr(Y # u(S)|X ~ S;) <Pr(Y # u(S;)|X € S;)Pr(X € S| X ~ S;)+
Pr(Y # u(S;)|X € S;) Pr(X € Si| X ~ S;)+
Y #p

Pr (SHIX &8, X & 5)Pr(X &5;,X & Sj|X ~ 85,
1 3 1
g1~1+1~5+(1—5)2l
7 3

So there exists constant Cy such that if 1/ < Cye?d we have 5 < o7, Pr(Y # pu(5;)|X ~ 5;)] <
1 1

5 — 35- Thus by Hoeffding’s inequality, the choice of k yields that we recover 1(S;) for each i we
visit with probability ﬁ@/)

By similar analysis as the proof of Theorem 4 we can show that the number of errors (i.e.,
{9: = 9; # h*(z;)}|) is at most en.

Now examine the total query complexity: It takes £ = O (log(log(1/¢)/d)) queries for each
set S;, and we do this for O(log(1/a)) = O(log (22)) times. So the total query complexity is

2
En

o2 (541

2.9.3 Proof for A>- ADGAC

We use the following lemma adapted from [86]:

Lemma 13 ([86], Lemma 3.1). Suppose that D = {x1, s, ..., x,} is i.i.d. sampled from Py, and
h* € C. There is a universal constant ¢y € (1,00) such that for any v € (0,1), and any n € N,
letting

n7) = o 1OBD +lg1/2)
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with probability at least 1 — v, Vh € C, the following inequalities hold:
P [h(X) # h*(X)] < max(2 Pr [1(X) £ K*(X)].Un. )},
PrA(X) # (X)) € max{2_Pr [h(X) # K(X)].Uln.7)}.

Here X ~ D means X is uniformly sampled from finite set D.

Algorithm 3 A2-ADGAC

Input: n;, C, ¢, d, comparison oracle f.

1: Let V « C.
2: fori=1,2,..., [log(1/e)] do
3: Sample dataset S of size n;.

4 LetS<« {xecS:xecDIS(V)}.
5: Run ADGAC (Subroutine with S, S, e; = 2742 L. and labeled dataset .
6: V=V \ {h : |W|errw<h) > TZZEZ}
7: end for
Output: Any Classifier heV.

Proof of Theorem [ For a labeled dataset W = {(z;, ;) }7_,, let erry (k) = £ >°" | I(h(x;) #
v;) be the empirical risk of & on W for any h € C (remind that y; are predictions of ADGAC). For
a clearer explanation, we formalize the A2-ADGAC algorithm in Algorithm [3| We use induction
to prove that after iteration ¢ we have Pr[h(X) # h*(X)] < 4e, for all h € V after step [f] in
Algorithm [3] This proposition holds for i = 0. Suppose it holds for : — 1. By Theorem ] and
a union bound, with probability 1 — /4, for every iteration ¢ we have at most n;e; errors with
respect to h* after running ADGAGC, i.e., |Wlerry (h*) < n;e;. So h* will not be eliminated from
V in any iteration with probability 1 — 6/4. On the other hand, notice that by Step [6]in Algorithm
all functions h € V satisfies |W |erry, (h) < n;e;, so by triangle inequality we have (notice that
W is just the set S with labels)

5] Pr[n(X) # (X)) = {z € §: h(z) # 1" (2)}]

< H(z,9) e W:h(z) # g} + {(z,9) € W h*(z) # g}
< 2¢;n;.

Also note that functions in V' agrees on S\ S; 50 |S|Pry_g[h(X) # h*(X)] < 2¢;m;, and since
|S| = n; we have Pry_s[h(X) # h*(X)] < 2¢;. Now using Lemma 13| with n = n;, we have

Prx.p,[h(z) # h*(x)] < 4e, for every h € V by choosing n; such that U (ni, 410g6m> < ;.

So at the end of the algorithm it outputs a classifier with Pr[iz # h*] <e.

Now we examine the number of queries. By definition of disagreement coefficient, at round
i we have DIS(V') < fg;; thus using a relative Chernoff bound we know that with probability
1 —4/4 we have

i

m; = |S| <log(12/§) + 2n,0s; = O (9 ((dlog(l/e)) + (%)25_2 log(1/5)>> :
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It takes O(m; log m;) comparisons in expectation to rank the set, and there are log(1/¢) iterations.
So the total comparison complexity is

E[SCoomp) =0 (9 log G) <log o + (k. — 1) log (é)) <(dlog (é)) + (é)%_? 10g(1/6)>) .

This obtained the stated comparison complexity. The label complexity follows by multiplying the
label complexity of ADGAC by log(1/¢). Note that in every step we have - = O (min {6,1}).
[

Proof of Theorem[7} With the same proof, A2-ADGAC outputs a classifier with Pr[h # h*] < e
upon finishing. We know examine the number of queries. By definition of disagreement coefficient,
at round i we have DIS(V') < fe;; thus using a Chernoff bound we know that with probability
1 —§/4 we have

)

m; = |S] < log(12/0) + 2n;0e; = O <9dlog (5) log (%)) .

It takes O(m; log m;) comparisons in expectation to rank the set, and there are log(1/¢) iterations.
So the total comparison complexity is

E[SCeomp] = O (9d log(6d) log G) log (%)) .

This obtained the stated comparison complexity. The label complexity follows by multiplying the
label complexity of ADGAC by log(1/e). Note that in every step we have - = O (min {6,1}).
[

EiNyg

2.9.4 Proof for Margin-ADGAC

We first prove Theorem 8] and Theorem [9] follows exactly the same proof with x = 1 and using
Theorem [5] For clearer explanation, we re-illustrate Margin-ADGAC in a form similar to that in
[15] in Algorithm ] The proof mostly follows that of [15]. We give a refined sample complexity
via Rademacher complexity following the ideas in [195]], and also change the proof according
to the properties of ADGAC (note that we are not using independent samples by replace the
sampling step with ADGAC).

To simplify notations, let err(w) be err(h,(x)) = err(sign(w - x)). Define Ap(w,w’) =
Prx.p[sign(w - X) # sign(w’ - X)]. Also, let (w1, ws) be the angle between two vectors wy, ws.
Let Dy, ={z:|w-z| <~}

The key step is to prove the following theorem:

Theorem 14. For k < log(1/e), if Ap, (wy_1,w*) < M~*=Y with probability 1 — ]Hj%, after
round k of Margin-ADGAC we have Ap,, — , (wg, w*) < K.

To prove the theorem, we first list useful properties of isotropic log-concave distributions and
fix the parameters we use for the algorithm. We use exactly the same parameters for r;, 7;, b;, z; as
in [[15], and we restate them here for completeness.
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Algorithm 4 Margin-ADGAC: Efficiently learning halfspaces with comparison

Input: ¢, 9, target errors €, sample sizes ny, sequences 1y, by, Tk, precision value .
1: Draw ny unlabeled samples to S and run ADGAC with

(S, ni, o, W Ky (50, m> ) , and obtain a labeled dataset V.
2: for k=1,2,...,5 = [log(4/¢)] do

3: Find vy, € B(wg_1, 7)) that approximately minimize training hinge loss over W, with
[ogll2 < 1:
Ly (v, W) < ' Ly, (w, W 8.
(0, W) < weB(wkT,lrI;)mB(o,l) o(w, W) + 5/
4: Wy, ||Uk||2 i
5: Sample another dataset S’ of n;, unlabeled samples.
6: S:{xES\wkﬂgbk}
7: Run ADGAC with (S, Ng, €k m, kW <5k, m» and obtain labeled dataset
w.
8: end for

Output: Return ws.

Lemma 15 ([13, 24, [1211])). Suppose X ~ Py is a isotropic log-concave distribution in R? with
probability density function f. Then

(a) There is an absolute constant ¢y such that, if d =1, f(z) > ¢, forall x € [—-1/9,1/9].

(b) There is an absolute constant cy such that for any two unit vectors u and v in R* we have
cf(u,v) < Ap, (u,v).

(¢) There exists constant c3 such that for any unit vector w and v > 0, Pr[|w - X| < v] < ¢37.

(d) There is a constant c4 such that for any unit vector u, all 0 < ~v < 1, for all a such that
lu—all2 < yand ||allz <1, Ex.p,,[(a- X)*] < cs(r? + 7).

(e) For any c5 > 0, there is a constant cg > 0 such that the following holds: let u and v be
two unit vectors in R, and assume that 0(u,v) = a < 7/2. Then Prx.p, [sign(u - X) #
sign(v - X) and |v - X| < ¢ga] < csa.

Now we give the settings of parameters. Let M = max{i 2}. Let ¢| be the value
of ¢g in Lemma corresponding to the case where c5 is 3 let by = AM k. Letr, =

min{M~* = /¢, 7/2} and k = 40,11M. Let 7, = w, and 27 = ri + b2 ,. Let

256043,% ’
Then we prove the following lemma:

Lemma 16. Suppose |W| > my. Let ¢(W) be the set with truthful labels w.r:t. w ie, c(W)=
{(z,sign(w* - x)) : x € W}. For any w € B(wy_1, ), with probability 1 — we have

(k+k2)
[L(w, W) = l(w, c(W))] < K/8.
Proof. Let N = {(x,y) € W : § # sign(w* - x)} be the set where ADGAC has z’s label different
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than sign(w™* - ) (remind that g is the prediction of ADGAC). We have

I(w, Z L, (w

(xy Yew

1
= W Z Ly, (w, z, sign(w™ - x)) + Z L (w, z, —sign(w* - z))

(z,y)gN (z,y)EN
So
1
[(w, W) = l(w, c(W))| < 2(w - x)

Tk‘W’ xeN

1
< I(x € N)2(w - x). (2.5)
Tk|W| xeW

We use the following lemma from [15]]:

Lemma 17 (Lemma D.4, [15]). For an absolute constant c, with probability 1 —

Wk
max | 2] <cflog(‘ 5' )

__6
6(k+k2)’

Note that
lw - z| <|wg_1 - x| + |[(w— wi_1) - x| < by + 78|72

So with probability 1 — an event F5 happens such that

Tk )

__4
6(k+k2)’

for all z € W, for some constant ¢'.
Notice that I‘IJAV)I < Stk Let N' be a =k fraction of W with the largest values of |w - z|. Let

(W) = > cn lw-x|[. Soby Equatlon lb we have |l(w, W) — l(w, c(W))| < Tk‘W‘w(W)
Now we have

Elp(W)] = 25(I€N')|U}'$|]
xeW
|V'|

E w-x)?

e [y 2
N

<,/ == |E w-x)?

e e

< 5’“”Wazk1W| < k7| W|/16.
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The first inequality is by Cauchy-Schwartz inequality; the second is by Jensen’s inequality; the
third inequality is by property [(d) in Lemma[13} the last inequality is by the value of ¢;. If we
condition Py on Ej, the above expectation will be smaller since we bound |w - z| from above. Now
c dlog(%)
W]
value of w-z for some = € W. So by McDiarmid’s inequality, using |W| > m;, = Q(dlog?(d/é)),
s

with probability 1 — 30 We have

by Mcdiarmid’s inequality, ﬁ(p(W) deviates by at most when we change a single

[L(w, W) = l(w,c(W))| < E[p(W)|Es] + /16 < k/8.

The other lemma is about bounding the difference between [(w, ¢(WW)) and Ew [l(w, c(W))].
We improve the results in [[15] using Rademacher complexity as below.

Lemma 18. With probability 1 — &1 S~ we have

k+k?)

\Ew[l(w, x, sign(w* - x))] — l(w, W)] < k/16.

Proof. Note that every x € W is sampled independently from D,,, ;, _,. Following the same

proof as in Lemma an Event E5 happens with probability 1 — m that

w~x‘ < ¢Vdlog (w)

Tk (5

for all z € W, for some constant ¢’. This means [, (w, x, sign(w* - z)) are also bounded in the
same range under Fj.

Define the function class F = {z — [, (w, x, sign(w* - x)), ||w —wg|| < rr}. Onevent Ej, all
functions in F are bounded. Now we bound the Rademacher complexity R, (F). Actually, define
F={x— %w - -sign(w* - ), ||lw — wg|| < ri}, we have R, (F) < R,(F’) by contraction
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inequality of Rademacher complexity (since hinge loss is 1-Lipschitz). So

R, (F) < R,(F))

n
1 . %
= —FEu . au~Dyy b, Boryon  SUD oiw - x; - sign(w”* - z;)
TEN wiflw—w || <ry ;5
1 n
= Exl,...,anDwk’bk_lEol,...,an sup Ui(w : xl) (26)
TN w:||w—wg || <ry i=1
n
g S (- )+
= 1,0, p~D O1yey0 O;\Wg - T;
Tkn 1 n Wi ,bp 1 1 n —
n
1
xl,...,mnNDwk’bk71 O1,ee0s0n sup Ui(w - wk) * T
TET w:||lw—wg || <ry i=1
n
1
- _Ewl:“'vanDwk,bk,lE"h“'van sup O-l(w - wk) e
T wiflw—wyg||<rg ;55
n
1
= Exl,...,wnNDwk,bk71 O1,0s0n sup (w - wk) E 0; - Xy
TEM wil|w—wg || <rg i—1
n
1
< —ErpwinDugiy  Boreon  sup w—wills |y ois
ey wllw—wgl<r — ,
2
n
27’k
S T \ Exl,...,aanDwk’bkilEal,...,an E 0;; (27)
kT -
=1 2
n
27“]C
2
< | By o | D il + D oioai - (2.8)
k \ i=1 irj
2.9)

Equation (2.6) is by the property that o; - sign(w* - ;) has the same distribution as ¢;, and thus
we can substitute o; - sign(w* - x;) with a single variable; Equation (2.7) is by Jensen’s inequality,
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and Equation (2.9) is by the boundary condition on ||z||o. So by Rademacher’s inequality we have

B 1w, 2, sign(w’ - 2)] — (0, W) < Ry (F) + 1| L2 0/ Glog (W)

W] 0
dlog” (%) lo
g(k/0)
<O _ 7 ———=CVdl
< W] + W Vd og
dlog(k/9) |W |k
Wi S
The choice of [W| =m; =2 (d log® <fl—/";>> makes the above quantity less than ~/16.

Now we are ready to prove Theorem

Proof of Theorem With a probability of 1 —
[18holds for w = vy, and w = w*. We have

9
k+k29

ADwkflvbkfl (wg, w")
=Ap,, e, (kW)
< EIEDwk_l,bk_l [(vg, z, sign(w” - x))] (Since hinge loss upper bounds 0-1 loss)
< l(vg,c(W)) + /16 (Using Lemma T8))
< (v, W)+ r/8 (Using Lemma [I6)
< Il(w*, W)+ r/4 (By the process of selecting vy,)
<l(w*,c(W))+r/4+K/16 (Using Lemma [I6)
< L(w*)+k/4+K/8 (Using Lemma [T8))
<K (Using Lemma 3.7 in [[13])

Now we can prove Theorem [§

Wk

J

]

suppose the conditions in Lemma and

Proof of Theorem|[8} By relative Chernoff bound and property [(c)|in Lemma 15} with probability
1— W we have |W| > my = 2c3bpng, + log(12k/9) in every iteration. Then the correctness

of Margin-ADGAC follows the same way as in [15]. Now examine the number of queries: In

each

step we need to compare m; instances, as well as fitting the minimum requirement of ADGAC.

So the comparison complexity is

E[SCeomp] = O (10g2(1/5) (dlog4(d/5) + (é) - log(1/5)>> :
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The label complexity is again obtained by multiplying the label complexity in each iteration by
log(1/¢). Note that “£7% is constant in each iteration. Therefore,

SCupa — O (log(l /) log(1/6) (é)%_j |

]

Proof of Theorem[9, The proof follows exactly the same process as that of Theorem [§| using
k = 1, and Theorem [3] O

2.9.5 Proof of Lower Bounds

2.9.6 Proof of Theorem

Proof. Suppose g(z1) = a and g(xo) = b for z1,29 € X,a < b. Let hy(z) = sign(g(z) — a)
and hy(z) = sign(g(x) — b). Note that using Z(xy, z2) = 0 incurs v/ = 0 for both h* = h; and
h* = hs, and thus comparison cannot distinguish between h; and hy. Suppose C = {hq, ho}.
Thus, any algorithm A using both comparison and labeling oracles can be transformed into an
algorithm A’ that uses labeling oracle only, by making the comparison oracle always return 0.
Note that SCype1 (A) = SCrapei(A’), so we only need to lower bound SCipei(\A”). In the following,
we adapt the proof in [86]] to give a lower bound. The main difference is that our goal is to reach a
small Pr[h(X) # h*(X)], whereas in [86] the goal is a small err(h) — err(h*).

Let P(x1) = 24e, P(xy) = 1 — 24e. Consider two distributions Py, P, over X x ) with
two different Bayes function 7(), 72(). Let v = e" 'if k > 1, 0ory = & if K = 1. Let
m(wo) = me(z0) = 1, m(z1) = 3 +7,m2(x1) = 5 — 7. Itis easy to verify both P; and P, satisfy
Tsybakov noise condition.

Choose the groundtruth distribution to be P; or P, both with probability 1/2. By the same
proof as Theorem 4.3 in [86]], an event happens with probability at least & that h(z1) # h*(z),

~

and thus Pr[h(X) # h*(X)] > e, if at most 2L1;32 log (85(11—26)>J labels are queried. So we

prove the theorem for TNC.
The proof for adversarial noise is the same as the above proof using x = 1. O]

2.9.7 Proof of Theorem 11

Proof of Theorem[I1} The first term in Equation follows directly from Theorem For
the second term, we consider the case where both labeling and comparison oracles are perfect
with v = / = 0. This is a special case for all Conditions and 3| Notice that in this
case, a perfect comparison oracle can be constructed from a labeling oracle by Z(x,z") =
sign(Y(z) — Y (2')) = sign(h*(z) — h*(2')); thus, any algorithm A with access to both labeling
and comparison oracles can be transformed into another algorithm A’ that uses labeling oracle
(by replacing the comparison oracle with one that queries labeling oracle instead). So we have

2SComp(A) + SChapei(A) = SChaper(A’) = Q(dlog(1/¢)),

where 2(d log(1/¢)) is the standard lower bound for realizable active learning (see e.g., [86]). [
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2.9.8 Proof of Theorem 12

Define R?(§) to be the error of comparison oracle induced by g, and also C; = {h : h(z) =
sign(g(z) — t),t € R}. To prove Theorem |12} we first give a lower bound on the left hand
side (Theorem by giving a g that every h € C; will have every at least V. Then we
give an upper bound on it (Theorem by finding a good estimator ¢. We find ¢ by reducing
Pr[sign(g(X) —t) # h*(X)] to the case when for every x, 2’ such that g(x) = g(z’) we also have
h*(xz) = h*(z’). We find such a good function f in this case by fixing the amount of error at each
value of g(z), and carefully adjusting the noise levels.

Theorem 19. Suppose min{Pr[h*(X) = 1], Pr[h*(X) = —1]} > V. For any g* such that
g*(X) has a density function, there exists G which induces a comparison oracle with error v/,

such that for every h € Cg, we have Pr[h(X) # h*(X)] > V1.

Proof. Consider the distribution of g*(X). Pick a consecutive interval I = [a,b] witha <0 < b
such that Pr(g*(X) € [0,b]) = Pr(¢*(X) € [a,0]) = V. Pick some integer n € N. Suppose
the cdf and pdf of random variable T' = ¢*(X) is F'(t) and p(t) respectively. Define

a+ (b— a) O i g € [a, 0],
g(l‘): a—i—(b—a)%, leL’G(O,b],

g*(x), otherwise.

The error of the comparison oracle induced by g can be represented as

RB(g) =2 “(x (")) - 6(g(x’ d dg* (2’
(9) /*(x)e(“]p(g( ))/g(x)e[ao)p(g( )) - 0(g(2") > g(x)) dg*(x)dg* (')

Lett = g*(z) and t’ = g*(2’). Then g(2’) > g(x) if and only if



For every t € [0, ], let G(t) satisfy F'(t) — F(G(t)) = v//. Then

RE(G) = 2 /tbop(t) /t i p(t) -5 (P(t) ~ F(t) < V) dt

'—aq

b a)
) / 0 / p(#) dtdt
t=0 t'=a

t=0 0
b b
/ / p(O)pt)o(t < t)dtdt
=0J¢=0

b t
) / p(8) / p(#)dtdt
=
2
V/

Now examine any function in C;. If we pick a threshold ¢ ¢ [a, b], the error is at least N
since we incur error on either {z : ¢*(z) € [a,0]} or {z : g*(x) € [0,b]}. If we pick threshold

a+ (b—a)t fort € [0, 1], we induce an error for any g*(z) € [a, 0] with w > t, and

any g*(z) € (0, b] with w < t. A routine calculation shows the error is always /2.
[]

Theorem 20. Suppose that § induces a comparison oracle with error V', and also distributions
of §(X) and g*(X) are smooth in the sense that they both have a density function. There exists
hi(z) = sign(g(x) — t) € C, such that the error of h(x) with respect to h*(x) is at most \/V/,
Le.,

Prlhi(X) # h*(X)] = Pr[(§(X) — t)g"(X) < 0] < V7.

We first prove the inequality:
Lemma 21. Suppose {x;}!, and {y;}}, satisfies x;,y; € R, x;,y; > 0. If Y0, Z?:Z zy; < t,

we have
in {xy+ Tyt Yk T+ Yn) < 2t
min " T Ung S 5
o 1 Tk T Yk+1 Y 1l
the equality holds when t1 =19 = - - =2, =Yy, =+ =Y, = ﬁ

Proof of Lemma21] Let f(k) = x1 + -+ + @k + Yrs1 + - - - + Y. We first prove that when the
maximum of ming_o1__, f(k) is achieved, we must have z; = y; for all i. If not, not losing
generality suppose z; > ;.. Now consider x; = x; forall i # [,1 + 1, and x; = y;, 2, =
x141 + x; — y; (omit the latter step if [ = n). Let f’(k) be the function of k computed based on z’
and y. By z; > y; we have f(l) > f(I — 1). Notice that only f'() = f(I — 1) < f(l) is reduced
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and for all other k # [ we have f(k) = f'(k), so the minimum remains the same. Now we have

n n n J n J
DTS 2 ST o

i=1 j=i j—l i=1

J
—Z%Zﬂfri—ylzx + Z ijJTi

j=l+1 =1
j J
D IDILEED IS SP
j=1 =1 i=1 j=i+1 i=1
<t

So there exists a configuration that maximizes miny f(k) with x; = y; for all ;. Now suppose
x; = y; for all 7. The constraint becomes

n n
E E Ty S g,
=1 j=i

which is equivalent to

n 2 n
(Z xz> + Z z? < 2.
i=1 i=1

By Cauchy-Schwarz inequality we have

2

Zx iz i) 1%) .

Ty T Y o —zn::c-<w/2m
1 k Yk+1 yn_i:1 P~ n+1

It is easy to verify the equality condition. O]

So

Proof of Theorem Not losing generality, suppose §(z) € [0, 1]; such a assumption is justifiable
since any increasing transformation of § does not change R”(§). So we only need to consider
Cy = {h: h(z) = h(z) = sign(g(z) —t),t € [0, 1]}. Let ¢(u) denote the distribution of §(X).
Let £(u) = q(u) Pr(h*(X) = 1]|g(z) = u). So we have

t
/ E(u)du = Pr(h*(X) =1,9(X) < t).
0
So the error of h; with respect to h* can be expressed as

Pr((9(X) —t)g"(X) <0) (X) > 1,9"(X) < 0) + Pr(g(X) <t,4"(X) > 0)

/5 du+/<<> £ (u))du
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On the other hand, the comparison error can be expressed as
R%(g) = 2Pr(g(X) > 9(X'), h*(X) = =1, h*(X) = 1)
1 1
— [ et [ ta(o) - &(0))dud.
0 u

Now consider we do this on the grid with step size 1/n and let n — oo; the integral will be the
limit value. So, let

Su= 5 0 D Eli/m)(ali/m) — £Gi/n).

i=1 j=i

So
Pr(§(X) > g(X'), h*(X) = —1,1*(X) = 1) = lim S,
Also, let
= [ S e+ Y el - 6/ |
i /n<t i /m>=t
SO

Pr((§(X) — t)g(X) < 0) = lim T*.

n—00

Now let z; = 1£(i/n),y; = £ (q(i/n) — &(i/n)) in Lemma |21} and we have

[ 2nS,,
min T} < o,
t n+1

Note that lim,,_,, 25,, = RZ(g) < v/ and let n — oo on both side, we have

min Pr(§(X) — t)g(X) < 0] < V',

t
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Chapter 3

Regression with Labels and Ordinal
Information

Classical regression is centered around the development and analysis of methods that use la-
beled observations, {(X1,%1), ..., (Xu,yn)}, where each (X;,y;) € R? x R, in various tasks
of estimation and inference. Nonparametric and high-dimensional methods are appealing in
practice owing to their flexibility, and the relatively weak a-priori structural assumptions that they
impose on the unknown regression function. However, the price we pay is that these methods
typically require a large amount of labeled data to estimate complex target functions, scaling
exponentially with the dimension for fully nonparametric methods and scaling linearly with the
dimension for high-dimensional parametric methods — the so-called curse of dimensionality. This
has motivated research on structural constraints — for instance, sparsity or manifold constraints —
as well as research on active learning and semi-supervised learning where labeled samples are
used judiciously.

We consider a complementary approach, motivated by applications in material science, crowd-
sourcing, and healthcare, where we are able to supplement a small labeled dataset with a potentially
larger dataset of ordinal information. Such ordinal information is obtained either in the form of
a (noisy) ranking of unlabeled points or in the form of (noisy) pairwise comparisons between
function values at unlabeled points. Some illustrative applications of the methods we develop in
this chapter include:

Example 1: Crowdsourcing. In crowdsourcing we rely on human labeling effort, and in
many cases humans are able to provide more accurate ordinal feedback with substantially less
effort (see for instance [150} 154, 1164]]). When crowdsourced workers are asked to give numerical
price estimates, they typically have difficulty giving a precise answer, resulting in a high variance
between worker responses. On the other hand, when presented two products or listings side by
side, workers may be more accurate at comparing them. We conduct experiments on the task of
price estimation in Section (3.5.4

Example 2: Material Synthesis. In material synthesis, the broad goal is to design complex
new materials and machine learning approaches are gaining popularity [72,194]. Typically, given
a setting of input parameters (temperature, pressure etc.) we are able to perform a synthesis
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experiment and measure the quality of resulting synthesized material. Understanding this land-
scape of material quality is essentially a task of high-dimensional function estimation. Synthesis
experiments can be costly and material scientists when presented with pairs of input parameters
are often able to cheaply and reasonably accurately provide comparative assessments of quality.

Example 3: Patient Diagnosis. In clinical settings, precise assessment of each individual
patient’s health status can be difficult, expensive, and risky but comparing the relative status of
two patients may be relatively easy and accurate.

In each of these settings, it is important to develop methods for function estimation that
combine standard supervision with (potentially) cheaper and abundant ordinal or comparative
supervision.

3.1 Our Contributions

We consider both linear and nonparametric regression with both direct (cardinal) and comparison
(ordinal) information. In both cases, we consider the standard statistical learning setup, where the
samples X are drawn i.i.d. from a distribution Px on RY. The labels y are related to the features
X as,

y=f(X)+e,

where f = E[y|X] is the underlying regression function of interest, and ¢ is the mean-zero label
noise. Our goal is to construct an estimator f of f that has low risk or mean squared error (MSE),

R(f. ) = E(f(X) — f(X))

where the expectation is taken over the labeled and unlabeled training samples, as well as a new
test point X. We also study the fundamental information-theoretic limits of estimation with
classical and ordinal supervision by establishing lower (and upper) bounds on the minimax risk.
Letting 17 denote various problem dependent parameters, which we introduce more formally in the
sequel, the minimax risk:

M (m, n;n) = inf sup R(f, f), (3.1)
f fer,
provides an information-theoretic benchmark to assess the performance of an estimator.

First, focusing on nonparametric regression, we develop a novel Ranking-Regression (R?)
algorithm for nonparametric regression that can leverage ordinal information, in addition to direct
labels. We make the following contributions:

e To establish the usefulness of ordinal information in nonparametric regression, in Sec-
tion [3.3.2] we consider the idealized setting where we obtain a perfect ordering of the
unlabeled set. We show that the risk of the R? algorithm can be bounded with high-
probability as O(m=2/3 +n=2/ d) where m denotes the number of labeled samples and n

"We use the standard big-O notation throughout this chapter, and use O when we suppress log-factors, and 9}
when we suppress log-log factors.
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the number of ranked samples. To achieve an MSE of ¢, the number of labeled samples
required by R? is independent of the dimensionality of the input features. This result
establishes that sufficient ordinal information of high quality can allow us to effectively
circumvent the curse of dimensionality.

e In Sections 3.3.3|and [3.3.4] we analyze the R? algorithm when using either a noisy ranking
of the samples or noisy pairwise comparisons between them. For noisy ranking, we show
that the MSE is bounded by O(m~2/3 + /v + n=%4), where v is the Kendall-Tau distance
between the true and noisy ranking. As a corollary, we combine R? with algorithms for
ranking from pairwise comparisons [39] to obtain an MSE of O(m~2/3 4+ n=%/¢) when
d > 4, when the comparison noise is bounded.

Turning our attention to the setting of linear regression with ordinal information, we develop
an algorithm that uses active (or adaptive) comparison queries in order to reduce both the label
complexity and total query complexity.

e In Section [3.4] we develop and analyze an interactive learning algorithm that estimates
a linear predictor using both labels and comparison queries. Given a budget of m label
queries and n comparison queries, we show that MSE of our algorithm decays at the rate of
O (1/m + exp(—n/d)). Once again we see that when sufficiently many comparisons are
available, the label complexity of our algorithm is independent of the dimension d.

To complement these results we also give information-theoretic lower bounds to characterize the
fundamental limits of combining ordinal and standard supervision.

e For nonparametric regression, we show that the R? algorithm is optimal up to log factors
both when it has access to a perfect ranking, as well as when the comparisons have bounded
noise. For linear regression, we show that the rate of O(1/m), and the total number of
queries, are not improvable up to log factors.

On the empirical side we comprehensively evaluate the algorithms we propose, on simulated and
real datasets.

e We use simulated data, and study the performance of our algorithms as we vary the noise in
the labels and in the ranking.

¢ Second, we consider a practical application of predicting people’s ages from photographs.
For this dataset we obtain comparisons using people’s apparent ages (as opposed to their
true biological age).

¢ Finally, we curate a new dataset using crowdsourced data obtained through Amazon’s
Mechanical Turk. We provide workers AirBnB listings and attempt to estimate property
asking prices. We obtain both direct and comparison queries for the listings, and also study
the time taken by workers to provide these different types of feedback. We find that, our
algorithms which combine direct and comparison queries are able to achieve significantly
better accuracy than standard supervised regression methods, for a fixed time budget.

3.2 Related Works

As a classical way to reduce the labeling effort, active learning has been mostly focused on
classification [85]]. For regression, it is known that, in many natural settings, the ability to make
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active queries does not lead to improved rates over passive baselines. For example, [47] shows
that when the underlying model is linear, the ability to make active queries can only improve
the rate of convergence by a constant factor, and leads to no improvement when the feature
distribution is spherical Gaussian. In [178], the authors show a similar result that in nonparametric
settings, active queries do not lead to a faster rate for smooth regression functions except when
the regression function is piecewise smooth.

There is considerable work in supervised and unsupervised learning on incorporating additional
types of feedback beyond labels. For instance, [138, 207] study the benefits of different types
of “feature feedback” in clustering and supervised learning respectively. [62] consider learning
with partial corrections, where the user provides corrective feedback to the algorithm when the
algorithm makes an incorrect prediction.

There is also a vast literature on models and methods for analyzing pairwise comparison data,
like the classical Bradley-Terry [38] and Thurstone [162] models. In this literature, the typical
focus is on ranking or quality estimation for a fixed set of objects. In contrast, we focus on function
estimation and the resulting models and methods are quite different. We build on the work on
“noisy sorting” [39,1151] to extract a consensus ranking from noisy pairwise comparisons.

Given ordinal information of sufficient fidelity, the problem of nonparametric regression is
related to the problem of regression with shape constraints, or more specifically isotonic regression
[29]1203]]. Accordingly, we leverage such algorithms in our work and we comment further on the
connections in Section[3.3.2] Some salient differences between this literature and our work are
that we design methods that work in a semisupervised setting, and further that our target is an
unknown d-dimensional (smooth) regression function as opposed to a univariate shape-constrained
function.

The rest of this chapter is organized as follows. In Section[3.3] we consider the problem of
combining direct and comparison-based labels for nonparametric regression, providing upper
and lower bounds for both noiseless and noisy ordinal models. In Section [3.4] we consider the
problem of combining adaptively chosen direct and comparison-based labels for linear regression.
In Section we turn our attention to an empirical evaluation of our proposed methods on real
and synthetic data. Finally, we conclude in Section [3.6) with a number of additional results and
open directions. In the Appendix we present detailed proofs for various technical results and a
few additional supplementary experimental results.

3.3 Nonparametric Regression with Ordinal Information

We now provide analysis for nonparametric regression. First, in Section [3.3.1] we establish the
problem setup and notations. Then, we introduce the R? algorithm in Section and analyze it
under perfect rankings. Next, we analyze its performance for noisy rankings and comparisons in

Sections [3.3.3]and

3.3.1 Background and Problem Setup

We consider a nonparametric regression model with random design, i.e. we suppose first that
we are given access to an unlabeled set U/ = {X,..., X}, where X; € X C [0,1]%, and X;
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are drawn i.1.d. from a distribution Px and we assume that Py has a density p which is upper
and lower bounded as 0 < pyin < p() < pmax for € X. Our goal is to estimate a function
f: X — R, where following classical work [82, [166] we assume that f is bounded in [— M/, M|
and belongs to a Holder ball F; 1, with 0 < s < 1:

For={f:1f(@) = f)l < Lljz = yll3,V z,y € X}

For s = 1 this is the class of Lipschitz functions. We discuss the estimation of smoother functions
(i.e. the case when s > 1) in Section [3.6] We obtain two forms of supervision:
1. Classical supervision: For a (uniformly) randomly chosen subset £ C U of size m (we
assume throughout that m < n and focus on settings where m < n) we make noisy
observations of the form:

Y = f(XZ) +e, 1€L,

where ¢; are i.i.d. Gaussian with E[¢;] = 0, Var[¢;] = 1. We denote the indices of the labeled
samples as {t1,...,t,,} C{1,...,n}.

2. Ordinal supervision: For the given dataset {X,..., X, } we let = denote the true
ordering, i.e.  is a permutation of {1,... n} such that for i,j € {1,...,n}, with
7(7) < m(j) we have that f(X;) < f(X;). We assume access to one of the following types
of ordinal supervision:

(1) We assume that we are given access to a noisy ranking 7, i.e. for a parameter v € |0, 1]
we assume that the Kendall-Tau distance between 7 and the true-ordering is upper-bounded
as:

S 1w (i) — 7 ()R () — 7)) < 0] < vn. (3.2)

1,j€[n]

(2) For each pair of samples (X;, X;), with i < j we obtain a comparison Z;; where for
some constant A > 0:

P(Z; =1(f(X) > f(X,) > 5 + X (33)

As we discuss in Section [3.3.4] it is straightforward to extend our results to a setting where
only a randomly chosen subset of all pairwise comparisons are observed.
Although classic supervised learning learns a regression function with labels only and without
ordinal supervision, we note that learning cannot happen in the opposite way: That is, we cannot
consistently estimate the underlying function with only ordinal supervision and without labels:
the underlying function is only identifiable up to certain monotonic transformations.

As discussed in Section our goal is to design an estimator fof f that achieves the minimax
mean squared error , when f € F; 1. We conclude this section recalling a well-known fact:
given access to only classical supervision the minimax risk 9t(m;n) = @(m*%), suffers from
an exponential curse of dimensionality.
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3.3.2 Nonparametric Regression with Perfect Ranking

To ascertain the value of ordinal information we first consider an idealized setting, where we are
given a perfect ranking 7 of the unlabeled samples in 2/. We present our Ranking-Regression (R?)
algorithm with performance guarantees in Section and a lower bound for it in Section [3.3.2]
which shows that R? is optimal up to log factors.

Upper bounds for the R? Algorithm

Algorithm 5 R?: Ranking-Regression

Input: Unlabeled datald = { X}, ..., X, }, alabeled set of size m and corresponding labels, i.e.
samples { (X4, ¥4, ), - -, (X4, ¥, )}, and a ranking 7.

1: Order elements in U as (Xz(1), . .., Xam))-
2: Run isotonic regression (see Equation (3.4)) on {w,, ...,y }. Denote the estimated values

by {@\tl""?:/y\tm}' —~
3: Fori =1,2,...,n,leti = t;, where 7(t) is the largest value such that 7(t;,) < 7(i),k =
0,1,...,m, and ¢« = « if no such ¢ exists. Set

A_{@ if 7 # %

’ 0 otherwise.

Output: Function f = NearestNeighbor({(X;, 7;) }™ ;).

Our nonparametric regression estimator is described in Algorithm [5]and Figure We first
rank all the samples in I/ according to the (given or estimated) permutation 7. We then run isotonic
regression [29] on the labeled samples in £ to de-noise them and borrow statistical strength. In
more detail, we solve the following program to de-noise the labeled samples:

m

. R ,
min e
{{U\ﬁ(tl),...,/y\%(tm)};<y (tr) — Y (tk))

st U, <y V(k,1) suchthat 7(t) < 7(t;)
- M S {ﬁﬁ(tl)a s 71&?(tm)} S M.

We introduce the bounds { M, — M} in the above program to ease our analysis. In our experiments,
we simply set M to be a large positive value so that it has no influence on our estimator. We then
leverage the ordinal information in 7 to impute regression estimates for the unlabeled samples in
U, by assigning each unlabeled sample the value of the nearest (de-noised) labeled sample which
has a smaller function value according to 7. Finally, for a new test point, we use the imputed (or
estimated) function value of the nearest neighbor in /.

In the setting where we use a perfect ranking the following theorem characterizes the perfor-
mance of R?:
Theorem 22. For constants C'y, Cy > 0 the MSE of fis bounded by

E(J?(X) - f(X))2 < C'1m_2/3 log2 nlogm + CQn—QS/d.

(3.4)
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Figure 3.1: Top Left: A group of unlabeled points are ranked according to function values using
ordinal information only. Top Right: We obtain function values of m randomly chosen samples.
Middle Right: The values are adjusted using isotonic regression. Bottom Right: Function values
of other unlabeled points are inferred. Bottom Left: For a new point, the estimated value is given
by the nearest neighbor in /.

