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Abstract

We consider the problem of Imitation Learn-
ing (IL) by actively querying noisy expert for
feedback. While imitation learning has been
empirically successful, much of prior work as-
sumes access to noiseless expert feedback which
is not practical in many applications. In fact,
when one only has access to noisy expert feed-
back, algorithms that rely on purely offline data
(non-interactive IL) can be shown to need a pro-
hibitively large number of samples to be success-
ful. In contrast, in this work, we provide an in-
teractive algorithm for IL that uses selective sam-
pling to actively query the noisy expert for feed-
back. Our contributions are twofold: First, we
provide a new selective sampling algorithm that
works with general function classes and multiple
actions, and obtains the best-known bounds for
the regret and the number of queries. Next, we ex-
tend this analysis to the problem of IL with noisy
expert feedback and provide a new IL algorithm
that makes limited queries.

Our algorithm for selective sampling leverages
function approximation, and relies on an online
regression oracle w.r.t. the given model class to
predict actions, and to decide whether to query
the expert for its label. On the theoretical side, the
regret bound of our algorithm is upper bounded
by the regret of the online regression oracle, while
the query complexity additionally depends on the
eluder dimension of the model class. We comple-
ment this with a lower bound that demonstrates
that our results are tight. We extend our selec-
tive sampling algorithm for IL with general func-
tion approximation and provide bounds on both
the regret and the number of queries made to the
noisy expert. A key novelty here is that our regret
and query complexity bounds only depend on the
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number of times the optimal policy (and not the
noisy expert, or the learner) go to states that have
a small margin.

1. Introduction

From the classic supervised learning setting to the more
complex problems like interactive Imitation Learning (IL)
(Ross et al., 2011), high-quality labels or supervision is often
expensive and hard to obtain. Thus, one wishes to develop
learning algorithms that do not require a label for every
data sample presented during the learning process. Active
learning or selective sampling is a learning paradigm that
is designed to reduce query complexity by only querying
for labels at selected data points, and has been extensively
studied in both theory and in practice (Agarwal, 2013; Dekel
et al., 2012; Hanneke & Yang, 2021; Zhu & Nowak, 2022;
Cesa-Bianchi et al., 2005; Hanneke & Yang, 2015).

In this work, we study selective sampling and its application
to interactive Imitation Learning (Ross et al., 2011). Our
goal is to design algorithms that can leverage general func-
tion approximation and online regression oracles to achieve
small regret on predicting the correct labels, and at the same
time minimize the number of expert queries made (query
complexity). Towards this goal, we first study selective
sampling which is an online active learning framework, and
provide regret and query complexity bounds for general
function classes (used to model the experts). Our key results
in selective sampling are obtained by developing a connec-
tion between the regret of the online regression oracles and
the regret of predicting the correct labels. Additionally, we
bound the query complexity using the eluder dimension
(Russo & Van Roy, 2013) of the underlying function class
used to model the expert. We complement our results with
a lower bound indicating that a dependence on an eluder
dimension like complexity measure is unavoidable in the
query complexity in the worst case. In particular, we provide
lower bounds in terms of the star number of the function
class—a quantity closely related to the eluder dimension.
Our new selective sampling algorithm, called SAGE, can
operate under fairly general modeling assumptions, loss
functions, and allows for multiple labels (i.e., multi-class
classification).
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We then extend our selective sampling algorithm to the in-
teractive IL framework proposed by (Ross et al., 2011) to
reduce the query complexity. While the DAgger algorithm
proposed by (Ross et al., 2011) has been extensively used
in various robotics applications (e.g., Ross et al. (2013);
Pan et al. (2018)), it often requires a large number of ex-
pert queries. There have been some efforts on reducing the
expert query complexity by leveraging ideas from active
learning (e.g., (Laskey et al., 2016; Brantley et al., 2020)),
however, these prior attempts do not have theoretical guar-
antees on bounding expert’s query complexity. In this work,
we provide the first provably correct algorithm for inter-
active IL with general function classes, called , which not
only achieves strong regret bounds in terms of maximizing
the underlying reward functions, but also enjoys a small
query complexity. Furthermore, we note that operates un-
der significantly weaker assumptions as compared to the
prior works, like (Ross et al., 2011), on interactive IL. In
particular, we only assume access to a noisy expert, as
compared to the prior works that assume that the expert
is noiseless. In fact, for the noisy setting, we show that
one can not even hope to learn from purely offline expert
demonstrations unless one has exponentially in horizon H
many samples. Such a strong separation does not hold in
the noiseless setting.