Before we turn our attention to the proof of this result, we examine some consequences.
Remarks: (1) Theorem [22] shows a surprising dependency on the sizes of the labeled and
unlabeled sets (m and n). The MSE of nonparametric regression using only the labeled sam-
ples is @(mﬁjﬁ) which is exponential in d and makes nonparametric regression impractical
in high-dimensions. Focusing on the dependence on m, Theorem improves the rate to
m~2/3polylog(m, n), which is no longer exponential. By using enough ordinal information we
can avoid the curse of dimensionality.

(2) On the other hand, the dependence on n (which dictates the amount of ordinal information
needed) is still exponential. This illustrates that ordinal information is most beneficial when it is
copious. We show in Section that this is unimprovable in an information-theoretic sense.
(3) Somewhat surprisingly, we also observe that the dependence on n is faster than the n- i
rate that would be obtained if all the samples were labeled. Intuitively, this is because of the
noise in labels: Given the m labels along with the (perfect) ranking, the difference between two
neighboring labels is typically very small (around 1/m). Therefore, any unlabeled points in I/ \ £
will be restricted to an interval much narrower than the constant noise in direct labels. In the case
where all points are labeled (i.e., m = n), the MSE is of order n=2/3 4 n=2s/d als0 slightly better
rate than when no ordinal information is available. On the other hand, the improvement is stronger
when m < n.

(4) Finally, we also note in passing that the above theorem provides an upper bound on the
minimax risk in Equation (3.1J)).

Proof Sketch We provide a brief outline and defer technical details to the Supplementary Material.
For a randomly drawn point X € X, we denote by X, the nearest neighbor of X in /. We
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decompose the MSE as

-~

E |(F(X) = F(X)?] < 2B [(FX) = F(X0)?] + 2B [(£(Xa) = F(X)P]. 3

The second term corresponds roughly to the finite-sample bias induced by the discrepancy between
the function value at X and the closest labeled sample. We use standard sample-spacing arguments
(see [82]) to bound this term. This term contributes the n~2%/¢ rate to the final result. For the
first term, we show a technical result in the Appendix (Lemma [34). Without loss of generality
suppose f(X;,) < --- f(X,,). By conditioning on a probable configuration of the points and
enumerating over choices of the nearest neighbor we find that roughly (see Lemma [34] for a
precise statement):

B [(F0) - fxa)] < (2 eemy,
B () — 150)) + (F(Xi) - (X)) ). (3.6)

Intuitively, these terms are related to the estimation error arising in isotonic regression (first term)
and a term that captures the variance of the function values (second term). When the function f is
bounded, we show that the dominant term is the isotonic estimation error which is on the order of
m'/3. Putting these pieces together we obtain the theorem. |

Lower bounds with Ordinal Data

To understand the fundamental limits on the usefulness of ordinal information, as well as to study
the optimality of the R? algorithm we now turn our attention to establishing lower bounds on the
minimax risk. In our lower bounds we choose Py to be uniform on [0, 1]%. Our estimators f are
functions of the labeled samples: {(X,, v, ), ..., (X, vs,)}, the set U = {Xy,..., X,,} and
the true ranking 7. We have the following result:

Theorem 23. For any estimator J?we have that for a universal constant C' > 0,

inf sup E {( F(X) - A(X))?} > C(m~2/3 4 n~2/4),
f feFs L

Comparing with the result in Theorem 22| we conclude that the R? algorithm is optimal up to
log factors, when the ranking is noiseless.
Proof Sketch We establish each term in the lower bound separately. Intuitively, for the n
lower bound we consider the case when all the n points are labeled perfectly (in which case the
ranking is redundant) and show that even in this setting the MSE of any estimator is at least n~2%/4
due to the finite resolution of the sample.

To prove the m~2/3 lower bound we construct a novel packing set of functions in the class
Fs.1, and use information-theoretic techniques (Fano’s inequality) to establish the lower bound.
The functions we construct are all increasing functions, and as a result the ranking 7 provides no

—2s/d
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Figure 3.2: Original construction for nonparametric regression in 1-d (left), and our construction
(right).

additional information for these functions, easing the analysis. Figure[3.2] contrasts the classical
construction for lower bounds in nonparametric regression (where tiny bumps are introduced to a
reference function) with our construction where we additionally ensure the perturbed functions
are all increasing. To complete the proof, we provide bounds on the cardinality of the packing set
we create, as well as bounds on the Kullback-Leibler divergence between the induced distributions
on the labeled samples. We provide the technical details in Section[3.8.2]

[

3.3.3 Nonparametric Regression using Noisy Ranking

In this section, we study the setting where the ordinal information is noisy. We focus here on the
setting where as in equation Equation we obtain a ranking 7 whose Kendall-Tau distance
from the true ranking 7 is at most vn?. We show that the R? algorithm is quite robust to ranking
errors and achieves an MSE of O(m~2/3 + /v + n~2%/9). We establish a complementary lower
bound of O(m~2/3 + 1% + n=25/) in Sectionm

Upper Bounds for the R? Algorithm

We characterize the robustness of R? to ranking errors, i.e. when 7 satisfies the condition
in Equation (3.2)), in the following theorem:

Theorem 24. For constants Cy,Cy > 0, the MSE of the R? estimate f is bounded by

-~

E[(F(X) — £(X))?) < C1 (log?nlogm (m~>/* + /7)) + Can2/1

Remarks: (1) Once again we observe that in the regime where sufficient ordinal information
is available, i.e. when n is large, the rate no longer has an exponential dependence on the
dimension d.

(2) This result also shows that the R? algorithm is inherently robust to noise in the ranking, and
the mean squared error degrades gracefully as a function of the noise parameter v. We investigate
the optimality of the /v-dependence in the next section.

We now turn our attention to the proof of this result.
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Proof Sketch When using an estimated permutation 7 the true function of interest f is no longer
an increasing (isotonic) function with respect to 7, and this results in a model-misspecification
bias. The core technical novelty of our proof is in relating the upper bound on the error in 7 to an
upper bound on this bias. Concretely, in the Appendix we show the following lemma:
Lemma 25. For any permutation T satisfying the condition in Equation
n
Z(f(Xﬂ.—l(z)) — f(XgT\—l(i)))2 < 8M2 2vn.
i=1
Using this result we bound the minimal error of approximating an increasing sequence

according to 7 by an increasing sequence according to the estimated (and misspecified) ranking 7.
We denote this error on m labeled points by A, and using Lemma [25 we show that in expectation
(over the random choice of the labeled set)

E[A] < 8M?*V2um.

With this technical result in place we follow the same decomposition and subsequent steps before
we arrive at the expression in equation Equation (3.6)). In this case, the first term for some constant
C > 0 is bounded as:
m
E( D (F(X0) ~ £(X,))") < 2B[A] + Cm! 2,
k=1
where the first term corresponds to the model-misspecification bias and the second corresponds
to the usual isotonic regression rate. Putting these terms together in the decomposition in Equa-
tion (3.6) we obtain the theorem.
|

In settings where v is large R? can be led astray by the ordinal information, and a standard
nonparametric regressor can achieve the (possibly faster) O (mfﬁ) rate by ignoring the ordinal
information. In this case, a simple and standard cross-validation procedure can combine the
benefits of both methods: we estimate the regression function twice, once using R? and once
using k nearest neighbors, and choose the regression function that performs better on a held-out
validation set. The following theorem shows guarantees for this method and an upper bound for
the minimax risk (3.1)):

Theorem 26. Under the same assumptions as Theorem there exists an estimator fsuch that

E[(F(X) = F(X))}) = O (m° + min{y/v,m™ =57} +n72/4)

The main technical difficulty in analyzing the model-selection procedure we propose in this
context is that a naive analysis of the procedure, using classical tail bounds to control the deviation
between the empirical risk and the population risk, results in an excess risk of O(1/+/m). However,
this rate would overwhelm the O (m~2/3) bound that arises from isotonic regression. We instead
follow a more careful analysis outlined in the work of [30] which exploits properties of the
squared-loss to obtain an excess risk bound of O(1/m). We provide a detailed proof in the
Appendix for convenience and note that in our setting, the y values are not assumed to be bounded
and this necessitates some minor modifications to the original proof [30].
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Lower bounds with Noisy Ordinal Data

In this section we turn our attention to lower bounds in the setting with noisy ordinal information.
In particular, we construct a permutation 7 such that for a pair (XX;, X;) of points randomly chosen
from Py:

Pl(r (i) = 7(5))(@(0) =7(4)) < 0] <.

We analyze the minimax risk of an estimator which has access to this noisy permutation 7, in
addition to the labeled and unlabeled sets (as in Section [3.3.2).

Theorem 27. There is a constant C' > 0 such that for any estimator ]?taking input Xq,..., X, Y1, ..

and 7,

-~

inf sup E(f(X)— f(X))" > C(m™5 + min{s?, m 72} 4 n~2/9).

f fEJ:S,L

Comparing this result with our result in Remark 3 following Theorem [24] our upper and lower

bounds differ by the gap between /v and v/, in the case of Lipschitz functions (s = 1).
Proof Sketch We focus on the dependence on v, as the other parts are identical to Theorem
23] We construct a packing set of Lipschitz functions, and we subsequently construct a noisy
comparison oracle 7 which provides no additional information beyond the labeled samples. The
construction of our packing set is inspired by the construction of standard lower bounds in
nonparametric regression (see Figure [3.2)), but we modify this construction to ensure that 7 is
uninformative. In the classical construction we divide [0, 1]¢ into u? grid points, with u = m!/(4+2)
and add a “bump” at a carefully chosen subset of the grid points. Here we instead divide [0, ¢]%
into a grid with u¢ points, and add an increasing function along the first dimension, where ¢ is a
parameter we choose in the sequel.

We now describe the ranking oracle which generates the permutation 7: we simply rank sam-
ple points according to their first coordinate. This comparison oracle only makes an error when
both z, 2’ lies in [0, t]¢, and both x1, ] lie in the same grid segment [tk /u, t(k + 1) /u] for some
k € [u]. So the Kendall-Tau error of the comparison oracle is (¢4)? x ((1/u)? x u) = ut*?. We
choose ¢ such that this value is less than v. Once again we complete the proof by lower bounding
the cardinality of the packing-set for our stated choice of ¢, upper bounding the Kullback-Leibler
divergence between the induced distributions and appealing to Fano’s inequality. |

3.3.4 Regression with Noisy Pairwise Comparisons

In this section we focus on the setting where the ordinal information is obtained in the form
of noisy pairwise comparisons, following equation Equation (3.3). We investigate a natural
strategy of aggregating the pairwise comparisons to form a consensus ranking 7 and then applying
the R? algorithm with this estimated ranking. We build on results from theoretical computer
science, where such aggregation algorithms are studied for their connections to sorting with noisy
comparators. In particular, Braverman and Mossel [39] study noisy sorting algorithms under the
noise model described in Equation and establish the following result:
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Theorem 28 ([39]). Let o > 0. There exists a polynomial-time algorithm using noisy pairwise
comparisons between n samples, that with probability 1 — n™%, returns a ranking 7 such that for
a constant ¢(a, \) > 0 we have that:

Y L) —7())@(@) = 7 () < 0] < e(a, An.

1,5€[n]

Furthermore, if allowed a sequential (active) choice of comparisons, the algorithm queries at
most O(nlogn) pairs of samples.

Combining this result with our result on the robustness of R?> we obtain an algorithm for
nonparametric regression with access to noisy pairwise comparisons with the following guarantee
on its performance:

Corollary 29. For constants Cy,Cy > 0, R? with T estimated as described above produces an
estimator f with MSE

~

E(f(X) - f(X))2 < Cym~?log? nlogm + Comax{n=2/? n=1?1log? nlogm}.

Remarks:

1. From a technical standpoint this result is an immediate corollary of Theorems [24]and [28]
but the extension is important from a practical standpoint. The ranking error of O(1/n)
from the noisy sorting algorithm leads to an additional O(1/,/n) term in the MSE. This
error is dominated by the n~2%¢ term if d > 4s, and in this setting the result in Corollary
is also optimal up to log factors (following the lower bound in Section [3.3.2).

2. We also note that the analysis in [39] extends in a straightforward way to a setting where
only a randomly chosen subset of the pairwise comparisons are obtained.

3.4 Linear Regression with Comparisons

In this section we investigate another popular setting for regression, that of fitting a linear predictor
to data. We show that when we have enough comparisons, it is possible to estimate a linear
function even when m < d, without making any sparsity or structural assumptions.

For linear regression we follow a different approach when compared to the nonparametric
setting we have studied thus far. By exploiting the assumption of linearity, we see that each
comparison now translates to a constraint on the parameters of the linear model, and as a
consequence we are able to use comparisons to obtain a good initial estimate. However, the
unknown linear regression parameters are not fully identified by comparison. For instance, we
observe that the two regression vectors w and 2 x w induce the same comparison results for
any pairs (X7, X5). This motivates using direct measurements to estimate a global scaling of
the unknown regression parameters, i.e the norm of regression vector w*. Essentially by using
comparisons instead of direct measurements to estimate the weights, we convert the regression
problem to a classification problem, and therefore can leverage existing algorithms and analyses
from the passive/active classification literature.
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We present our assumptions and notation for the linear setup in the next subsection. Then we
give the algorithm along with its analysis in Section We also present information-theoretic
lower bounds on the minimax rate in Section [3.4.31

3.4.1 Background and Problem Setup

Following some of the previous literature on estimating a linear classifier [[13}14]], we assume that
the distribution Py is isotropic and log-concave. In more detail, we assume that coordinates of X
are independent, centered around 0, have covariance /;; and that the log of the density function
of X is concave. This assumption is satisfied by many standard distributions, for instance the
uniform and Gaussian distributions [121]. We let B(v, r) denote the ball of radius  around vector
v. Our goal is to estimate a linear function f(X) = (w*, X), and for convenience we denote:

r* = [ws and v* = —.
[[w*][2

Similar to the nonparametric case, we suppose that we have access to two kinds of supervision
using labels and comparisons respectively. We represent these using the following two oracles:

¢ Label Oracle: We assume access to a label oracle O;, which takes a sample X € R and
outputs a label y = (w*, X) + ¢, with E[e] = 0, Var(¢) = o2

¢ Comparison Oracle: We also have access to a (potentially cheaper) comparison oracle
O.. For each query, the oracle O, receives a pair of samples (X, X’) ~ Py x Py, and
returns a random variable Z € {—1,+1}, where Z = 1 indicates that the oracle believes
that f(X) > f(X’), and Z = —1 otherwise. We assume that the oracle has agnostic noisef’
v,i.e.:

P(Z # sign({w*, X — X"))) < v.

That is, for a randomly sampled triplet (X, X', Z) the oracle is wrong with probability at
most v. Note that the error of the oracle for a particular example (X, X') = (z, 2") can be
arbitrary.

Given a set of unlabeled instances U/ = {X;, Xy, ...} drawn from Py, we aim to estimate
w* by querying O; and O, with samples in I/, using a label and comparison budget of m and
n respectively. Our algorithm can be either passive, active or semi-supervised; we denote the
output of algorithm A by w = AU, O,, O.). For an algorithm A, we study the minimax risk
(3-1), which in this case can be written as

M(m,n) = iI}\f supE [(w* — @, X)?]. (3.7)

Our algorithm relies on a linear classification algorithm .A¢, which we assume to be a proper
classification algorithm (i.e. the output of A° is a linear classifier which we denote by v). We let
AU, O, m) denote the output (linear) classifier of .A° when it uses the unlabeled data pool U,

2As we discuss in the sequel our model can also be adapted to the bounded noise model case of eqn. (3.3) using a
different algorithm from active learning; see Section for details.
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the label oracle O and acquires m labels. .A¢ can be either passive or active; in the former case
the m labels are randomly selected from I/, whereas in the latter case A° decides which labels to
query. We use € 4¢(m, 0) to denote (an upper bound on) the 0/1 error of the algorithm .A° when
using m labels, with 1 — ¢ probability, i.e.:

Plerr(ASU, m)) < e4c(m,8)] > 1 — 0.

We note that by leveraging the log-concave assumption on P, it is straightforward to translate
guarantees on the 0/1 error to corresponding guarantees on the ¢ error ||[v — v*||2.

We conclude this section by noting that the classical minimax rate for ordinary least squares
(OLS) is of order O(d/m), where m is the number of label queries. This rate cannot be improved
by active label queries (see for instance [47]).

3.4.2 Algorithm and Analysis

Our algorithm, Comparison Linear Regression (CLR), is described in Algorithm[6] We first use
the comparisons to construct a classification problem with samples (X — X’) and oracle O.. Here
we slightly overload the notation of O, that O.(X; — X;) = O.(X;, X;). Given these samples
we use an active linear classification algorithm to estimate a normalized weight vector v. After
classification, we use the estimated ¥ along with actual label queries to estimate the norm of the
weight vector 7. Combining these results we obtain our final estimate w = 7 - v.

Algorithm 6 Comparison Linear Regression (CLR)

Input: comparison budget n, label budget m, unlabeled data pool U, algorithm A¢
1: Construct pairwise pool U’ = {X; — Xo, X3 — Xy, ..., X, 1 — Xy}
2: Run A(U’, O.,n) and obtain a classifier with corresponding weight vector v
3: Query random samples {(X;, v;) }'™,
~_ im0, Xo)yi
4: Letr = %
Zi:l <U7 Xi>2

Output: w =1"-

<)

We have the following main result which relates the error of @ to the error of the classification
algorithm A4°.
Theorem 30. There exists some constants C, M such that if m > M, the MSE of Algorithm 0]
satisfies

~ /1 1
E[(w* — @, X)?)] <O (—+10g2m-5Ac (n, —) +y2>.
m m

We defer a detailed proof to the Appendix and provide a concise proof sketch here.

Proof Sketch

We recall that, by leveraging properties of isotropic log-concave distributions, we can obtain an
estimator v such that || — v*||s <& = O (e4¢(n,d)). Now let T; = (v, X;), and we have

E;ll Tiyi — Zﬁl Tir(v* =, X;) + &
>, T? >, T? '

P =
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And thus

Yo Tir*(v* — 0, X;) Zl Tie;
7 (U, X) + 25— (0, X).
Zi:l 7—; Zz 1 T
The first term can be bounded using ||[v — v*||2 < €; for the latter two terms, using Hoeffding

bounds we show that Y _." | 72 = O(m). Then by decomposing the sums in the latter two terms,
we can bound the MSE. |

(w*, X) —(w, X) =r"(v*" —v, X) —

Leveraging this result we can now use existing results to derive concrete corollaries for
particular instantiations of the classification algorithm .A°. For example, when v = 0 and we
use passive learning, standard VC theory shows that the empirical risk minimizer has error
egrm = O(dlog(1/§)/n). This leads to the following corollary:

Corollary 31. Suppose that v = 0, and that we use the passive ERM classifier as A in Algorithm
(6] then the output @ has MSE bounded as:

3

E[(w* — @, X)2] <O (i + dloﬂ) .

m n

When v > 0, we can use other existing algorithms for either the passive/active case. We give
a summary of existing results in Table [3.1] and note that (as above) each of these results can
be translated in a straightforward way to a guarantee on the MSE when combining direct and
comparison queries. We also note that previous results using isotropic log-concave distribution
can be directly exploited in our setting since X — X’ follows isotropic log-concave distribution if
X does [[121]]. Each of these results provide upper bounds on minimax risk Equation (3.7)) under
certain restrictions.

Table 3.1: Summary of existing results for passive/active classification for isotropic log-concave
X distributions. C' denotes some fixed constant; € = € 4c(m, ¢). The work of [195] additionally
requires that X — X' follow a uniform distribution.

Algorithm | Oracle Requirement Rate of ¢ Efficient?
ERM [B5] | Passive None (d\f> No
v =0(e)
[14] Passive v =0(e) 9] (( )1/3> Yes
3] | Active v =0(e) exp ( +1og<m ) | Yes

mos) | Fassve |, _ o <—) Yes

. log d+log log 1
Active ogdloglog ¢

eXp < d+log(m/5

3.4.3 Lower Bounds

Now we turn to information-theoretic lower bounds on the minimax risk (3.1). We consider any
active estimator w with access to the two oracles O., O;, using n comparisons and m labels. In
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this section, we show that the 1/m rate in Theorem is optimal; we also show a lower bound in
the active setting on the total number of queries in the appendix.

Theorem 32. Suppose that X is uniform on [—1,1]¢, and € ~ N(0,1). Then, for any (active)
estimator W with access to both label and comparison oracles, there is a universal constant ¢ > 0
such that,
infsup E [(w* — @, X)?] > <.
W qp* m

Theorem [32] shows that the O(1/m) term in Theorem[30]is necessary. The proof uses classical
information-theoretic techniques (Le Cam’s method) applied to two increasing functions with
d = 1, and is included in Appendix [3.8.7]

We note that we cannot establish lower bounds that depend solely on number of comparisons
n, since we can of course achieve O(d/m) MSE without using any comparisons. Consequently,
we show a lower bound on the fotal number of queries in Appendix This bound shows that
when using the algorithm in the paper of [13] as .4¢ in CLR, the total number of queries is optimal
up to log factors.

3.5 Experiment Results

To verify our theoretical results and test our algorithms in practice, we perform three sets of
experiments. First, we use simulated data, where the noise in the labels and ranking can be
controlled separately. Second, we consider an application of predicting people’s ages from
photographs, where we synthesize comparisons from data on people’s apparent ages (as opposed
to their true biological ages). Finally, we crowdsource data using Amazon’s Mechanical Turk to
obtain comparisons and direct measurements for the task of estimating rental property asking
prices. We then evaluate various algorithms for predicting rental property prices, both in terms of
their accuracy, as well as in terms of their time cost.

Baselines. In the nonparametric setting, we compare R? with k-NN algorithms in all experiments.
We choose k-NN methods because they are near-optimal theoretically for Lipschitz functions, and
are widely used in practice. Also, the R? method is a nonparametric method built on a nearest
neighbor regressor. It may be possible to use the ranking-regression method in conjunction with
other nonparametric regressors but we leave this for future work. We choose from a range of
different constant values of % in our experiments.

In the linear regression setting, for our CLR algorithm, we consider both a passive and an
active setting for comparison queries. For the passive comparison query setting, we simply use a
Support Vector Machine (SVM) as A in Algorithm|[6] For the active comparison query setting, we
use an algorithm minimizing hinge loss as described in [13]. We compare CLR to the LASSO
and to Linear Support Vector Regression (LinearSVR), where the relevant hyperparameters are
chosen based on validation set performance. We choose LASSO and LinearSVR as they are the
most prevalent linear regression methods. Unless otherwise noted, we repeat each experiment 20
times and report the average MSEﬂ

30ur plots are best viewed in color.
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Cost Ratio. Our algorithms aim at reducing the overall cost of estimating a regression function
when comparisons can be more easily available than direct labels. In practice, the cost of obtaining
comparisons can vary greatly depending on the task, and we consider two practical setups:

1. In many applications, both direct labels and comparisons can be obtained, but labels cost
more than comparisons. Our price estimation task corresponds to this case. The cost, in
this case, depends on the ratio between the cost of comparisons and labels. We suppose
that comparisons cost 1, and that labels cost c for some constant ¢ > 1 and that we have a
total budget of C'. We call c the cost ratio. Minimizing the risk of our algorithms requires
minimizing 9t(m, n;n) as defined in subject to cm + n < C'; for most cases, we need
a small m and large n. In experiments with a finite cost ratio, we fix the number of direct
measurements to be a small constant m and vary the number of comparisons that we use.

2. Direct labels might be substantially harder to acquire because of privacy issues or because
of inherent restrictions in the data collection process, whereas comparisons are easier to
obtain. Our age prediction task corresponds to this case, where it is conceivable that only
some of the biological ages are available due to privacy issues. In this setting, the cost is
dominated by the cost of the direct labels and we measure the cost of estimation by the
number of labeled samples used.

3.5.1 Modifications to Our Algorithms

While R? and CLR are near optimal from a theoretical standpoint, we adopt the following
techniques to improve their empirical performance:

R? with £-NN. Our analysis considers the case when we use 1-NN after isotonic regression.
However, we empirically find that using more than 1 nearest neighbor can also improve the
performance. So in our experiments, we use k-NN in the final step of R?, where k is a small fixed
constant. We note in passing that our theoretical results remain valid in this slightly more general
setting.

R? with comparisons. When R? uses passively collected comparisons, we would need O(n?)
pairs to have a ranking with O(1/n) error in the Kendall-Tau metric if we use the algorithm from
[39]. We instead choose to take advantage of the feature space structure when we use R? with
comparisons. Specifically, we build a nonparametric rankSVM [100] to score each sample using
pairwise comparisons. We then rank samples according to their scores given by the rankSVM.
We discuss another potential method, which uses nearest neighbors based on Borda counts, in

Appendix

CLR with feature augmentation. Using the directly labeled data only to estimate the norm of
the weights corresponds to using linear regression with the direct labels with a single feature
(v, z) from Algorithm @ Empirically, we find that using all the features together with the
estimated (v, z) results in better performance. Concretely, we use a linear SVR with input
features (z; (v, x)), and use the output as our prediction.
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3.5.2 Simulated Data

We generate different synthetic datasets for nonparametric and linear regression settings in order
to verify our theory.

Simulated Data for R?
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Figure 3.3: Experiments on simulated data for R%. 1-NN and 5-NN represent algorithms using
noisy label data only; R? 1-NN and R? 5-NN use noisy labels as well as rankings; 1-NN-truth
and 5-NN-truth use perfect label data only.

Data Generation. We generate simulated data following Hérdle et al. [88]]. We take d = 8,
and sample X uniformly random from [0, 1)%. Our target function is f(z) = 3¢ | f0md4) (g),
where x; is x’s ¢-th dimension, and

fOe) =pr =172, fO(@) =p2® = 1/3,
fO(z) = —2sin(—pz), [fB(z)=eP"+e -1

with p sampled uniformly at random in [0, 10]. We generate a training and a test set each of size
n = 1000 samples respectively. We rescale f so that it has O mean and unit variance over the
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training set. This makes it easy to control the noise that we add relative to the function value. For
training data, we generate the labels as y; = f(X;) + € where ¢ ~ A(0,0.5%), for the training
data {Xi,..., X,,}. At test time, we compute the MSE £ >~"  (f(X) — F(X=5))2 for the test
data { X[, ..., Xt}

Setup and Baselines. We test R? with either 1-NN or 5-NN for our simulated data, denoted as
R? 1-NN and R? 5-NN respectively. We compare them with the following baselines: i) 1-NN and
5-NN using noisy labels (X, ) only. Since R? uses ordinal data in addition to labels, it should
have lower MSE than 1-NN and 5-NN. ii) 1-NN and 5-NN using perfect labels (X, f(X)). Since
these algorithms use perfect labels, when all sample points are labeled they serve as a benchmark

for our algorithms.

R? with rankings. Our first set of experiments suppose that R? has access to the ranking over
all 1000 training samples, while the £-NN baseline algorithms only have access to the labeled
samples. We measure the cost as the number of labels in this case. Figure compares R? with
baselines when the ranking is perfect. R? 1-NN and R? 5-NN exhibited better performance than
their counterparts using only labels, whether using noisy or perfect labels; in fact, we find that R?
1-NN and R? 5-NN perform nearly as well as 1-NN or 5-NN using all 1000 perfect labels, while
only requiring around 50 labeled samples.

In Figure R? uses an input ranking obtained from noisy labels {y, ..., ,}. In this case,
the noise in the ranking is dependent on the label noise, since the ranking is directly derived from
the noisy labels. This makes the obtained labels consistent with the ranking, and thus eliminates
the need for isotonic regression in Algorithm [5| Nevertheless, we find that the ranking still
provides useful information for the unlabeled samples. In this setting, R? outperformed its 1-NN
and 5-NN counterparts using noisy labels. However, R? was outperformed by algorithms using
perfect labels when n = m. As expected, R? and k-NN with noisy labels achieved identical MSE
when n = m, as ranking noise is derived from noise in labels.

We consider the effect of independent ranking noise in Figure We fixed the number of
labeled/ranked samples to 100/1000 and varied the noise level of ranking. For a noise level of o,
the ranking is generated from

Yy =f(X)+¢ (3.8)

where ¢/ ~ N(0, 0?). We also plot the performance of 1-NN and 5-NN using 100 noisy labels
and 1,000 perfect labels for comparison. We varied o from 0 to 5 and plotted the MSE. We repeat
these experiments 50 times.

For both R? 1-NN and 5-NN — despite the fact that they use noisy labels — their performance is
close to the NN methods using noiseless labels. As ¢’ increases, both methods start to deteriorate,
with R? 5-NN hitting the naive 5-NN method at around ¢’ = 1 and R? 1-NN at around ¢’ = 2.5.
This shows that R? is robust to ranking noise of comparable magnitude to the label noise. We
show in Figure [3.3d| the curve when we use 10 labels and 1000 ranked samples, where a larger
amount of ranking noise can be tolerated.

R? with comparisons. We also investigate the performance of R? when we have pairwise
comparisons instead of a total ranking. We train a rankSVM with an RBF kernel with a bandwidth
of 1,ie. k(z,2') = exp(—||z — 2||3), as described in Section[3.5.1] Our rankSVM has a ranking
error of v = 11.8% on the training set and v = 13.8% on the validation set. For simplicity, we
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only compare with 5-NN here since it gives best performance amongst the label-only algorithms.
The results are depicted in Figure When comparisons are perfect, we first investigate the
effect of the cost ratio in Figure[3.4al We fixed the budget to equal to C' = 500c¢ (i.e., we would
have 500 labels available if we only used labels), and each curve corresponds to a value of
m € {50, 100,200} and a varied n such that the total cost is C' = 500c. We can see for almost all
choices of m and cost ratio, R? provides a performance boost. In Figure we fix ¢ = 5, and

vary the total budget C' from 500 to 4,000. We find that R? outperforms the label-only algorithms
in most setups.

In Figures [3.4c|and [3.4d] we consider the same setup of experiments, but with comparisons
generated from (3.8), where &’ ~ N(0, 0.5%). Note that here the noise €’ is of the same magnitude
but independent from the label noise. Although R? gave a less significant performance boost in
this case, it still outperformed label-only algorithms when ¢ > 2.
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Figure 3.4: Experimental results on synthetic dataset for R? with comparisons. Each curve
corresponds to a fixed m, and we vary n as the cost ratios or total budget change. Note that curves
start at different locations because of different m values.
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Simulated Data for CLR

For CLR we only consider the case with a cost ratio, because we find that a small number of
comparisons already suffice to obtain a low error. We set d = 50 and generate both X and
w* from the standard normal distribution A(0, I;). We generate noisy labels with distribution
e ~ N(0,0.5%). The comparison oracle generates response using the same noise model: Z =
sign(((w*, T1) +&1) — ((w*, x3) — &3)) for input (z1, x5), with €1, g5 ~ N(0, 0.5%) independent
of the label noise.

Model performances are compared in Figure [3.5] We first investigate the effect of cost ratio in
Figure where we fixed the budget to C' = 50c, i.e. if we only used labels we would have
a budget of 50 labels. The passive comparison query version of CLR requires roughly ¢ > 5 to
outperform baselines, and the active comparison query version requires ¢ > 3. We also experiment
with a fixed cost ratio ¢ = 5 and varying budget C'in Figure[3.5b] The active version outperformed
all baselines in most scenarios, whereas the passive version gave a performance boost when the
budget was less than 250 (i.e. number of labels is restricted to less than 250 in label only setting).
We note that the active and passive versions of CLR only differ in their collection of comparisons;
both algorithms (along with the baselines) are given a random set of labeled samples, making it a
fair competition.

3.5.3 Predicting Ages from Photographs

To further validate R? in practice, we consider the task of estimating people’s ages from pho-
tographs. We use the APPA-REAL dataset [6], which contains 7,591 images, and each image is
associated with a biological age and an apparent age. The biological age is the person’s actual age,
whereas the apparent ages are collected by asking crowdsourced workers to estimate their apparent
ages. Estimates from (on average 38 different) labelers are averaged to obtain the apparent age.
APPA-REAL also provides the standard deviation of the apparent age estimates. The images
are divided into 4,063 train, 1,488 validation and 1,962 test samples, and we choose the best
hyperparameters using the validation samples.
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Figure 3.6: Experimental results on age prediction.

Task. We consider the task of predicting biological age. Direct labels come from biological
age, whereas the ranking is based on apparent ages. This is motivated by the collection process
of many modern datasets: for example, we may have the truthful biological age only for a
fraction of samples, but wish to collect more through crowdsourcing. In crowdsourcing, people
give comparisons based on apparent age instead of biological age. As a consequence, in our
experiments we assume additional access to a ranking that comes from the apparent ages. Since
collecting crowdsourced data can be much easier than collecting the real biological ages, as
discussed earlier, we define the cost as the number of direct labels used in this experiment.

Features and Models. We extract a 128-dimensional feature vector for each image using the last
layer of FaceNet [147]. We rescale the features so that every X € [0, 1]¢ for R%, or we centralize
the feature to have zero mean and unit variance for CLR. We use 5-NN and 10-NN to compare
with R? in this experiment. Utilizing extra ordinal information, R? has additional access to the
ranking of apparent ages; since CLR does not use a ranking directly we provide it access to 4,063
comparisons (the same size as the training set) based on apparent ages.

Our results are depicted in Figure The 10-NN version of R? gave the best overall
performance amongst nonparametric methods. R? 5-NN and R? 10-NN both outperformed other
algorithms when the number of labeled samples was less than 500. Interestingly, we observe that
there is a gap between R? and its nearest neighbor counterparts even when n = m, i.e. the ordinal
information continues to be useful even when all samples are labeled; this might be because the
biological ages are “noisy” in the sense that they are also determined by factors not present in
image (e.g., lifestyle). Similarly, for linear regression methods, our method also gets the lowest
overall error for any budget of direct labels. In this case, we notice that active comparisons only
have a small advantage over passive comparisons, since the comparison classifiers both converge
with a sufficient number of comparisons.
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3.5.4 Estimating AirBnB Listing Prices

In our third set of experiments, we consider the cost of both comparisons and direct labels. We
use data of AirBnB listings and ask Amazon Mechanical Turk (AMT) workers to estimate their
price. To measure the cost, we collect not only the labels and comparisons but also the time taken
to answer the question. We use the time as an estimate of the cost.

Data Collection. Our data comes from Kaggleﬂ and contains information about AirBnB postings
in Seattle. We use 357 listings as the training set and 93 as the test set. We additionally pick 50
listings from the training set as validation data to select hyperparameters. We use the following
features for our experiments:

(1) Host response rate, (2) Host acceptance rate,  (3) Host listings count,
(4) Number of reviews per month, (5) Number of bathrooms, (6) Number of bedrooms,
(7) Number of beds, (8) Number of reviews, (9) Review scores rating,

(10) Number of people the house accommodates.

Each worker from AMT is asked to do either of the following two tasks: 1) given the description
of an AirBnB listing, estimate the per-night price on a regular day in 2018; i1) given the description
of two AirBnB listings, select the listing that has a higher price. We collect 5 direct labels for
each data point in the training set and 9 labels for each data point in the test set. For comparisons,
we randomly draw 1,841 pairs from the training set and ask 2 workers to compare their prices.

Tasks. We consider two tasks, motivated by real-world applications.

1. In the first task, the goal is to predict the real listing price. This is motivated by the case where
collecting the real price might be difficult to obtain or involves privacy issues. We assume that our
training data, including both labels and comparisons, comes from AMT workers.

2. In the second task, the goal is to predict the user-estimated price. This can be of particular
interest to AirBnB company and house-owners, for deciding the best price of the listing. We do
not use the real prices in this case; we use the average of 10 worker estimated prices for each
listing in the test set as the ground truth label, and the training data also comes from our AMT
results.

Raw Data Analysis. Before we proceed to the regression task, we analyze the workers’ perfor-
mance for both tasks based on raw data in Table [3.2] Our first goal is to compare a pairwise
comparison to an induced comparison, where the induced comparison is obtained by making
two consecutive direct label queries and subtracting them. Similar to [150], we observe that
comparisons are more accurate than the induced comparisons.

We first convert labels into pairwise comparisons by comparing individual direct labels:
namely, for each obtained labeled sample pair (x1,y1), (22, y2) Where y;, yo are the raw labels
from workers, we create a pairwise comparison that corresponds to comparing (1, x2) with label
being sign(y; — y2). We then compute the error rate of raw and label-induced comparisons for
both Task 1 and 2. For Task 1, we directly compute the error rate w.r.t. the true listing price. For
Task 2, we do not have the ground truth user prices; we instead follow the approach of [150]
to compute the fraction of disagreement between comparisons. Namely, in either the raw or
label-induced setting, for every pair of samples (x;, ;) we compute the majority of labels z;;

4https://www.kaggle.com/AirBnB/seattle/home
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based on all comparisons on (z;, z;). The disagreement on (z;, z;) is computed as the fraction of
comparisons that disagrees with z;;, and we compute the overall disagreement by averaging over
all possible (x;, z;) pairs.

If an ordinal query is equivalent to two consecutive direct queries and subtracting the labels,
we would expect a similar accuracy/disagreement for the two kinds of comparisons. However
our results in Table show that this is not the case: direct comparison queries have better
accuracy for Task 1, as well as a lower disagreement within collected labels. This shows that a
comparison query cannot be replaced by two consecutive direct queries. We do not observe a large
difference in the average time to complete a query in Table 3.2} however the utility of comparisons
in predicting price can be higher since they yield information about two labels. Further analysis
of the raw data is given in Appendix

Performance Comparisons | Labels
Task 1 Error 31.3% 41.3%
Task 2 Disagreement 16.4% 29.5%
Average Time 64s 63s

Table 3.2: Performance of comparisons versus labels for both tasks.

Results. We plot the experimental results in Figure For nonparametric regression, R? had a
significant performance boost over the best nearest neighbor regressor under the same total worker
time, especially for Task 1. For Task 2, we observe a smaller improvement, but R? is still better
than pure NN methods for all total time costs.

For linear regression, we find that the performance of CLR varies greatly with m (number of
labels), whereas its performance does not vary as significantly with the number of comparisons.
In fact, the errors of both CLR passive and active already plateau with a mere 50 comparisons,
since the dimension of data is small (d = 10). So deviating from our previous experiments, in this
setting, we vary the number of labels in Figure and As in the nonparametric case, CLR
also outperforms the baselines in both tasks. For Task 1, the active and passive versions of CLR
perform similarly, whereas active queries lead to a moderate performance boost on Task 2. This is
probably because the error on Task 2 is much lower than that on Task 1 (see Table[3.2)), and active
learning typically has an advantage over passive learning when the noise is not too high.

3.6 Conclusion

We design (near) minimax-optimal algorithms for nonparametric and linear regression using
additional ordinal information. In settings where large amounts of ordinal information are
available, we find that limited direct supervision suffices to obtain accurate estimates. We
provide complementary minimax lower bounds, and illustrate our proposed algorithms on real
and simulated datasets. Since ordinal information is typically easier to obtain than direct labels,
one might expect in these favorable settings the R? algorithm to have lower effective cost than an
algorithm based purely on direct supervision.

Several directions exist for future work. On nonparametric regression side, it remains to
extend our results to the case where the Holder exponent s > 1. In this setting the optimal rate
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Figure 3.7: Results for AirBnB price estimation. In (a)(b), each curve has a fixed m with varied
n; for (c)(d), each curve uses only 50 comparisons with a varied number of labels. For Figure (d),
LASSO performs much worse than a LinearSVR and we only show part of the curve.

_ =325 . . . .
O (m 28+d> can be faster than the convergence rate of isotonic regression, which can make our

algorithm sub-optimal. It is also important to address the setting where both direct and ordinal
supervision are actively acquired. For linear regression, an open problem is to consider the
bounded noise model for comparisons. Our results can be easily extended to the bounded noise
case using the algorithm in [85]], however that algorithm is computationally inefficient. The best

1
efficient active learning algorithm in this bounded noise setting [14] requires m > O d° @ )>

comparisons, and a large gap remains between what can be achieved in the presence and absence
of computational constraints.

Motivated by practical applications in crowdsourcing, we list some further extensions to our
results:

Partial orders: In this paper, we focus on ordinal information either in the form of a total
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ranking or pairwise comparisons. In practice, ordinal information might come in the form of
partial orders, where we have several subsets of unlabeled data ranked, but the relation between
these subsets is unknown. A straightforward extension of our results in the nonparametric case
leads to the following result: if we have k (partial) orderings, each with ny, ..., n; samples, and
ma, ..., m; samples in each ordering are labeled, we can show an upper bound on the MSE of
my By 4 m,zz/?’ + (ny 4 - - - 4+ ng) 72/ It would be interesting to study the optimal rate, as
well as to consider other smaller partial orders.

Other models for ordinal information: Beyond the bounded noise model for comparison, we
can consider other pairwise comparison models, like Plackett-Luce [[122} [137] and Thurstone
[162]. These parametric models can be quite restrictive and can lead to unnatural results that we
can recover the function values even without querying any direct labels (see for example [150]).
One might also consider pairwise comparisons with Tsybakov-like noise [165] which have been
studied in the classification setting [187]]; the main obstacle here is the lack of computationally-
efficient algorithms that aggregate pairwise comparisons into a complete ranking under this noise
model.

Other classes of functions: Several recent papers [31, 32, 45 [83] demonstrate the adaptivity
(to “complexity” of the unknown parameter) of the MLE in shape-constrained problems. Under-
standing precise assumptions on the underlying smooth function which induces a low-complexity
isotonic regression problem is interesting future work.

3.7 Additional Experimental Results

Relation between true and user estimated price. Figure [3.§] shows a scatter plot of the true
listing prices of AirBnB data with respect to the user estimated prices. Although the true prices is
linearly correlated with the user prices (with p-value 6e — 20), the user price is still very different
from true price even if we take the average of 5 labelers. The average of all listings’ true price is
higher than the average of all user prices by 25 dollars, partially explaining the much higher error
when we use user prices to estimate true prices.

An Alternative to using RankSVM. As an alternative to training RankSVM, we can also use
nearest neighbors on Borda counts to take into account the structure of feature space: for each
sample z, we use the score s(z) = £ Y _..c r-N(z) Borda(z’), where k-NN(z) is the k-th nearest
neighbor of x in the feature space, including z itself. The scores are then used to produce a
ranking. When c is large, this method does provide an improvement over the label-only baselines,
but generally does not perform as well as our rankSVM method. The results when cost ratio
¢ = 10 and comparisons are perfect are depicted in Figure We use £ = 25 for deciding the
nearest neighbors for Borda counts, and 5-NN as the final prediction step. While using R? with
Borda counts do provide a gain over label-only methods, the improvement is less prominent than
using rankSVM.

For estimating AirBnB price the results are shown in Figure [3.10] For task 1, NN of Borda
counts introduces an improvement similar to (or less than) RankSVM, but for task 2 it is worse
than nearest neighbors. We note that for task 1, the best number of nearest neighbors of Borda
counts is 50, whereas for task 2 it is 5 (close to raw Borda counts). We suspect this is due to the
larger noise in estimating true price, however a close examination for this observation remains as
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future work.
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Figure 3.10: Experiments on AirBnB price estimation for nonparametric methods, using nearest
neighbors of Borda count. Figure (a) uses 50-NN for averaging Borda counts, while Figure (b)
uses 5-NN.

3.8 Detailed Proofs

3.8.1 Proof of Theorem 22

Without loss of generality we assume throughout the proof that we re-arrange the samples so that
the true ranking of the samples 7 is the identity permutation, i.e. that f(X;) < f(X3) < ... <
f(X,). WeletC,c,C,cq, ... denote universal positive constants. As is standard in nonparametric
regression these constants may depend on the dimension d but we suppress this dependence.

For a random point X € X, let X, be the nearest neighbor of X in the labeled set £. We
decompose the MSE as

~

E[(F(X) = F(0)?] < 2B [(F(X) = £(Xa0)?] + 2B [(F(Xa) = F(X))?].

Under the assumptions of the theorem we have the following two results which provide bounds
on the two terms in the above decomposition.

Lemma 33. For a constant C > 0 we have that,
E [(f(Xa) — F(X))?] < Cn 2.
Lemma 34. For any 0 < § < 1/2 we have that there is a constant C > 0 such that:
E |(F(X) — f(Xa))?] < 400+

C'log(m/d)lognlog(1/0)

m

Z (E [(Z//\tk - th + Z th+1 - f(th))2:|)

k=1 =0
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Taking these results as given we can now complete the proof of the theorem. We first note
that the first term in the upper bound in Lemma [34|is simply the MSE in an isotonic regression
problem, and using standard risk bounds for isotonic regression (see for instance, Theorem 2.2
in Zhang [203]]) we obtain that for a constant C' > 0:

S E (G, — F(X,)) < Ol

Furthermore, since f(X¢, ,,) — f(Xy,) < 2M, and the function values are increasing we obtain
that:

D (E[(f(Xiy,,) = F(X0))7]) < 4M>.

Now, choosing § = max{n—QS/d, 1/m} we obtain:
E [<f(X) - f(X))Q} < Cim~ 2 log? nlogm + Cyn =24,

as desired. We now prove the two technical lemmas to complete the proof.

Proof of Lemma 33

The proof of this result is an almost immediate consequence of the following result from [82]].
Lemma 35 ([82], Lemma 6.4 and Exercise 6.7). Suppose that there exist positive constants puin
and Py such that pyin < p(x) < puax. Then, there is a constant ¢ > 0, such that

E[| Xo — X|3) < en”?/4.
Using this result and the Holder condition we have
E [(f(Xa) = f(X))°] < LE [ Xo = X|57]
< L(E [Ix. - XIg))°
< en~ /4.

where (1) uses Jensen’s inequality. We now turn our attention to the remaining technical lemma.

Proof of Lemma 34]

We condition on a certain favorable configuration of the samples that holds with high-probability.
For a sample { X, ..., X,,} let us denote by

qi ‘= P<on - XZ)J

where X, is the nearest neighbor of X. Furthermore, for each k& we recall that since we have
re-arranged the samples so that 7 is the identity permutation we can measure the distance between
adjacent labeled samples in the ranking by ¢, — t; 1. The following result shows that the labeled
samples are roughly uniformly spaced (up to a logarithmic factor) in the ranked sequence, and
that each point X; is roughly equally likely (up to a logarithmic factor) to be the nearest neighbor
of a randomly chosen point.
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Lemma 36. There is a constant C' > 0 such that with probability at least 1 — § we have that the
following two results hold:

1. We have that,

dlog(1/8)1
max g < og(1/9)logn (3.9)
1<<n n
2. Let us take t,,+1 == n + 1, then
Cnl 5
max t — t,_, < Cros(m/o). (3.10)
ke[m—+1] m

Denote the event, which holds with probability at least 1 — 4 in the above Lemma by &. By
conditioning on &, we obtain the following decomposition:

-~

E|(F(X) = F(Xa)?| < B[(FX) = F(Xa))*I&| +0 - 402

because both f and J?are bounded in [— M, M]. We condition all calculations below on &;. Now
we have

E[(F(X) ~ F(Xa)?lea] = D PIXa = X&IE |(FX0) — F(X0))?1€0)
<3 max P[X. = X[&]E [ — F(X,)?I0)]

1<5<n
i=1 ==

< Cdlog/O0En S gy px2ie), G

n -
=1

where we recall that 7; (defined in Algorithm [S) denotes the de-noised (by isotonic regression) y
value at the nearest labeled left-neighbor of the point X;.

For convenience we define f(X;,) = 0 (equivalently as in Algorithm we are assigning a 0
value to any point with no labeled point with a smaller function value according to the permutation
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7). With this definition in place we have that,

ZE 3/‘ f(X ) ’50]
< Z (2E [@ - FO5)1€0] + 2E [(f(X)) - F(5))?IE0))

=" 1 =t (2B [(Ge, — F(X0))?IE] Ik # 0] + 2E [(£(X,) — £(Xe,))%1E0] )

i=1 k=0
)

< Z Z]I ytk - f(th))ngo] H[k 7é 0] + 2 [(f(th+1) - f(th))2|50}>

=1 k=0

(“)Z QE ytk th)) |80} [k 7é 0] +2E [(f(th+1) - f(th))2|gO]) ZH[;:

?MZ@E (@ = FX0)21E0]) + %MZ@E [(F(Xu) = F(X))1E0])

m
k=1 k=0
C 0) | ;
S%g(m/) Z (]E [(@\tk — f(Xy,)) |50 + Z J(Xen) = f(th))2|50])
k=1 =0

The inequality (i) follows by noticing that if i = ¢, f(X;) — f(X) is upper bounded by

)

[(X4,.,) — f(X,). We interchange the order of summations to obtain the inequality (ii). The
inequality in (iii) uses Lemma[36] We note that,

E (51, — £(X0)?I60) < = [@’“z& g()()th)) |

since § < 1/2, and a similar manipulation for the second term yields that,

k=1

< 2E (G — F(X0))Y]

m

Plugglng this expression back in to Equation (3.1T)) we obtain the Lemma. Thus, to complete the
proof it only remains to establish the result in Lemma

Proof of Lemma 36|

We prove each of the two results in turn.

Proof of Inequality Equation (3.9): As a preliminary, we need the following Vapnik-Cervonenkis
result from [46]:

Lemma 37. Suppose we draw a sample { X1, . .., X, }, from a distribution P, then there exists a
universal constant C' such that with probability 1 — 6, every ball B with probability:
C"log(1/d)dlogn

n

P(B) >

contains at least one of the sample points.
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‘We now show that under this event we have
C'pmax log(1/0)d logn

PminT

max q; <
T

Fix any point X; € T, and for a new point X, let r = || X; — X||5. If X; is X’s nearest neighbor
in 7', there is no point in the ball B(X,r). Comparing this with the event in Lemma 37| we have

d < C"log(1/0)dlogn

PminUdl" >
n

where v, 1s the volume of the unit ball in d dimension.
Hence we obtain an upper bound on r. Now since p(x) is upper and lower bounded we can
bound the largest g; as

C'Pmax 10g(1/8)dlog n

PminT?

maxg; S pmaxvdrd S
i

Thus we obtain the inequality Equation (3.9).

Proof of Inequality Equation (3.10): Recall that we define ¢,,,41 := n+1. Notice that ty,. .., ¢,
are randomly chosen from [n]. So for each k& € [m] we have

m—1 m—1
P[tk—tklzt]gn_t+1<n_t> S(n t) ’

n n n

since we must randomly choose t, in Xy, X;,1,...,X,,, and choose the other m — 1 samples in
X1, Xy, Xiy 41, - .., Xp. Similarly we also have

—t m—1
M%H—mzﬂg(” ) .

n
So
m+1

Pl max ¢t —tr_ 1 >t < P| max t, —tg_1 >t
[kze[m-H] F kol = ]_ ; [ke[m—i-l] k bl = ]

n—t m—1

S(m+1)( ) :

n

Setting this to be less than or equal to 9, we have

1
£>1_(;L)m{
n - m—+1

_1
Let u = log <1 - ()" 7)) = — e [ we have 1 — e = O(—u) since u is small and

bounded. So it suffices for ¢t > C W such that

]P)[ max tk - tk,1 Z t] S 0.
ke[m+1]
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3.8.2 Proof of Theorem

To prove the result we separately establish lower bounds on the size of the labeled set of samples
m and the size of the ordered set of samples n. Concretely, we show the following pair of claims,
for a positive constant C' > 0,

inf sup B [(f(X) - J(X))?] = Cm~2" (3.12)
f fej:s,L

inf sup E [( F(X) - A(X))2] > On~2/4, (3.13)
f fe}—s,L

We prove each of these claims in turn and note that together they establish Theorem

Proof of Claim Equation (3.12): We establish the lower bound in this case by constructing a
suitable packing set of functions, and using Fano’s inequality. The main technical novelty, that
allows us to deal with the setting where both direct and ordinal information is available, is that
we construct functions that are all increasing functions of the first covariate =, and for these
functions the ordinal measurements provide no additional information.

Without loss of generality we consider the case when d = 1, and note that the claim follows in
general by simply extending our construction using functions for which f(z) = f(z;). We take
the covariate distribution Py to be uniform on [0, 1]. For a kernel function K that is 1-Lipschitz
on R, bounded and supported on [—1/2,1/2], with

1/2
KQ(:c)dx >0
~1/2
we define:
U:[m%—l, h:l/u,
k—1/2 Lh -
Ty = u/ ) ¢k($):7K(x hxk)a for ]{:{1’2,...,’&},

Q={w:we{0,1}"}.

With these definitions in place we consider the following class of functions:

g = {fw 2[0,1] = R: f(x) = %—FZW@A%), for x € [0,1]}.

We note that the functions in G are L-Lipschitz, and thus satisfy the Holder constraint (for any
0<s<).

We note that these functions are all increasing so the permutation 7 contains no additional
information and can be obtained simply by sorting the samples (according to their first coordinate).
Furthermore, in this case the unlabeled samples contribute no additional information as their
distribution Py is known (since we take it to be uniform). Concretely, for any estimator in our
setup which uses {(X1,v1), .-, (X, Um)s Xins1, - - -, Xp, 7} with

~

supE | (£() — [(X))?| < Cm™*?,
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we can construct an equivalent estimator that uses only {(X1,v1), ..., (X, Ym)}. In particular,
we can simply augment the sample by sampling X1, ..., X, uniformly on [0, 1] and generating
7 by ranking X in increasing order.

In light of this observation, in order to complete the proof of Claim Equation (3.12) it sufficies
to show that Cm =%/ is a lower bound for estimating functions in G with access to only noisy
labels. For any pair w,w’ € € we have that,

BI(£.00) = £lX0P] = Y- (on —p)? [ dhla)da
= 1| K ol ),

where p(w,w’) denotes the hamming distance between z and z’.

Denote by P, the distribution induced by the function fy with w = (0,...,0), with the
covariate distribution being uniform on [0, 1]. We can upper bound the KL divergence between
the distribution induced by any function in G and F} as:

m pm) po(ylz)
KL(P", Py m/ /pj (y|z) logp](y|x)dydx

= [ b)Y et
X i=1
< mL*h3|| K ||5u.

Now, the Gilbert-Varshamov bound [80, [168]], ensures that if w > 8, then there is a subset
Q) C Q of cardinality 2/%, such that the Hamming distance between each pair of elements
w,w’ € Vis at least u/8. A straightforward application of Fano’s inequality (see for instance
Theorem 2.5 in [166]]) shows that for small constants ¢, ¢’ > 0, if:

mL*h?|| K ||3u < cu,

then the error of any estimator is lower bounded as:

-~

f}lgE[( (X) = F(X))?) = LR | K |ju > dm*°,
S

establishing the desired claim.

Proof of Claim Equation (3.13): We show this claim by reducing to the case where we have n
points with noiseless evaluations, i.e., we observe { (X1, f(X1)), (Xa, f(X2)), ..., (Xn, fF(X0))}-
We notice that the ranking 7 provides no additional information when all the pomts are labeled

without noise. Formally, if we have an estimator f which when provided {(X1, 1) (Xos Um)s X1 - - -

obtains an error less than ¢n—2%/¢ (for some sufficiently small constant ¢ > 0) then we can also use
this estimator in setting where all n samples are labeled without noise, by generating 7 according
to the noiseless labels, adding Gaussian noise to the labels of m points, and eliminating the
remaining labels before using the estimator f on this modified sample.

It remains to show that, cn=2/? is a lower bound on the MSE of any estimator that receives n
noiseless labels. To simplify our notation we will assume that (2n)/¢ is an integer (if not we can
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establish the lower bound for a larger sample-size for which this condition is true, and conclude
the desired lower bound with an adjustment of various constants). For a given sample size n, we
choose

h = (2n)’1/ 4

and consider the grid with 2n cubes with side-length h. Denote the centers of the cubes as
{x1,...,79,}. For a kernel function K supported on [—1/2,1/2]¢, which is 1-Lipschitz on R,

bounded and satisfies:
/ K*(z)dx > 0
[-1/2,1/2]4

we consider a class of functions:

2n
g= {fw fulz) = LY wiK (x ;Lxl) ,forw € {0,1}2”} :
i=1

We note that these functions are all in the desired Holder class with exponent s. Given n samples
(these may be arbitrarily distributed) { (X1, f(X1)), ..., (Xn, f(X,))}, we notice that we are only
able to identify at most n of the w; (while leaving at least n of the w; completely unconstrained)
and thus any estimator f must incur a large error on at least one of the functions f, consistent
with the obtained samples. Formally, we have that

R L2h25+d K 2
SHpE(f(X) _ f(X))2 > n 7 || ||2 > Cn728/d,
feg

as desired. This completes the proof of Claim Equation (3.13)).

3.8.3 Proof of Theorem 24

Throughout this proof without loss of generality we re-arrange the samples so that the estimated
permutation 7 is the identity permutation. To simplify the notation further, we let X ;) = X -1
be the i-th element according to true permutation 7. This leads to f(X(1)) < f(X()) < ---
F(X@)-

We begin with a technical result that bounds the error of using 7 instead of the true permutation
7 in the R? algorithm.

The first part of the proof is the same as that of Theorem 22| We have

E |(F(X) = F(X))?] < 2B [(F(X) = £(Xa)?] + 2B [(f(Xa) = F(X))?]
< 2B | (F(X) = f(Xa))?| + Cn>

IN

And for event &, we have (note that 7 is the nearest neighbor index defined in Algorithm

~

B [(706) — 7)) < CTBULEN S g (g p(x)iey] 45

<c <1°g SR [ - F0)2IE)] + n/> NEAE

n -
=1
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The second inequality is obtained by letting § = n~2%/?. To bound the sum of expectations above,
we first prove a lemma bounding the difference between X1, ..., X, and X(y),..., X(,):

Lemma 25(Restated). Suppose the ranking (X, ..., X,,) is of at most v error with respect
to the true permutation. Then

n

Z(f(Xi) — f(X@)? < 8M*V2un.

i=1
Proof. Let6; = f(X;) and 0, = f(X(;)), and let g(6y,...,6,) = > i, (0; — 0;))*. Consider g
as a function of 6;; ; appears twice in g, one as (6; — «9@))2, and the other as (Qﬂ(i) — H(W(i)))Q =
(0x(iy — 0;)%. If w(i) = i, then 6; does not influence value of g; otherwise, g is a quadratic function

of #;, and it achieves maximum either when 6; = M or #; = —M. So when ¢ achieves maximum
it must be §; € {—M, M}. Now notice that (1) < - -+ < 6, so the maximum is achieved when
for some 0 < k < n that 0;) = —M fori < k, and 0;) = M fori > k.

Note that Z?:l(el — 9@))2 = Z?:l (Qﬂ—l(i) — Q(W—l(i)))z = Z?:1<9(i) - Q(W—l(i)))Q. From the
discussion above, in the maximum case (0(;) — 0(z-1(;)))* = 4M? iff i and 7' (2) lies on different
sides of k, and otherwise it is 0. To further bound the sum, we use the Spearman Footrule distance
between 7 and (1,2, ..., n), which [66] shows that it can be bounded as

Z [m(@) =il <2 Y I{(x(i) = 7())(i — ) <0].

1<i,j<n

And the RHS can be bounded by 2vn? since the agnostic error of ranking is at most v. We also

have that
S Ir@) =il = 3 e @) = 70 = Yol = 7 ),

LetUy = {i: 7 '(i) < k,i >k} and Uy = {m~'(i) > k,7 < k}. So in the maximum case we
have

n

Z(Qw(i) — 0;)? = AMP(|UL| + |Us)).

i=1
Now notice that for i € U, we have |7 ~'(i) — i| > ¢ — k; and for i € U, we have|r (i) —i| >
k — 1+ 1. Considering the range of © we have

U1 |Uz| n

S i<y ) il < 2om.
j=1 j=1 i=1

So |Up| + |Us| < 2v/2vn. And

n n

D (F(X0) = F(X0)* =D (Oxe) — 0:)° < AMP(JU| + |Ua]) < 8M>V2un.

i=1 i=1

Thus we prove the lemma. [
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Now back to the original proof. Under event &, we have

ZE i — (X))

- Z E[(5 — F(X:))*E)

<ZE X)? + 2(£(%5) — F(X0)?E]

Mfﬁ (G, — FPIE] +2 S B [(FO5) — FCPIE] . (3S)

=1

We omit the condition & in discussion below. We bound the two terms separately. For the first
term, we use the following theorem adapted from [203]]:

Theorem 38 ([203]], adapted from Theorem 2.3 and Remark 4.2). Suppose X, ,y:, are fixed for
k € [m), and f(Xy,) is arbitrary in order. Let

S = min Z(Uk - f(Xu)%,

k=1

where the minimum is taken over all sequence of uw € R that is non-decreasing. The risk of
isotonic regression satisfies

m2/3M1/3 (

> (@ — F(X4,)) ]—s>s0
k=1

for some universal constant C.
So from Theorem 38 we know that

E [ — f(X3,))*] < E[S] + Cm!/?
where the expectation in F[S] is taken w.r.t. the randomness in ¢;. From Lemma 25| we know that
> (F(X) = F(X@))* < CVm.
i=1
Note that since , is taken at random, each element X; has equal probability ** to be picked; so

m

E[S] <E|> (f(X@) = F(Xy))?| < CVum.

i=1
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Now we bound the second term in (3.15). We have
> E[(f(X5) — £(X:))7]
i=1

<3YE|(f(%) ~ [(Xg)| +3)E |[(f(Xg) — [(X@)P| +3 X E[(f(Xw) — (X))’

< Cnlogm s

OB R [(7(X0) — F(Xeo))?) + TS B [ (X ) — £ (X))

_C’nlogm\/;m Cnlogm |+ Cvon
m m
= Cv/vnlogm.

The first inequality is by noticing (x + y + 2)? < 32% + 3y? + 322 for any number z, , 2z € R; the
second inequality is by grouping values of 4, and the choice of ¢ the third inequality comes from
analysis of the first termon Y ;" E [(f(X,) — f(X(,)))?], the fact that f (X)) — f (X)) < 1,
and Lemma

Summarizing the two terms we have

E[(75 — f(X)))?&] < C(Vvn + m~23n)logm.

Take this back to (3.14) we prove the theorem.

3.8.4 Proof of Theorem

To simplify notation, we suppose that we have m labeled samples T' = {(X;, y;) }!, for training
and another m labeled samples V' = {(X;,y;)}7",., for validation. We consider the following
models:

1. R? using both the ordinal data and the labeled samples in 7', and we denote by fo,

2. k-/l\\IN reg/{ession using only the labeled samples in 7" for £ € [m] which we denote by
{flv - 7fm}

We select the best model according to performance on validation set. We further restrict all
estimators to be bounded in [— M/, M]; i.e., when f;(z) < —M for some x and j, we clip its value
by setting ]?J(x) = —M and we analogously clip the function when it exceeds /. We note in
passing that this only reduces the MSE since the true function f is bounded between [— M, M]|.
Throughout the remainder of the proof we condition on the training set 7" but suppress this in our
notation. We define the empirical validation risk of a function f to be:

2m

]?Bv(ﬂ :% Z (yi_f(Xi»Za

i=m-+1
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and the population MSE of a function fto be

~

err(f) = E[(F(X) — f(X))7],

where € ~ N (0, 1) denotes the noise in the direct measurements. Now let

f* = argmin RV (f;),

7=0,...,m
be the best model selected using cross validation and

f* = argminerr(f;),
7=0,....m

be the estimate with lowest MSE in J/‘B, cee fm Let us denote:

g:{ﬁbvfm}

Recall that f denotes the true unknown regression function. Then in the sequel we show the
following result:

Lemma 39. With probability at least 1 — 6, for any ]? € G we have that the following hold for
some constant C' > (),

;. Clog(m/0) (3.16)
m
~U < A 4 C'log(m/0)

m

. (3.17)

Since }SLV(f*) < EV( f*) we obtain using Equation li that with probability at least 1 — 4,
C'lo o
, Clog(m/s)

err(J") < 2[RV (/") = RV(f)]
m
Since f* € G, we can use Equation (3.17)) to obtain that with probability 1 — 9,

N QC’log(m/cS).

m

err(f*) < derr(f*)

-~

Since err(f*) is a positive random variable, integrating this bound we obtain that,

Eferr(74)] = /0 T Ber(F) > D,
6C log(m).

< derr(f*) + —

So far we have implicitly conditioned throughout on the training set 7". Taking an expectation
over the training set yields:

6C'log(m)

Elerr(")] < 4Elerr(f)] + =
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We now note that,

Elerr(f*)]] < min E[err(fj)].

~ j€{0,..,m}

Standard results on k-NN regression (for instance, a straightforward modification of Theorem 6.2
in [82] to deal with 0 < s < 1 in the Holder class) yield that for a constant C' > 0,

min  Elerr(f;)] < Cm~25/(s+),
je{1,...,m}

Theorem [24] yields that,
E[err(f())] <G (10g2 nlogm (m_2/3 +V)) + Cyn 2/,

and putting these together we obtain that,
Elerr(f*)] < O (m—2/3 +min{y/, m T} + n-2s/d) ,

and thus it only remains to prove Lemma [39|to complete the proof of the theorem.

Proof of Lemma

For a fixed classifier fand for samples in the validation set i € {m + 1,...,2m} we define the
random variables:

Z; = (yi — F(X))? = (i — F(X0)? = (F(X) — F(X)? + 26,(F(X,) — F(X0)),

o~

and note that E[Z;] = err(f). In order to obtain tail bounds on the average of the Z; let us bound
the absolute central moments of Z;. Using the inequality that (z +1y)* < 281 (2% 4 y¥), for k > 2
we obtain that,

E|Z — E|Z]|F = E|(f(X;) — f(X:)? + 26 (f(X,) — f(X,) —err(f)]*
< 2MIE|(F(X0) — F(X0))? — err(H)F + 2" 'Ele(f(X0) — F(X)F. (3.18)

~

We bound each of these terms in turn. Since (f(X;) — f(X;))? € [0,4M?], we obtain that,

-~

X;
E|(f(X0) = f(X)* —er(f)* < var(((X,) — f(X)?) (4M*)*,
and using the fact that ¢; are Gaussian we obtain that,

Elei(f(X:) — F(Xi)[F < Eleil’“_QE(f(Xi)A— F(X0))* (M)

< var(e;(F(X0) — FX))R! x (2M)42.

Since ¢; is independent of the other terms in Z; we have that,

~ ~

var(Z;) = var(e;(f(X;) — (X)) + var((f(X:) — f(X3))?).
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Putting these pieces together with Equation (3.18) we obtain,

E|Z; — E[Z]|F < 2" 'var(Z;) [k! x (2M)F72 + (4M?)F?]

var(Z;)
2

< U RN(16M + 32M2)F2

Let us denote r := 16 M + 32M?. It remains to bound the variance. We have that,
var(Z;) < B[Z]) < 2B((F(X) — F(X0)!) +8E(/(X) = F(X0))*,
and using the fact that the functions are bounded in [— M, M] we obtain that,
var(Z;) < (8M? + 8)err(f). (3.19)

Now, applying the inequality in Lemma we obtain that for any ¢ < 1 and for any ¢ < ¢/r that,

L log(1/8)  8t(M? + 1)err(f)
err(f) < - i:;H Zi + ot + 2(1 —¢) )

we choose ¢ = 1/2 and ¢ = min{1/(2r),1/(16(M? + 1))}, and rearrange to obtain that,

21 1 92 2m 1 1
err(f <— Z 7 + og( /5) max{2r, 16002 + 1)}, < = 3 ZHFM,
m m
=md i=m+1

and using a union bound over the m + 1 functions f € G we obtain Equation |j Repeating
this argument with the random variables —Z; we obtain Equation (3.17) completing the proof of
the Lemma.

3.8.5 Proof of Theorem

We prove a slightly stronger result, and show Theorem [27]as a corollary.

Theorem 40. Assume the same modeling assumptions for X1, ..., X, y1,...,Ym as in Theorem
Also permutation 7 satisfies P[(f(X;) — f(X;))(n(i) — 7(j)) < 0] < v. Then for any
estimator [ taking input X1, ..., X, y1,...,Ym and 7, we have

inf sup E(f(X)— A(X))Q > C’(m’% + min{y%mfld’ 1}m’$ 2/,
f fe}—s,L

Proof of Theorem[40| In this proof, we use z; to represent i-th dimension of x, and upper script for
1

different vectors ("), 2 .. .. Letu = [mﬁlﬂ,h = 1/u, and t = min { (Vmﬁld) * ,1}. Let

T'={(7,...,7),7% € {1,2,...,u}}. Choose an arbitrary order on T tobe ' = {7, ... (I},

Let #® = 2212 and ¢ (z) = LthK(x_m(k)) k = 1,2,...,u? where K is a kernel

u

function in d dimension supported on [—1/2,1/2]%, i.e., [ K(z dx and max, K (z) are both
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bounded, K is 1-Lipschitz. So ¢y(z) is supported on [tha® — 1/2th,tha® + 1/2th]. Let
Q={w=(w1,...,wya),w; € {0,1}}, and

{fw __$1+sz¢k ,x € [0,1] }

Functions in & are L-Lipschitz. The function value is linear in z; for x ¢ [0, ¢]¢ in all functions
in £. Consider the comparison function Z(z,2’) = I(x; < z)) that ranks x according to the
first dimension. Since K is 1-Lipschitz, it only makes an error when both z, 2’ lies in [0, t]d,
and both z1, 2 lie in the same grid segment [tk/u,t(k + 1)/u] for some k € [u]. So the error
is at most t2d(1 Ju)* - u < v for any function f € &£. Thus, if there exists one estimator with

sup; E[(f — f ) |<C mln{u 2 mad, 1ym”™ 747, then we can obtain one estimator for functions

in € by using f on &, and responding to all comparisons and rankings as Z(x,2") = 1(x; < z).
So a lower bound on learning £ is also a lower bound on learning any f € F, ; with v-agnostic
comparisons.

Now we show that Ct%2h2? = C'min{y“37 m37, 1}m~ 7 is a lower bound to approximate
functions in £. For all w, w’ € 2 we have

El(f — £ = | Yotor - wi)? [ @a)is

= (p(w, w’)LQthhd“)I/z
a+2
= L(th)F | K[l2\/plw, ),
where p(w,w’) denotes the Hamming distance between x and 2.
By the Varshamov-Gilbert lemma, we can have a M = O(2*"/8) subset Q' = {w©@ w® ...

w™)} of (2 such that the distance between each element w®, W) is at least u?/8. So d(6;,0;) >
hst(d+2)/2 Now for P;, P (P, corresponds to f,, when w = (0,0, ..., 0)) we have

Ppo(ylz)
KL(P;, P) m/ /p] ylx) logp (y[x)dydx

—m/ Z(a)( )

We have Cudtit? < cud < o log M (since t < 1), so again using Theorem 2.5 in [166]] we obtain
a lower bound of d(6;,6,)? = Ch*%? = min{v e m2a, 1 }m 7. u

Now we can prove Theorem

Proof of Theorem We only need to show

mm{l/d;;lgmw 1}m~ T > min{v?,m d+2} (3.20)

78



If v3 m32a > 1, we have 1* > m~ 7. In this case both sides of (3.20] equals m- T2, If

vamai < 1, we have m < v~ (@2 and thus LHS of li have term v's7 msam ™ 7 > 12,
which equals RHS. O

3.8.6 Proof of Theorem

Proof. We first list properties of log-concave distributions:

Theorem 41 ([13, 121]]). The following statements hold for an isotropic log-concave distribution
P X

1. Projections of Px onto subspaces of R? are isotropic log-concave.

2. P[||X]|; > av/d] < el

3. There is an absolute constant C such that for any two unit vectors u and v in R? we have
Cllv — u||2 < P(sign(u - X) # sign(v - X)).

From property of .A° and point[3|in Theorem 41| we can get |0 — v*||s < Ce4c(n, d/4) using
n comparisons, with probability 1 — §/4. We use a shorthand notion ¢ = Ce 4¢(n, d/4) for this
error. Now consider estimating r*. The following discussion is conditioned on a fixed v that
satisfies ||v — v*||s < e. For simplicity let T; = (v, X);. We have

?: 221 Tiyi
> i T?
S T+ (v, X;) + They
- S TP
_ oy > iy Tr*(v* =9, Xi) + Tey

m 2
D I
Now we have

(w*—w, X) =r"(v*, X) =70, X)
Z;i1 Tir(v* — v, X;) + Tig;

i=1"1

(v, X).

<3E[(r*(v" — 7, X))’] + 3E +3

Zz 7—12‘7/.*<,U* B 67 X’L> ~ 2
i=1"1

(o))

(3.21)
The first term can be bounded by

(M)E[(@ — v, X)*] = (r")*[[0 — v"l3 < ()%™
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For the latter two terms, we first bound the denominator ;" 777 using Hoeffding’s inequality.
Firstly since [|0]|s = 1, from point[I]in Theorem 41} each 7; is also isotropic log-concave. Now
using point[2|in Theorem 1] with o = 1 — log(é/(4em)) we get that with probability 1 — 6/4,
T; <log(4em/d) foralli € {1,2,...,m}. Let E] denote this event, and P’y is the distribution
of X such that T} < log(4em/d). Now using Hoeffding’s inequality, under ET for any ¢ > 0

| ] o)

Note that Ep [(, X)?] < Ep,[(7, X)?] = 1. Also we have

1 & -
- > T? - Ep (0, X)?]

i=1

+oo
L =BT <En [T+ [ RlT? d
log?(4em/6)
+oo
< Ep [T7] + / te~VHiq
log? (4em /&)
36
<Ep, [T7] + o

Lett = ;Ep, [(U, X)?], we have
= 3am g O ~ oD

with probability 1 — 6/4, when m = Q(log®(1/6)).
Let F; denote the event when m /2 < 3" T? < 2m and T; are bounded by log(4em/§) for
all 7 . Condition on Ej for the second term in (3.21)) we have

B[S T -5 X))’

m?2
4

AE |(S0, T (v = 0, X,))’|

m2

E

(BT X )

SVE E[((9, X))’

v—v*

Hﬁ—v*HzX is also isotropic log-concave; using point [2[in Theorem we have
with probability 1 — §/4, (0 — v*)TX; < |0 — v*||2log(4em/d) forall i € {1,2,...,m}. So

Now notice that

E (Zﬂr*<v*—a, X,)) < (r*)%e*log?(4em/8)E (Zm)

< (r*)%e*log®(4em/S)E mz:Ti2
[ =1

= (r*)252 log2(46m/5)m2
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For the third term in (3.21]), also conditioning on E5 we have

(Z’Z;l Tei X>)2

E
2 7

=K

(Z@iy E[(5, X)?]

YT
E|(SC0, Tiei)?]
< —

< 4E > T20?]  4o?

Combining the three terms and considering all the conditioned events, we have

E [((w*, X) — (@, X))?] <4(r*)%e* + (r)%e log?(dem /) + ‘%‘2 o7

<0 (% +log?(m/8)eae(n, 6/4) + v* + 5)

Taking 0 = % obtain our desired result.

3.8.7 Proof of Theorem 32

Our proof ideas come from [44]. We use Le Cam’s method, explained in the lemma below:

Lemma 42 (Theorem 2.2, [166]). Suppose P is a set of distributions parametrized by 6 € ©.
Py, Py € P are two distributions, parametrized by 0y, 61 respectively, and KL(P;, Py) < a < 0.
Let d be a semi-distance on O, and d(0y, 6,) = 2a. Then for any estimator 0 we have

inf sup P[d(é\, 0) > a] > inf sup P[d(@, 6,) > a

0 0eco 0 je{0,1}

1 1— 2
> max (Z exp(—a), —Ta/)

We consider two functions: w = (£,0,0,...,0)T and w} = (\/—%, 0,0,...,0)T, where £ is a
very small constant. Note that for these two functions comparisons provide no information about
the weights (comparisons can be carried out directly by comparing (1), the first dimension of z).
So differentiating w; and w] using two oracles is the same as that using only active labels. We

2
have d(wi, w}) = F [((wg - wT)TX)Z} = <\/Lm - f) . For any estimator w, let {(X;, y;)}",
be the set of samples and labels obtained by @. Note that X, might depend on {(X;,4:)}._,.
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Now for KL-divergence we have

e Lo P (X y) H)
KL(P, Ry) = Ep, log Po (1(Xs, g} )]
—Ep |log [T52, Pu(Y;1X5) P(X; |{(Xi,y¢)}§::1)]
1 H}L Pr(Y;|X5) P(XGH{(XG, wi) Hoa)
[ T Pl X)
e los [T7%, Polys]X;)

[T2, Py X5)
R o
H] 1 Puys]X5) X, :x] '

H] 1 PO (y] |X )
The third equality is because decision of X; is independent of the underlying function giving
previous samples. Note that given X = =z, y is normally distributed; by basic properties of

Gaussian we have ,
B ] (g

Epl lo

= ZEH
=1

log

<nmaxEp,
xX

[[72 Pyl X5)
I Pyl X)

Now by taking ¢ sufficiently small we have for some constants C'y, Cy,

Ep 10

202

KL(P,, Py) < Cy, d(0y,01) > %

Combining with Lemma 2] we obtain the lower bound.

3.8.8 Lower Bounds for Total Number of Queries under Active Case

Theorem 43. For any (active) estimator W with access to m labels and n comparisons, there
exists a ground truth weight w and a global constant C, such that when w* = w and 2n + m < d,

E [(w —w*, X)*] > C.

Theorem [43] shows a lower bound on the total number of queries in order to get low error.
Combining with Theorem [32] in order to get a MSE of + for some v < C, we need to make at
least O(1/v + d) queries (i.e., labels+comparisons). Note that for the upper bound in Theorem
| we need m + n = O(1/7 + dlog(d/~)) for Algorlthm@to reach v MSE, when using [13] as
.AC (see Table[3.1). So Algorithm [6]is optimal in terms of total queries, up to log factors.