Our bounds depend on the margin of the noisy expert, which
intuitively quantifies the confidence level of the expert. In
particular, the margin is large for states where the expert is
very confident in terms of providing the correct labels, while
on the other hand, the margin is small on the states where
the expert is less confident and subsequently provides more
noisy labels as feedback. Such kind of margin condition
was missing in prior works, like (Ross et al., 2011), which
assumes that the expert can provide confident labels every-
where. Additionally, we note that our margin assumption
is quite mild as we only assume that the expert has a large
margin under the states that could be visited by the noise-
less expert (however, the states visited by the learner, or by
following the noisy expert, may not have a small margin).

We then extend our results to the multiple expert setting
where the learner has access to M many experts/teachers
who may have different expertise at different parts of the
state space. In particular, there is no expert who can sin-
glehandedly perform well on the underlying environment,
but an aggregation of their policies can lead to good perfor-
mance. Such an assumption holds in various applications
and has been recently explored in continuous control tasks
like robotics and discrete tasks like chess and Minigrid (Beli-
aev et al., 2022). For illustration, consider the game of chess,
where we can easily find experts that have non-overlapping
skills, e.g. some experts may have expertise on how to
open the game, and other experts may have expertise in
endgames. In this case, while no single expert can perform

well throughout the game, an aggregation of their policies
can lead to a good strategy that we wish to compete with.

Similar to the single expert setting, we model the expertise
of the experts in multiple expert setting using the concept of
margins. Different experts have different margin functions,
capturing the fact that experts may have different expertise
at different parts of the state space. Prior work from (Cheng
et al., 2020) also considers multiple experts in IL and pro-
vides meaningful regret bounds, however, their assumption
on the experts is much stronger than us: they assume that for
any state, there at least exists one expert who can achieve
high reward-to-go if the expert took over the control start-
ing from this state till the end of the episode. Furthermore,
(Cheng et al., 2020) considers the setting where one can
also query for the reward signals, whereas we do not require
access to any reward signals.

2. Contributions and Overview of Results

Selective Sampling Online selective sampling models
the interaction between a learner and an adversary over T’
rounds. At the beginning of each round of the interaction,
the adversary presents a context x; to the learner. After
receiving the context, the learner makes a prediction g; €
[K], where K denotes the number of actions. Then, the
learner needs to make a choice of whether or not to query
an expert who is assumed to have some knowledge about
the true label for all the presented contexts. The experts
knowledge about the true label is modeled via the ground
truth modeling function f*, which is assumed to belong to a
given function class F but is unknown to the learner. If the
learner decides to query for the label, then the expert will
return a noisy label y; sampled using f*. If the learner does
not query, then the learner does not receive any feedback in
this round. The learner makes an update based on the latest
information it has, and moves on to the next round of the
interaction. The goal of the learner is to compete with the
expert policy 7*, that is defined using the experts model f*.
In the selective sampling setting, we care about two things:
the total regret of the learner w.r.t. the policy 7*, and the
number of expert queries that the learner makes. Our key
contributions are as follows:

e We provide a new selective sampling algorithm (Algo-
rithm 1) that relies on an online regression oracle w.r.t.
(where F is the given model class) to make predictions
and to decide whether to query for labels. Our algo-
rithm can handle multiple actions, adversarial contexts,
arbitrary model class F, and fairly general modeling as-
sumptions (that we discuss in more detail in Section 3),
and enjoys the following regret bound and query com-
plexity:

Regr = 0 (inf {sT5 + Reg(]-',T)}) and,

e
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Np = ’Ov(inf{T6 + Reg(]:;T)E'f(F"?;f*)})'

ey

where Reg(F;T') denotes the regret bound for the on-
line regression oracle on F, &(F,¢; f*) denotes the
eluder dimension of F, and 7, denotes the number of
rounds at which the margin of the experts predictions is
smaller than ¢ (the exact notion of margin is defined in
Section 3).

e We show via a lower bound that, without additional
assumptions, the dependence on the eluder dimension
in the query complexity bound (1) is unavoidable if we
desire a regret bound of the form (1), even when 7; = 0.
The details are located in Section 3.2.

e For the stochastic setting, where the context {z; }i<r
are sampled i.i.d. from a fixed unknown distribution,
we provide an alternate algorithm (Algorithm 3) that
enjoys the same regret bound as (1) but whose query
complexity scales with the disagreement coefficient of
F instead of the eluder dimension (Theorem 2). Since
the disagreement coefficient is always smaller than the
eluder dimension, Theorem 2 yields an improvement in
the query complexity.