The proof of Theorem {3]is done by considering an estimator with access to m + 2n noiseless
labels {(z;, w* - ;) }7-*", which can be used to generate n comparisons and 1 labels. We sample
w* from a prior dlStI‘lbthlOl’l in B(0, 1), and show that the expectation of MSE in this case is at
least a constant. Thus there exists a weight vector w that leads to constant error.
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X7

Figure 3.11: Graphic illustration about the sampling process in the proof of Theorem

Proof. We just prove the theorem for 2n + m = d — 1. Note that this case can be simulated
by considering an estimator with access to 2n + m truthful samples; that is, Y; = w* - X; for
1=1,2,...,2n 4+ m. In this way truthful comparisons can be simulated by query two labels. We
now prove a lower bound for this new case with 2n +m = d — 1 truthful samples.

We randomly sample w* as below: first uniformly sample v* on the surface of B(0, 1), and
then uniformly sample 7* € [0, 1]. Let this distribution be P,~. Since we only have d — 1 labels,
for any set of samples x4, ..., x4 there exists a line [ € B(0, 1) such that every w € [ produces
the same labels on all the samples. Not losing generality, suppose such [ is unique (if not, we
can augment w such that it always queries until [ is unique). Now for any active estimator w, let
Xq,...,X4_1 denote the sequence of queried points when w* is randomly picked as above. Now
note that for every w,

Plw* = w{ X, yi}=1, 1] = Plw* = w|{X;, y; }=}] o< Plw* = w]I(w € 1).
The first equality is because [ is a function of {X;, y;}¢=;'; the second statement is because all
w € [ produces the same dataset on X1, ..., Xy 1, and every w & [ is impossible given the dataset.
Notice that 7* is uniform on [0, 1]; so with probability at least a half, the resulting [ has distance
less than 1/2 to the origin (since [ contains w*, and ||w*|| is uniform on [0, 1]). Denote by w; the

middle point of [ (see Figure|3.11)). For any such line /, the error is minimized by predicting the
middle point of [: Actually we have

/2
EM&—@XYUMNmek%mmUﬂz/‘qﬂwmw—@MZMMGD (3.23)

u=0

li1/2

z/ wrdP(||w* —w|s > ulw* €1) (3.24)
u=0

Note that the distribution of w* € [ is equivalent to that we sample from the circle containing [

and centered at origin, and then condition on w* € [ (see Figure[3.11)). Notice that this sampling

process is the same as when d = 2; and with some routine calculation we can show that is

a constant C'. So overall we have



where the expectation is taken over randomness of w* and randomness of w. Now since the
expectation is a constant, there must exists some w such that

E [(w* — @, X)?|w* =w] > =C,

N

which proves the theorem. [

3.9 Auxiliary Technical Results

We use some well-known technical results in our proofs and collect them here to improve
readability. We use the Craig-Bernstein inequality [60]:

Lemma 44. Suppose we have { X1, ..., X,,} be independent random variables and suppose that
for k > 2, for some r > 0,

Elrk=2,

E[1X, - B < ")

Then with probability at least 1 — 0, for any ¢ < 1 and for any t < ¢/r we have that:

1 log(1/9)  tvar(X;)
Eizl EX] - X;) < v 200 —¢)
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Part 11

Decision Making with Dueling Choices
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Chapter 4

Discrete and Continuous Multi-Armed
Bandits with Dueling Choices

4.1 Introduction

The Multi-Armed Bandits (MAB) problem [144] is a popular framework that studies the tradeoff
between exploration and exploitation inherent in applications like online advertising and finance.
In its basic form, we have a arm space X', and in each time step ¢t = 1,2, ... we pull one arm
x; € X. The goal is to identify the arm with the best reward in X', while also minimizing
the cumulative regret in a total of 7" steps. Dueling bandit [200] is an important variant of
MAB, where we take duels between a pair of arms (z;, ;) € X2, and z; wins with probability
Prix; = x}] = 1/2 + (x4, }).

Dueling bandit is a natural fit for various applications including information retrieval and
crowdsourcing; in these cases duels (comparisons) between arms come at a much smaller cost
than pulling individual arms. However, in many of these applications, it is not enough to reply
only on comparisons: For example, in information retrieval, the user preferences might not be
transitive due to user bahavior, and a unique Condorcet winner might not exist. This has motivated
research on suitable notions of a winner, including the Copeland winner [206], the von Neumann
winner [69] and tournament solutions [142]]. We propose a complementary approach for dueling
bandits, where we can either pull one arm or duel two arms in each round. We call our setting
Multi-Armed Bandits with Dueling Choices (MAB-DC), we note that different than dueling
bandits, here direct queries and comparisons are both available, and therefore duels are available
as an additional choice.

In many applications, both comparisons (duels) and direct queries are available, and compar-
isons can be available at a cheaper price than direct queries. For example in preference elicitation,
the user can give scores on recommended items, as well as (more easily) compare two items
to choose the preferred one. Similarly, for hyperparameter search of information retrieval (IR)
models, direct queries typically involve collecting relevance scores from paid workers, whereas
comparisons can be obtained by interleaving the ranking of two different models, and observing
user click on the retrieval results [[139]. Such comparisons usually come with less cost in both time
and money. As another example, in material synthesis, we aim to optimize the desired properties
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of materials by controlling the input parameters (temperature, pressure, etc.) [71,(194]. While
material synthesis is expensive, comparisons can be carried out by asking material scientists.

4.2 Our Contribution

We develop and evaluate new algorithms for the MAB-DC problem, for both discrete and
continuous arm spaces. a new algorithm for non-convex optimization with dueling choices, which
we refer to as Comparison-based GP-UCB (COMP-GP-UCB). Our theoretical and experimental
results show the strengths of our algorithm.

¢ In the discrete case, we propose th Double Filtering (DF) algorithm that combines duels
and pulls. The algorithm alternates between dueling arms and pulling arms. We show that
DF can get the best of both worlds: It chooses the easier way between duels and pulls to
elinimate suboptimal arms.

¢ Our main contribution is on the continuous MAB-DC problem. Here we consider MAB-DC
in the setting of optimizing a nonconvex blackbox function f : X — R using as few
queries to (a noisy version of) f(z) as possible, and with no gradient information directly
available. We propose the COMP-GP-UCB algorithm. When we can obtain comparisons
based on the target function, we show that comparisons can be as powerful as direct queries:
COMP-GP-UCB can achieve the same rate of convergence as its label-only counterparts,
while using only comparisons and no direct queries. This solves the open problem raised in
[160], to develop continuous dueling bandit algorithms with no-regret guarantees.

e Next, we assume that comparisons are based on a misspecified function f., where f,.
approximates f. COMP-GP-UCB in this case uses comparisons to optimize a function
f which has the same optimizer as f., and then use direct queries to search in a smaller
region for the optimum of the target function. The regret rate of COMP-GP-UCB is then
better than the label-only counterparts, and it depends on the difference between f. and f:
the better the approximation, the lower the regret we can get from COMP-GP-UCB. We
further demonstrate a version of the algorithm that adapts to this difference. Our algorithm
also extends multi-fidelity GP optimization to the setting where information is transferred
actively from a lower fidelity to a higher fidelity while only assuming that the optimizer
of the lower fidelity (source function) is within a constant distance of the optimizer of the
higher fidelity (target function), instead of the fidelities being close everywhere.

¢ In our experiments, we test DF and COMP-GP-UCB against existing algorithms, and show
that they achieves a superior performance under synthetic and real-world settings.

4.3 Related Work

Our MAB-DC extends the framework of dueling bandits, and we refer readers to [42] for a review.
The existing works on dueling bandits mostly focus on the discrete K -armed dueling bandit case
[74, 1199, 206]]. Most of these algorithms have a regret rate logarithmic in 7'; however this regret
rate depends on a constant lower bound on the ¢ function, i.e., a constant gap between the optimal
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arm and the other arms. Our MAB-DC takes both pulls and duels, and can have a logarithmic
regret if the gap from duels is small but the gap from pulls is large.

The continuous case of multi-armed bandits is also variously known as zeroth order non-
convex optimization or black-box optimization[41} 49, 76,79} 89, 175]. Although zeroth order
convex optimization is generally efficient [96], optimizing a non-convex f under smoothness
constraints requires the same effort as estimating f almost everywhere, and usually leads to a query
complexity exponential in d, where d is the feature space dimensionality [49, 76,79, [175]. We
build our work on GP-UCB|[156], a method for optimizing unknown functions under the Gaussian
process (GP) assumption by optimizing the Upper Confidence Bound (UCB). Closest to our setting
is a line of recent research on multi-fidelity GP optimization [103} 104, [148]], which assumes
that we can query the target functions at multiple fidelities of different costs and precisions. We
detail the relation and difference of our setting with multi-fidelity optimization in Section4.5.5]
To briefly describe it, our setting is harder since we cannot directly query the function on which
comparisons are based. Moreover, the multi-fidelity assumptions such as fidelities being close in
sup-norm do not hold for our setting since any constant shift of the comparison function yields the
same comparisons. We instead consider an active transfer learning setting where information
from a function that can be learned using comparisons is transferred actively to optimize the target
function (refer to Section for details).

For dueling bandits in the continuous case, [8] studied a reduction to the traditional MAB
problem; and [[160] proposes an algorithm based on Thompson sampling to deal with comparisons.
Continuous dueling bandits has also been studied under the framework of derivative-free opti-
mization [96, [110]. Kumagai [110] obtains optimal regret rates for a convex f. However to the
best of our knowledge, no previous work has theoretical guarantees on optimizing a non-convex f.
Also, these results cannot be applied when the comparisons are biased (i.e., a Condorcet winner
on comparisons might not be the best point for direct queries).

Finally, there is another line of research that combines direct queries and comparisons for
classification or regression problems [[105} 185, 187]. Our methods differ from theirs because we
focus on the optimization setting, and only care about points near the optimum. These methods
make direct queries across the whole feature space to learn the underlying function well, which is
unnecessary for optimization.

4.4 Discrete Case: The K-Armed MAB-DC Problem

In this section, we first consider the discrete case where the arm space X = {x1, ..., xx }, where
K is the number of arms. We propose an algorithm to combine duels and pulls, so that we get
the best of both worlds: It uses either duels or pulls to eliminate suboptimal arms, and as a result
the cumulative regret is the smaller one between the duel regret and the pull regret. We call our
algorithm Double Filtering (DF) since it uses both duels and pulls. We introduce our notation in
Section and algorithm with theoretical results in Section We verify our theoretical
results on synthetic data in Section
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4.4.1 Problem Setup

To define the MAB-DC problem, we make assumptions on the pull and duel results. Suppose the
pull rewards are random variables with means 1, ..., . We assume the reward distribution of
each bandit is sub-Gaussian with parameter R:

Elexp(tY; — ti;)] < exp(R*t*/2)

for all t € R. We also assume the dueling bandits setup for each pair of bandits. In each iteration,

we can also choose to duel a pair of bandits (7, j), and we have P;; = Prlz; = x;] = ¢;; + 1/2.
We assume a total ordering over the arms for duels, and WLOG suppose itis 1 > x9 > -+ >

x k. We assume that the comparisons satisfy the strong stochastic transitivity: ;, > max{e;;, ;1 }

for 7 = j = k. We also assume the triangle inequality that €;;, < &;; + ;. We do not need the

pull reward means (i1, ..., jtx to satisfy this ordering, but we assume that j1; > max;—o g ;.
Upon making a query, we accumulate regret

. max{ i — i, €1i}, if pull arm z;,

t = e e .

max{ 1 bobd 6“;5“ }, if duel arm x;, x;.

Our goal is to minimize the cumulative regret r; over a time frame 7'. Note that here the regret is
defined based on the number of queries; i.e., we assume that duels and pulls cost the same.

4.4.2 Algorithm and Analysis

The algorithm is described in Algorithm[7] The algorithm alternates between dueling bandits and
traditional MAB on the working set 11;. Conceptually, DF combines the process of Beat-the-Mean
Bandits [199] and Successive Elimination [7/0]. We pick these two algorithms because they both
have the working set concept; we can potentially combine other algorithms that uses a current
working set as well.

The following theorem shows the performance guarantee of DF.

Theorem 45. Let c(n*) = 34/ = log(4KT). HSuppose T > K. Let Ay, = ji1 — py. The regret of
Algorithm[7|is at most

K

<o (Y il )

k=2

Remark. Theorem [45]illustrate a best-of-both-worlds scenario for MAB-DC: the regret rate
depends on the larger gap between the duels and pulls. This is achieved by the shared working set
among the duel part and the pull part. Note that this larger gap is arm specific, meaning that for
each suboptimal arm, DF finds whether it is easier to eliminate it through duels or pulls.

I'We assume that the time horizon 7" is known before the algorithm starts, following [[199]]. If it is unknown, we
can use a log(#?) factor instead and this will introduce another log(max{e1j, Ay }) factor in the cumulative regret.
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Algorithm 7 Double Filtering

Input: Bandits B = {z1,..., 2k}
1. W+ B, l+1

Z:VbGBnb%Owb%Omb%OSb%O
3: DeﬁnePb_wb/nb,‘v’beB OI'Pb—l/Qlfnb—O
4: Define fi, = sp/my, Vb € B, or ji, = 0if my =0
5: Define n* = minyew, np, m* = mingeyw, myp
6: while Budget not exhausted and |IV;| > 1 do
7: b = arg min,cyy, 1y > Break ties randomly
8: Select b € W, at random, compare b with ¢/
9: If b wins, wy, < wy, + 1
10: ny < ny+ 1
11: if minber pb’ + c(n*) < maxpew, pb — c(n*) then
12: V' = arg min,eyy, b,
13: For all b € W, remove comparison with b’ from n;, w;
14: Wy« Wi\ {V'}
15: [+—1+1
16: end if
17: b = argmin,cy, my > Break ties randomly
18: Pull arm b and get feedback Y
19: Sp— Sp+Y
20: my — myp+ 1
21: if mingew, [y + c(m*) < maxpew, [y — c¢(m*) then
22: V' = arg min,eyy, fiy
23: Wi < Wi\ {t'}
24: For all b € W, remove comparison with 0’ from n;, w;
25: [+—1+1
26: end if

27: end while
Output: Any arm b € W

4.4.3 Experiments

We verify our theoretical insights by running experiments on synthetic data. We compare to the
following baselines:
BeatTheMean: We compare to the duel-only [[199], which is essentially one component of our
method.
SuccessiveElimination: We use successive elimination as a pull-only baseline.
UCB: We also compare with the widely-used upper confidence bound baseline.

Our experiment setup resembles that in [199]. In all settings, we use 7' = 5 x 10% and compute
the cumulative regret, while varying the number of arms from 40 to 200. We consider two settings
of setting up the reward values of each arm:

e Consistent setting: We generate a set of arm rewards p; for ¢ € [K| by sampling from
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uniform distribution on [0, 1]. We set pp = 1 and let arm O be the best arm. When
pulling an arm ¢, the algorithm suffers regret 1 — y;, and gets a feedback of y; + €, where
e ~ N(0,1). When the algorithm duels two arms i, j, it gets feedback with distribution
Prli > jl = 1/(1 4+ exp((p; — i)/ X)), following the BTL model with parameter \; in our
experiment we use A = 0.01 to ensure that duels and pulls have a similar gap value.

¢ Inconsistent setting: We generate two sets of arm values 1;, y; following uniform distribu-
tion on [0, 1]. We fix 1o = pf, = 1 so that arm 0 is the best arm. We use ; as the reward
mean for every arm i, but use y; for generating the comparisons. Therefore in this case we
will have different (and independent) gaps for duels and pulls.

In both settings, we generate the comparisons following In the consistent setting, all the arms have
the same gap in duels and pulls, so we would expect all the baselines to perform well; however in
the inconsistent setting, the gaps are different in duels and pulls. In other words, an arm with a
small gap on duels might have large gap on pulls, and therefore large gap on its regret. In this case
we expect our DoubleFiltering algorithm to work well. We repeat the experiment for 40 times and
record the standard deviation.

Figure {.1] partially verifies our observation. In the consistent setting, most methods come
with a small variance, while DoubleFiltering incurs a slightly worse regret than BeatTheMean and
UCB. This is because DoubleFiltering uses both duels and pulls to find the best arm, and therefore
takes twice the number of queries to identify the best arm in this case. On the other hand, in the
inconsistent settings pull-only and duel-only algorithms suffers a large regret and a large variance,
but DoubleFiltering still performs very well in the inconsistent case. Overall our results show that
DoubleFiltering is robust to the discrepancy between pulls and duels.

1le3 le3

1 mEE DoubleFiltering .+, | HEE DoublefFiltering
>j° HEl BeatTheMean - HEl BeatTheMean
-‘;’ 60 SuccessiveElimination ‘i 1500 SuccessiveElimination
2. mm UCB 2 | mm ucs
£ " | £ 1000 |
g } B ‘
— 30 = 500
> >
a5 i I o +
10 0 e -
0 25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200
Number of Arms Number of Arms
(a) Consistent Setting (b) Inconsistent Setting

Figure 4.1: Results on synthetic data. The bars indicates standard deviation from 20 experiments.

4.5 Continuous Case: MAB-DC for Optimizing a Nonconvex
Function

We consider MAB-DC with a continuous arm space X C R¢. We set our problem in the zeroth-
order nonconvex optimization setting, i.e., we aim to maximize a function f : X — R. In each
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iteration ¢ of optimization, we can query (expensive) direct queries to f at a chosen point x;, and
obtain y = f(x;) + ¢, € [-n,n] and E[] = 0, with 7 > 0 a known constan{]

Comparison Probabilities. In each iteration we can also choose to obtain (cheap) comparisons
for a pair of points (z;, ;) € X x X. We assume that comparisons are based on a function
fo which can be potentially different from f (as described later in this section). A common
assumption in the literature is to use a link function to assume a distribution of the comparisons,
i.e., we assume Pr[z = 2'] = o(f.(x) — f.(«")) for some function 0. Common link functions
include logistic function (BTL model[38]]), or Gaussian cdf (Thurstone model [162]).

Connecting comparisons and direct queries. To make comparisons helpful for optimization,
we also require that f. is a good approximation of f. Here we differentiate between two settings:

¢ Dueling-Choice Bandits with unbiased comparisons: We assume comparison comes from
the same function as the target function, i.e., f. = f or, more generally, that f. and f have
the same optimizer (( = 0 as described below). This may be the case when comparison and
direct queries come from the same agent, such as the preference elicitation example in the
introduction.

¢ Dueling-Choice Bandits with misspecified comparisons: We assume f. =~ f. In many cases,
comparisons are from a different source (e.g. experts) than direct queries (e.g. experiments),
and this can result in a biased f.. To this end, we assume a bounded difference near the
optimum:
Assumption 1. Let f* = max, f(x) and ¥ = max, f.(x). There exists a constants ¢ such
that for any point x € X we have |(f — f.(x)) — (f* — f(x))] < (.

In words, when we get e-close to the maximum of f, we are at least (¢ + ()-close to the
maximum of f., and vice versa. Under this assumption, we would require both comparison
and direct queries if we want to achieve optimization error smaller than (.

We note that our results can be generalized to the case where Assumption |l|only holds for
x € {z: f*— f(xr) < 7} for some fixed constant 7.

Smoothness Assumptions. We assume that the target function f lies in a reproducing kernel
Hilbert space (RKHS) H, induced by kernel x, and that the RKHS norm of f is bounded:
| |l < B for a known constant B. This assumption is also analyzed in [56} [156] for traditional
bandits. We note that every function f € H, has a finite kernel norm. When x is the linear kernel,
| f|l« < B induces that f is B-Lipschitz.

Budgets and Regrets. We analyze the problem of optimizing f under a given cost budget A.
Suppose a direct query costs ); units of some resource and a comparison costs A\, < A;. Also, let
ny = (AA} be the upper bound on number of queries when we use all the budget on comparisons,
and n, = L%J be the corresponding lower bound when we only use direct queries. Also let
q; = label if we make direct queries at iteration ¢, and ¢; = comp otherwise. We analyze the

20ur methods can also be extended to the setting where ¢ follows a sub-Gaussian distribution with parameter 7.
We assume a bounded ¢ for simplicity here.
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simple regret under budget A, defined as follows:

S(A) = mtin T 4.1)
= ) if ¢, = label,

= min
¢ mln{f* - f(‘rt)a f* - f(x;S)}? if g = comp.

In words, we calculate the minimum regret achieved by either comparison or direct queries. We
compute simple regret over all direct queries; for comparisons, we adopt the notion of weak regret
employed in [200]. Here we choose simple regret because our target is to optimize function f, and
cumulative regret is typically not relevant for our setting. Our method can also be easily extended
to the optimizer error setting, where the algorithm gives an estimation of the optimum when it
ends. In analyzing the regret rates, we use O(+) to ignore constants, and O() to ignore log terms
in the regret bounds.

4.5.1 The Gaussian Process Back End

We base our methods on Gaussian Process, with kernel function x. If f was sampled from the
Gaussian process GP(0, ), and the direct queries were coming from f plus a Gaussian noise, i.e.,
D = {(zi, ;) iy with y; = f(z;) + ¢, & ~ N(0,1?), then the posterior distribution at f(z)|D
would be a Gaussian N (11, (x), o4 (x)) with

(@

KT (K +n*1)7tY, 4.2)
ol(z) =K

)
) = k(z,2) — k" (K +n°L) " k.

Here Y = (y1,...,u)", k = (k(z,21), ..., 6(z,2,))T, and matrix K € R is given by K;; =
k(x;, x;), and I, is the ¢ x ¢ identity matrix.

Remark. We note that the Gaussian noise and prior is only assumed to derive updates to the
mean and variance in the algorithm, and we do not assume the actual feedbacks follow a Gaussian
model, nor the functions are sampled from the Gaussian process. We only assume that f have
bounded norm in #,; and that ¢ is bounded in [—7, 7], as stated in the beginning of Section
This is the same as the agnostic setting in GP-UCB [56, [156].

The Maximum Information Gain. As in previous works on GP [56, [103]], our results will

depend on the maximum information gain [[156] between function measurements and the function
values, defined as below:
Definition 1. Suppose A C X is a subset of feature space, and A= {z1,..;x,} € Aisa
finite subset of A. Then the maximum information gain on A with n evaluations is defined as
©,(A) = max i o 4, [(fi+e45 f2), where f5 = [f(2)],eq €2 ~ N(0,7°]), and I(X,Y) =
H(X) — H(X|Y) is the mutual information.

When X C R? is compact and convex, [156] shows that i) for linear kernel x, ®,,(X ) =
O(dlogn); ii) for squared exponential (SE, or RBF) kernel, ®,,(X) = O((logn)*™!); iii) For

,V d(d+1)
Matérn kernels x(z, 2') = %1(1/) ( i”z)”By( i”z), we have ¢,(X) = O SEEIC logn ).
Review of GP-UCB and IGP-UCB. Previous sequential optimization has adopted the upper

confidence bound (UCB) principle, where we maintain a high-confidence upper bound ¢ : X — R
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for all x € X, such that f(z) < ¢(x) with high probability. Our algorithm builds on UCB
algorithms for GP, namely GP-UCB [156] and IGP-UCB [56]] (the latter is an improvement of the
former).

The GP-UCB [156] and IGP-UCB [56] can be unified as in Algorithm [§] In time step ¢ of
optimization, IGP-UCB queries the point that maximizes the confidence upper bound in the form
pgl_)l (x) + Btagl (x), where uil_)l, (at(l_)l)2 are the posterior mean and variance function of the GP
from step t — 1, and 3; is a multiplier that increases with ¢. In time step ¢ of optimization, IGP-UCB
queries the point that maximizes the confidence upper bound in the form ,ugl(x) + ﬁtagi)l(x),
where uglzl, (091)2 are the posterior mean and variance function of the GP from step ¢ — 1, and 3,
is a multiplier that increases with ¢. The algorithms only differ at their assumptions and thus the
choice of ;. Our setting of 5,5(” and f3; is similar to IGP-UCB, as we focus more on the agnostic
function setting.

Algorithm 8 GP-UCB and IGP-UCB

Input: Budget A
: Set DY =0, (17, oy = (0, k1/2),t 0
cfort=1,2,...,n, do
Compute z; = argmax, y th—1(2) + Sior—1(2)
Query f(x;) and obtain feedback v,
Use y; and to perform posterior updates, and obtain ,ugl), agl)
end for

—_

AN AN A

4.5.2 The Borda Function f,

A straightforward way to incorporate comparisons into optimization is to use them to compute a
GP posterior of either f or f.. However, we will face several difficulties. Firstly, the posterior
based on comparisons cannot be analytically computed. Also, we cannot compute the joint
posterior based on both direct queries and comparisons, since f and f. can be different. Lastly,
comparisons might not be truthful and can be inconsistent; i.e., human might give contradicting
comparisons like z; > zo > x3 > x1 [200].

We instead consider a different function directly related to f,, defined as f,(z) = Pr[z > X],
where X is randomly chosen from X. In words, f,.(z) is the probability that = beats a random
point X € X. We refer to f, as the Borda function, inspired by Borda scores in the dueling
bandits literature [90, [206]. An advantage of using f, is that we can obtain unbiased estimates of
fr(z) by comparing z to a random point in X € X.

It is easy to see that f,. should have the same optimizer as f.. We make the following
assumption to ensure usefulness of comparisons:

Assumption 2. Let f* = max, f.(v) and f} = max, f.(z). There exists constants Ly, Ly such
that for every x € X we have Lil(f;k — fe(x)) < fF — fo(x) < Lo(fF — fo(x)).

In other words, difference in f,. will cause a difference of similar scale in f,.. This requires that
the comparisons induces a Borda function f,. such that f, is close to f, at its optimum, and that f,
and f. has the same optimizer. We note that this is a quite weak assumption, as we do not restrict
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the result of comparing individual points z, z’ to comply with f.(z) — f.(2'), i.e., comparisons do
not need to be consistent. We can show that Assumption 2] holds under the link function setting,
when o is Lipschitz continuous:

Proposition 46. Suppose comparisons follows a link function o with a Lipschitz constant between
[1/Ly, Ly), ice., 122l ¢ [ , Lo], Vo, y € R, then Assumpttonholds

lz—y|
We comment that common link functions such as BTL [38]] and Thurstone [162] all have
bounded Lipschitz functions if f. is bounded.

Lastly, we note that [8] also compare x to a random point X, and use the feedback to update

the function estimates. However, their method relies on a linear link function o(z) = % and

cannot be applied for BTL or Thurstone models.

Algorithm 9 COMP-GP-UCB
Input: Comparison bias (, comparison exploration threshold -, confidence o
1 Set D = Dy =0, (g, 08”) = (g, o)) = (0,5Y/2),£ 4= 0
: repeat
Compute 7, = arg max, iy (z) + B 0" (x)
Qu ERY(xt, comp)
. until ") atr (xy) < fy or budget exhausted

2
3
4
5
6: Let f. = 1" (z,) — B o\", ()
7
8
9

: while Budget not exhausted do

Let ¢y (z) = pui”y (2) + 80", () — fo + LoC

Compute z; = arg MAX_ 4400 ()50 ugl(x) + 5ta§l_)1(x)

10: it 87 ()0 (z;) > v then QUERY (z, comp)
11: else QUERY/(xy,label)

12: end if

13: t+—t+1

14: end while

15: procedure QUERY(query point x4, query type ¢;)
16: if ¢; = comp then

17: Sample z’ randomly from X" and query to compare (x;, z’), obtain z;

18: Update D¢ < D¢, U {(z4,2)}, DL« D!,

19: Perform Bayesian update for ,ul(f), crlf ") based on Dyf with y, = z, following
20: else

21: Query direct labels for z; and obtain y,

22: Update D! < D!, U{(xs,y1)}, D¢ < D¢,

23: Perform Bayesian update for ,u( ) aﬁ” based on D! following

24: end if

25: end procedure
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4.5.3 The COMP-GP-UCB Algorithm

We describe our COMP-GP-UCB along with its analysis in this section. When ( is known and
given, COMP-GP-UCB is formally described in Algorithm 0] Our algorithm works both for
unbiased comparisons (¢ = 0) and misspecified comparisons (( > 0). COMP-GP-UCB is an
anytime algorithm, meaning that it does not need to know the total budget A before it begins. For
any input ¢ > 0, the high-level idea is to constrain the search region for f using comparisons
to the set H := {z : f.(x) > fF — Lo(} where f = max, f,.(x). H is guaranteed to contain
the optimizer f under our assumptions; To see this, let * be any optimizer of f, and we have
= fr(a®) < Lo(fr — fe(a*)) < La(f* — f(2*) + ¢) = Lo(. The first inequality follows from
Assumption [2{ and the second one follows from Assumption|1] It is easy to see that H is much
smaller than X if comparisons are mostly correct (i.e., ¢ is small); therefore we can explore more
efficiently by restricting the search on H.

COMP-GP-UCB takes as input (, a parameter y to control exploration on comparisons, and a
confidence level 5. We keep track of posteriors (), a®), (1™, ")) for f and f, respectively,
and construct confidence intervals uglzl(x) + ﬁtat(i)l($), ,u,@l (x) £ ﬁfr)afi)l (x). Since f, is
unknown, to approximate H, the algorithm adopts a two-phase approach: In the first phase (Step
, we optimize f, using comparison queries until 8" ¢\", (z;) < v, i.e., the queried point has
confidence of at least . At the end of the first phase, we compute fr as a lower bound for f.
Next, we start the second phase exploring f (Step [7HI4)). We select the query point z; based on
a filtering ¢§” (x) > 0; the filtering approximates the constraint set 7{ by combining the current
UCB of f, and the LCB f, from the first phase. Then the algorithm optimizes the UCB of f under
the constraint of ngY) (x) > 0. While doing this, we check the UCB of f, at the maximizer x; and
if we are not confident about f,.(z;), we query a comparison, or otherwise we make a direct query
as in GP-UCB.

The query process is described in the procedure QUERY. For direct queries, we query x;
directly, and update the posterior of f according to (4.2); for comparisons, we compare z; with
a random point 2/, and use the result as feedback to update posterior of f,. We note that this
comparison result is an unbiased estimate of f,.(x;).

The Two-Phase Approach. Both phases are critical for the algorithm to succeed. The first
phase is important in two ways: Firstly, it helps to get a low regret in the unbiased comparisons
setting, and in the initial stages of the algorithm when only comparison queries are used for the
biased (misspecified comparison) setting. Also, it gives a lower bound fr < f¥ of the optimum
of f, at Step[6] which will be used to approximate the constraint set 7. Then we use the second
phase to obtain low regret in the biased comparison case.

Choice of ¢§T). The choice of ¢,§’”> is critical for the algorithm to succeed. We want that the
region S = {x : ¢tr)($) > 0} is not too small or too large: we need that every maximizer z* of f
is in .S, while also excluding as many points as possible using the information from f,.. To achieve
the former, we have added L»( to the confidence interval to account for the difference in f. and f.
To achieve the latter, we need both a good UCB of f, and a good LCB of f* = max f,.(z). The
good UCB is ensured by the check at Step we only make direct queries when we are confident
enough about f,(z;). The good LCB is ensured by the first phase, where we compute f,,; without
the first phase f, can be arbitrarily bad and it will lead to suboptimal direct queries. In the proof
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we show that when ¢."’ (x) > 0and Btr)( )at )1( ) > 7, « belongs to an approximation of . So
the two constraints combined ensure that we use direct queries to explore H.

We now present our theoretical results. We defer full proofs to the appendix due to space
constraints. We first analyze the unbiased comparison case. In this case, we have ( = 0, and we
only need comparisons to achieve low regret. Therefore we run COMP-GP-UCB with ( = v = 0;
in this case, the algorithm only executes the first phase, and only uses comparisons to optimize f,.
We obtain the following guarantee.

Theorem 47. Suppose Assumptionholds, and f. = f. Let /Bt(r) = 2B++/2(®;_1(X) + 1 + log(1/9)).
There exists a constant C' dependent on d, k such that COMP-GP-UCB with ( = v = 0 has a
simple regret bounded by

S() < € (B V@, @) T Toa1/3))) | 222 43)

Remark. IGP-UCB [56] in the label-only setting has regret of form
Sigp-ucs(A) < (4.4)

C <B /(@ (X) +log(1 /5))> q)”;i)(),

where n, = L%j This is the same form as , but with 775 replaced with n,. Recall that 7, is
the number of queries when we use all the budget on comparisons, and n,, is the number for using
all budget on direct queries. In other words, COMP-GP-UCB has the same rate as IGP-UCB as if
direct queries are as cheap as comparisons. When comparisons are much cheaper than direct
queries, COMP-GP-UCB leads to a great advantage by significantly reducing the number of direct
queries needed.

We then analyze COMP-GP-UCB in the misspecified comparison setting(¢ > 0). In this
setting, comparisons act as a filter on X to reduce the search region for direct queries. When
fe approximates f well (i.e., a small ¢), the set H = {z : f.(z) > f* — Ly(} is much smaller
than the feature space X. Therefore by using comparisons, we wish to replace the @, (X)
term in by ®,,,(H), effectively exploring a smaller region. We show that COMP-GP-UCB
can have a similar behavior by exploring on a slightly larger set dependent on v, defined as
HY ={z € X : f(x) > fF — La( — 4v}. The following theorem characterizes the regret of
COMP-GP-UCB under the misspecified comparison setting.

Theorem 48. Suppose Assumptions |2 I and |1 I hold, and ( is known. Let 51: be the same as
in Theorem and B; = 2B + /2 (®;_1(H) + 1+ log(1/0)). There exists constants Ao, C
dependent on (,~, B,d, k such that if when A > Ay we have S(A) < min{S;, So}, where

S1=2L1y+ ¢+

®5 A(X)

<B+ V(®5, ( +10g(1/5))>

2,,(0)
(B+\/ n, () + log(1/5) ) (

LN
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We discuss about the bounds and setup of parameters before coming to the proof of Theorem
48]

Remarks. The regret bound in Theorem 48] enjoys best of both worlds from comparisons and
direct queries. The first bound has the same form as in Theorem 7 but with another 2L+ + ¢
term. This comes from the first phase of COMP-GP-UCB, and the extra term comes from the
fact that f. # f. In the second phase, the algorithm achieves the second bound S5, which is the
rate of using n, direct queries to explore 7. Compared with (4.4), the second bound has the
same rate on n,, but with a reduced search region " and a startup budget A for comparisons to
work. When f. is a good approximation to f, H” is much smaller than X" and will lead to a great
improvement in the number of direct queries needed.

Setup of parameters. 1. Setting ~y: v acts as a threshold for exploring comparisons in both
phases of COMP-GP-UCB. A small  will lead to a small H” and therefore better regret rates; but
it will also make the algorithm spend more time on comparisons before moving to direct queries,
i.e., a large Ay. One plausible choice for - is to set v = L%C , and this will make H7 ~ H.

2. Setting f3;: The setup for 3, in Theorem |8|requires knowing ®,(#”) before algorithm starts

and this is unrealistic to set up. However, in practice the default choice for (3, is often very loose

and hand-tuned values are used instead (e.g., [103] uses 5; = 0.2d log(2t)). In this sense this

setup for 3; does not affect its practical use. For theoretical purposes, we can also set 3; = t(r);

(Bty/®ny (X)) /Puy (H)
N

this leads to a regret rate of O (
still smaller than GP-UCB.

) , slightly larger than the current rate but

Proof Sketch. We prove Theorem 4§ and Theorem [47|follows as a corollary. For the first bound,
if we have left phase 1 and entered phase 2, let 7 be the time that we leave phase 1. By routine
calculation we can show

SA) < f* = flen) < Lu(fy = firlon)) < 2Ly + . (4.5)

On the other hand, if we do not finish phase 1 (e.g., when ( = v = 0), we can follow the proof of
IGP-UCB [56]] and show that

cI)ﬁA <m>

S(A) < OB | 2 4 ¢ (4.6)
na
Combining (4.5) and (.6) we get the first bound 5.

Now we show the second bound S;. Suppose the algorithm makes n queries. For any set
A C X, let T)(A) be the number of comparison queries into A when the algorithm has made n

queries, and T! (A) be the number of direct queries. We have

n=T(X)+T.(HY) + T (H).

For the first term, we show that there exists a constant C,; such that 77 (X) < C, (#)H ,
where p = d for SE kernel and p = 2d for Matérn kernel. For the second term, we show that our
algorithm makes sure that T!(H?) = 0, i.e., it always query in 7" when it uses direct queries.
These two results combined can show that we allocate at least n, /2 direct queries to explore 1.
The second bound S5 then follows by bounding the regret similar to IGP-UCB. [
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Algorithm 10 COMP-GP-UCB for unknown ¢

Input: Threshold v, comparison bias starting point (, bias upper bound (,,,., budget A
1: Set Df = Db =0, (", 087y = (1, 6) = (0, K1/2),t < 0,k < 0, N, - 0
2: repeat
3 Compute r; = arg max,¢ y (@) + 8o ()
QUERY(x, comp)
. until 5( )Ug )1( 1) < 7
: Let fr Nf 1(5515) ﬁt Ot 1($t)
: while (;, < (hax do
8 Letg)”(2) = "y (2) + B0, (x) — fr + 2LaC

9: Compute Ty = argmax _,. 4 ()0 ’ugl)l(x) + By Ulfl,)l(x)

10: if 8 (2,)0\"”, (z,) > ~ then QUERY (z, comp)

AN

~N

11: else

12: QUERY (xy, label)

13: N+ N +1

14: end if

15: if N, > m then

16: Nl<—0,ck+1%2<nk,k%k+1
17: end if

18: t+—t+1
19: end while

4.5.4 COMP-GP-UCB with Unknown (

In practice, we cannot know ( in general, and it is even hard to verify whether ||f. — f||c < ¢
holds for a given (. On the other hand, we can often know an upper bound (., such that
¢ < (max- For example, if we know both f and f,. are bounded in [— B., B..] we naturally have
| fe = fllso < 2Bo. However, Algorithm [9]is not useful if we set ( = 2B, because that will
lead to a constraint set H = {z : f.(z) > fF — 2L2B.} that can be as large as X’ and we have
to explore the whole feature space with direct queries. We develop a slightly different method
in Algorithm (10| that tries to search ¢ between an initial value (, and the upper bound (.., and
adapts to the true (.

Algorithm [10] works in the finite-horizon scenario, where the budget A is given as input. The
process of Algorithm [10]is mostly similar to Algorithm [9] except that it uses ¢ in the second
phase in place of (. We optimize the function as if Assumption [Iholds for (. (j starts from (; at
step |15} once we have spent enough queries at the current estimate of (, we double the current (.
We iterate until we reach (; > (nax. The threshold for /V;, Z[bg(gnm’ is chosen such that we
divide a label budget of n, /2 direct queries equally among the [log((max/Co)] possible values of
the (}’s. The constant 2 is chosen arbitrarily here; any choice of n, /c for a constant ¢ > 1 will
obtain the same rate.

We present our theoretical results as a corollary to Theorem 48] 48] Since we cannot find the exact
¢, our results depend on a slightly larger ¢ = max{2(,(}. Weuse H" = {z € X : f.(z) >
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[ — 2L5¢ — 4~} to represent the constraint set of interest when ( is replaced by (.
Corollary 49. Suppose Assumptions 2] and [l hold, and ¢ < (max. Under the same setting of

t(r), C,Ag as in Theorem and By = 2B + \/2 (@t_l(fﬁ) +1+ log(1/5)>, the simple regret
of Algorithm 10| satisfies S(A) < min{S}, S»}, where
Sl = 2L1’}/ + 2C+

¢ (B + /(B (X) + log(l/é))> —(I)”%ix),
So=C <B+\/(q)nA(£ﬁ)+log(1/5))) (I)nj;L(ff’Y).

Remark. 1. The regret rate of Corollary @9]is almost the same as Theorem 48] except the set
‘H" 1s replaced with H". We note that all the terms in the regret rate depend only on C or ¢, and do
not depend on (.« This means Algorithm[I0]can adapt to unknown level of comparison bias .
2. Similar to Theorem Corollary 49| also requires the unknown quantity <I>t(]3[ 7) to set f; in
practice we can also use a similar hyper-parameter search to find this quantity. ~ also takes a
similar effect as in Algorithm |9} and v = L%CO can lead to H? ~ # and a practical algorithm.

Again, setup of these parameters only depends on ¢ and is not affected by (yax.

4.5.5 Comparison with MF-GP-UCB [103]

Our setting and method share some common characteristics as the multi-fidelity method MF-
GP-UCB [103], and we formally discuss them here. Our setup is similar to MF-GP-UCB in the
two-fidelity case, where the algorithm has access to the target function f and its approximation
fO, with || f — fM]|| < ¢ for some known ¢ > 0. Although we also assume f, is a good
approximation for f (in a weaker sense of being close in terms of f* and f7, see Assumption I,
our setting is harder than MF-GP-UCB and their algorithm cannot be directly applied in our case.
This is because we cannot directly query f.: f. is only available through comparisons, and we will
get the same set of comparisons from f. and f. + c for any constant c. In our case, we can only get
unbiased estimates for f,.. However, it is unlikely that || f, — f||~ is small, because f,(x) € [0, 1]
for all x since it is the probability of beating a random point, whereas f can have arbitrary values.

MEF-GP-UCB bears some resemblance to the second phase in our Algorithm[9] but they are
principally different in choosing the next query point z;. In the MF-GP-UCB algorithm, we
have access to another function f’ similar to f. The algorithm constructs two sets of UCBs
o(x), ¢ (x) for f and f’ separately, and use min{¢(x), ¢'(x)} as a final UCB. In our case, UCBs
of f. and f are not comparable. Instead we use a novel constrained optimization approach based
on observations in the first phase.

Another difference is that MF-GP-UCB needs the function difference ¢ known beforehand,
whereas our modified COMP-GP-UCB (Algorithm [T0) can adapt to an unknown ¢. We note that
MF-GP-UCB does use a doubling mechanism in their experiments to make it practical, but they
do not provide any theoretical guarantees.
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Figure 4.2: Empirical results comparing COMP-GP-UCB with baseline methods. KSS stands for
KernelSelfSparring.

4.5.6 Experiments

We perform experiments against plausible baselines to verify our theory and illustrate the efficacy
of our algorithm, on both synthetic and real-world data. For comparison, we include state-of-
art algorithms in the label-only and comparison-only setting, as well as an adapted version of
MF-GP-UCB, as described below.
Experiment Setup. For synthetic data, we use functions from the multi-fidelity literature to
produce comparisons on a lower fidelity and direct labels on a higher fidelity. In particular we use
Currin exponential (CurrinExp, d = 2) and Borehole (d = 8) [184] functions. We note that f and
f. have different values and maximizers. We do NOT add additional noise on direct queries for f.
For real-world data, we experiment with the SVM tuning task from the MF-GP-UCB paper
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[103] and train a SVM classifier on the MAGIC Gamma dataset [68]]. We tune the RBF kernel
bandwidth and the soft margin coefficient within range (102, 10') and (107!, 10°). We randomly
sample a training set of size 2,000 and a validation set of 500 from the original dataset. Direct
labels take in the specified bandwidth and margin coefficient and return the corresponding
validation accuracy. On the other hand, comparisons only use a (fixed) subset of size 500 from the
training set (noisy but cheap) and return the validation accuracy on the same validation data.
Baselines. We evaluate the performance of COMP-GP-UCB against the following baselines: (1)
GP-UCBJ156]: The label-only algorithm optimizing UCB of GP posterior. (2) KernelSelfSpar-
ring[[160]]: A comparison-only algorithm that uses Thompson Sampling to optimize comparisons.
We note that since f # f., optimizing comparisons cannot lead to the global optimum. (3)
MF-GP-UCBJ103]: Although MF-GP-UCB is not directly applicable in our case, we try to use it
by using comparisons as the lower fidelity. When the algorithm selects to query the lower fidelity
on x;, we compare z to a random point X € & and use the result as feedback, the same process
as COMP-GP-UCB.

Implementation Details. All methods use the RBF kernel for GP. For all methods we compute
the simple regret wrt. f ﬂ The results are averaged over 20 runs.

We apply basic techniques in Bayesian Optimization to conduct the experiments.

o [nitial queries: All the algorithms were initialized with uniform random queries with an
initial budget of Ay = 10. For multi-fidelity methods (MF-GP-UCB and COMP-GP-UCB),
we use Ag/2 on comparisons and Ay/2 on direct queries; for GP-UCB we use all A on
labels.

® Choice of kernel parameters: We estimate the kernel bandwidth and scale by maximizing
marginal likelihood with respect to the initial random queries. We also update the kernel
parameters by maximizing the marginal likelihood for the GP over the lower fidelity function
after every 20 iterations, and for the GP over the true function after every 5 iterations.

o Setup of B; and 8" We follow MF-GP-UCB and set 8 = 0.5 % log(2* t + ¢) = 8",

® Choosing query points. We use the DiRect algorithm [101]] to maximize the marginal
likelihood subject to parameter bounds, and to find the next query points.

® Choice of hyperparameters (,~. For synthetic experiments we set ( = f(x*) — f.(z*),
where z* is the maximizer of f. For experiments on real data, we heuristically set  to be a
large enough value (we use 0.15 in our experiments). We initialize -y = range(f) - ¢, and
whenever COMP-GP-UCB has queried 10 comparisons in a row, we double ~ (following
MEF-GP-UCB).

Cost Ratio. In practice, the relation between the costs of labels and comparisons can be complex.
We call Al the cost ratio between labels and comparisons; the larger the cost ratio, the cheaper the
comparlsons Our algorithm generally works for a cost ratio Al > 1. We test the performance
under various cost ratios in our experiment. Unless otherwise spemﬁed for all the experiments
with a varying budget we follow the setup of MF-GP-UCB and use A\, = 0.1 and \; = 1, and
use a total budget of up to A = 100. For all the experiments with a varying cost ratio, we set
A =100, \; = 1, and vary the cost ratio between |1, 10].

Results on synthetic data. The results are summarized in Figure & [4.2b] Firstly we compare

3We find that KernelSelfSparring is extremely slow for d = 8 so we only test it for CurrinExp.
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the performance on CurrinExp by varying the total budget from 10 to 100 (Figure 4.2a). COMP-
GP-UCB shows the best performance over all budget setups. It is worth noting that MF-GP-UCB
performs worse than label-only GP-UCB in our setting; this is because the target function of MF-
GP-UCB in this case essentially optimizes the function f,., which is bounded in [0, 1], resulting in
a very large approximation bias. In contrast, COMP-GP-UCB is able to use comparisons in an
efficient way to reduce the search space for optimization. In the appendix, we also include the
case where f = f.and A\. = \; (i.e., no bias on comparisons and cost ratio equals 1).

Then in Figure we fix the total budget to be A = 100 and cost of labels \; = 1, and
vary the cost ratio from 1 to 10 by varying comparison costs. COMP-GP-UCB achieves the best
performance for all setups except for \. = \; = 1 when it is worse than the label-only GP-UCB
algorithm. This is expected since our algorithm targets to use cheaper comparisons. Our algorithm
can be more effective even with a fairly small cost ratio (> 2).

The result on Borehole is depicted in Figure KSS is extremely slow for Borehole due

to the dimension (d = 8), so we exclude it from the plot. As with CurrinExp, COMP-GP-UCB
achieves the best performance with a large gap under all budget setups. Different than CurrinExp,
COMP-GP-UCB displays an advantage over the baselines in all cost ratios including A\; = A,
(Figure [4.2d). This might suggest that it is easier to find the maximum using f, (the lower fidelity)
than using f (the higher fidelity).
Alternative Definitions of Regret. Since the simple regret notion defined for settings with both
direct and comparison queries is necessarily unfair for methods designed to handle only one query
type, we perform an additional experiment to examine the comparison regret and direct query
regret separately. Namely, define

t,q¢=comp

RA) min f* — f(z,), if 3t s.t g =comp,
‘ Bl 00 otherwise.

and

t,qt=Ilabel

min f* — f(z,), if 3ts.t g =label,
Ry(A) =
00 otherwise.

In Figure [4.3] we plot the comparison regret R, and direct query regret R; for the CurrinExp
synthetic function (same setting as Figure {.2a). We plot R, and R; respectively for both COMP-
GP-UCB and MF-GP-UCB, R, for GP-UCB, and R, for KSS. Our results show that even if we
only consider comparisons or direct queries, COMP-GP-UCB still outperforms the baselines in
most budget settings. Overall, COMP-GP-UCB has a large direct query regret initially because
we mostly do comparisons in the initial stage, but it achieves a low regret when we have a larger
budget. We note that COMP-GP-UCB can still query both comparisons and direct queries in this
setting, and it leads to a better regret for both comparisons and direct queries.

Results with Single Fidelity and Same Cost. Although COMP-GP-UCB is designed for the
case where comparisons are cheaper than direct queries, it is also interesting to see how it performs
when comparisons and direct queries cost the same. We conduct an experiment with f = f. and
Ae = A, = 1 in Figure Note that MF-GP-UCB is not applicable in this setting since it is for the
multi-fidelity setting. COMP-GP-UCB performs on par (for CurrinExp) or better (for Borehole)
than the baselines in our result. Note that while our theory suggests that the convergence rate of
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Figure 4.4: Empirical results comparing COMP-GP-UCB with baselines, under a single fidelity
and A\. = \; = 1. KSS stands for KernelSelfSparring.

COMP-GP-UCB is the same as GP-UCB when A\. = \; and f = f,, in practice the underlying
function f, (of COMP-GP-UCB) might be easier to optimize than f, because it is bounded and
can be smoother than f. For the case of CurrinExp, f, and f are of similar shape and values, so
COMP-GP-UCB leads to a slower convergence rate because comparisons are less informative than
direct queries; for Borehole, the f, appears to be easier to optimize than the higher fidelity. One
possible reason is that f, is smoother in shape than f since it is bounded in [0, 1]; this interesting
phenomenon needs further investigation as part of future work. We note that cost ratio A’ =2is
enough for COMP-GP-UCB to surpass the performance of GP-UCB on CurrinExp (see Figure
4.2b)).

Results on real data. The results are in Figure & KernelSelfSparring (KSS) has
an error rate much higher than other methods (larger than 0.16), so we exclude it in the plot.
Similar to the synthetic data case, COMP-GP-UCB outperforms other baselines. The advantage
of COMP-GP-UCB over GP-UCB is smaller than the synthetic case, which might possibly result
from the larger difference between f,. and f. Note that for real data we still vary the cost ratio
because in practice the actual cost ratio might depend on various factors like computational cost
and data collection. Nevertheless, Figure shows that COMP-GP-UCB has an advantage
over the baselines for cost ratio at least 2; this is very likely to happen since the training set for
comparisons is only 1/4 the size of that for direct queries.
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4.6 Conclusion

We consider a novel dueling-choice setting when both direct queries and comparisons are available
for discrete and continuous multi-armed bandits problem. For the discrete case, we propose the
DF algorithm that takes the best of both worlds from duels and pulls. For the continuous case,
we propose the COMP-GP-UCB algorithm that can achieve benign regret rates in the dueling-
choice setting, and can adapt to unknown biases in the comparisons. Our algorithm can also be
of independent interest for other multi-fidelity or transfer learning settings where information
gleaned from one fidelity or source domain can be actively transferred to optimize the target
domain function, under milder conditions than existing literature.

Our method takes a two-phase approach in the biased comparison case for continuous opti-
mization. One important future work is to investigate whether the two phases can be combined
in one joint phase for better guarantees and performance. In general with many types of queries,
corralling bandits [3) [10] might also be helpful for solving optimization with both direct and
comparison queries.

4.7 Proofs

4.7.1 Proof of Theorem

Proof. Firstly we can show that for each arm and each time step, with probability 1 — 1/(4KT),
the confidence intervals we compute is correct. We compute the regret under this event FEj.

We first use the following lemma:
Lemma 50 (Lemma 3, [199]]). Under event Ey, arm by, is removed from W, if np, > O <1°%T)

€1k

Lemma 51. Under event Ey, arm by, is removed from W, if my, > O (%).

Now consider a variant of Algorithm [7, where in addition to removing duels with &’ in Step
and we also remove b in 1m; and s;. This ensures that m;, = n, for all b and we always choose
the same b in Step[7]and

Suppose in round ! (i.e., when we remove the [-th arm), the worst arm by duels is €1, =
arg maxcyy, €15 and worst arm by pulls is Ay, = arg max;cy, Ag. Let v = max{e,, Ag, } and
v, = max{ey, A/} for every arm by. Consider two ways that an arm can be removed:

i) Some arm j is removed by duels. Consider the number of duels we remove: the first part is n;
duels that initiated from b;. We know that n; < min{ I%gk T IZ%T} < 1°§2T, since otherwise arm k;
or ko will be removed. The other part is the duels that were initiated from other arm by, € Wi. Note

that ny, for every k € W, only is at most b%T, since every time we remove one arm, nj cannot be

too large or otherwise we will remove arm by. So in total there are at most O (|| IOWLQT) duels from
other arms in W;. Note that the other arm from these comparisons is uniformly distributed in 1V,

and thus the expectation of number of such removals is at most O(lO,YgQT). So from Chernoff bound

we know that with probability 1 — 1/7" the number of removals is at most O( 213§T). Therefore

the incurred regret from the removed duels is at most O(v; - IOEQT) < O(IO%T).
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log T

Similarly, we remove O( ) pulls from m;. Also following the same statement we incur at

most O(logT) regret from the removed pulls.
ii) Some arm j is removed by pulls. Following the same argument, we incur at most O(%)
regret from the removed duels and pulls.

Putting everything together, we calculate that the total regret is bounded by O( f;l I‘D%T)
where ; is the value of « in round /. It is straightforward to see that this value is bounded by the
rate in the statement of the theorem.

]

4.7.2 Proof of Proposition 46|

Let 27 be a maximizer of f.. Because of the link function assumption, x is also a optimizer of f,.
We have

17 = Ir(@) = Elo(fe(w2) = fo(X))] = Elo(fe(2) = fe(X))]
Elo(fe(ze) = [e(X)) = a(fe(x) = fe(X))]
|

E[L2|fc( ) - fc(QT) ] L2( fc(x))

The lower bound can be proved similarly.

4.7.3 Proof of Theorem 47 and

We show Theorem @8] and Theorem |47| follows as a direct corollary. We first use results in
IGP-UCBJ56] to obtain confidence bands of f,:

Lemma 52 (Theorem 2, [56]). Define 8" = 2||f.||. + V2 (1 (X) + 1 +1og(2/6)). Then
with probability 1 — § /2 we have for all time t and any point © € X,

1y () — m)\ < "o (x).

Lemma.also appliesto f,z € HY, uV, o by setting 8, = 2| f]| —|—\/2 D, 1 (HY) + 1+ log(1/6)).
We also use the following lemma to bound the sum of posterior variances:

Lemma 53 (Lemma 8, [103]]). Let A C X. Suppose we have n queries (x;);, of which s points

are in A. Then the posterior o, satisfies

2
> ot < W(I’s(/l)-

TEA

Suppose the event in Lemma |52 holds for f and f,.. We first prove the first bound by looking
at comparison queries. Firstly, in the first phase when we compute x; in step 3] we have

fr - f(xt><u L(22) + B (1) — (7 () — @”at ()
Di(w) + B0 (@) — (1 () — B o, (20))
:2@ 'ol™) (z,). (4.7)
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The first inequality uses Lemma [52] and the second inequality is from that z; is the maximizer of

(@) + B0 ().
Suppose we finish phase 1 and enter phase 2. Let 7 be the time we leave phase 1, then we

must have B%)ag))_l(x%) <. So

S(A) < f* = flar,)
< fe(z") = fe(z,) + ¢
< fi— felog) +¢
< Li(ff = frlen)) + ¢ <200y + C. 4.8)

The second inequality is from Assumption I} the fourth inequality is from Assumption 2] and the
last inequality is from (4.7).

If we do not finish phase 1, then the number of comparison queries is N; > 1y — 1 and
Ny < 7y, and we have

(Z <f:—fr<:ct>>) <N (- f@)?

t t:q¢=comparison

<M Z 4 (@rr)at 1($t)>2

t:q¢=comparison
2
< O\N, (/3§Vj> O, (H). 4.9)

Here C, = m The first step is from the Cauchy-Schwarz inequality, and the second step
is from ({.7); the last step uses Lemma[53]
So

S() < 3 (= f(a)
SN - bl

5(7“)
< Nl\/olNl@Nl(H”) +¢

na (I)ﬁA (/H’Y)

CI)WA ('H’y)

nA

< C (B + /(@ (H7) + Tog(1/9)) ) s (4.10)
The second inequality follows from the same process as in (4.8)); the third inequality follows from
(4.9); the fourth inequality is from 7, > N; > 7y — 1. Here C'is a constant whose value may
change from line to line. Combining and we get the first bound.

To show the second bound, we examine the regret from direct queries. We first show that x* is
never excluded from our feasible region:
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Claim 54. " (z*) > 0 for all t.

Proof. Suppose x* is a maximizer of f in X'. Then we have

o7 (@) = i (@) + B0l (@) = max { uf” (@) = B0 (@) } + Lo
> [, (") = f + Lo
_L2(f fc( ))+L2€

> —Lo(f* = f(@") + Q) + Lo(

The first inequality is from Lemma [52} the second inequality is from Assumption [I] O

Let N be the (random) total number of queries under budget A. We know that the support of N
lies in [n,,715]; we now suppose n is any number in [n,,75], and prove properties of Algorithm
9 when it uses n queries.

For any set A C X, let 77 (A) be the number of comparison queries into A when the algorithm
has made n queries, and 7! (A) be the number of direct queries. We have

n="T"(X)+T.(H) + T.(H")

since H7 U H? = X. We bound the first two terms using the following two lemmas:

p+2
Lemma 55. There exists a constant C,, dependent on k,d such that T),(X) < C, ( ) ,

where p = d for SE kernel and p = 2d for Matérn kernel.
This lemma is proved in Section[4.7.4]
Lemma 56. T (H) = 0.

Proof. Suppose ¢; = label for some ¢. Then we must have ¢.” (x4) > 0, and that g at 1(xt) <

v, B0 (27 < ~, here 2" is the value of z; on line 6. Then we have

[r(ze) > ME%(%) Bt(r)o-lgi)l(wt)
= 0" () = 280, (w) + max { " (@) = B (@) } = Lo

> ¢§T) (z¢) — 251; Uir)l (z¢) + Nir)l ( m) - Bigr)gzgi)l <xl(fr)> — LyC
>0—=2y+f7 =2y — Ly
= f; — 4y — LaC.

The first inequality is by applying the second inequality is by letting 2’ = xir); the third
inequality is by noticing that

40 () — B0, (a87) 2 [ (o0) + 10, (a67)] 28008 (a07) 2 2 -
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Lemma 55| shows that we will not make too many queries on comparisons, whereas Lemma
[56 shows that we always query z; € H” when ¢ = label. Now let IV, be the smallest number
such that for any A > Ny, we have

d () 2 (r)\ P+2
203y i
N 2rVd\ (208, _ c. [ P <A
Emp Y Y 2

where C); and p are defined in (4.12). Such A is guaranteed to exist, since ﬂ grows in sublinear
rate for linear, SE and Matérn kernels on 71, and therefore A. Thus the number of queries
to fe, TS(X), is at most n, /2, and therefore we query at least n, /2 times on direct queries,
TN(H) = 00 /2.

We now follow a similar path as for comparison queries to bound the regret based on direct
queries. Note that if we use direct query at round ¢, we have z; € ‘H" and that

D @) + Bro (@) — (1 (w1) = Bro (@)
D @) + Bio () — (1 (20) = Bro ()
= 28,0 (). “4.11)

The first inequality uses Lemma([52] and the second inequality uses Claim [54] and that z, is the
maximizer of /", (z) + B0, (z).
Now therefore

( > <f*—f<xt>>> STL(HY) Y (F = fa)

t:qr=label t:qt=Ilabel

<TiH) Y 4(@091(:00)2

t:q¢=Ilabel

< CiT, (H) (Bn)* @100y (M)

Here ) = W The first step is from the Cauchy-Schwarz inequality, and that T (H7) = 0;
the second step is from (@.11)); the last step uses Lemma[53]
So

S(A) < S - )

Ty (H”) e el
< Tt ’H“Y \/01 ) @t 30y (HY)
< CEBIA \/ 1y Py, (347 (H7)
<cC (B (B0, (1) + log(1/5))) %Zm.
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4.7.4 Proof of Lemma 53

We use the following lemma from [103]ﬂ

Lemma 57 (Lemma 13, [103]). Let A C X such that its L2 diameter diam(A) < D. Say we
have n queries (x;);_, of which s points are in A. Then the posterior variance of the GP, k' (x, x)
at any x € A satisfies

CspD? + é, if k is the SE kernel,
CrratD + %, if k is the Matérn kernel,

K (z,7) < {

for appropriate kernel dependent constants Csg, Cpyar.

Consider the SE kernel and the comparison oracle, and a ¢, = covering (B;), of

-7

8 /8Csz
. . N . (r)

X. We claim that the number of comparison queries inside any B5; is at most (2(%)21 : suppose

)
we have already queried [2(%)2} samples in B; at some time ¢t < n. By Lemma we have

) n” v )
max k5, (2,2) < Csp(2en)’ + — 55— < | =5 |
we B, 2(?75«: )2

n

Therefore 50", (z) < B"o\")(z) < 7. Note that whenever ¢; = comp, we always have

Btr)at(i)l (x¢) < 7; so the event that ¢; = comp and z; € B; will not happen until time n. We can
. .. L . 2
obtain a similar result for Matérn kernel with ¢,, = m Therefore we have
Mat\Pn

(r) d "\ 2 (r)\ P2
Tr(x) < ., () [2(10 2 < (2”3) (2”5”> el (%) L@

v En g

Here (). (X) is the covering number of X, and we bound the covering number as 2., (X) <

d
%) . Here C,, = 2254+2pdqd/2C%2 02 and p = d for SE kernel, while C,, = 23¢+2pdqd/2Cd, 2
and p = 2d for Matérn kernel.

4.7.5 Proof of Corollary 49|

Proof. Firstly, for the first regret bound, we have the same guarantee as in Theorem [4§]since the
first phase is exactly the same. For the second bound, when A > A, we allocate at least budget of
A /2 on direct queries. Since we double ¢, in each iteration, at some iteration ko = O(log(¢/(p))
we will have (i, € [¢,(]. Let N = . From the proof of Theorem we have the

LN
2log(¢max/Co)
regret S(A) < By % in iteration ko. The theorem then follows by realizing ,,, ®,,(H")
grows sublinearly in n.
O

4The original lemma from [103]] assumes f ~ GP(0, x) and € ~ N'(0,7?), but exactly the same proof applies
without these assumptions.
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Chapter 5

The Thresholding Bandit Problem with
Dueling Choices

The Thresholding Bandit Problem (TBP, [[120]) is an important pure-exploration multi-armed
bandit (MAB) problem. Specifically, given a set of K arms with different mean rewards, the
TBP aims to find arms whose mean rewards are above a pre-set threshold of 7. The TBP has
a wide range of applications, such as anomaly detection, candidate filtering, and crowdsourced
classification. For example, a popular crowdsourced classification model [2, 54] assumes that
there are K items with the latent true labels 6; € {0, 1} for each item. The labeling difficulty of
the i-th item is characterized by its soft label x; € [0, 1], which is defined as the probability that a
random crowd worker will label the ¢-th item as positive. It is clear that the item is easy to label
when y; is close to 0 or 1, and difficult when p; is close to 0.5. In MAB, ; is the mean reward of
arm ¢, and pulling this arm leads to a Bernoulli observation with mean ;. Moreover, it is natural
to assume that the soft label 1; is consistent with the true label, i.e., y; > 0.5 if and only if §; = 1.
Therefore, identifying items belonging to class 1 is equivalent to detecting those arms with p; > 7
with 7 = 0.5.

Existing literature on TBP considers the setting that only solicits information from pulling
arms directly. However, in many applications of TBP, comparisons/duels can be obtained at a
much lower cost than direct pulls. In crowdsourcing, a worker often compares two items more
quickly and accurately than labeling them separately. It will be cheaper and time efficient to
ask a worker which image is more relevant to a query as compared to asking for an absolute
relevance score of an image (see [[153]). Another example is in material synthesis, a pull will
need an expensive synthesis of the material, whereas duels can be carried out easily by querying
experts. In such settings, directly pulling an arm is expensive and could incur a large sample
complexity since each arm needs to be pulled a number of times. This chapter considers two
sources of information: in addition to direct pulls of arms as in the classical TBP, one can also
duel two arms to find out the arm with a greater mean at a lower cost. We refer to this problem as
the TBP with Dueling Choices (TBP-DC), since dueling and pulling are both available in each
round.

It is important to note that some direct pulls are still necessary for solving a TBP even if one
can duel two arms. Without direct assessments of arms, we can at best rank all the arms with duels.
However, we then cannot know the target threshold 7 and therefore cannot identify a boundary
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on the ranking. On the other hand, using an appropriate dueling strategy, the number of required
direct pulls can be much lower than that in the classical TBP setting, where only direct pulling
is available. We further note that TBP-DC is also different from the top-K arm identification
problem considered in wither MAB (see, e.g., [40, 50, 51, 205]]) or dueling bandits (see, e.g.,
[130]]), because the number of arms with means greater than the threshold 7 is unknown to us.

Our contributions. First, we develop the Rank-Search (RS) algorithm for TBP-DC, which
alternates between refining the rank over all items using duels and a binary search process using
pulls to figure out the threshold among ranked items. We analyze the number of duels and pulls
required for RS under the fixed confidence setting, i.e., to recognize the set of arms with reward
larger than 7 with probability at least 1 — . To better illustrate our main idea, we further provide
concrete examples, which show that the proposed RS only requires O(log? ) direct labels, while
the classical TBP requires at least {2( K) labels. Then, we show complementary lower bounds that
RS is near-optimal in both duel and pull complexity. Finally, we provide practical experiments to
demonstrate the performance of RS.

5.1 Related Works

TBP is a special case of the pure-exploration combinatorial MAB problem. As with other pure-
exploration MAB problems[40]] , algorithms for combinatorial bandits fall into either fixed-budget
or fixed-confidence categories. In the former setting, the algorithm is given a time horizon of
T and tries to minimize the probability of failure. In the latter setting, the algorithm is given
a target failure probability and tries to minimize the number of queries. For TBP, the CLUCB
algorithm [52] can solve TBP under the pull-only and fixed confidence setting, with optimal
sample complexity. [52] also develops the CSAR algorithm for the fixed-budget setting which
can also be used for TBP. The result was improved by recent followup work [[120, [131] under the
fixed budget setting. [54] considered TBP in the context of budget allocation for crowdsourced
classification in the Bayesian framework.

Motivated by crowdsourcing and other applications, this chapter proposes a new setup since we
allow both pulling one arm and dueling two arms in each round, with the underlying assumption
that dueling is more cost-effective than pulling. To the best of our knowledge, this setting has not
been considered in the previous work. Most close in spirit to our work is a series of recent papers
[1OS, 1185, 1187], which consider using pairwise comparisons for learning classifiers. The methods
in those papers are however not directly applicable to TBP-DC because their final goal is to learn
a classification boundary, instead of labeling each item without feature information.

5.2 Preliminary

Suppose there are K arms, which are denoted by A = [K| = {1,2,..., K}. Eacharmi € Ais
associated with a mean reward p;. Without loss of generality, we will assume that p; < py <
-+« < k. Given a target threshold 7, our goal is to identify the positive set S, = {i : u; > 7}
and the negative set S¢ = {i : y; < 7}.

Modes of interactions. Each instance of TBP-DC is uniquely defined by the tuple (M, u),

114



where M is the preference matrix (defined below) and g = {p;} £, is the reward mean vector. In
each round of our algorithm, we can choose one of two possible interactions:

¢ Direct Queries (Pulls): We choose an arm i € A4 and get a noisy reward Y from arm .
We assume that each arm ¢ is associated a reward distribution v; with mean y;, and that v;
is sub-Gaussian with parameter R: Ey., [exp(tY — tE[Y])] < exp(R?t?/2) for all t € R.
The definition of sub-Gaussian variables includes many common distributions, such as
Gaussian distributions or any bounded distributions (e.g., Bernoulli distribution). We denote
by A; = |u; — 7| the gap between arm ¢ and the threshold.

e Comparisons (Duels): We can also choose to duel two arms 7, j € A and obtain a random
variable Z, with Z = 1 indicating the arm ¢ has a larger mean reward than j and Z = 0
otherwise. Let M;; € [0, 1] characterize the probability that a random worker believes that
arm ¢ is “more positive” than arm j. The outcome of duels is therefore characterized by the
matrix M. The (Borda) score of each arm in dueling is defined as

1
Pim g Z M, (5.1)
JElRI\{i}

i.e., the probability of arm 7 beating another randomly chosen arm j.

In contrast to previous work [[153, 161}, [200] that usually assumes parametric or structural
assumptions on M, we allow an arbitrary preference matrix M; the only assumption is that
the score of any positive arm is larger than any negative arm, i.e., p; > p;,Vi € S, j € S¢.
We note that this is a very weak condition since arbitrary relations within the positive and
negative sets are allowed. This assumption also holds if (1,2, ..., K) is the Borda ranking
of M; or the underlying comparison model follows the Strong Stochastic Transitivity (SST,
[75,1151]). We note that the problem is very difficult under this assumption: For example,
even if y; are bounded away from 7 by a constant, the p; (knowledge gained from duels)
may be arbitrarily close, hence making the problem much harder.

Taking crowdsourced binary classification as an example, Y; € {0, 1} would correspond to a
binary label of the i-th item obtained from a worker, where 1; = Pry..,.[Y = 1]. For this case we
have 7 = 1/2. Dueling outcome Z;; will correspond to asking a worker to compare item 7 with
item j and Z;; = 1 if the worker claims that item 7 is “more positive” than item j.

The fixed-confidence setting. Given a target error rate d, our goal is recover the sets S. and
Sﬁ, such that Pr[S, = S, St = S’ﬁ] > 1 — ¢, with as fewer pulls and duels as possible. Since in
practice duels are often cheaper than pulls, we want to minimize the number of pulls while also
avoiding too many duels.

5.2.1 Problem Complexity

We define two problem complexities w.r.t pulls and duels separately.
Pull complexity. Following previous works on TBP and pure-exploration bandits [52, [120]],
we introduce the following quantity to characterize the intrinsic problem complexity with direct

115



Af Ag, Ag

1l | I 1l 1l
% — — % pP1 D2 P3 ps  p3

j OO j<5>‘

()N C)

Figure 5.1: Graphical illustration of the quantities_Aﬁ (left) and A¢, A¢ (right) for K = 5 arms,

with S; = {4,5}. We have i, = 4 and 5, = 3. Af is equal to the max of min{(1), (2)} and
min{(3), (4)}; Af is equal to min{(2), (5)}.

pulls. In particular, for any arm i let Al = |u; — 7| be the gap between arm i and threshold.
Then the pull complexity is defined as H; = Zfi 1 ﬁ. Chen et al. [52] shows that there exists
an algorithm using at most O(H; log(K H,/¢)) pulls.l Moreover, they show a lower bound that
any pull-only algorithm would require at least (2(H; log(1/6§)) pulls to give correct output with

probability 1 — §. We add another notation for a “partial” label complexity: let H;(m) be the

sum of the largest m terms in H;. Namely, we sort u1, ..., g by their gap with threshold, i.e.,
Al <AL <o <AL (Cf. Figureleft), and Hy(m) = 31", izt
J

Duel complexity. Now we define the complexity w.r.t. duels. Our goal is to use duels to infer
the (positive or negative) label of arms without actually pulling them. Therefore the difficulty of
inferring a positive arm ¢ € S, will depend on its difference with the “worst” positive arm, and
similarly ¢ € S7 with the “best” negative arm. Let i, = arg max; g p; be the best negative arm
and ¢, = argmin,;.g_p; be the worst positive arm, where p; is defined in Equation . And for
any arm ¢ € S;, let AY = p; — p;, be the gap with arm 4,, and similarly for any arm j € S¢ define
A% = p;, — p;. Intuitively, the complexity of identifying arm ¢ through duels should depend on

A¢, and we therefore define H.; = >~ | B

Moreover, it is worthwhile noting that the complexity of inferring a positive arm ¢ using arm
1, will not only depend on p; — p;,, but also on p;, — p;,. If the gap p;, — p;, 1s very small, we
cannot easily differentiate 7,, from the other negative arms. On the other hand, we can use any

positive arm j to infer about arm ¢, when p;, < p; < p;. To this end, we define

max min{p; — p;,, pi — p; } ifi e S;,
A¢ — JEST )

i m%xmin{pj — pispi, —pj}, i€ S,
JESE
See Figure right for a reference. And we define another duel complexity as H., =
I
ZieA\{z‘u,z‘ Y (AC\2"
" (A) ] ]

Relation between Aj and A{. Although we always have A§ > Afiand thus H.; < H.9,in
many situations A§ and A§ are of similar scales. To see this, notice that A > min{AS, p;,, — p;, }.
In many cases in practice, we would expect a gap between S; and S¢, and therefore p;, — p;,
will be a constant. We give a formal proposition about the relation between H. 5 and H.; under
Massart noise condition in Section
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In Section we present an upper bound using H. », and in Section we present a lower
bound using H. ;.

5.3 Algorithm and Analysis

We present our Rank-Search algorithm in this section. We give a detailed description of the
algorithm in Section[5.3.1] and analyze its theoretical performance in Section [5.3.2]

5.3.1 Algorithm Description

Algorithm 11 Rank-Search (RS)

Input: Set of arms A, noise tolerance 9, threshold 7

1: Confidence level v < 1/4, S + A = [K], counter ¢ < 0

2: Foreveryi € S, letn; < 0,w; < 0

3: > n,;: Comparison count, w;: Win count

4: while S # () do

5 while 3i € S, n; < %log <w> do
6: fori € Sdo
7
8
9

Draw i’ € [K] uniformly at random, and compare arm i with arm ¢’
If arm ¢ wins, w; <+ w; + 1
: n;<—n; +1

10: end for

11: end while

12: Compute p; < w;/n; foralli € S

13: Rank arms in .S according to their p;: S = (i1, 42, ..., i|5)), Diy < Pin < -+ < Pig

14 Get (k,T) = Binary-Search(S, 7,6/4(t + 1)?)

15: Ifk <|S,let S={i € S:p—pi,, >2n} fories, setf; =1

16: Ifk>0,letS={ie€S:p,—p;, <2y} foriecS, sety;, =0

17: S+ S—-8S—-S—-T

18: Vet  Ve/2

19: t+—t+1

20: end while

Output: S, = {i:9; =1},5¢= A\ S,

Algorithm 1 1| describes the Rank-Search algorithm. At a high level, RS alternates between
ranking items using duels (Line[SHI3)), and a binary search using pulls (Line[T4]and Algorithm 12
We first initialize the work set S’ with all arms, and comparison confidence v, = 1/4. In the rank
phase, we iteratively compare each arm ¢ € S with a random arm, as an unbiased estimator for p;.
After each arm has received bg(v% comparisons, we rank the arms in S according to their win
rates p;. Then Algorithm perférms binary search on the sorted .S to find the boundary between

positive and negative arms (detailed below).
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Our binary search is a standard process: it starts with the middle of the sequence, and if the
middle arm is positive, we move to the first half (i.e., arms with smaller estimated means), and
otherwise, we move to the second half (i.e., arms with larger estimated means). Algorithm 2 just
behaves as if S is perfectly ranked. It is worthwhile noting that since .S is not ranked according to
the real p;’s, there might be negative samples larger than positive samples in S. Nevertheless, the
binary search just proceeds as if S is perfectly ranked. We figure out the label of the middle point
using Figure-Out-Label (Algorithm [13). Figure-Out-Label aims to solve the simple TBP in the
one-arm setting: We keep a confidence interval ji; = v in each round and return the label once 7 is
not in the interval.

Binary-Search returns the boundary k. Let S = {i € S : p; — Diprs > 2} be the arms that
are separated from arm 5, and we label i € S as positive; we do similarly for negative arms.
Then we update working set S with all the unlabeled arms, and shrink confidence ;.

Algorithm 12 Binary-Search

Input: Sequence S = (i1, i, ..., %|5), threshold 7, confidence ¢
10 ki <= 0, kpax < |S], T =0
2: while £,,;, < knax do
3: k = [(Kmin + kmax)/2]

4 @i, = Figure-Out-Label(ix, 7, 17g)
5: T=TU {lk}

6: if ;, = 1 then

7: kpax = k — 1

8: else

9: kmin == k

10: end if

11: end while
Output: Boundary k,;,, labeled arms T’

Algorithm 13 Figure-Out-Label

Input: Arm 4, threshold 7, confidence ¢,

1: t+0

2: Define m; < 0,s; «+ 0

3: repeat

4 while m; < 2! do

5 Query Y;,and let s; < s; + Y;,m; < m; + 1
6: end while
7.
8

Compute [i; < s;/m;
: =R 2log(4(:7;:1)2/51)
9: t—t+1
10: until |3; — 7| >~
Output: Predicted label y; = I(f1; > 7)
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5.3.2 Theoretical Analysis

We now present the theorem about performance of RS.
Theorem 58. Let v* = min;ec a\fi, i} A¢ and A* = min; Al. Then with probability 1 — § RS
succeeds, and the number of duels and pulls it uses are bounded by

4K log(1/7%)
5 )

log(1/A*

Ndyel S 32Hc,2 10%

where n is the number of times Figure-Out-Label is called, and we have n; = O(log K log(1/v*)).