Imitation Learning. We then move to the more challeng-
ing Imitation Learning (IL) setting, where the learner oper-
ates in an episodic finite horizon Markov Decision Process
(MDP), and can query a noisy expert for feedback (i.e. the
expert action) on the states that it visits. The interaction
proceeds in T episodes of length H each. In episode ¢, at
each time step h € [H] and on the state x j, the learner
chooses an action ¥y , and transitions to state z; j+1. How-
ever, the learner does not receive any reward signal. Instead,
the learner can actively choose to query an expert who has
some knowledge about the correct action to be taken on x; j,,
and gives back noisy feedback ¥, 5 about this action. Simi-
lar to the selective sampling setting, the experts knowledge
about the true label is modeled via the ground truth mod-
eling function f;;, which is assumed to belong to a given
function class F}, but is unknown to the learner. The goal
of the learner is to compete with the optimal policy 7* of
the (noiseless) expert. Our key contributions in IL are:

o In Section 4, we first demonstrate an exponential separa-
tion in terms of task horizon H in the sample complexity,
for learning via offline expert demonstration only vs in-
teractive querying of experts, when the feedback from
the expert is noisy.

e We then provide a general IL algorithm (in Algorithm 2)
that relies on online regression oracles w.r.t. {Fp, th<p
to predict actions, and to decide whether to query for la-
bels. Similar to the selective sampling setting, the regret

bound for our algorithm scales with the regret of the on-
line regression oracles, and the query complexity bound
has an additional dependence on the eluder dimension.
Furthermore, our algorithm can handle multiple actions,
adversarially changing dynamics, arbitrary model class
F, and fairly general modeling assumptions.

o A key difference from our results in selective sampling
is that the term 7 that appears in our regret and query
complexity bounds in IL denote the number of time
steps in which the expert policy 7* has a small margin
(instead of the number of time steps when the learner’s
policy has a small margin). In fact, the learner and the
expert trajectories could be completely different from
each other, and we only pay in the margin term if the
expert trajectory at that time step would have a low
margin. See Section 4 for the exact definition of margin.

e In Section 4.1, we provide extensions to our algorithm
when the learner can query M experts at each round.
Similar to selective sampling setting, we do not assume
that any of the experts is singlehandedly optimal for
the entire state space, but that there exist aggregation
functions of these experts’ predictions that perform well
in practice, and with which we compete.

3. Selective Sampling

In the problem of selective sampling, on every round ¢,
nature produces a context x; (possibly chosen adversarially).
The learner then receives this context and predicts a label
7; € [K] for that context. The learner also computes a
query condition Z; € {0,1} for that context. If Z; = 1,
the learner requests for label y; € [K] corresponding to
the x;, and if not, the learner receives no feedback on the
label for that round. Let F be a model class such that each
model f € F maps contexts x to scores f(z) € RE. In
this work we assume that while contexts can be chosen
arbitrarily, the label y, corresponding to a context x; is
drawn from a distribution over labels specified by the score
f*(xz¢) where f* € F is a fixed model unknown to the
learner. We assume that a link function ¢ : RX — A(K)
maps scores to distributions and assume that the noisy label

Yo ~ o(f"(1))- (2)
In this work, we assume that the link function ¢(v) =
v®(v) for some ® : RX — R (see (Agarwal, 2013) for
more details) which satisfies the following assumption:

Assumption 1. The function ® is A-strongly-convex and
y-smooth, i.e. for all u,u’ € R,

)\ ! ! ! !
§Hu quz <®(u') - @(u) - (VO(u),u' —u) < gHu - qu

Our main contribution in this section is a selective sam-
pling algorithm that uses online non-parametric regression
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w.r.t. the model class F as a black box. Specifically, define
the loss function corresponding to the link function ¢ as
ls(v,y) = ®(v) — v[y] where v e RX and y € [K]. We
assume that the learner has access to an online regression or-
acle for the loss €4 (which is a convex loss) w.r.t. the class F,
that for any sequence {(z1,41),.-., (zT,yr)} guarantees
the regret bound

T T
2 Lo(fo(w)sys) = inf 37 Lo (F (), ) < Reg™® (F3 7).
s=1 s=1

3)