Remark. First, the results in [52]] correspond to using O (Hl(K ) log (M)) pulls to

5
get ¢ confidence. In terms of number of direct pulls, RS can reduce K dependence to log K
dependence when v* is a constant, an exponential improvement.
Second, in terms of number of duels, RS has a requirement based on dueling complexity H., o
instead of f;. In many cases, H - is close to H;, and we point out several such cases in Section
[5.5] Thus, we see that in the Dueling-choice framework, the number of pulls required improves
exponentially in dependence on /K at the expense of requiring a number of duels proportional to
number of pulls in pull-only case. This is similar to the findings in [105, 185} 187] for regression
and feature-based classification in the Dueling choice setting.

5.4 Lower Bounds

In this section, we give lower bounds that complement our upper bounds. We first give an
arm-wise lower bound in Section to show that RS is almost optimal in terms of the total
number of queries to each individual arm. Then, we discuss the optimality of both ngye and np,y
in Section[5.4.21

For simplicity, in this section we suppose all rewards follow a Gaussian distribution with
parameter R, i.e., v; = N (14, RQ). Our results can be easily extended to other sub-Gaussian
distributions (e.g., when all rewards are binary).

5.4.1 An Arm-Wise Lower Bound

The following theorem gives a lower bound on the number of pulls and duels on a particular arm
k.

Theorem 59. Suppose an algorithm A recovers S, with probability 1 — 0 for any problem instance
(M, ) and § < 0.15. For any arm i, let D;* be the number of times that arm i is selected for a
duel, and L}* be the number of times that arm i is pulled. Let ¢ = min{%, %2} Then for any
problem instance (M, ) with M;; > 3 for every arm i, j € (K], and a specific arm k € S, we

=3
have

1
]EM,M[<AE)2D24 + (A2)2L7€4] > clog(

55 (5.2)
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Theorem [59] shows an arm-wise lower bound that the sum of duels and pulls (weighted by
their complexity) must satisfy (5.2). In the pull-only setting, this agrees with the known result
that number of pulls needed for an arm & is Q((AL)~2). And for duel-choice setting, it shows that
if we never pull arm &, number of duels involving arm k& (against some known arm) is at least
Q((A%)™2). From our proof of Theorem 58| we can easily show the following proposition for the
upper bound that RS achieves:

Proposition 60. For any problem instance (M, p) and arm k, Algorithm RS succeeds with
probability at least 1 — § and there exists a constant C' such that the RS algorithm achieves that

_ K log (%)
Enrul(A)2DEE + (AL)PLP) < Clog (TM . (5.3)

Comparing (5.3) with (5.2), our RS algorithm is arm-wise optimal except for the difference of
A¢ vs. A¢, and the log factors. This shows that RS is near optimal in the sum E; ,[(A%)2 D7 +
(AL2LA)

5.4.2 Optimality of ngue and npun

In this subsection, we analyze the lower bound of TBP-DC under the case when duels are much
cheaper than pulls. In this case, we would like to minimize the number of pulls, and then minimize
the number of duels. Intuitively, RS algorithm is optimal in n,,; as it uses roughly O(log K)
pulls; this is necessary even if we know a perfect ranking of all arms (due to the complexity of
binary search). We consider an extreme case, where we know the label of arm 7,, and ¢; from pulls,
and wish to infer all other labels using duels. The following corollary of Theorem [59|shows a
lower bound in this case:
Corollary 61. Suppose an algorithm A is given that i, € S, and i, € S¢, and uses only
duels. Under the same assumption as in Theorem the number of duels of A is at least
E[ng,] > cH.1log(1/26).

Combining Corollary (61| with the fact that O(log K) is necessary for TBP-DC, we show that
RS is near optimal in both n4ue1 and 7.

5.5 Implications of Bounds in Special Cases

We provide two examples to compare our theoretical bounds with the classical pull-only TBP.
Throughout this section, we will assume that all the observations follow Bernoulli distributions,
and 7 = 1/2. The examples we raise in this section all follow the Massart noise condition, i.e.,
|p; — 7| > ¢ that is well known in classification analysis [125]. We first give the following
proposition to show that RS is optimal under Massart noise.

Proposition 62. Suppose Al > ¢ for some c for all arm i, and M;; = % + o(p; — pj) for
some increasing link function o : R — [—1/2,1/2]. Also assume for any x,y € [u1, px]
we have o(x —y) > L(z — y) for some constant L. Then we have i) p;, — p;, > 2Lc, ii)
A¢ > min{2Lc, A%}, and iii) H.5 < H.;.

1
— 4[2¢2
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Figure 5.2: Graphical illustration of the examples. Each red vertical line corresponds to one arm ¢,
and 7 = 1/2. Left: Example 1 with fixed means. Right: Example 2 with K = 40 arms. The blue
curve illustrates the pdf of all arm means.

Proposition shows that H., = O(H, ) under Massart noise and the assumption that
a link function exists. The assumption of such a link function is satisfied by several popular
comparison models including the Bradley-Terry-Luce (BTL) [38]] and Thurstone models [162]].
We now give two positive examples that RS will lead to a gain compared with the pull-only
setting. For simplicity we will suppose duels follow a comparison model given as follows:
M;; = Pr[i = j] = H“T_“] This is known as the linear link function since it linearly relates the
duel win probability with the reward means. Routine calculations show that under a linear link
function we have p, — p; = ©(u; — ;). We require that both our method and pull-only method
succeed with probability 1 — 9, with a small constant § (e.g., d = 0.05). Both of our positive
examples assume that the means are dense near the boundaries given by i = 0 and ¢« = 1, while a
very small fraction of arms have means near 1/2, so that there is a significant gap between the arms
1, and ; closest to the threshold, as well as any arm ¢ and arm ¢,, or ¢; that is closest to it(cf. Figure
[5.2). Although these examples can look artificial at first sight, we note that such a bowl-shaped
distribution is common in practice, and is similar to Tsybakov noise [[165] assumption used to
characterize classification noise in the machine learning literature.
Example 1. Suppose K = 2, and p; = m forl <i <l andp = 1— m for
I +1 < < 2l (see Figure[5.2]left). We will have Al = A¢ = (1) for all arms i € A. Then the
previous state-of-art CLUCB algorithm requires O( K log K') pulls, and their lower bounds show
that any pull-only algorithm needs at least 2(K') pulls. On the other hand, our algorithm requires
O(K log K) duels and only O(log® K) pulls. When pulls are more expensive than duels, there is
a significant cost saving when using our RS algorithm.

Example 2. Suppose K = 2[. Sample 1, ..., zx from an exponential distribution with parameter
A =4log(4l/0), and let y; = x; for 1 <i <l[,and y; =1 — x; forl + 1 < i < 2l (see Figure
[5.2]right). Then with probability 1 — &: i) y; € [0,1] Vi € [K];ii) Al = Q(1), and H,.» = H.1;
iii) CLUCB requires O(K log K') pulls, and any pull-only algorithm requires at least Q(K) pulls;
iv) Our algorithm requires O (K log® K') duels and O(log® K) pulls.

We provide proofs of the results for these two examples in the appendix.
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Figure 5.3: Empirical results comparing RS and other baselines. Error bars represent standard
deviation across 20 experiments.

5.6 Experiments

To verify our theoretical insights, we perform experiments on a series of settings to illustrate the
efficacy of RS, on both synthetic and real-world data. For comparison, we include the state-of-art
CLUCSB in the pull-only setting, and several naive baselines.

5.6.1 Setup and Baselines

We run RS and the other baselines with § = 0.95, 7 = 0.5 and K varying from 50 to 500. Also
let K = 2I. The duels follows from a linear link function Pr[i > j] = “24= and the mean
rewards are given as below:

Experiment 1 (harmonic): This is Example 1 from Section [5.5]

Experiment 2 (exponential): This is Example 2 from Section[5.3]

Experiment 3 (3groups): This is similar to the example in [120]. Let y; = 0.1 for i =
1,2,...,0 =2, pu—2).q42) = (0.35,0.45,0.55,0.65), and p1; = 0.9 fori =1 + 3, ..., K.
Experiment 4 (Reading Difficulty): We use the real-world document reading level data from
[S3]. The data consists of 491 passages, each with a reading difficulty level ranged in 1-12. We
randomly take K passages from the whole set, and let p; = [;/13, where [; is the difficulty level
of passage ¢. The goal here is to identify the difficult passages with level at least 7.
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We compare to the following baseline methods:

CLUCBI[52]: We implement the CLUCB algorithm which only queries for selective direct pulls
in a TBP setting.

SimpleLabel: This is a simple pull-only baseline where we apply Figure-Out-Label to all the
arms i € A with confidence 0/ K.

RankThenSearch: A naive baseline for TBP-DC that first uses a ranking algorithm to rank all
the arms, and then performs a binary search to find the boundary. An obvious drawback of this
method is that it has to recover the ordering for every pair of arms (7, j) € A, therefore leading to
an enormous number of duels. For the ranking algorithm we use ActiveRank from [90], since
it has similar assumptions as ours. Then, we run a single binary search on the sorted sequence,
using Figure-Out-Label to identify labels.

We note that previous works on TBP in the fixed budget setting [[120, [131]] cannot be imple-
mented in our fixed-confidence setting.

For complexity notion, since there is no pre-defined cost ratio between duels and pulls, we
compare the pull and duel complexity of RS separately with the baselines. Specifically, we
compare pull complexity with SimpleLabel and CLUCBE], and compare duel complexity with
RankThenSearch (since the other two baselines are pull-only algorithms).

5.6.2 Experiment Results

Comparing Pull Complexity. In Figure we plot the empirical pull complexity of RS along
with the baselines of CLUCB and SimpleLabel. As expected, the number of pulls of RS is
much lower than the baseline algorithms in all three experiments we consider. Interestingly,
SimpleLabel also has an advantage over CLUCB in the pull-only setting. We note that CLUCB’s
O(H, log(%)) is only optimal up to log(H;) factors, and SimpleLabel might have an advantage
because its pull complexity is O(H, log(%w)) in the pull-only setting, slightly better than
CLUCB. This advantage and the optimal rate for the pull-only setting is of independent interest
and we leave it as future work.

Comparing Duel Complexity. We compare duel complexity between RS and RankThenSearch
in Figure [5.4] Note that since in 3groups the arms are not separable, we only compare to
RankThenSearch in the first two settings. Our results show that ActiveRank acquires an incredible
number of duels in order to rank the arms: to rank 50 arms it acquires more than one billion
(1 x 10%) duels. This prohibitive cost makes it impossible to adopt the rank and then search
method.

5.7 Conclusion

We formulate a new setting of the Thresholding Bandit Problem with Dueling Choices, and
provide the RS algorithm, along with upper and lower bounds on its performance. There are
several possible directions for future work. First, it is of interest to tighten the bounds so that

! Although RankThenSearch does achieve a very low pull complexity, we show in the appendix that it is impractical
in terms of duel complexity.
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Figure 5.4: Empirical results comparing RS and RankThenSearch. Error bars represent standard
deviation across 20 experiments.

they can match in the notion of duel complexity that shows up in the lower and upper bounds.
We believe it should be possible to improve the lower bound by randomizing the arms closest
to the threshold. Second, we mention that the proposed algorithm RS is adaptive in the setting
when comparisons are not helpful, in that it achieves the same pull complexity as SimpleLabel
however it requires 2//1°8 & duels. It is of interest to investigate whether adaptive algorithms can
be designed with lower duel complexity. Third, we will explore the performance of the proposed
algorithms in real-world applications (e.g. performance on crowdsourced classification in Amazon
MTurk Platform) taking into account the relative costs of pulls vs. duels. Finally, it is also of
interest to investigate the advantage SimpleLabel might have over CLUCB in pull-only settings.

5.8 Proofs

5.8.1 Proof of Theorem

First we show that with high probability our confidence interval in Algorithm (I 1{and|13|bounds
pi and ;.
Lemma 63. With probability 1 — ¢ the following holds:

e At step13|in Algorithm[l1jwe have |p; — p;| < v, for all i € S and all t;

o At step in Algorithmwe have |p; — fi;| < v for all arms i that are passed to Algorithm

Proof. The lemma follows from standard concentration inequality. Using Hoeffding’s inequality
and a union bound we know that in each round of Algorithm|l 1) we have

J

Pr(3i. |pi — il > 7] < |S] exp(=2mi-77) < 5.

Sum it up we have |p; — p;| < 7, holds for all 7 € S and all rounds ¢ with probability at most § /2.
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Similarly, from Hoeffding’s inequality for sub-Gaussian random variables and a union bound
we have for any run of Figure-Out-Label,

0 2
Pr[3t, [ — fu;] > 7] < ZGXP(—Q_B?)
t=0
S LA+ 1)2

t

Il
o

Now sum the probability over all runs of Figure-Out-Label we have

Pr[Every Figure-Out-Label is correct] Z <=4/2.

1
og S| -
t:04t+1 log|S|

The lemma follows from another union bound. ]

We now assume the event in Lemma [63| happens. Now we can show that we never make a
mistake when we estimate labels in Algorithm [I3|using direct pulls. Firstly, upon termination
of Figure-Out-Label we have |fi; — 7| > 7. Not losing generality, suppose we have ; = 1 as
the output. Then we have ji; — 7 > v, and thus y; > 7, so ¢ € S;. Similarly we do not make a
mistake when 7; = 0.

To show the correctness when we infer labels in step [15]and [I6]in Algorithm [IT] we first need
the following lemma for binary search in an arbitrary noisy sequence:

Lemma 64. Binary-Search always returns within [log(|S|) + 1] iterations, and the first output
k satisfies i) §;,,., = 11 ;and ii) §;, = 0 if k> 0.

Proof. Firstly, Algorithm always terminates, because k = [ (kmin + kmax)/2] satisfies kpax —
kmin > 2max{k — Kmin, kmax — k}. For simplicity, define imaginary labels o = 0, 9541 = 1.
We prove by induction that we always have ¢ Yir, . =0 and ¢;, ., = 1. This is true for the first
iteration; for subsequent iterations, if we move to the left (L1ne we have y;, = g, ., = L;if
we move the right (Line E[) we have y;, = y;, = 0. Therefore the claim holds. Note that upon
termination we must have k,,,x = kmin. The lemma then follows from the claim. O]

Now if we let y; = 1 in step [15|in Algorithm we have p; — p;, ., > 2, and therefore
Di > Piy.,- Since, we have y;, = 1 from Lemma 64| and its label is estimated correctly by
Algorithm@ Yi,., = 1 and thus i, € S;. Since i1 € Sr, ps,,, > p; forall j € S7 and same
holds for p; > p;, ., meaning i € S;. Similarly we do not make a mistake on step

Now we consider the number of duels taken to infer when any arm ¢ = A \ {i,, 4} is in
S or S and hence is eliminated from further duels. Not losing generality, suppose i € S,, and
thus p; > 7. We show that the arm ¢ is eliminated from further duels when we have 4v; < Ag.
Suppose we have i ¢ S i.e. Pirn = Di — 27 at the end of the binary search in round ¢. Let
j = argmax;cq_min{p; — p;, p; — p;} be the maximizer to obtain Af.

By Lemma [63|and definition of A¢ we have

i <pi+y <pi— AS+ v < pi — 37 < P — 27,
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s0 p; < pi — 27 < Di,,,- So arm j is ranked before arm iy ; and since ¢J;, = 0 by Lemma
we have i, € S, since its label is estimated correctly by Algorithm [13] and therefore arm j is
ranked no later than arm i, thus p; < p;, . However, from definitions of A{ and arm ¢;, we have

pj > pi, + AY > pi, + Ay

And therefore by Lemma [63| we have p; > p; — v > pi, + 3 P Di, + 27, which makes a
contradiction. Therefore we will have p;, ., < p; — 2, i.e. arm i € S, and arm ¢ will be excluded
from S in iteration ¢. In a similar way we can argue that for ¢ € S¢, it is excluded from S when

Therefore we would need 122

2
1og(8I51t°/9) qyels to eliminate arm i from further duels. Sum this over

(Ag/4)?
all arms 7 and use the fact that ¢ < log(17*), we get the number of duels is O(H..» log(w))

to identify all arms except {i;, i, }. When every arm i € A\ {i,, 7;} has been given a label, i,, i,
will be given a label during binary search.
Now we bound the number of direct pulls. We figure out the label of arm ¢ when 2y > |u; — 7|

in Algorithrn Therefore for each sample we need 24/ RQM < |u; — 7| pulls; note that
we only require pulls during binary search. Each binary search runs Algorithm [T3]for at most
log K times, and we do log(1/~*) times of binary search. Combining these terms we get the
number of pulls.

5.8.2 Proof of Theorem

Our include a proof that follows a very similar process as [90], but adapting to the case where
both duels and pulls are available.

Not losing generality, suppose k € S;; the proof for £ € S¢ is similar. We first use a lemma
from bandit literature [106] that links KL divergence with error probability. Let v = {v;}72,
be a collection of m probability distributions supported on R. Consider an algorithm 4 that
selects an index ¢, € [m] and receives an independent draw X from v;. i, only depends on its past
observations; i.e., i; s F;_; measurable, where F; is the o-algebra generated by i1, X7, ..., %, X;.
Let y be a stopping rule of .4 that determines the termination of 4. We assume that ) is measurable
w.r.t F; and Pr[y < oo] = 1. Let Q;(x) be the number of times that v; is selected by A until
termination. For any p, ¢ € (0, 1), let d(p, q) = plog§ + (1 —p)log i:i be the KL divergence
between two Bernoulli distributions with parameter p, g. We use the following lemma:

Lemma 65 ([106], Lemma 1). Let v = {v;}L,, V" = {v;}]L, be two collections of m probability
distributions on R. For any event £ € F, with Pr,[€] € (0, 1) we have

m

> EJQi()IK L(vi,v;) > d(Pr[€], PrIE]). (5.4)

i=1

Now, define the event £ to be the event that A succeeds under M and p, i.e., & = {ST = S’T, S¢

Under the relation M;; = 1 — M;; the comparison is uniquely defined by the probabilities
{M,;j,1 < i < j < K}; and pull is uniquely defined by the mean vector p. For any two arms
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i, 7, let D;;(x) be the number of times that arms ¢ and j duel before stopping. Therefore for two
problem settings (M, ) and (M’, '), by Lemma 65 we have

K

K K
1
D2 D EnulDyldy M)+ 573 = i Zd(Pr ) Pr e 59
The second term in (5.5]) follows from the KL divergence between Gaussian variables. We now
construct another feasible profile (M, ') and that yy, < 7 and that p; < pj; for any j € S;
according to M'. Therefore in this case k & S, (M’, p'), where S, (M, p') is the set of arms with
reward larger than 7 under M’, u'. Since A succeeds with probability 1 — § for any problem
setting, we have Pry; ,[€] > 1 — 0 and Pryp v [E] < §. Therefore

1
A(Pr[E], Pr [€]) > d(0.1-0) > log 5.

which holds for § < 0.15.
We now specify M’, u’. Let

My; — (pr — pi,), ifi=k,j#k,
M, =S My + (o — i), ifj=h,i#k,
M otherwise.

and pj, = 27 — py. Itis easy to see that pj, < 7, and therefore k ¢ S, (M', u'). We now show
that the profile M’, u' by showing that p < p’. In the new profile we have

1 1

Ph= o122 My = E (Mkj = (pr = Pi)) = Pk = P + i, = Di,-
J#k j#k
For other arms 7 # k we have
1 1
A —— M. =pi+——(pp —pi ).
bi K—147" pit P —pi)

And therefore p), = p;, < p| for any i € S;(M’, '), and therefore (M’, p') is feasible. Also
since M;; € [2, 2] we have
5 5 3 7

M < 2oL

=g * (8 8) 8

and similarly M/, > £. So for any j # k we have

Y

(My; — My;)?

d(Myj, My;) < MLA-M) 10(p — pi,)? (5.6)
J J

Now consider the sums on the LHS of (5.5 . Note that M;; = M;; when i # k, j # k; and also
pg — ph, = 2(pp — 7) and p; — p, = 0 for i # k. Comblmng (5.3) and the uniform bound in (5.6)
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we have

K K

1
Enr [ Digld(Miz, Mj;) + SR2 E (pi — 7)?
+1

i=1

>

2 —7)?
<100~ pi)? Y Ear D) + 20T
j#k

2 —7)?
= 10(px — pio)*Ers,u[Di] + %

E[Ly]

Combining the expectations we get the desired results.

5.8.3 Proof of Corollary

The corollary follows directly from Theorem For k & {i,,4,} we have Lj, = 0, and therefore

log(55)
A > ¢ 29
EMJL[DI@] = (AE)Q :

Sum this over all arm & ¢ {i,,4,} we get the desired result.

5.8.4 Proof of Proposition [62]

Under the link function assumption we have

1 1
Pi, = Diy = ﬁZU(Mu — ) = ﬁza(ﬂn )
iy i
K
> o 2 Loy — i) — o piy — )]

=1

L(pi, — pi) = 2Le.

For any i € S, use j = i, and we have A¢ > min{2Lc, A¢}, and this holds similarly for i € S¢.
Finally for iii), notice that 2Lc¢ < 1 because otherwise o(2c) > 1, and Af < 1. Thus we have
AY > 2LcAf, and it leads to iii).

5.8.5 Proof for Example 1

The results follow easily from Theorem We have Al = |p; — 7 > % for every arm ¢. Under
the linear link function, we have p; — p; = ©(x; — f;), and thus Af = Q(1) for every arm
i ¢ {l,l + 1}. Therefore H, = O(K) and H., = O(K), and the results follow.
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5.8.6 Proof for Example 2

For each x;, we have Pr[z < 1/4] < §/(4l). Using a union bound, we have that with probability
1 —§/2 we have z; < 1/4Vi € [K]. Let this event be Ez. So under F all sample means are in
[0,1/4] and [3/4, 1], so pull-only algorithm requires 2(K) pulls.

On the other hand, let x(; and x;_1 be the [-th and (I — 1)-th order statistic of x4, ..., 2y, i.e.,
the largest and second largest element of x4, ..., ;. Then z(;y — x(;_1) is distributed according to a
exponential distribution with parameter A. Routine calculation shows that

—log(1—4d/4)
A

PI‘[:C(l) - x(l—l) Z ] Z 1— 5/4

Plug in A and ' we have

—log(1 —4d/4)
_ >
Privw = 2w = —70.ai)

Under this event and symmetrically for [ + 1 < ¢ < 2[, we have H.» = O(K log? K ); thus
Nawet = O(K log® K) and Nopull = O(log® K).
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Chapter 6

Preference-based Reinforcement Learning
with Finite-Time Guarantees

In reinforcement learning (RL), an agent typically interacts with an unknown environment to
maximize the cumulative reward. It is often assumed that the agent has access to numerical reward
values. However, in practice, reward functions might not be readily available or hard to design,
and hand-crafted rewards might lead to undesired behaviors, like reward hacking [9, 35]. On
the other hand, preference feedback is often straightforward to specify in many RL applications,
especially those involving human evaluations. Such preferences help shape the reward function
and avoid unexpected behaviors. Preference-based Reinforcement Learning (PbRL, [[183]) is a
framework to solve RL using preferences, and has been widely applied in multiple areas including
robot teaching [57,193]194], game playing [180, [182], and in clinical trials [204]].

Despite its wide applicability, the theoretical understanding of PbRL is largely open. To the
best of our knowledge, the only prior work with a provable theoretical guarantee is the recent work
by Novoseller et al. [133]]. They proposed the Double Posterior Sampling (DPS) method, which
uses Bayesian linear regression to derive posteriors on reward values and transition distribution.
Combining with Thompson sampling, DPS has an asymptotic regret rate sublinear in 7" (number
of time steps). However, this rate is based on the asymptotic convergence of the estimates of
reward and transition function, whose complexity could be exponential in the time horizon /.
Also, the Thompson sampling method in [[133] can be very time-consuming, making the algorithm
applicable only to MDPs with a few states. To fill this gap, we naturally ask the following question:

Is it possible to derive efficient algorithms for PbRL with finite-time guarantees?

While traditional value-based RL has been studied extensively, including recently [20} 98, 201],
PbRL is much harder to solve than value-based RL. Most efficient algorithms for value-based
RL utilize the value function and the Bellman update, both of which are unavailable in PbRL:
the reward values are hidden and unidentifiable up to shifts in rewards. Even in simple tabular
settings, we cannot obtain unbiased estimate of the Q values since any offset in reward function
results in the same preferences. Therefore traditional RL algorithms (such as Q learning or value
iteration) are generally not applicable to PbRL.

Our Contributions. We give an affirmative answer to our main question above, under general
assumptions on the preference distribution.

¢ We study conditions under which PbRL can recover the optimal policy for an MDP. In
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particular, we show that when comparisons between trajectories are noiseless, there exists
an MDP such that preferences between trajectories are not transitive; i.e., there is no unique
optimal policy (Proposition [66). Hence, we base our method and analysis on a general
assumption on preferences between trajectories, which is a generalization of the linear link
function assumption in [[133]].

e We develop provably efficient algorithms to find e-optimal policies for PbRL, with or
without a simulator. Our method is based on a synthetic reward function similar to recent
literature on RL with rich observations [[67, [129] and reward-free RL [99]]. We combine this
reward-free exploration and dueling bandit algorithms to perform policy search. To the best
of our knowledge, this is the first PbRL algorithm with finite-time theoretical guarantees.
Our method is general enough to incorporate many previous value-based RL algorithms
and dueling bandit methods as a subroutine.

e We test our algorithm against previous baselines in simulated environments. Our results
show that our algorithm can beat previous baselines, while being very simple to implement.

6.1 Related Work

We refer readers to [183] for a complete overview of PbRL. In the PbRL framework, there are
several ways that one can obtain preferences: We can obtain preferences on 1) trajectories, where
the labeler tells which of two trajectories is more rewarding; ii) actions, where for a fixed state s,
the labeler tells which action gives a better action-value function; or iii) states, where similarly, the
labeler tells which state gives a better value function. In this paper, we mainly study preferences
over trajectories, which is also the most prevalent PbRL scenario in literature. Our method is
potentially applicable to other forms of preferences as well.

PbRL is relevant to several settings in Multi-Armed Bandits. Dueling bandits [42, 200] is
essentially the one-state version of PbRL, and has been extensively studied in the literature
[73} 174} 1189, [199]. However, PbRL is significantly harder because in PbRL the observation
(preference) is based on the sum of rewards on a trajectory rather than individual reward values.
For the same reason, PbRL is also close to combinatorial bandits with full-bandit feedback
[12 58] [143]]. Although lower bounds for these bandit problems extends to PbRL, developing
PbRL algorithms is significantly harder since we are not free to choose any combination of
state-action pairs.

6.2 Problem Setup

MDP Formulation. Suppose a finite-time Markov Decision Process (MDP) (S, A, H, 7, p, So),
where S is the state space, A is the action space, H is the number of steps, 7 : S x A — R
is the reward functionﬂ, p: S x A — S is the state transition function, and s is the starting
state. For simplicity we assume S > H. We consider finite MDPs with |S| = S, |A| =
A. We start an episode from the initial state sy, and take actions to obtain a trajectory 7 =

!For simplicity, here we assume the reward function to be deterministic.
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{(sn, an) }1=,, following a policy m : S — A. We also slightly overload the notation to use
() = X (saer (5, @) to denote the total reward of 7. For any policy 7, let 7,(7, s) be a
(randomized) trajectory by executing 7 starting at state s from step A to the end.

We further assume that the state space S can be partitioned into H disjoint sets S = S;U- - - Sy,
where S, denotes the set of possible states at step h. Let IT : {7 : S — A} be the set of policies.
We use I17 to denote the set of non-stationary policies; here a policy m = (74, ..., my) € 17
executes policy 7, in step h for h € [H] ﬂ Also, let 7y,,.5,, be the restriction of policy m € I1* to
step h1, h1 + 1, ..., hy. We use the value function vf} (s) = E[ hH:_hlo r(sn, w(sp))|T, Spy = S| to
denote the expected reward of policy 7 starting at state s in step hy; for simplicity let v™ = vy.
Let 7* = argmax,u v](so) denote the optimal (non-stationary) policy. We assume that
r(s,a) € [0,1] for every (s,a) € S x A, and that v*(s) = v™ (s) € [0, 1] for every state s.

Preferences on Trajectories. In PbRL, the reward r(s, a) is hidden and is not observable
during the learning process, although we define the value function and optimal policy based
on r. Instead, the learning agent can query to compare two trajectories 7 and 7/, and obtain a
(randomized) preference 7 > 7’ or 7’ > 7, based on r(7) and r(7’). We also assume that we can
compare partial trajectories; we can also compare two partial trajectories 7 = { (s, ap)}7,, and
7 = {(s}, a}) }L,, forany hg € [H]. Let ¢(7,7') = Pr[r > 7'] — 1/2 denote the preference
between 7 and 7.

PAC learning and sample complexity. We consider PAC-style algorithms, i.e., an algorithm
needs to output a policy 7 such that v* (s) — v*(so) < & with probability at least 1 — . In PbRL,
comparisons are collected from human workers and the trajectories are obtained by interacting
with the environment. So obtaining comparisons are often more expensive than exploring the
state space; we therefore compute separately the sample complexity in terms of the number of
total steps and number of comparisons. Formally, let SC,(e, ) be the number of exploration
steps needed to obtain an e-optimal policy with probability 1 — , and SC,, be the number of
preferences (comparisons) needed in this process. We omit ¢, ¢ from the sample complexities
when the context is clear.

Dueling Bandit Algorithms. Our proposed algorithms uses a dueling bandit algorithm as a

subroutine. To utilize preferences, our algorithms use a PAC dueling bandit algorithm to compare
policies starting at the same state. Dueling Bandits [200]] has been well studied in the literature.
Examples of PAC dueling bandit algorithms include Beat the Mean [199]], KNOCKOUT [74], and
OPT-Maximize [73]. We formally define a dueling bandit algorithm below.
Definition 2 ((¢, §)-correct Dueling Bandit Algorithm). Let e > 0,0 > 0. M is a (¢, 0)-correct
PAC dueling bandit algorithm if for any given set of arms X with |X| = K, i) M runs for at
most V(e, §)e“ steps, where C(g,0) = poly(K,log(1/e),log(1/d)) and o« > 1; ii) in every step,
M proposes two arms a,a’ to compare; iii) Upon completion, M returns an arm a such that
Prla > a] > 1/2 — ¢ for every arm a € X, with probability at least 1 — 0.

One important feature of existing PAC dueling bandit algorithms is whether they require
knowing ¢ before they start - algorithms like KNOCKOUT and OPT-Maximize [73, 74] cannot
start without knowledge of ¢; Beat-the-Mean [199] does not need to know e to start, but can return
an ¢-optimal arm when given the correct budget. We write M (X, ¢, ) for an algorithm with
access to arm set X', accuracy ¢ and success probability 1 — §; we write M (X, §) for a dueling

2We follow the standard notation to denote [H] = {0, 1, ..., H — 1}.
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bandit algorithm without using the accuracy ¢.
Results in the value-based RL and bandit setting. In traditional RL where we can observe
the reward value at every step, the minimax rate is largely still open [97]. The upper bound in

e.g., [20] translates to a step complexity of O (%) to recover an e-optimal policy, but due

HSA
=2

to scaling of the rewards the lower bound [61]] translates to €2 (

HS3A2
&-3

). Very recently, Wang et al.

[173] show an upper bound of O ( >, showing that the optimal H dependence might be

linear. It is straightforward to show that the lower bound in [61] translates to a step complexity of
Q (HE‘EA) and a comparison complexity of {2 (‘z—f) for PbRL. Lastly, we mention that the lower
bounds for combinatorial bandits with full-bandit feedback [58]] can transform to a lower bound

of the same scale for PbRL.

6.2.1 Preference Probablities

As in ranking and dueling bandits, a major question when using preferences is how to define the
winner. One common assumption is the existence of a Condorcet winner: Suppose there exists an
item (in our case, a policy) that beats all other items with probability greater than 1/2. However in
PbRL, because we compare trajectories, preferences might not reflect the true relation between
policies. For example, assume that the comparisons are perfect, i.e., 7 = 75 if 7(71) > r(73) and
vice versa. Now suppose policy m; has a reward of 1 with probability 0.1 and O otherwise, and
mo has a reward of 0.01 all the time. Then a trajectory from 7, is only preferred to a trajectory
from 7o with probability 0.1 if the comparisons give deterministic results on trajectory rewards.
Extending this argument, we can show that non-transitive relations might exist between policies:
Proposition 66. Slightly overloading the notation, for any h € [H] and s;, € Sy, let (71, m2) =
Pr[r,(m1, s) > Th(m2, s)] — 1/2 denote the preference between policies T, and Ty when starting
at sy, in step h. Suppose comparisons are noiseless. There exists a MDP and policies g, 7y, T2
such that for some state s € S, ¢(my, 1), Os(71, T2), Ps(m2, M) are all less than 0.

Proposition [66] shows that making assumptions on the preference distribution on trajectories
cannot lead to a unique solution for PbRL. Instead, since our target is an optimal policy, we make
assumptions on the preferences between trajectories:

Assumption 3. There exists a universal constant Cy > 0 such that for any policies m, 7 and
state s € S With v, (s) — Vg, () > 0, we have ¢s(m1, m2) > Co(vr, (S) — Uy (5)).

L.e., the preference probabilities depends on the value function difference. Following previous

literatures in dueling bandits [[74, [199], we also define the following properties on preferences:

Definition 3. Define the following properties on preferences when the following holds for any h,
s € Sy, and three policies Ty, T, T3 such that vy (s) > v;?(s) > vp*(s):

Strong Stochastic Transitivity: ¢, (71, 73) > max{os, (71, T2), ¢s, (T2, 73) };

Stochastic Triangle Inequality: ¢, (71, 73) < ¢g, (71, T2) + ¢, (72, T3).

These properties are not essential for our algorithms, but are required for some dueling bandit
algorithms that we use as a subroutine. To see the relation between policy preferences and reward
preferences, we show the next proposition on several special cases:

Proposition 67. If either of the following is true, the preferences satisfy Assumption |3} SST and
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STI:

i) There exists a constant C' such that for every pair of trajectories T, 7" we have ¢(1,7') =

C(r(r) —r(1)).

ii) The transitions are deterministic, and ¢(1,7') = ¢ for r(1) > r(7') and some c € (0,1/2).
The first condition in Proposition[67]is the same as the assumption in [133]], so our Assumption

[]is a generalization of theirs. We also note that although we focus on preferences over trajectories,

preference between policies, as in Assumption [3] is also used in practice [78].

Algorithm 14 PPS: Preference-based Policy Search

Input: Dueling bandit algorithm M, dueling accuracy €1, sampling number N5, success proba-
bility o
1: Initialize 7 € IT¥ randomly
2: forh=H —1,...,0do
3 for s, € S;, do
4 forn=1,2,..., Ny do
5: Start an instance of M (A, e1,0/5)
6
7
8
9

Receive query (a, a’) from M
Rollout a o 7,1 1.5 from sy, get trajectory 7
Rollout a’ o 7,1 1.y from s, get trajectory 7/
: Compare 7, 7" and return the result to M
10: end for

11: if M has finished then

12: Update 7, to the optimal action according to M
13: end if

14: end for

15: end for

Output: Policy 7

6.3 PDbRL with a Simulator

In this section, we assume access to a simulator (generator) that allows access to any state
s € S, executes an action a € A and obtains the next state s’ ~ p(-|s, a). We first introduce our
algorithm, to then follow with theoretical results. We also show a lower bound that our comparison
complexity is almost optimal.

Although value-based RL with a simulator has been well-studied in the literature [17, 18],
methods like value iteration cannot easily extend to PbRL, because the reward values are hidden.
Instead, we base our method on dynamic programming and policy search [21] - by running a
dueling bandit algorithm on each state, one can determine the corresponding optimal action. The
resulting algorithm, Preference-based Policy Search (PPS), is presented in Algorithm By
inducting from H — 1 to 0, PPS solves a dueling bandit problem at every state s;, € Sp,, with arm
rewards specified by a o 7, 1.5 for a € A, where 7 is the estimated best policy after step i + 1,
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and o stands for concatenation of policies. By allocating an error of O(e/H) on every state, we
obtain the following guarantee:

Theorem 68. Suppose the preference distribution satisfies Assumption|3| Let €1 = %, Ny =
W(ey,6/8)er®, where Cy is defined in Assumption|3 Algorithm returns an -optimal policy
with probability 1 — § using O <HQ+IS\P(A’E/H’6/S) (HQS\I}(A’E/H’J/S))

50’
Comparisons.
We can plug in existing algorithms to instantiate Theorem [68] For example, under SST,

OPT-Maximize [73] achieves the minimax optimal rate for dueling bandits. In particular, it has a
Klog(1/9)
E2

simulator steps and O

comparison complexity of O ( ) for selecting an c-optimal arm with probability 1 — ¢
among K arms. Plugging in this rate we obtain the following corollary:

Corollary 69. Suppose the preference distribution satisfies Assumption|3|and SST. Using OPT-
Maximize as M, Algorithm|l4|returns an e-optimal policy with probability 1— using O (% log(6/S )>

H2SA
82

simulator steps, and O ( log(6/S )) comparisons.
The proof of Theorem |68| follows from using the performance difference lemma, combined
with properties of M. Our result is similar to existing results for traditional RL with a simulator:

For example, in the case of infinite-horizon MDPs with a decaying factor of v, [19] shows a
minimax rate of O ( 24— ) on step complexity. This is the same rate as in Corollary |69 by
e?(1—=)

taking H = 1= effective steps.

6.4 Combining Exploration and Policy Search for General PbRL

In this Section, we present our main result for PbRL without a simulator. RL without a simulator
is a challenging problem even in the traditional value-based RL setting. In this case, we will have
to explore the state space efficiently to find the optimal policy. Existing works in value-based
RL typically derive an upper bound on the Q-value function and apply the Bellman equation
to improve the policy iteratively [20, 98, 201]]. However for PbRL, since the reward values are
hidden, we cannot apply traditional value iteration and Q-learning methods. To go around this
problem, we use a synthetic reward function to guide the exploration. We present our main
algorithm in Section[6.4.1] along with the theoretical analysis. We discuss relations to prior work
in Section

6.4.1 Preferece-based Exploration and Policy Search (PEPS)

We call our algorithm Preference-based Exploration and Policy Search (PEPS), and present it in
Algorithm[I5] As the name suggests, the algorithm combines exploration and policy search. For
every step h € [H] and s, € Sj, we set up an artificial reward function 5, (s,a) = 1,—s,, i.e.,
the agent gets a reward of 1 once it gets to s, and O everywhere else (Step [)). This function is
also used in recent reward-free learning literatures 67, 99, 129]. But rather than using the reward
function to obtain a policy cover (which is costly in both time and space), we use it to help the
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Algorithm 15 PEPS: Preferece-based Exploration and Policy Search

Input: Dueling Bandit algorithm M, quantity Ny, success probability ¢
1: Initialize 7 € T1* randomly
2. forh=H,H—1,..,1do
3: for s;, € S;, do

4: Letrs,(s,a) = 1l,—, foralls € S,a € A
5: Start an instance of EULER (7, , Ny, 0/(45))
6: Start an instance of M (A, §/(45))
7: Get next query (a, a’) from M
8: U<+
9: for n € [Ny] do
10: Obtain a policy 7, from EULER, and execute 7, until step A
11: Return the trajectory and reward to EULER
12: if current state is s;, then
13: Let ™ = a o 7ty 1.4 if [U| = 0, otherwise a’ o Ty, 41.1
14: Execute 7 till step H, obtain trajectory 7
15: U+~UuUurt
16: end if
17: if |U| = 2 then
18: Compare the two trajectories in U and return to M
19: (a,a’) < next action from M
20: end if
21: If M has finished, break
22: end for
23: if M has finished then
24: Update 7, (sp,) to the optimal action according to M
25: end if
26: end for
27: end for

Output: Policy 7

dueling bandit algorithm. We can use arbitrary tabular RL algorithm to optimize 7, ; here we
use EULER [201]] with a budget of N and success probability §/4.S. The reason that we chose
EULER is mainly for its beneficial regret guarantees; but we can also use other algorithms in
practice. We also start an instance of M, the dueling bandit algorithm, without setting the target
accuracy; one way to achieve this is to use a pre-defined accuracy for M, or use algorithms like
Beat-the-Mean (see Theorem [70|and [72] respectively).