When ¢ is identity (under which the models in F directly
map to distributions over the labels), then /4 denotes the
standard square loss, and we need a bound on Reg®*(F;T).
When ¢ is the Boltzman distribution mapping (given by ®
being the softmax function) then /4 is the logistic loss, and
we need an online logistic regression oracle for . Minimax
rates for the regret bound in (3) are well known:

e Square loss regression: Rakhlin & Sridharan (2014)
characterized the minimax rates for online square loss
regression in terms of the offset sequential Rademacher
complexity of F, which for example, leads to regret
bound Reg®¥(F;T) = O(log|F|) for finite function
classes F, and Reg®d(F;T) = O(dlog(T)) when F
is a d-dimensional linear class. More examples can be
found in Rakhlin & Sridharan (2014, Section 4). We
refer the readers to Krishnamurthy et al. (2017); Foster
et al. (2018a) for efficient implementations.

o Logistic loss regression: When F is finite, we have the
regret bound Reg (F;T) < O(log|F|) (Cesa-Bianchi &
Lugosi, 2006, Chapter 9). For learning linear predictors,
there exists efficient improper learner with regret bound
Reg(F;T) < O(dlog|T|) (Foster et al., 2018b). More
examples can be found in Foster et al. (2018b, Section
7) and (Rakhlin & Sridharan, 2015).

When one deals with complex model classes F such that
the labeling concept class corresponding to F could pos-
sibly have infinite VC dimension (like it is typically the
case), then one needs to naturally rely on a margin-based
analysis (Tsybakov, 2004; Shalev-Shwartz & Ben-David,
2014; Dekel et al., 2012). For p € RX, we use the following
well-known notion of margin for multiclass settings:

Margin(p) = ¢(p)[k"] - max o(p)[K']; 4)

where k* € argmax,, ¢(p)[k]. A key quantity that appears
in our results is the number of x;’s that fall within an ¢
margin region,

T
T. = t—zl 1{Margin(f*(x:)) <e}.

T denotes the number of times where even the Bayes
optimal classifier is confused about the correct label on
x, and has confidence less than €. The algorithm relies
on an online regression oracle mentioned above to pro-
duce the predictor f; at every round. The predicted label
U = SelectAction(fi(x)) = argmax,, &(fi(x:))[k] is
picked based on the score f;(x;) (where 7; is the label with
the largest score). The learner updates the regression oracle
on only those rounds in which it makes a query. Our main
algorithm for selective sampling is provided in Algorithm 1.
Our goal in this work is twofold. Firstly, we would like

Algorithm 1 Selective Sampling, Action-set A = [ K]
Require: Parameters §,v, A\, T, function class F, and on-
line regression oracle Oracle w.r.t £4.
1: Set

WL (F,T) = iReg (F;T) + L2 log(410g*(T) /)
Compute f; < Oracle; (@).
fort=1toT do

Nature chooses ;.

Learner plays the action

7; = SelectAction(fi(xy)).
6:  Learner computes

Ay(zy) = I]T)Ea;( If (o) = fi(ze)]|

t-1

st 3 27 () = fu(w) P < W (F.T),
s=1

)

7:  Learner decides whether to query: Z; =

1{Margin(fi(z:)) < 2vAi(z1)}-
8: if Z;, =1 then

9: Learner queries the label y; on x;.
10: ft+1 <~ Oraclet({xt,yt}).

11:  else

12: fre1 < fo

13:  end if

14: end for

Algorithm 2 to have a low regret w.r.t. the optimal model
f*, defined as

T T
Regr = . {7 # ) - 1{SelectAction(f* () # yi}
t=1 t=1

Simultaneously, we also aim to make as few label queries
Nr = Zz;l Z, as possible. Before delving into our results,
we first recall the following variant of eluder-dimension
(Russo & Van Roy, 2013; Foster et al., 2020; Zhu & Nowak,
2022).

Definition 1 (Scale-sensitive eluder dimension (normed
version)). Fix any f* € F, and define &(F,3; f*) to be
the length of the longest sequence of contexts x1, Za, ... Ty
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such that for all 4, there exists f; € F such that

| fi(as) = £ (z)| > B, and Y| fiwy) = f* (a7)]* < B2

J<i

The value function eluder dimension is defined as

E(F,B'5 f*) = supgsp E(F, B ).

Bounds on the eluder dimension for various function classes
are well known, e.g. when F is finite, €(F, 5; f*) < |F| -
1, and when F is the set of d-dimensional function with
bounded norm, then &(F,5’; f*) = O(d). We refer the
reader to Russo & Van Roy (2013); Mou et al. (2020); Li
et al. (2022) for more examples. The following theorem is
our main result for selective sampling:

Theorem 1. Let 6 € (0,1). Under the modeling assump-
tions above (in (2), (3) and (4)), with probability at least
1 -6, Algorithm 1 obtains the regret bound

2
Regr = 5(inf{sTs + I—Reg% (F,T)+ log(l/é)}),
B 15

while simultaneously the total number of label queries made
is bounded by:

2
Ny = 6( inf {TE + % -Reg™ (F;T) - €(F,efar; [¥)
€ £

+log(1/5)}).

A few points are in order:

o It must be noted that for most settings we consider, as an
example if model class F is finite, one typically has that
Reg(F;T) < log|F|. Thus, in the case where one has
a hard margin condition i.e. T, = 0 for some v > 0, we

get Regy < O (logT‘fl) and Ny <O (%W)

o Our regret bound does not depend on the eluder dimen-
sion. However, the query complexity bound has a depen-
dence on eluder dimension. Thus, for function classes
for which the eluder dimension is large, the regret bound
is still optimal while the number of label queries may be
large.

3.1. Stochastic Setting

So far we assumed that the contexts {x¢ }4+>¢ could be cho-
sen in a possible adversarial fashion, and thus our bound on
the number of label queries scales with the eluder dimen-
sion. However, it turns out that if the contexts are drawn
i.i.d. from some (unknown) distribution p, then one can
improve the query complexity to scale with the value func-
tion disagreement coefficient of F (defined below) which is
always smaller than the eluder dimension (Lemma 6).

Definition 2 (Scale sensitive disagreement coefficient
(normed version), (Foster et al., 2020)). Let F ¢ {X ~
RE }. For any f* € F, and Sy, > 0, the value function
disagreement coefficient 82 (F, ¢, Bo; f*) is defined as

2
£ 3feF|| F(@)-f* (@)]>e,
{52 Prxw( ) vl

sup sup If-£*1,<8

K B>Bo,e>e0

where [ £ s = \/Eaep [ (2)[?]-

The key idea that gives us the above improvement, of re-
placing the eluder dimension by disagreement coefficient
in the query complexity bound, is to use epoching for the
query condition, while still using an online regression or-
acle to make predictions. The exact algorithm is given in
Algorithm 3, deferred to Appendix C.4.

Theorem 2. Let § € (0,1), and consider the modeling
assumptions in (2), (3) and (4). Furthermore, suppose that
x, is sampled i.i.d. from p, where p is a fixed distribution.
Then, with probability at least 1 — d, Algorithm 3 obtains
the regret bound

2
Regy = 5(inf{5T5 + X—Rege‘b (F;T)+ log(1/5)}),
e €

while simultaneously the total number of label queries made
is bounded by:

Np = 5(irlf {TE +1log(1/9)

2

*;7 ‘Reg" (F;T) - 07 (F, ¢fs, Reg" (FiT)/; f*)})_
3

We note that Algorithm 3 automatically adapts to Tsybakov
noise condition with respect to .

Corollary 1 (Tsybakov noise condition, (Tsybakov,
2004)). Suppose there exists constants c,p > 0 s.t.
Pry.,(Margin(f*(z)) <e) < ce” for all € € (0,1), and
consider the same modeling assumptions as in Theorem 2.
Then, with probability at least 1 — d, Algorithm 3 obtains
the bound

p+l

Regy = 5((Regf«>(f; T))"* - (T)ple), and,

Ny = O((Reg" (F;T) - 0% (F, ofsr, Res'* (D), £

Tﬁ)

A detailed comparison of our results with the relevant prior
works is given in Appendix C.
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3.2. Lower Bounds (Binary Action Case)

We supplement the above upper bound with a lower bound in
terms of star number (defined below). The star number can
be bounded from above by eluder dimension which appears
in our lower bounds. While in general star number may not
be lower bounded by eluder dimension, it is the case that for
most commonly considered classes, star number seems to
be the same order as eluder dimension (Foster et al., 2020).
For the sake of a clean presentation, we restrict our lower
bound to the binary actions case, although one can easily
extend the lower bounds to the multiple actions case.

Definition 3 (scale-sensitive star number). For any ¢ €
(0,1) and j3 € (0,(/2), define 5¥*(F, ¢, 3) as the largest
m such that there exists target function f* € F and sequence
X1y Ty €X st Vie[m], |f*(z;)] > ¢ 3fi € F s,

(1) jui(filay) = [ () < 2
(2) |fi(zi)|> /2 and fi(x;) f*(z:) <0
(3) |fi(ws) = f*(xs)| <2¢

The below theorem provides a lower bound on number of
queries, in terms of star number for any algorithm that guar-
antees a non-trivial regret bound.