Once we get to sy, (Step[12), we execute the queried action a or o’ from M, followed by the
current best policy 7, as in PPS. If we have collected two trajectories, we compare them and
feed it back to M. Upon finishing N steps of exploration, we update the current best policy 7
according to M. We return 7 when we have explored every state s € S.

Throughout this section, we use ¢ = log (S‘E‘l—gH) to denote log factors. We present two

versions of guarantees with different sample complexity. The first version has a lower comparison
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complexity, while the second version has a lower total step complexity. The different guarantee
comes from setting a slightly different target for M when it finishes in Step In the following
first version, we set M to finish when it finds a O(e/ H )-optimal policy.

Theorem 70. Suppose the preference distribution satisfies Assumption[3} There exists a constant cq
such that the following holds: Let Ny = cg (HQS\P(?C;’?/IHWALS) + SgAf2‘ ) recall . = log (SAH).

By setting the target accuracy as COE oz for M, PEPS obtains an e-optimal policy with probability
1 — 6 using step complexity

(H““SQ\II(A,e/H, 6/48) S4AH3L3)

(A,e/H,5/45)

e

and comparison complexity O ( HESY
Since we set the target accuracy before the algorlthm starts, any PAC dueling bandit algorithm
can be used to instantiate Theorem [70] So similar to Theorem [68] we can plug in OPT-Maximize
[73] to obtain the following corollary:
Corollary 71. Suppose the preference distribution satisfies Assumption [3|and SST. There exists
a constant cy such that the following holds: Let Ny = ¢ (SHQA;;’g(S/ 948 dAf 200 ) Using OPT-
Maximize with accuracy €/ H as M, PEPS obtains an e-optimal policy with probability 1 — §
using step complexity

3 Q2 4 33
O(HSN,) = O <H 5*Alog(S/6) | S'AH% )

g3 €

H2S5Alog(S/6) )
62

and comparison complexity O (

In the second version, we simply do not set any performance target for M; it will explore
until we finish all the Ny episodes. Therefore, we never break in Step [21| and M is always
finished in Step[23] Since different states will be reached for a different number of times, we
cannot pre-set a target accuracy for M. Effectively, we explore every state s to the accuracy

of ¢ s — O <W
probability to reach s using any policy. Although this version leads to a slightly higher comparison
complexity, it leads to a better step complexity since all exploration steps are used efficiently. We
have the following result:

(see proof in appendix for details), where x(s) is the maximum

Theorem 72. Suppose the preference distribution satisfies Assumption|3| There exists a constant
a—1 _E
co such that the following holds: Let Ny = cq (H ST gg.0/45) + SSA52L3). PEPS obtains an

e-optimal policy with probability 1 — § using step complexity
(H“S2 (A, 535,0/45) S4AH3L3)

o €

O(HSN,) =

H>"1520(A ,HS,5/4S)>

and comparison complexity O ( =

We need to instantiate Theorem 72| with an M that does not need a pre-set accuracy. Under
SST and STI, we can use Beat-the-Mean [199], which returns an e-optimal arm among K arms
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with probability 1 — 4, if it runs for €2 ((652 log (g)) steps. We therefore obtain the following
corollary:
Corollary 73. Suppose the preference distribution satisfies Assumption |3} SST and STI. There

exists a constant cq such that the following holds: Let Ny = ¢, (H SAv | SPAH 2L3>. Using Beat-

€2 €

the-Mean as M, PEPS obtains an c-optimal policy with probability 1 — 0 using step complexity

H2 2A 4AH33
O(HSNO):O< S A S L)

g2 €

. : HS2A
and comparison complexity O <€—2L>

6.4.2 Discussion

Comparing Corollary (71)and [/3, Considering only the leading terms, the step complexity in
Corollary [73|is better by a factof O(H /) but the comparison complexity is worse by a factor
of O(S/H) (recall that we assume S > H). Therefore the two theorems depict a tradeoff between
the step complexity and comparison complexity.

Comparing with lower bounds and value-based RL. Corollary [71| has the same comparison
complexity as Corollary The lower bound for comparison complexity is O(i—’;‘), a O(H?)
factor from our result. Our comparison complexity is also the same as the current best upper
bound in value-based RL (in terms of number of episodes), which shows that our result is close to
optimal.

Compared with the O( HESQA) lower bound on step complexity, Corollary [73/has an additional

factor of O(H.S). The current best upper bound in value-based RL is O (£ zfA), which is O(H/S)
times our result (recall that we assume H < S).
Comparing with previous RL method using policy covers. Some literature on reward-free
learning and policy covers [67, 199, 129] use a similar form of synthetic reward function as ours.
[67,129] considers computing a policy cover by exploring the state space using a similar synthetic
function as PEPS. However, our results are generally not comparable since they assume that
w(s) > n for some n > 0, and their result depends on 7. Our result do not need to depend on this
7). Closest to our method is the recent work of [99], which considers reward-free learning with
unknown rewards during exploration. However, their method cannot be applied to PbRL since we
do not have the reward values even in the planning phase. We note that the O(S?) dependence on
the step complexity is also common in these prior works. Nevertheless, our rates are better in H
dependence because we do not need to compute the policy cover explicitly.

6.4.3 Another Version to Accommodate Arbitrary PAC Dueling Algorithm

A drawback of PEPS is that the version in Theorem [72]requires a dueling algorithm M that does
not need a target accuracy, restricting the possible types of algorithms we can use. In this section,
we present a two-phase version of our algorithm to allow arbitrary M, with slightly improved log
factors on the guarantee.

3We use O to ignore log factors.
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The two-phase version is presented in Algorithm [I6]as PEPS2. PEPS2 separates the process
of obtaining a policy cover and using dueling bandits for policy search; in the first phase (Step
[THO) uses the synthetic reward function to obtain a policy cover with EULER. We then estimate
w(s) for every state s € S by executing the policy that we obtain. Using the estimate /i, we
follow the process in PEPS with the target accuracy specified in Step

For every state s € S, let 1(s) = max,en p-(s) be the maximum probability to reach s.
Theorem 74. There exists a constant cy such that the following holds. Let Ny = cg S SAf 22 , N

a—1
w, N, =1 S\I](Ea w5 0/45) yien probability 1 — 0, Algorlthm.returns an e-optimal
policy using HS(Ny + Ny + Ns) steps and S Ny comparisons.

We can plug in the guarantee of OPT-Maximize instantiate Theorem This result is better

in terms of the log terms than the result in Corollary

Corollary 75. There exists constants cq such that the following holds: Let Ny = cg (
SAH )

HSAlog(6/S) S3AH?.,3
82 + )

where 1 = log (%™ ). Using OPT-Maximize as M, PEPS2 obtains an -optimal policy with prob-
ability 1 — 0 uszng step complexity

2 Q2 4 33
O(HSNy) = O (H S Alog(3/S) | S'AH )

g2 €

HS2Alog(S/5) )

and comparison complexity O ( -

6.4.4 Adapting PEPS to the Fixed Budget setting

While we present PPS and PEPS under the fixed confidence setting (with a given ¢), one can
easily adapt it to the fixed budget setting (with a given /N, number of episodes) by dividing NV
evenly among the states. We present a fixed budget version in this section, described in detail in
Algorithm To do this, we set Ny = N/S, where S is the number of non-terminating states.
Before the algorithm start, we start an instance of M for every state s € §; and instead of only
compare when reaching the target state, we simply explore according to M regardless of the
current state at step h.

In our experiments We realize PEPS with Q-learning instead of EULER because of its
computational efficiency; we use the formulation of [98] with a Hoeffding upper bound on the Q
function. For M, we use Beat-the-Mean because it can use any budget.

6.5 Experiments

We performed experiments in synthetic environments to compare PEPS with previous baselines.
We consider two environments:

Grid World: We implemented a simple Grid World on a 4 x 4 grid. The agent goes from the
upper left corner to the lower right corner and can choose to go right or go down at each step. We
randomly put a reward of 1/3 on three blocks in the grid, and the maximal total reward is 2/3.
Random MDP: We followed the method in [[133] but adapted it to our setting. We consider an
MDP with 20 states and 5 steps, with 4 states in each step. The transitions are sampled from a
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Figure 6.1: Experiment Results comparing PEPS to baselines (DPS & EPMC).

Dirichlet prior (with parameters all set to 0.1) and the rewards are sampled from an exponential
prior with scale parameter A\ = 5. The rewards are then shifted and normalized so that the
minimum reward is 0 and the mean reward is 1.

Compared methods. We compared to three baselines: i) DPS [133]]: We used the version
with Gaussian process regression since this version gets the best result in their experiments; ii)
EPMC [181]], which uses preferences to simulate a Q-function. We followed the default parameter
settings for both DPS and EPMC. Details of the algorithms and hyperparameter settings are
included in the appendix.

Experiment Setup. Our baselines are not directly comparable to PEPS since their goal is
to minimize the regret, instead of getting an e-optimal policy. However, we can easily adapt all
the algorithms (including PEPS) to the fixed budget setting for optimal policy recovery. For the
baselines, we ran them until NV episodes and then evaluated the current best policy. For PEPS, we
used the fixed budget version described in detail in the appendix. For both environments, we varied
the budget N € [257,85"], where S’ is the number of non-terminating states. The comparisons are
generated following the Bradley-Terry-Luce model [38]: ¢(71,72) = 7 s (r(jl)—r(fg)) 7 with ¢
being either 0.001 or 1. In the first setting of c, the preferences are very close to deterministic while
comparison between equal rewards is uniformly random; in the latter setting, the preferences are
close to linear in the reward difference. We repeated each experiment for 32 times and computed
the mean and standard deviation.

Hyperparameters for experiments. For PEPS, we search the hyperparameters for Q learning
and Beat-the-Mean. This includes the learning rate of Q-learning (in range {0.1,0.3,1.0}), the ucb
bound ratio for Q-learning (in range {0.01,0.1,1.0}), and the ucb bound ratio for Beat-the-Mean
(in range {0.2,0.5,1.0}). We also allow the algorithm to random explore with probability in
{0.05,0.1,0.2,0.5} during Q-learning. For DPS, we follow the default settings to use kernel
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variance 0.1 and kernel noise 0.001 for the Gaussian process regression. For EPMC, we use
a=0.2andn =0..8.

Results. The results are summarized in Figure Overall, PEPS outperforms both baselines
in both environments. In Grid World, while all three methods get a relatively high variance when
¢ =1, for ¢ = 0.001 PEPS almost always get the exact optimal policy. Also for random MDP,
PEPS outperforms both baselines by a large margin (larger than two standard deviations). We
note that EPMC learns very slowly and almost does not improve as the budget increases, and this
is consistent with the observation in [133]. One potential reason that makes PEPS outperform
the baselines is because of the exploration method: Both DPS and EPMC need to estimate the Q
function well in order to perform efficient exploration. This estimation can take time exponential
in H, and it is not even computationally feasible to test until the Q function converges. As a result,
both DPS and EPMC explore almost randomly and cannot recover the optimal policy. On the
other hand, our method uses a dueling bandit algorithm to force exploration, so it guarantees that
at least states with high reach probability have their optimal action.

6.6 Conclusion

We analyze the theoretical foundations of the PbRL framework in detail and present the first finite-
time analysis for general PbRL problems. Based on reasonable assumptions on the preferences,
the proposed PEPS method recovers an e-optimal policy with finite-time guarantees. Experiments
show the potential efficacy of our method in practice, and that it can work well in simulated
environments. Future work includes testing PEPS in other RL environments and applications,
developing algorithms for PbRL with finite-time regret guarantees, as well as PbRL in non-tabular
settings.

6.7 Proofs

6.7.1 Proof of Proposition [66]

Proof. Let S =6,S = {sg,...,s5},and A = 3, A = {ag,a1,as}, and let H = 2. We start at s.
Letr(so,a) = O forall a € A. Executing a in s goes to s; w.p. 0.2, and to s, w.p. 0.8. Executing
a1 in sy goes to s3 with probability 1. Executing as in sy goes to s4 w.p. 0.6 and to s; w.p. 0.4.
For every action a, let r(s1,a) = 1,7(s2,a) = 0.01,7(s3,a) = 0.02,7(s4,a) = 0.5,r(s5,a) = 0.
See Figure 6.2 for a graphical explanation.

Let 7;(so) = a; fori € {0, 1,2} (actions in other states do not matter). It is easy to verify that
qbso(ﬂ‘l, 71'2) = —0.3, §Z550(7T2, 7T3) = —0.1, and §Z550(7T3, 7T1) = —0.02. ]
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Figure 6.2: Example for proof of Proposition

6.7.2 Proof of Proposition

Proof. For i), by the linearity of expectation we have for two random trajectories 7, 7/, we have
El¢(r, ")) = E[C(r(1) — r(7"))]. Therefore for two policies 7y, 7o
¢s(my, o) = Pr[r(my, ) > 7(ma, )] — 1/2
= E[¢(T(7Tl7 5)7 T<7T27 3))]
= E[C(r(r(m,5)) = r(7(m2, 5)))] = Clvs(mi) — vs(m2)).
For ii), when transitions are deterministic each policy corresponds to only one trajectory. Let 7,

and 7, be the two trajectories corresponding to 7y and 75 starting at s. Then we have ¢ (my, m2) =
¢(71, 72). Then Assumption [3|is satisfied with Cy = c. O

6.7.3 Proof of Theorem

Proof. We only need to show that the output policy 7 is e-optimal. Algorithm [14{loops over
h =1,2,..., H. Atevery step h for every state s € Sy, let 7*(s) = argmax, V (s;a 0 Tpi1.1)-
Let Py denote the state distribution of 7* at step h. With probability 1 — 4, all instances of M has
finished. Under this event, from the property of M and the setup of NV, we have for every state
s € 8, Pros(7,7*(s))] > 1/2 — e;. Therefore from Assumption 3| we have

o300 (5) — vs(9)] < - Ou(F(9),7) < 1.

Therefore using the performance difference lemma we have

H
VT (s0) = V7(s0) = Z Egnpr [V(8h; 75 © Tnyrim) — v(Sh; Then )]

>
—_

M=

Eg,npy [0(8h; T 0 Tpg1:mr) — V(S Tnerr )]

h=1

<
H

M=

= E£.

>
Il

1
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6.7.4 Proof of Theorem

Proof. Let S, = {s € Sp|u(s) > g/25} be the set of “good” states that are reachable with
probability at least £/(2S5). Also let S = | J,, Sj, be the set of all good states.

Now we show that the output policy 7 is e-optimal. We first present the performance of
EULER [201]:

Theorem 76 (Theorem 1, [201]]). Let Q* be the value of the optimal policy. For any reward
function r, the regret of EULER is at most

R < O(VQ*SATL + VSSAH*L}(V'S + VH))

with probability 1 — §, with L = log(HSAT/9).

For any state s, let N, be the number of times that we reach s in Step[I2] Using Theorem
with T' = H N,, we have for some constant C',

11(s)No — N, < C(\/1u(s)SAHNoL + VSSAH?L*(VS + VH)) (6.1)

with probability 1 — §/4S. By a union bound, suppose | holds for every state s € S, which
happens with probability 1 — §/4. Now consider any s € S. With Ny = Q(w) we have

Ns > 1/2p(s)No. Now also using Ny = €2 (SHW(?C;i/lH"mS)), we have

Ns >

oz (A HAL/ LSS

1
2 €

By setting the constant in Ny properly, from the definition of W we know that with probability
1 —6/4S, M returns a % optimal arm; here cy is a constant to be specified later.

Algorithm [15|1oops over h = 1,2,..., H. At every step h for every state s € S, let a} =
argmax, V' (s;a o T4 1.5 ). From the guarantees of OPT-Maximize we have

o . o €
v(Sp;as 0 Thi1m) — V(Sp; Thop) < a)cbs(a:aﬂhﬂzﬂ) < SR

The first inequality comes from Assumption |3 we set cx small enough to satisfy the latter
inequality.
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Let P, denote the state distribution of 7* at step 1. We have

H
V™ (s0) = V7(s0) = Z Egnpy [V(Sh5 7 © 1) — 0(Sh; Tnerr)]
h=1
H
< Z EshNP; [U(Sh; 7~TZ o ﬁh+1:H) - U(Sh; ﬁh:H)]
h=1

H
<> Pris;, € S] + Prlsy € SIE,, p: 5,e5 [0(5 T 0 Tngrem) — 0(8n; Tne )]
h=1

<e/(25) S+ ) e/(2H) <e.

h=1

Here the first equality is the performance difference lemma (Lemma 13, [129])). The first inequality
comes from the definition of 7*; the third inequality comes from definition of S, and the guarantee
of M. Therefore we show that the output policy is e-optimal.

Now we compute the sample complexity. It is obvious that the step complexity is H.SN,
since we iterate through all s € S, and each episode contains H steps. For comparison com-
plexity, we only need to finish S instances of M; therefore the comparison complexity is
O (HO‘S\I/(A75/H,6/4S)>

ex

]

6.7.5 Proof of Theorem

Proof. The proof follows most parts of that of For any s € S, we have N, > Su(s)No.
Guarantee of Beat-the-Mean is as follows:
For simplicity, let p = 1/a and ¢ = (o — 1)/a. For s, € Sy, let &5, = Srgrms- For
HO=1SW(A, -2 ,5/4S)
Ny =Q ( TS

e

), we have

> Q(V(A,e,,,6/45)e,%) .

Ny, > 1/2u(sn)No = O (M(Sh)Ha—ls\p(A, HLS,5/4S))

80{
Similar to proof of Theorem [70] we can set the constants properly to obtain that
v(sp; Ty © Tonrm) — V(Sa; ) < €, (6.2)

with probability 1 — §/4.5. Now suppose (6.2) holds for every h € [H]| and s, € Sj,, which holds
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with probability 1 — §. We have
H

V™ (s0) = V(50) = > Eapepy [0(s0; 75 © Fasrenr) — v(sni fonerr)]
h=1

H
Z B,y [0(Sh; T © Tng1:n) — v(Sh; Ther )]
h—1

IA

M=

Pr[s;, € 3] + E}[Sh € S]EshNP;,shES [v(sp; 7y, © Thtr:mr) — V(Sh; Them )]

T*

>
Il

1

<e/(25)- S+ ) > Prlsn) (v(sn; 75 0 Frer) — v(sns Fnerr)

h=1 sheS‘h
H
<e/2+ Z Z Py (sp)es, -
h=1 ShESh

Here the first equality is the performance different lemma (Lemma 13, [[129]]), and P is the state
distribution of 7* on step h. The first inequality comes from the definition of 7*. Now note that
Py (sn) < p(sp), and that 337 | S° s Py(sp) = H: we have

>0 D Pilswen = gz O 2 Pilsnu(s:)

h=1 sheéh h=1 sheSh

= 2s§Hq D> (Bi(sa)' P <e/2

h=1 Shegh

The inequality holds from Holder’s inequality. Therefore we show that the output policy is
e-optimal.

Now we compute the sample complexity. The step complexity is simply O(HSN,). For
comparison complexity, we roll out at most SV, trajectories, so the comparison complexity is at
most SN.

O

6.7.6 Proof of Theorem

Proof. The proof of Theorem [74|is largely the same as Theorem For every state s, let fi(s)
be the probability that 7, visits s. Similar to Theorem [70|and[72] we have N, > 1/2(s) N, for
s € S. Therefore by randomly pick a policy from the N, episodes, we have fi(s) > 1/2u(s).

Using Hoeffding’s inequality and property of EULER we have that with probability 1 — §/2,
for every state s we have

Rsh/Nl Zﬂ(s)—ﬂw 2 1/2#(3)_ loggtog/é)’
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and therefore y(s) < /i(s). On the other hand, we also have

<2u(s)+4e/S < 6uf(s).

Define ), < ; s/~ as in Theorem [72] Therefore we know that with probability
1—0/2, wehave g,, <¢e| andthate,, = O(e, ). The rest of the proof follows the same process

as Theorem
O

6.8 Auxiliary Lemma

We present the performance difference lemma here for completeness. Here we use the version
adapted to episode MDPs as in [129].

Lemma 77 (Lemma 13, [129]]). For any episode MDP with reward function r and two policies
To.r—1 and w4, For any h € [H|, let Qp,(s) be the distribution of state s at step h induced by
policy mo.;_1. We have

T
L

Urgr1(50) = U (S0) = D Esnus)Vanon) 1y (8) = Vi (8)]-
0

T
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Algorithm 16 PEPS2: Preferece-based Exploration and Policy Search with 2 phases

Input: Target Accuracy ¢, Dueling Bandit algorithm M, quantities Ny, N1, No, success proba-
bility o
1: for h € [H] do
2 Sh =0
3 for s;, € S;, do
4 Letry, (s,a) = 15—, foralls € S;a € A
5: Obtain a policy 75, by using EULER(r, , Ny, 6/(4S5)) to optimize r;, (s, a)
) .
7
8
9

Rollout 75, for N; times and record reward the total reward 25, under 7,

Let i, < min{1,2R, /Ny + 2 w],
end for
- end for

10: Initialize 7# € I1* randomly
11: forh=H,H—1,....1do

12: Let Esp W

13: for s;, € S;, do

14: Start an instance of M (A, ¢,,,6/(45))

15: Get next query (a, a’) from M

16: U<+ 0

17: for n € [Ny] do

18: Execute 7, until step h

19: if current state is s, then

20: Let T = a o 71 1.5 if |U| = 0, otherwise a’ o Ty 1.5
21: Execute 7 till step H, obtain trajectory 7

22: U+~UuUur

23: end if

24: if |U| = 2 then

25: Compare the two trajectories in U and return to M
26: end if

27: If M has finished, break

28: end for

29: if M has finished then

30: Update 7, (sy) to the optimal action according to M
31: end if

32: end for

33: end for

Output: Policy 7
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Algorithm 17 PEPS with Fixed Budget

Input: Budget N, dueling bandit algorithm M, success probability ¢
1: Initialize 7 € IT¥ randomly
2: Start an instance of M (A, d/(4S5)) at every state s € S (denote it by M), and get first
action (as, a’,)
3: forh=H,H—1,..,1do

4 for s;, € S;, do

5: Letrs,(s,a) = 1l,—, foralls € S,a € A

6: Start an instance of EULER(r, , Ny, 6/(45))

7 U+

8 for n € [N/S] do

9: Obtain a policy 7, from EULER, and execute 7, until step A
10: Return the trajectory and reward to EULER
11: S 4— current state
12: Let T = az o 7ip 414 if |U| = 0, otherwise af o Ty 1.5
13: Execute 7 till step H, obtain trajectory 7
14: U+~UuUr
15: if |U| = 2 then
16: Compare the two trajectories in U and return to M
17: Get next action (ag, a;) from M;
18: Update 7,(5) to the optimal action according to M
19: end if
20: end for
21: end for
22: end for

Output: Policy 7
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Chapter 7

Multi-task Learning with Sample
Re-weighting for Machine Reading
Comprehension

Machine Reading Comprehension (MRC) has gained growing interest in the research community
[140,198]]. In an MRC task, the machine reads a text passage and a question, and generates (or se-
lects) an answer based on the passage. This requires the machine to possess strong comprehension,
inference and reasoning capabilities. Over the past few years, there has been much progress in
building end-to-end neural network models [[149] for MRC. However, most public MRC datasets
(e.g., SQuAD, MS MARCO, TriviaQA) are typically small (less than 100K) compared to the
model size (such as SAN [115, [117]] with around 10M parameters). To prevent over-fitting,
recently there have been some studies on using pre-trained word embeddings [[135] and contextual
embeddings in the MRC model training, as well as back-translation approaches [198]] for data
augmentation.

Multi-task learning [43]] is a widely studied area in machine learning, aiming at better model
generalization by combining training datasets from multiple tasks. In this work, we explore
a multi-task learning (MTL) framework to enable the training of one universal model across
different MRC tasks for better generalization. Intuitively, this multi-task MRC model can be
viewed as an implicit data augmentation technique, which can improve generalization on the
target task by leveraging training data from auxiliary tasks. The first method simply adopts a
sampling scheme, which randomly selects training data from the auxiliary tasks controlled by a
ratio hyperparameter; The second algorithm incorporates recent ideas of data selection in machine
translation [167]. It learns the sample weights from the auxiliary tasks automatically through
language models.

Prior to this work, many studies have used upstream datasets to augment the performance of
MRC models, including word embedding [[135]], language models (ELMo) [136] and machine
translation [198]. These methods aim to obtain a robust semantic encoding of both passages
and questions. Our MTL method is orthogonal to these methods: rather than enriching seman-
tic embedding with external knowledge, we leverage existing MRC datasets across different
domains, which help make the whole comprehension process more robust and universal. Our
experiments show that MTL can bring further performance boost when combined with contextual
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representations from pre-trained language models, e.g., ELMo [[136].

We validate our MTL framework with two state-of-the-art models on four datasets from
different domains. Experiments show that our methods lead to a significant performance gain
over single-task baselines on SQuAD [140], NewsQA [163]] and Who-Did-What [134]], while
achieving state-of-the-art performance on the latter two. For example, on NewsQA [163]], our
model surpassed human performance by 13.4 (46.5 vs 59.9) and 3.2 (72.6 vs 69.4) absolute points
in terms of exact match and F1.

The contribution of this work is three-fold. First, we apply multi-task learning to the MRC
task, which brings significant improvements over single-task baselines. Second, the performance
gain from MTL can be easily combined with existing methods to obtain further performance
gain. Third, the proposed sampling and re-weighting scheme can further improve the multi-task
learning performance.

7.1 Related Works

Studies in machine reading comprehension mostly focus on architecture design of neural networks,
such as bidirectional attention [149], dynamic reasoning [[186], and parallelization [198]]. Some
recent work has explored transfer learning that leverages out-domain data to learn MRC models
when no training data is available for the target domain [81]. In this work, we explore multi-task
learning to make use of the data from other domains, while we still have access to target domain
training data.

Multi-task learning [43] has been widely used in machine learning to improve generalization
using data from multiple tasks. For natural language processing, MTL has been successfully
applied to low-level parsing tasks [S9], sequence-to-sequence learning [123], and web search
[114]. More recently, [127] proposes to cast all tasks from parsing to translation as a QA problem
and use a single network to solve all of them. However, their results show that multi-task learning
hurts the performance of most tasks when tackling them together. Differently, we focus on
applying MTL to the MRC task and show significant improvement over single-task baselines.

Our sample re-weighting scheme bears some resemblance to previous MTL techniques that
assign weights to tasks [[107)]. However, our method gives a more granular score for each sample
and provides better performance for multi-task learning MRC.

7.2 Model Architecture

We call our model Multi-Task-SAN (MT-SAN), which is a variation of SAN [[115]] model with
two main differences: i) we add a highway network layer after the embedding layer, the encoding
layer and the attention layer; i1) we use exponential moving average [149] during evaluation. The
SAN architecture and our modifications are briefly described below and in Section and
detailed description can be found in [[115].
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7.2.1 Input Format

For most tasks we consider, our MRC model takes a triplet (@, P, A) as input, where ) =
(q1,--sqm), P = (p1,...,pn) are the word index representations of a question and a passage,
respectively , and A = (apegin, Gena) 1S the index of the answer span. The goal is to predict A given

(@, P).

7.2.2 Lexicon Encoding Layer

We map the word indices of P and () into their 300-dim Glove vectors [135]. We also use
the following additional information for embedding words: 1) 16-dim part-of-speech (POS)
tagging embedding; i1) 8-dim named-entity-recognition (NER) embedding; iii) 3-dim exact match
embedding: fexactmach(Pi) = L(p; € @), where matching is determined based on the original word,
lower case, and lemma form, respectively; iv) Question enhanced passage word embeddings:

fatign(pi) = > 7i,;h(GloVe(q;)), where
exp(h(GloVe(p;)), h(GloVe(q;)))
> exp(h(GloVe(p;)), h(GloVe(q:)))

is the similarity between word p; and ¢;, and g(-) is a 300-dim single layer neural net with Rectified
Linear Unit (ReLU) g(x) = ReLU(WW,x); v) Passage-enhanced question word embeddings: the
same as iv) but computed in the reverse direction. To reduce the dimension of the input to the
next layer, the 624-dim input vectors of passages and questions are passed through a ReLu layer
to reduce their dimensions to 125.

After the ReLU network, we pass the 125-dim vectors through a highway network [[157], to
adapt to the multi-task setting: g; = sigmoid(Wap!), p! = ReLU(W3pt) ® g; + ¢g; © pt, where
pt is the vector after ReLU transformation. Intuitively, the highway network here provides a
neuron-wise weighting, which can potentially handle the large variation in data introduced by
multiple datasets.

ij = (7.1)

7.2.3 Contextual Encoding Layer

Both the passage and question encodings go through a 2-layer Bidirectional Long-Short Term
Memory (BiLSTM, Hochreiter and Schmidhuber, |1997) network in this layer. We append a
600-dim CoVe vector [[126] to the output of the lexicon encoding layer as input to the contextual
encoders. For the experiments with ELMo, we also append a 1024-dim ELMo vector. Similar to
the lexicon encoding layer, the outputs of both layers are passed through a highway network for
multi-tasking. Then we concatenate the output of the two layers to obtain H? € R2?*™ for the
question and HP = R?¥*" the passage, where d is the dimension of the BiLSTM.

7.2.4 Memory/Cross Attention Layer

We fuse HP and H? through cross attention and generate a working memory in this layer. We
adopt the attention function from [169] and compute the attention matrix as

C == dropout <fattention(ﬁq7 ﬁp)) 6 Rmxn.
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We then use C' to compute a question-aware passage representation as
U? = concat(H”, H1C')

. Since a passage usually includes several hundred tokens, we use the method of [112] to apply
self attention to the representations of passage to rearrange its information:

Up = Updl’Opdiag(fattention(Upa Up))a

where dropg,, means that we only drop diagonal elements on the similarity matrix (i.e., at-

tention with itself). Then, we concatenate U” and U? and pass them through a BiLSTM:
M = BILSTM([U?]; U?]). Finally, output of the BILSTM (after concatenating two directions)
goes through a highway layer to produce the memory.

7.2.5 Answer Module

The base answer module is the same as SAN, which computes a distribution over spans in the
passage. Firstly, we compute an initial state s, by self attention on H:

. exp(w4 HY)
so ¢ Highway (Z %7 H? .
- Zj, exp wy I, J

The final answer is computed through 7" time steps. Atstep ¢ € {1,...,T — 1}, we compute the
new state using a Gated Recurrent Unit (GRU, |Cho et al.,[2014) s, = GRU(s;_1, 2;), where x;
is computed by attention between M and s;_1: x; = > y B;M;, 5; = softmax(s;_1W5M). Then
each step produces a prediction of the start and end of answer spans through a bilinear function:
PE" — softmax (s, WsM), P = softmax(s, W7 M ). The final prediction is the average of each
time step: Pen = LS~ ppest pend — LS~ pend We randomly apply dropout on the step
level in each time step during training, as done in [[115]]. During training, the objective is the
log-likelihood of the ground truth: [(Q, P, A) = log P**#™(apegin) + log P (aena)-

Answer module for choosing from candidates. For one of the tasks (WDW), we need to choose
an answer from a list of candidates; the candidates are people names that have appeared in the
passage. For this task we first use the same way to summary information in questions as in

exp(w4H](-1)

J 22,1 exp w4HJ‘,1,

span-based models: s, <— Highway (Z -H ]q) We then compute an attention

score via simple dot product: s = softmax(s] M ). The probability of a candidate being the true
answer is the aggregation of attention scores for all appearances of the candidate:

Pr(c|Q, P) x Z sil(p; € C)

1<i<n

for each candidate C. Recall that n is the length of passage P, and p; is the i-th word; therefore
I(p; € C) is the indicator function of p; appears in candidate C'. The candidate with the largest
probability is chosen as the predicted answer.
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7.3 Algorithms

We describe our MTL training algorithms in this section. We start with a very simple and
straightforward algorithm that samples one task and one mini-batch from that task at each
iteration. To improve the performance of MTL on a target dataset, we propose two methods to
re-weight samples according to their importance. The first proposed method directly lowers the
probability of sampling from a particular auxiliary task; however, this probability has to be chosen
using grid search. We then propose another method that avoids such search by using a language
model.

Algorithm 18 Multi-task Learning of MRC
Input: K different datasets Dy, ..., D
1: for epoch= 1,2, ... do
2: Divide each dataset Dy, into N, mini-batches Dy, = {b¥, ..., b?vk}, 1<k<K

3 S UkK:I Dy,

4 Randomly shuffle minibatches in S to obtain a sequence B = (b1, ..., by), where L = | S|
5 for each mini-batch b € B do

6: Perform gradient update on model M with loss [(b) = >~ p aje (@, P, A)

7 end for

8: end for

Suppose we have K different tasks, the simplest version of our MTL training procedure is
shown in Algorithm[I8] In each epoch, we take all the mini-batches from all datasets and shuffle
them for model training, and the same set of parameters is used for all tasks. Perhaps surprisingly,
as we will show in the experiment results, this simple baseline method can already lead to a
considerable improvement over the single-task baselines.

7.3.1 Mixture Ratio

One observation is that the performance of our model using Algorithm [I§]starts to deteriorate
as we add more and more data from other tasks into our training pool. We hypothesize that the
external data will inevitably bias the model towards auxiliary tasks instead of the target task.

To avoid such adverse effect, we introduce a mixture ratio parameter during training. The
training algorithm with the mixture ratio is presented in Algorithm 19} with D; being the target
dataset. In each epoch, we use all mini-batches from D;, while only a ratio o of mini-batches
from external datasets are used to train the model. In our experiment, we use hyperparameter
search to find the best « for each dataset combination. This method resembles previous methods
in multi-task learning to weight losses differently (e.g., Kendall et al., 2017), and is very easy to
implement. In our experiments, we use Algorithm [19|to train our network when we only use 2
datasets for MTL.
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Algorithm 19 Multi-task Learning of MRC with mixture ratio, targeting D,

Input: K different datasets Dy, ..., Dy, mixture ratio o
1: for epoch= 1,2, ... do
2:  Divide each dataset Dy, into N, mini-batches Dy, = {0}, ....,0% },1 <k < K
30 S {by,...,by,}
4 Randomly pick |«/N; | mini-batches from UkK:2 D). and add to S
5: Randomly shuffle minibatches in .S to obtain a sequence B = (by, ..., by ), where L = | S|
6: for each mini-batch b € B do
7 Perform gradient update on model M with loss [(b) = >~ p ajep [(@, P, A)
8 end for
9: end for

7.3.2 Sample Re-Weighting

The mixture ratio (Algorithm dramatically improves the performance of our system. However,
it requires to find an ideal ratio by hyperparameter search which is time-consuming. Furthermore,
the ratio gives the same weight to every auxiliary data, but the relevance of every data point to the
target task can vary greatly.

We develop a novel re-weighting method to resolve these problems, using ideas inspired by
data selection in machine translation [16, 167]. We use (Q*, P*, A¥) to represent a data point
from the k-th task for 1 < k£ < K, with £ = 1 being the target task. Since the passage styles
are hard to evaluate, we only evaluate data points based on Q* and A*. Note that only data from
auxiliary task (2 < k < K) is re-weighted; target task data always have weight 1.

Our scores consist of two parts, one for questions and one for answers. For questions, we
create language models (detailed in Section [/.4.2) using questions from each task, which we
represent as L M), for the k-th task. For each question Q* from auxiliary tasks, we compute a
Cross-entropy score:

Heal@) =~ 37 loa(LMc(w), 12)

weRk

where C' € {1,k} is the target or auxiliary task, m is the length of question Q*, and w iterates
over all words in QF.

It is hard to build language models for answers since they are typically very short (e.g., answers
on SQuAD includes only one or two words in most cases). We instead just use the length of
answers as a signal for scores. Let [* be the length of A*, the cross-entropy answer score is defined
as:

Heoa(AF) = —log freq(12), (7.3)

where freqc is the frequency of answer lengths in task C' € {1, k}.
The cross entropy scores are then normalized over all samples in task C' to create a comparable
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metric across all auxiliary tasks:

;e Heoo(QF) —min(Heg)
Hc,Q(Q ) = maX(Hc,Q) _ min(Hc,Q)
HQA(Ak) — min(HcyA)
max(He 4) — min(He )

(7.4)

Hg 4(AY) = (7.5)
forC € {1,2,..., K}. For C € {2, ..., K}, the maximum and minimum are taken over all samples
in task k. For C' = 1 (target task), they are taken over all available samples.

Intuitively, H¢ o and H(, 4 represents the similarity of text @, A to task C; a low Hg g
(resp. H¢ 4) means that QF (resp. A¥) is easy to predict and similar to C, and vice versa. We
would like samples that are most similar from data in the target domain (low H/), and most
different (informative) from data in the auxiliary task (high H;). We thus compute the following
cross-entropy difference for each external data:

CED(Q", A*) =(H1 ,(Q") — H (Q"))+
(Hi 4(A%) — H; 4(AY)) (7.6)

for k € {2, ..., K'}. Note that a low CED score indicates high importance. Finally, we transform
the scores to weights by taking negative, and normalize between [0, 1]:

CED(Q*, A*) — min(CED)
"~ max(CED) — min(CED)

CED'(Q", A%) =1 (7.7)
Here the maximum and minimum are taken over all available samples and task. Our training
algorithm is the same as Algorithm 1, but for minibatch b we instead use the loss

(b= Y CED(QA)I(PQ,A) (7.8)

(P7Q7A)€b

in step[6] We define CED'(Q*, A') = 1 for all target samples (P*, @', A').

7.4 Experiment Results

Our experiments are designed to answer the following questions on multi-task learning for MRC:
1. Can we improve the performance of existing MRC systems using multi-task learning?