Theorem 3. Given a function class F and some desired
margin ( > 0, define 5 to be the largest S s.t., B2 <
min{¢?/sv*(F,¢,B),¢?/16}. Any algorithm that guar-
antees regret bound of E[Reg,] < C sm(qfiT“g) on all in-
stances with margin (/2, there exists a distribution L over
X and a target function f* € F with margin ¢ such that, on
that instance the algorithm has a lower bound of number of

label queries of at least:

log(2)s"(F, ¢, )
E[NT] > 1002

The above lower bound demonstrates that a dependence on
the a quantity like eluder dimension or star number in the
number of queries required is real, thus showing that our
upper bound cannot be improved (beyond the discrepency
between star number and eluder dimension).

Corollary 2. There exists a class F with | F| = \/T such
that any algorithm that makes less than /T number of label
queries, will have a regret of at least E[Reg,] > /7.

4. Imitation Learning (H > 1) with Selective
Queries to Expert

The problem of Imitation Learning (IL) consists of learn-
ing policies in MDPs when one has access to an expert or
a teacher that can make suggestions on which actions to

take at a given state. IL has enjoyed tremendous empiri-
cal success, and various different interaction models have
been considered. In the simplest IL setting, studied under
the umbrella of offline RL (Levine et al., 2020) or Behav-
ior Cloning (Ross & Bagnell, 2010; Torabi et al., 2018),
the learner is given an offline dataset of trajectories (state
and action pairs) from an expert and aims to output a well-
performing policy. Here, the learner is not allowed any
interaction with the expert, and can only rely on the pro-
vided dataset of expert demonstrations for learning. A much
stronger IL setting is the one where the learner can interact
with the expert, and rely on its feedback on states that it
reaches by executing its own policies.

In their seminal work, Ross et al. (2011) proposed a frame-
work for interactive imitation learning via reduction to on-
line learning and classification tasks. This has been exten-
sively studied in the IL literature (e.g., (Ross & Bagnell,
2014; Sun et al., 2017; Cheng & Boots, 2018)). The algo-
rithm DAgger from (Ross et al., 2011) has enjoyed great
empirical success. On the theoretical side, however, perfor-
mance guarantees for DAgger only hold under the assump-
tion that, when queried, the expert makes action suggestions
from a very good policy 7* that we would like to compete
with. However, in practice, human demonstrators are far
from being optimal and suggestions from experts should
be modeled as noisy suggestions that only correlate with
«*. It turns out that IL. where one only has access to noisy
expert suggestions is drastically different from the noiseless
setting. For instance, in the sequel, we show that there can
be an exponential separation in terms of the dependence on
horizon H in the sample complexity of learning purely from
offline demonstration vs learning with online interactions.

Formally, we consider interactive IL in an episodic finite
horizon Markov Decision Process (MDP), where the learner
can query a noisy expert for feedback (i.e., action) on the
states that it visits. The game proceeds in 7' episodes.
In each episode ¢, the nature picks the initial state 1
for h = 1; then for every time step h € [ H], the learner
proposes an action §;, € [K] given the current state
24,5 then the system proceeds by sampling the next state
Tthe1 ~ T(:ctyh, 9¢.). The learner then decides whether
to query the expert for feedback. If the learner queries, it
receives a recommended action from the expert, and oth-
erwise the learner does not receive any additional informa-
tion. The game moves on to the next time step h + 1, and
moves to the next episode ¢ + 1 when it reaches to time
step H in the current episode. We now describe the ex-
pert model. With f; being the underlying score function at
time step h, the expert feedback is sampled from a distri-
bution ¢(f; (7)) € A(K), with ¢ : RE > R being some
link function (e.g., ¢(p)[7] o< exp(p[i])). The benchmark
that we compare against the Bayes optimal policy given by
mh(7) = argmax,c k) ¢(fj (2)). Our goal is to learn a
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policy 7 that is comparable to 7* in terms of optimizing
some (unknown) reward function, under possibly adversar-
ial transition dynamics, while at the same time, we want to
minimize the number of queries to the expert. Regret for
the IL problem is defined as

T H N . T T
Regr = Z Z T(w?,hm*h(w?,h)) - Z Z T(CEt Ry Ut, n)
t=1 h=1 t=1 h=1

where z} h denotes the states that would have been gener-
ated if we executed 7* from the beginning of the episode,
i.e., we consider a counterfactual regret. The query com-
plexity Nt is the total number of queries to expert across
all H steps in 1" episodes.

Given the selective sampling results we provided in the
earlier section, one may be tempted to apply them to the
imitation learning problem. However, there is a caveat. A
key to the reduction in Ross et al. (2011) is to apply Per-
formance Difference Lemma (PDL) to reduce the problem
of IL to online classification under the sequence of state
distributions induced by the policies played by the learning
algorithm. Hence, if one blindly applied this reduction, then
in the margin term, one would need to account for the states
that the learner visits (which could be arbitrary). Thus, for
DAgger to have meaningful bounds, we would require a
large margin over the entire state space. This is too much
to ask for in practical applications. Consider the example
of learning autonomous driving from a human driver as the
expert. It is reasonable to believe that human drivers can
confidently provide the right actions when they are driving
themselves or are faced with situations they are more fa-
miliar with. However, assuming that the human driver is
going to be confident in an unfamiliar situation (e.g., an
emergency situation that is not often encountered by the
human driver), is a strong assumption. Towards that end,
we make a significantly weaker, and much more realistic,
margin assumption that the expert has a large margin only
on the state distribution induced by 7*, and not on the state
distribution of the learner or the noisy expert. In particular,
we define T¢ 5, to denote the total number of episodes where
the comparator policy 7* visits a state with low margin at
time step h, i.e., Top = Yoy 1{Margin(f;(xf7;b)) <e}.

‘We now proceed to our main results in this section. Learn-
ing from a noisy expert is indeed very challenging. In fact,
learning from noisy expert feedback may even be statis-
tically intractable in the non-interactive IL setting, where
the learner is only limited to accessing offline noisy expert
demonstrations for learning, e.g. in offline RL, Behavior
Cloning, etc. The following lower bound formalizes this.
In fact, the same lower bound also shows that AggreVaTe
(Ross & Bagnell, 2014) style algorithms would not succeed
under noisy expert feedback, AggreVaTe relies on roll-outs
obtained by running the (noisy) expert suggestions.

Proposition 1 (Lower bound for learning from non-interac-
tive noisy demonstrations). There exists an MDP, for every
h < H, a function class F,, with |Fp| < 21 g noisy ex-
pert whose optimal policy 7* (x) = argmax,(f5 (z)[a])
for some f; € F, with T, 5, = 0 for any € < 1/4, such than
any non-interactive algorithm needs (2 many noisy ex-
pert trajectory demonstrations to learn, with probability at
least 3/4, a policy 7 that is 1/8-suboptimal w.r.t. 7*.

The above Proposition 1 suggests that in order to learn
with a reasonable sample complexity (that is polynomial
in H), a learner must be able to interactively query the
expert. In Algorithm 2, we provide an interactive imitation
learning algorithm (with selective querying) that can learn
from noisy expert feedback. A key to obtaining our result is
a modified version of PDL, that we provide in Lemma 18
in the appendix, that allows us to only have the margin
under the state distribution of 7*. Our result extends to the
setting where transitions are picked adversarially, i.e., at
time step h and episode ¢, after seeing 4, j, proposed by the
learner, the nature can select T} ;, which deterministically
generates Ty p.+1 given Ty, Yy n. The regret bound and
query complexity bounds for Algorithm 2 are:

Theorem 4. Let § € (0,1). Under the modeling assump-
tions above, with probability at least 1 — §, Algorithm 2
obtains:

Regp = O(mf {H Y T.n

h=1

H’y2 H ’
200" Reg' (7 T) +los(1/0) ).
€% h=1

and,

h=1

NT O(lnf{HZTgh-FlOg(l/(D
H 0
)\ N2 Z Reg ¢(‘7:h7T) é(fhas/s%fh)})'

In the stochastic setting, where the transition dynamic is
fixed during interaction, one can hope to replace eluder
dimension in the query complexity by disagreement co-
efficient of the corresponding function classes, by using
epoching techniques similar to Section 3.1. We leave this
for future work.

4.1. Learning from Multiple Teachers

In (Dekel et al., 2012), the problem of selective sampling
from multiple teachers is considered with the main motiva-
tion being that we can consider each teacher as being an
expert in certain contexts or scenarios, and we would like to
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Algorithm 2 Imitation Learning with Expert Feedback, A =
{1,2,...,K}

Require: Parameters 0,7, A, T, function class {F}, }r<m,
online oracle Oracle;, w.r.t. £4 for h e [H].