2. How does multi-task learning affect the performance if we combine it with other external data?
3. How does the learning algorithm change the performance of multi-task MRC?

4. How does our method compare with existing MTL methods?

We first present our experiment details and results for MT-SAN. Then, we provide a comprehensive
study on the effectiveness of various MTL algorithms in Section At last, we provide some
additional results on combining MTL with DrQA [48] to show the flexibility of our approach

"We include the results in the appendix due to space limitations.
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7.4.1 Datasets

We conducted experiments on SQuAD (Rajpurkar et al., 2016), NewsQA[163], MS MARCO (v1,
Nguyen et al.;,2016) and WDW [[134]. Dataset statistics is shown in Table Although similar
in size, these datasets are quite different in domains, lengths of text, and types of task. In the
following experiments, we will validate whether including external datasets as additional input
information (e.g., pre-trained language model on these datasets) helps boost the performance of
MRC systems.

Dataset SQuAD(vl) | NewsQA | MS MARCO(v1) WDW
# Training Questions 87,599 92,549 78,905 127,786
Text Domain Wikipedia | CNN News Web Search Gigaword Corpus
Avg. Document Tokens 130 638 71 365
Answer type Text span Text span | Natural sentence Cloze
Avg. Answer Tokens 3.5 4.5 16.4 N/A

Table 7.1: Statistics of the datasets. Some numbers come from [159].

7.4.2 Experiment Details

We mostly focus on span-based datasets for MT-SAN, namely SQuAD, NewsQA, and MS
MARCO. We convert MS MARCO into an answer-span dataset to be consistent with SQuAD
and NewsQA, following [[115]. For each question, we search for the best span using ROUGE-L
score in all passage texts and use the span to train our model. We exclude questions with maximal
ROUGE-L score less than 0.5 during training. For evaluation, we use our model to find a span in
all passages. The prediction score is multiplied with the ranking score, trained following Liu et al.
[116]’s method to determine the final answer.

We train our networks using algorithms in Section|[/.3| using SQuAD as the target task. For
experiments with two datasets, we use Algorithm [I9} for experiments with three datasets we find
the re-weighting mechanism in Section to have a better performance (a detailed comparison
will be presented in Section [7.4.4).

For generating sample weights, we build a LSTM language model on questions following the
implementation of Merity et al. [128] with the same hyperparameters. We only keep the 10,000
most frequent words, and replace the other words with a special out-of-vocabulary token.

Parameters of MT-SAN are mostly the same as in the original paper [115)]. We utilize spaC
to tokenize the text and generate part-of-speech and named entity labels. We use a 2-layer
BiLSTM with 125 hidden units as the BiLSTM throughout the model. During training, we drop
the activation of each neuron with 0.3 probability. For optimization, we use Adamax [108] with a
batch size of 32 and a learning rate of 0.002. For prediction, we compute an exponential moving
average (EMA, Seo et al.|2016) of model parameters with a decay rate of 0.995 and use it to
compute the model performance. For experiments with ELMo, we use the model implemented by

Zhttps://spacy.io
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AllenNLP ﬂ We truncate passage to contain at most 1000 tokens during training and eliminate
those data with answers located after the 1000th token. The training converges in around 50
epochs for models without ELMo (similar to the single-task SAN); For models with ELMo, the
convergence is much faster (around 30 epochs).

7.4.3 Performance of MT-SAN

In the following sub-sections, we report our results on SQUAD and MARCO development sets, as
well as on the development and test sets of NewsQA ﬂ All results are single-model performance
unless otherwise noted.

The multi-task learning results of SAN on SQuAD are summarized in Table By using
MTL on SQuAD and NewsQA, we can improve the exact-match (EM) and F1 score by (2%,
1.5%), respectively, both with and without ELMo. The similar gain indicates that our method is
orthogonal to ELMo. Note that our single-model performance is slightly higher than the original
SAN, by incorporating EMA and highway networks. By incorporating with multi-task learning, it
further improves the performance. The performance gain by adding MARCO is relatively smaller,
with 1% in EM and 0.5% in F1. We conjecture that MARCO is less helpful due to its differences
in both the question and answer style. For example, questions in MS MARCO are real web search
queries, which are short and may have typos or abbreviations; while questions in SQuAD and
NewsQA are more formal and well written.

Using 3 datasets altogether provides another marginal improvement. Our model obtains the
best results among existing methods that do not use a large language model (e.g., ELMo). Our
ELMo version also outperforms any other models which are under the same setting. We note that
BERT [65] uses a much larger model than ours(around 20x), and we leave the performance of
combining BERT with MTL as interesting future work.

The results of multi-task learning on NewsQA are in Table The performance gain with
multi-task learning is even larger on NewsQA, with over 2% in both EM and F1. Experiments
with and without ELMo give similar results. What is worth noting is that our approach not only
achieves new state-of-art results with a large margin but also surpasses human performance on
NewsQA.

Finally we report MT-SAN performance on MS MARCO in Table Multi-tasking on
SQuAD and NewsQA provides a similar performance boost in terms of BLEU-1 and ROUGE-L
score as in the case of NewsQA and SQuAD. Our method does not achieve very high performance
compared to previous work, probably because we do not apply common techniques like yes/no
classification or cross-passage ranking [[176].

We also test the robustness of our algorithm by performing another set of experiments on
SQuAD and WDW. WDW is much more different than the other three datasets (SQuAD, NewsQA,
MS MARCO): WDW guarantees that the answer is always a person, whereas the percentage of
such questions in SQuUAD is 12.9%. Moreover, WDW is a cloze dataset, whereas in SQuAD and
NewsQA answers are spans in the passage. We use a task-specific answer layer in this experiment

3https://allennlp.org/

4The official submission for SQUAD v1.1 and MARCO v1.1 are closed, so we report results on the development
set. According to their leaderboards, performances on development and test sets are usually similar.
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Model

Dev Set Performance

Single Model without Language Models EM,F1
BiDAF [149]] 67.7,71.3
SAN [115] 76.24, 84.06
MT-SAN on SQuAD (single task, ours) 76.84, 84.54
MT-SAN on SQuAD+NewsQA (ours) 78.60, 85.87
MT-SAN on SQuUAD+MARCO(ours) 77.79, 85.23
MT-SAN on SQuAD+NewsQA+MARCO(ours) 78.72, 86.10
Single Model with ELMo

SLQA+ [I174] 80.0, 87.0
MT-SAN on SQuAD (single task, ours) 80.04, 86.54
MT-SAN on SQuAD+NewsQA (ours) 81.36, 87.71
MT-SAN on SQuUAD+MARCO(ours) 80.37, 87.17
MT-SAN on SQuAD+NewsQA+MARCO(ours) 81.58, 88.19
BERT [65] 84.2,91.1
Human Performance (test set) 82.30,91.22

Table 7.2: Performance of our method to train SAN in multi-task setting, competing published
results, leaderboard results and human performance, on SQuAD dataset (single model). Note that
BERT uses a much larger language model, and is not directly comparable with our results. We
expect our test performance is roughly similar or a bit higher than our dev performance, as is the
case with other competing models.

Model Dev Set Test Set
Model W/o ELMo EM,F1 EM, F1
Match-LSTM! 34.4,49.6 34.9,50.0
FastQA? 43.7,56.1 42.8,56.1
AMANDA? 48.4,63.3 48.4,63.7
MT-SAN (Single task) 55.8,67.9 55.6, 68.0
MT-SAN (S+N) 57.8,69.9 58.3,70.7
Model With ELMo

MT-SAN (Single task) 57.7,70.4 57.0,70.4
MT-SAN (S+N) 60.1,72.5 59.9,72.6
Human Performance - 46.5, 69.4
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Table 7.3: Performance of our method to train SAN in multi-task setting, with published results
and human performance on NewsQA dataset. All SAN results are from our models. “S+N” means
jointly training on SQUAD and NewsQA References: !: implemented by Trischler et al.[(2016).
2:Weissenborn et al.(2017). *: Kundu and Ng(2018).

and use Algorithm[I9} the WDW answer module is the same as in AS Reader [[102]], which we



Model Scores
Single Model W/o ELMo

FastQAExt! (test set) 33.99, 32.09
Reasonet++2 38.62, 38.01
V-Net? -,45.65
SAN* 43.85, 46.14
MT-SAN 34.13, 42.65
MT-SAN: SQUAD+MARCO 34.29, 43 .47
MT-SAN: 3 datasets 36.99, 43.64
Single Model With ELMo

MT-SAN 34.57, 42.88
MT-SAN: SQUAD+MARCO 37.02, 43.89
MT-SAN: 3 datasets 37.12,44.12
Human Performance (test set) 48.02, 49.72

Table 7.4: Performance of our method to train SAN in multi-task setting, competing pub-
lished results and human performance, on MS MARCO dataset. The scores stand for (BLEU-1,
ROUGE-L) respectively. All SAN results are our results. “3 dataset” means we train using
SQuAD+NewsQA+MARCO. References: !: [177]]. ?: implemented by [[153]]. :[176]]. *: [115]

Model SQuAD WDW
MT-SAN (Single Task) 76.8,84.5 77.5
MT-SAN (S+W) 77.6,85.1 78.5
SOTA 86.2,92.2 71.7

Human Performance 82.3,91.2 84

Table 7.5: Performance of MT-SAN on SQuAD Dev and WDW test set. Accuracy is used to
evaluate WDW. “S+W” means jointly training on SQuAD and WDW. State of the art (STOA)

result comes from [197]].

Model EM, F1 +/-
QANet 73.6,82.7 0.0,0.0
QANet + BT 75.1,83.8 +1.5,+1.1
SAN 76.8,84.5 0.0,0.0
MT-SAN 78.7,86.0 +1.9,+1.5
SAN + ELMo 80.0, 86.5 +3.2,42.0
MT-SAN + ELMo 81.6,88.2 +4.8, +3.7

Table 7.6: Comparison of methods to use external data.

describe in the appendix for completeness. Despite these

BT stands for back translation [[198]].

large difference between datasets, our

results (Table show that MTL can still provide a moderate performance boost when jointly
training on SQuAD (around 0.7%) and WDW (around 1%).
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Model Performance

SQuAD + MARCO EM,F1
Simple Combine (Alg. 77.1, 84.6
Loss Uncertainty 77.3,84.7
Mixture Ratio 77.8,85.2
Sample Re-weighting 77.9,85.3
SQuAD + NewsQA + MARCO

Simple Combine (Alg. 77.6, 85.2
Loss Uncertainty 78.2,85.6
Mixture Ratio 78.4,85.7
Sample Re-weighting 78.8, 86.0

Table 7.7: Comparison of different MTL strategies on MT-SAN. Performance is on SQuAD.
Loss Uncertainty is from Kendall et al. [107].

Samples/Groups CED' | Hg Hx
. - itting?

(NestA? Q: Where is the drought hitting? 0824 | 0732 | 0.951

A: Argentina

(MARCO) Q: thoracic cavity definition

A: is the chamber of the human body ... and fascia.

Examples
0.265 | 0.332 | 0.240

Samples in NewsQA 0.710 | 0.593 | 0.895
Averages Samples in MARCO 0.587 | 0.550 | 0.669
MARCO Questions that start with “When” or “Who” | 0.662 | 0.605 | 0.761
All samples 0.654 | 0.573 | 0.791

Table 7.8: Scores for examples from NewsQA and MS MARCO and average scores for specific
groups of samples. CED' is as in (7.7), while Hg and H 4 are normalized version of question
and sample scores. “Sum” are the actual scores we use, and “LM”, “Answer” are scores from
language models and answer lengths.

Comparison of methods using external data. As a method of data augmentation, we compare
our approach to previous methods for MRC in Table Our model achieves better performance
than back translation. We also observe that language models such as ELMo obtain a higher
performance gain than multi-task learning, however, combining it with multi-task learning leads
to the most significant performance gain. This validates our assumption that multi-task learning is
more robust and is different from previous methods such as language modeling.

7.4.4 Comparison of Different MTL Algorithms

In this section, we provide ablation studies as well as comparisons with other existing algorithms
on the MTL strategy. We focus on MT-SAN without ELMo for efficient training.

Table compares different multi-task learning strategies for MRC. Both the mixture ratio
(Sec and sample re-weighting (Sec improves over the naive baseline of simply com-
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Figure 7.1: Effect of the mixture ratio on the performance of MT-SAN. Note that « = 0 is
equivalent to single task learning, and o = 1 is equivalent to simple combining.

bining all the data (Algorithm [I8). On SQUAD+MARCO, they provide around 0.6% performance
boost in terms of both EM and F1, and around 1% on all 3 datasets. We note that this accounts
for around a half of our overall improvement. Although sample re-weighting performs similar as
mixture ratio, it significantly reduces the amount of training time as it eliminates the need for a
grid searching the best ratio. Kendal et al., (2017)) use task uncertainty to weight tasks differently
for MTL; our experiments show that this has some positive effect, but does not perform as well as
our proposed two techniques. We note that Kendal et al. (as well as other previous MTL methods)
optimizes the network to perform well for all the tasks, whereas our method focuses on the target
domain which we are interested in, e.g., SQuAD.

Sensitivity of mixture ratio. We also investigate the effect of mixture ratio on the model
performance. We plot the EM/F1 score on SQuAD dev set vs. mixture ratio in Figure for
MT-SAN when trained on all three datasets. The curve peaks at « = 0.4; however if we use
a = 0.2 or « = 0.5, the performance drops by around 0.5%, well behind the performance of
sample re-weighting. This shows that the performance of MT-SAN is sensitive to changes in «,
making the hyperparameter search even more difficult. Such sensitivity suggests a preference for
using our sample re-weighting technique. On the other hand, the ratio based approach is pretty
straightforward to implement.

Analysis of sample weights. Dataset comparisons in Table and performance in Table
suggests that NewsQA share more similarity with SQuAD than MARCO. Therefore, a MTL
system should weight NewsQA samples more than MARCO samples for higher performance.
We try to verify this in Table[/.8|by showing examples and statistics of the sample weights. We
present the CED’ scores, as well as normalized version of question and answer scores (resp.
(Hy o — Hj. o) and (Hj 4 — Hj, ,) in (7.6), and then negated and normalized over all samples in
NewsQA and MARCO in the same way as in (7.7))). A high H, score indicates high importance
of the question, and H 4 of the answer; CED’ is a summary of the two. We first show one example
from NewsQA and one from MARCO. The NewsQA question is a natural question (similar to
SQuAD) with a short answer, leading to high scores both in questions and answers. The MARCO
question is a phrase, with a very long answer, leading to lower scores. From overall statistics, we
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Setup SQuAD (vl) SQuAD (v2) NewsQA WDW
Single Dataset 69.5,78.8 (paper) 61.9,65.2 51.9, 64.6 75.8
68.6, 77.8 (ours)
MT-DrQA on Sv1+NA 70.2,79.3 -,- 52.8, 65.8 -
MT-DrQA on Sv1+W 69.2,78.4 -,- -,- 75.7
MT-DrQA on SvI+N+W 70.2,79.3 -- 53.1, 65.7 75.4
MT-DrQA on Sv2+N - 63.6, 66.7 52.7, 65.7 -
MT-DrQA on Sv2+W -- 63.5, 66.3 -- 75.4
MT-DrQA on Sv2+N+W -- 63.1, 66.3 52.5,65.6 75.3
SOTA (Single Model) 80.0, 87.0 72.3,74.8 | 48.4, 63.7 (test) | 71.7 (test)
MT-DrQA (Best) 70.2,79.3 63.6, 66.7 | 53.0, 66.2(test) | 75.4 (test)
Human Performance (test) 82.3,91.2 86.8, 89.5 46.5, 69.4 84

Table 7.9: Single model performance of our method to train DrQA on multi-task setting, as well
as state-of-the-art (SOTA) results and human performance. SQuUAD and NewsQA performance
are measured by (EM, F1), and WDW by accuracy percentage. All results are on development
set unless otherwise noted by “test”. Published SOTA results come from [92, [111} 174, [197]
respectively.

also find samples in NewsQA have a higher score than those in MARCO. However, if we look at
MARCO questions that start with “when” or “who” (i.e., probability natural questions with short
answers), the scores go up dramatically.

7.4.5 Additional Experiments on DrQA

To demonstrate the flexibility of our approach, we also adapt DrQA [48] into our MTL framework.
We only test DrQA using the basic Algorithm [I9] since our goal is mainly to test the MTL
framework.

Model Architecture. Similar to MT-SAN, we add a highway network after the lexicon encoding
layer and the contextual encoding layer and use a different answer module for each dataset. We
apply MT-DrQA to a broader range of datasets. For span-detection datasets such as SQuAD, we
use the same answer module as DrQA. For cloze-style datasets like Who-Did-What, we use the
attention-sum reader [102] as the answer module. For classification tasks required by SQuAD
v2.0 [141], we apply a softmax to the last state in the memory layer and use it as the prediction.
Performance of MT-DrQA. We apply MT-DrQA to SQuAD (v1.1 and v2.0), NewsQA, and
WDW. We follow the setup of [48] for model architecture and hyperparameter setup. We use
Algorithm (18] to train all MT-DrQA models. Different than [141], we do not optimize the
evaluation score by changing the threshold to predict unanswerable question for SQuAD v2.0; we
just use the argmax prediction. As a result, we expect the gap between dev and test performance
to be lower for our model. The results of MT-DrQA are presented in Table The results
of combining SQuAD and NewsQA obtain similar performance boost as our SAN experiment,
with a performance boost between 1-2% in both EM and F1 for the two datasets. The results
of MTL including WDW is different: although adding WDW to SQuAD still brings a marginal
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performance boost to SQuAD, the performance on WDW drops after we add SQuAD and
NewsQA into the training process. We conjecture that this negative transfer phenomenon is
probably because of the drastic difference between WDW and SQuAD/NewsQA, both in their
domain, answer type, and task type; and DrQA might not be capable of caputuring all these
features using just one network. We leave the problem of further preventing such negative transfer
to future work.

7.5 Conclusion

We proposed a multi-task learning framework to train MRC systems using datasets from different
domains and developed two approaches to re-weight the samples for multi-task learning on MRC
tasks. Empirical results demonstrated our approaches outperform existing MTL methods and the
single-task baselines as well. Interesting future directions include combining with larger language
models such as BERT, and MTL with broader tasks such as language inference [[119] and machine
translation.
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Chapter 8

Multi-Source Transfer Learning for
Natural Language Understanding in the
Medical Domain

Recent advancement in NLP such as BERT [65] has facilitated great improvements in many
Natural Language Understanding (NLU) tasks [119]]. BERT first trains a language model on
an unsupervised large-scale corpus, and then the pretrained model is fine-tuned to adapt to
downstream NLU tasks. This fine-tuning process can be seen as a form of transfer learning, where
BERT learns knowledge from the large-scale corpus and transfer it to downstream tasks.

We investigate NLU in the medical (scientific) domain, during the MEDIQA 2019 shared
tasks competition. The MEDIQA 2019 shared tasks [34] aim to improve the current state-of-the-
art systems for textual inference, question entailment and question answering in the medical
domain. This ACL-BioNLP 2019 shared task is motivated by a need to develop relevant methods,
techniques and gold standards for inference and entailment in the medical domain and their
application to improve domain-specific information retrieval and question answering systems.
The shared task consists of three parts: 1) natural language inference (NLI) on MedNLlI, ii)
Recognizing Question Entailment (RQE), and iii) Question Answering (QA).

To fit BERT to medical domain NLU, we need to adapt to 1) The change from general domain
corpus to scientific language; ii) The change from low-level language model tasks to complex
NLU tasks. Although there is limited training data in NLU in the medical domain, we fortunately
have pre-trained models from two intermediate steps:

¢ General NLU embeddings: We use MT-DNN [119] trained on GLUE benchmark[[172].

MT-DNN is trained on 10 tasks including NLI, question equivalence, and machine com-
prehension. These tasks correspond well to the target MEDIQA tasks but in different
domains.

e Scientific embeddings: We use SciBERT [33], which is a BERT model, but trained on
SemanticScholar scientific papers. Although SciBERT obtained state-of-the-art results on
several single-sentence tasks, it lacks knowledge from other NLU tasks such as GLUE.

In this chapter, we investigate different methods to combine and transfer the knowledge from the
two different sources and illustrate our results on the MEDIQA shared task. We name our method
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Figure 8.1: Illustration of the proposed multi-source multi-task learning method.

as DoubleTransfer, since it transfers knowledge from two different sources. Our method is based
on fine-tuning both MT-DNN and SciBERT using multi-task learning, which has demonstrated
the efficiency of knowledge transformation [43, 113,119, 191], and integrating models from both
domains with ensembles.

8.1 Related Works

Transfer learning has been widely used in training models in the medical domain. For example,
Romanov and Shivade [1435] leveraged the knowledge learned from SNLI to MedNLI; a transfer
from general domain NLI to medical domain NLI. They also employed word embeddings trained
on MIMIC-III medical notes, which can be seen as a language model in the scientific domain.
SciBERT [33]] studies transferring knowledge from SciBERT pretrained model to single-sentence
classification tasks. Our problem is unique because of the prohibitive cost to train BERT: Either
BERT or SciBERT requires a very long time to train, so we only explore how to combine the
existing embeddings from SciBERT or MT-DNN. Transfer learning is also widely used in other
tasks of NLP, such as machine translation [22]] and machine reading comprehension [[191].

8.2 Methods

We propose a multi-task learning method for the medical domain data. It employs datasets/tasks
from both medical domain and external domains, and leverage the pre-trained model such as
MT-DNN and SciBERT for fine-tuning. An overview of the proposed method is illustrated in
Figure To further improve the performance, we propose to ensemble models trained from
different initialization in the evaluation stage. Below we detail our methods for fine-tuning and
ensembles.

8.2.1 Fine-tuning details

Algorithm. We fine-tune the two types of pre-trained models on all the three tasks using multi-
task learning. As suggested by MEDIQA paper, we also fine-tune our model on MedQuAD [1]], a
medical QA dataset. We will provide details for fine-tuning on these datasets in Section [8.2.3]
We additionally regularize the model by also training on MNLI [179]. To prevent the negative
transfer from MNLI, we put a larger weight on MEDIQA data by sampling MNLI data with less
probability. Our algorithm is presented in Algorithm [20]and illustrated as Figure which is a
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Algorithm 20 Multi-task Fine-tuning with External Datasets

Input: In-domain datasets Dy, ..., Dg,, External domain datasets Dk, 41, ..., Dk,, max_epoch,
mixture ratio «

1: Initialize the model M

2: for epoch= 1, 2, ..., max_epoch do

3:  Divide each dataset Dy, into N}, mini-batches Dy, = {bf,...,0% }, 1 <k < K,

4. S<—D1UD2U"'UDK1

5: N(—N1+N2+—|—NK1

6 Randomly pick |« /N | mini-batches from Ufﬁ x, Drandadd to S

7 Assign mini-batches in S in a random order to obtain a sequence B = (by, ..., br,), where
L =N+ |aN|

8: for each mini-batch b € B do

9: Perform gradient update on M with loss [(b) = > o, (51, 52)
10: end for
11: Evaluate development set performance on Dy, ..., Dk,
12: end for

Output: Model with best evaluation performance

mixture ratio method for multi-task learning inspired by Xu et al. [191]. We start with in-domain
datasets Dy, ...Dg, (i.e., the MEDIQA tasks, K; = 3) and external datasets Dy, 11, ..., Dk, (in
this case MNLI). We cast all the training samples as sentence pairs (s, s2) € Dg, k= 1,2, ..., Ks.
In each epoch of training, we use all mini-batches from in-domain data, while only a small
proportion (controlled by « ) of mini-batches from external datasets are used to train the model.
In our experiments, the mixture ratio « is set to 0.5. We use MedNLI, RQE, QA, and MedQuAD
in medical domain as in-domain data and MNLI as external data. For MedNLI, we additionally
find that using MedNLI as in-domain data and RQE, QA, MedQuAD as external data can also
help boost performance. We use models trained using both setups of external data for ensembling.
Pre-trained Models. We use three different types of initialization as the starting point for fine-
tuning: 1) the uncased MT-DNN large model from Liu et al. [119], i1) the cased knowledge-distilled
MT-DNN model from Liu et al. [[118], and iii) the uncased SciBERT model [33]]. We add a simple
softmax layer (or linear layer for QA and MedQuAD tasks) atop BERT as the answer module for
fine-tuning. For initialization in step[I]in Algorithm[20] we initialize all BERT weights with the
pretrained weights, and randomly initialize the answer layers. After multi-task fine-tuning, the
joint model is further fine-tuned on each specific task to get better performance. We detail the
training loss and fine-tuning process for each task in Section [8.2.3]

Objectives. MedNLI and RQE are binary classification tasks, and we use a cross-entropy loss.
Specifically, for a sentence pair X we compute the loss

£(X) = = 31X, ) log (P, (c| X)),

where c iterates over all possible classes, 1(X, ¢) is the binary indicator (0 or 1) if class label c is
the correct classification for X, and P, (c|X) is the model prediction for probability of class ¢ for
sample X.
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We formulate QA and MedQuAD as regression tasks, and thus a MSE loss is used. Specifically,
for a question-answer pair (), A) we compute the MSE loss as

L(Q, A) = (y — score(Q, A))%,

where y is the target relevance score for pair (@), A), and score(Q), A) is the model prediction for
the same pair.

8.2.2 Model Ensembles

After fine-tuning, we ensemble models trained from MT-DNN and SciBERT, and using different
setups of in-domain and external datasets. The traditional methods typically fuse models by
averaging the prediction probability of different models. For our setting, the in-domain data is
very limited and it tends to overfit; this means the predictions can be arbitrarily close to 1, favoring
to more over-fitting models. To prevent over-fitting, we ensemble the models by using a majority
vote on their predictions, and resolving ties using sum of prediction probabilities. Suppose we
have M models, and the m-th model predicts the answer p,, for a specific question. For the
classification task (MedNLI and RQE), we have p,,, € RY, where C'is the number of categories.
Let ¢, = arg max; ﬁ%) be the prediction of model m, where 1357? is the ¢-th dimension of p,,. The
final prediction is chosen as

M

Z)ensemble = arg max Z ﬁ%)

yemaj({gm }_1) ey

In other words, we first obtain the majority of predictions by computing the majority maj({g, }*_,),
and resolve the ties by computing the sum of prediction probabilities Z%ﬂ ﬁ,(f:f). For QA tasks
(QA and MedQuAD), the task is cast as a regression problem, where a positive number means
correct answer, and negative otherwise. We have p,, € R. We first compute the average score
Pensem = ﬁ Z%:l Pm- We also compute the prediction as ¢, = I(p,, > 0), where [ is the
indicator function. We compute the ensemble prediction through a similar majority vote as the
classification case:

1, it SN G > M2

Yensem = 3 0, it Mg, < M/2
I(Pensem > 0), otherwise.

To be precise, we predict the majority if a tie does not exist, or the sign of Pepser Otherwise. The
final ranking of answers is carried out by first rank the (predicted) positive answers, and then the
(predicted) negative answers.

8.2.3 Dataset-Specific Details

MedNLI: Since the MEDIQA shared task uses a different test set than the original MedNLI
dataset, we merge the original MedNLI development set into the training set and use evaluation
performance on the original MedNLI test set. Furthermore, MedNLI and MNLI are the same NLI
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tasks, thus, we shared final-layer classifiers for these two tasks. For MedNLI, we find that each
consecutive 3 samples in all the training set contain the same premise with different hypothesizes,
and contains exactly 1 entail, 1 neutral and 1 contradiction. To the end, in our prediction, we
constrain the three predictions to be one of each kind, and use the most likely prediction from the
model prediction probabilities.

RQE: We use the clinical question as the premise and question from FAQ as the hypothesis. We
find that the test data distribution is quite different from the train data distribution. To mitigate
this effect, we randomly shuffle half of the evaluation data into the training set and evaluate on the
remaining half.

QA: We use the answer as the premise and the question as the hypothesis. The QA task is cast as
both a ranking task and a classification task. Each question is associated with a relevance score in
{1,2,3,4}, and an additional rank over all the answers for a specific question is given. We use a
modified score to incorporate both information: suppose there are m questions with relevance
score s € {1,2,3,4}. Then the i-th most relevant answer in these m questions get modified score
5 — % In this way the scores are uniformly distributed in (s — 1, s|]. We shift all scores by —2
so that a positive score leads to a correct answer and vice versa. We also tried pairwise losses to
incorporate the ranking but did not find it to boost the performance very much.

We find that the development set distribution is inconsistent with test data - the training and
test set consist of both LiveQAMed and Alexa questions, whereas the development set seems to
only contain LiveQAMed questions. We shuffle the training and development set to make them
similar: We use the last 25 questions in original development set (LiveQAMed questions) and
the last 25 Alexa questions (from the original training set) as our development set, and use the
remaining questions as our training set. This results in 1,504 training pairs and 431 validation
pairs. Due to the limited size of the QA dataset, we use cross-validation that divides all pairs
into 5 slices and train 5 models by using each slice as a validation set. We train MT-DNN and
SciBERT on both these 5 setups and obtain 10 models, and ensemble all the 10 models obtained.
MedQuAD: We use 10,109 questions from MedQuAD because the remaining questions are not
available due to copyright issues. The original MedQuAD dataset only contains positive question
pairs. We add negative samples to the dataset by randomly sampling an answer from the same
web page. For each positive QA pair, we add two negative samples. The resulting 30,327 pairs
are randomly divided into 27,391 training pairs and 2,936 evaluation pairs. Then we use the
same method as QA to train MedQuAD; we also share the same answer module between QA and
MedQuAD.

8.2.4 Implementation and Hyperparameters

We implement our method using PyTorclﬂ and Pytorch—pretrained—BERTEl, as an extension to MT-
DNNﬂ We also use the pytorch-compatible SciBERT pretrained model provided by AllenNLPﬂ
Each training example is pruned to at most 384 tokens for MT-DNN models and 512 tokens for
SciBERT models. We use a batch size of 16 for MT-DNN, and 40 for SciBERT. For fine-tuning,

https://pytorch.org/
https://github.com/huggingface/pytorch-pretrained-BERT
3https://github.com/namisan/mt-dnn
4https://github.com/allenai/scibert
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Model Dev Set  Test Set
WTMed - 98.0
PANLP - 96.6
Ours 91.7 93.8
Sieg - 91.1
SOTA 76.6 -

Table 8.1: The leaderboard for MedNLI task (link)). Scores are accuracy(%). Our method ranked
the 3rd on the leaderboard. Previous SOTA method was from [145]], on the original MedNLI test
set (used as dev set here).

Model Dev Set  Test Set
PANLP - 74.9
Sieg - 70.6
IIT-KGP - 68.4
Ours 91.7 66.2

Table 8.2: The leaderboard for RQE task (link). Scores are accuracy(%). Our method ranked the
7th on the leaderboard.

we train the models for 20 epochs using a learning rate of 5 x 107°. After that, we further fine-tune
the model from the best multi-task model for 6 epochs for each dataset, using a learning rate
of 5 x 107%. We ensemble all models with an accuracy larger than 87.7 for MedNLI, 83.5 for
shuffled RQE, and 83.0 for QA. We ensemble 4 models for MedNLI, 14 models for RQE. For QA,
we ensemble 10 models from cross-validation and 7 models using the normal training-validation
approach.

8.3 Experiment Results

In this section, we provide the leaderboard performance and conduct an analysis of the effect of
ensemble models from different sources.

8.3.1 Test Set Performance and LeaderBoards

The results for MedNLI dataset is summarized in Table[8.1] Our method ends up the 3rd place on
the leaderboard and substantially improving upon previous state-of-the-art (SOTA) methods.

The results for RQE dataset is summarized in Table 8.2 Our method ends up the 7th place on
the leaderboard. Our method has a very large discrepancy between the dev set performance and
test set performance. We think this is because the test set is quite different from dev set, and that
the dev set is very small and easy to overfit to.

The results for QA dataset is summarized in Table Our method reaches the first place on
the leaderboard based on accuracy and precision score and 3rd-highest MRR. We note that the
Spearman score is not consistent with other scores in the leaderboard; actually, the Spearman
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Model Acc Spearman Precision MRR
Ours 78.0 0.238 8191  0.937

PANLP |77.7 0.180 78.1 0.938
Pentagon |76.5 0.338 77.7 0.962
DUT-BIM|74.5 0.106 74.7 0.906

Table 8.3: The leaderboard for QA task (link). Our method ranked #1 on the leaderboard in terms
of Acc (accuracy). The Spearman score is not consistent with other scores in the leaderboard.

score is computed just based on the predicted positive answers, and a method can get very high
Spearman score by never predict positive labels.

8.3.2 Ensembles from Different Sources

We compare the effect of ensembling from different sources in Table We train 6 different
models with different randomizations, with initializations from MT-DNN (#1,#2,#3) and SciBERT
(#4, #5,#6) respectively. If we ensemble models with the same MT-DNN architecture, the resulting
model only has around 1.5% improvement in accuracy, compared to the numerical average of
the ensemble model accuracies (#1+#2+#3 and #4+#5+#6 in Table [8.4)). On the other hand, if
we ensemble three models from different sources (#1+#2+#5 and #1+#5+#6 in Table [8.4)), the
resulting model gains more than 3% in accuracy compared to the numerical average. This shows
that ensembling from different sources has a great advantage than ensembling from single-source
models.

8.3.3 Single-Model Performance

For completeness, we report the single-model performance on the MedNLI development set under
various multi-task learning setups and initializations in Table[8.5] (1) The Naive approach denotes
only MedNLI, RQE, QA, MedQuAD is considered as in-domain data in Algorithm 20| without any
external data; (2) The Ratio approach denotes that we consider MedNLI as in-domain data, and
RQE, QA, MedQuAD as external data in Algorithm (3) The Ratio+ MNLI approach denotes
that we consider MedNLI, RQE, QA, MedQuAD as in-domain data and MNLI as external data
in Algorithm Note that MNLI is much larger than the medical datasets, so if we use RQE,
QA, MedQuAD, MNLI as external data, the performance is very similar to the third setting. We
did not conduct experiments on single-dataset settings, as previous works have suggested that
multi-task learning can obtain much better results than single-task models [119,[191].

Overall, the best results are achieved via using SciBERT as the pre-trained model, and multi-
task learning with MNLI. The models trained by mixing in-domain data (the second setup) is also
competitive. We therefore use models from both setups for ensemble.
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Model Avg. Acc Esm. Acc

Single Model
#1, MT-DNN - 88.61
#2, MT-DNN - 88.33
#3, MT-DNN - 87.84
#4, SciBERT - 88.19
#5, SciBERT - 87.70
#6, SciBERT - 87.21
Ensemble Model
#1+#2+#3, MT-DNN 88.26 89.7
#4+#5+#6, SciBERT 87.70 89.2
#1+#2+#5, MultiSource 88.21 91.6
#1+#5+#6, MultiSource 87.84 90.4
#1-6, MultiSource 87.98 91.3

Table 8.4: Comparison of ensembles from different sources. Avg.Acc stands for average accuracy,
the numerical average of each individual model’s accuracy. Esm.Acc stands for ensemble accuracy,
the accuracy of the resulting ensemble model. For ensembles, MT-DNN means all the three
models are from MT-DNN, and similarly for SciBERT; MultiSource denotes the ensemble models
come from two different sources.

Init Model Naive Ratio Ratio+MNLI
MT-DNN 86.9 86.2 87.8
MT-DNN-KD | 87.5 88.2 88.8
SciBERT 87.1 87.0 89.4

Table 8.5: Single model performance on MedNLI developlment data. Naiive means simply
integrating all medical-domain data; Ratio means using MedNLI as in-domain data and other
medical domain data as external data; Ratio+MNLI means using medical domain data as in-domain
and MNLI as external.

8.4 Conclusion

We present new methods for multi-source transfer learning for the medical domain. Our results
show that ensembles from different sources can improve model performance much more greatly
than ensembles from a single source. Our methods are proved effective in the MEDIQA2019
shared task.
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Chapter 9

Conclusion and Discussion

Throughout this thesis, we develop various ways to incorporate diverse forms of information into
the machine learning and decision making process. The methodology in this thesis is both theoret-
ical and practical: We prove performance guarantees and minimax optimality for our algorithms,
while also demonstrating competitive performance on real-world datasets. The contribution of the
current thesis covers two main forms of such additional information, preferences and multi-task
learning.

¢ Learning from Preferences.We used comparisons to help accelerate the learning process
for classification, regression, multi-armed bandits and reinforcment learning problems.
In the applications that we consider, comparisons are available at a much cheaper cost
than direct queries; this includes many scenarios in clinical trials, material science and
information retrieval. Comparisons represents a tradeoff between label accuracy and amount
of information in the labels: Comparisons are cheaper and usually more accuracy than
direct labels, but a exact comparison carries less information than a exact direct label, since
it is binary. Through a effcient link between comparisons and direct labels, we show that
we are able to achieve the same performance using either comparisons or direct queries.
Therefore, the overall learning cost is reduced by replacing direct queries with comparisons.

We take two ways to incorporate comparisons into the learning process. In the first way, we
use comparisons to infer direct labels, and use inferred labels for the learning process. This
is the case for classification (Chapter [2)), regression (Chapter [3) and thresholding bandits
(Chapter[5)). In the second way, we use comparisons to directly optimize for the optimal
action in decision making, and direct labels are not necessarily needed. This is the case for
multi-armed bandits (Chapter {)) and reinforcement learning (Chapter [6)).

e Multi-Task and Transfer Learning. In multi-task and transfer learning, the additional
information comes from a similar from as the main task, but is from a different domain.
Our method to use sample-reweighting and multi-source transfer for learning from multiple
domains represents a outstanding example of how diverse forms of information are able to
help machine learning models gain additional performance boost.

In summary, we give an affirmative answer to the question we raised in Chapter I} We show
that the overall learning cost can be significantly reduced by learning with diverse forms of
information. Human beings are able to understand and answer various kinds of questions, and
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we believe that machines should not only ask direct queries on the very same domain. With
the increasing need of data from modern machine learning, our methods and insights can make
machine learning more accessible and practical to the human society. By incorporating preference
feedback and multi-task data into the machine learning algorithms, we increase the amount of
information that a machine can obtain for the task at hand.

Future Directions. While we have explored a few ways to incorporate diverse information
into machine learning, we believe that many future directions remain to further improve the amount
of information that a machine can take in. For learning from comparisons, one important question
is how to incorporate comparisons for even more complicated applications, e.g., reinforcement
learning with infinite state space, language generation or image generation tasks, and machine
translation. These tasks also have natural preference queries that can be elicited in an easier way
than direct queries.

More broadly, an important future direction is to find more intuitive ways to elicit the knowl-
edge from human labelers. In addition to comparisons and multiple domains, people have
considered learning from features[63]], from corrections[62]], from games [170], and many more.
An important question is to understand what effect do these diverse forms of information play in
the learning process, and how they can be transformed into guaranteed on the original learning
problem.
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