I: Set  WP(Fy,T) = AReg™(Fu;T) +
=t log(4H log*(T)/5).

2: Compute f1,n = Oracley (@) for h e [H].
3: fort=1to 7 do
4:  Nature chooses the state ; ;.
5: forh=1to H do
6: Learner plays T; j, = SelectAction(f; n(zen))
7: Learner transitions to the next state in this round

Tt h+1 < Tt,h(xt,hail\t,h)-
8: Learner computes

Ay = max [ f(ze,n) = fe.n(ze,n)l

t—1 5 ¢
st Zonllf(@sn) = fon(@an)|” <O (Fn, T).
s=1
(6)

9: Learner decides whether to query:

Zyn = 1{Margin(fin(ze,n)) < 27A¢n}
10: if Z, 5, = 1 then
11: Learner queries the label y; ;, for zy 3.
12: fre1,n < Oraclegi1 n({ze,hs Ye,n})
13: else
14: feer,n < feon
15: end if
16:  end for
17: end for

learn from their joint feedback. The goal there is to perform
not only as well as the best of them individually but even
as well as the best combination of them. This motivation
is even more lucrative for the IL setting, as we can hope
to get policies that perform much better than any single
teacher. Continuing with the example of learning to drive
from human demonstrations, we might have one human
demonstrator who is an expert in highway driving, another
human who is an expert in city driving, and the third one in
off-road conditions. Each expert is confident in their own
terrain, but we would like to learn a policy that can perform
well in all terrains.

The formal model is similar to the single-teacher case, but
now we have M teachers. For every time step h < H,
the m-th teacher has an underlying ground truth model

»™ e F7 that it uses to produce its label, i.e. given a
context xy, it draws its label y;* ~ ¢(f*™(xy)), where ¢ is
the link function. On rounds in which the learner queries for
feedback, it gets back a label from each of the M experts,
ie. {y},...,yM}. We next describe the policy 7* that we
wish to compete with. Let < be a mapping, known to

the learner, that combines the recommendation of the M
experts to obtain a ground truth label for the corresponding
states, i.e. the ground truth label on the context x;, we define
yn ~ A (o(f (zn)),. .., 0(f*M(x1))). For example,
&/ could simply choose the majority action proposed by
the experts on z;. Under this ground truth process for
labels, the Bayes optimal predictor is simply 7*(xp) =
SelectAction( (6(f (z1)), .., 6(f* M (1)),
which is what we wish to compete with. Our main theorem
below bounds the number of label queries to teachers, and
regret with respect to this 7*. Similar to the other results
in this paper, our bounds here depend on a margin term
T 1, that captures the number of rounds in which the Bayes
optimal predictor 7 can flip its label if our estimates of the
M teachers are off by at most ¢ (in /o, norm). Similar to
the single teacher case, we only pay for margin w.r.t. the
state distributions induced by 7*.

Theorem 5. Let § € (0,1). Under the modeling assump-
tions above for the multiple experts setting, with probability
at least 1 — 4, the selective sampling Algorithm 4 (given in
the appendix) obtains:

Regr = (mf{ z T n

H M H ,
"3 2 8 Reg*(FT) +log(1/5) )

T: p +log(1/6)
Reg™ (F75T) - €(Fi,</s; )})

In Appendix A, we evaluate our IL algorithm on the Cart-
pole environment, with single and multiple experts. We
found that our algorithm can match the performance of
passive querying algorithms while making a significantly
lesser number of expert queries. Finally, also note that set-
ting H =1 in the above result, recovers an algorithm, and
a bound on the regret and query complexity for selective
sampling with multiple teachers.
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A. Experiments

We conduct experiments to verify our theory. To this end, we first introduce the simulator, Cart Pole (Barto et al., 1983;
Brockman et al., 2016), and then explain the implementation of our algorithm and the baselines. Finally, we present the
results.

Cart Pole. Cart Pole is a classical control problem, in which a pole is attached by an un-actuated joint to a cart. The goal
is to balance the pole by applying force to the cart either towards the left or towards the right (so binary action). The episode
is terminated once either the pole is out of balance or the cart deviates too far from the origin. A reward of 1 is obtained in
each time step (however, the algorithm does not get any reward signal). The observations are four-dimensional, with the
values representing the cart’s position, velocity, the pole’s angle, and angular velocity. The action is binary, indicating the
force is either to the left or to the right.

Expert policies generation. We first generate an optimal policy 77 (that attains the maximum possible reward of 500)
by policy gradient. We notice that when running the optimal policy 7*, the absolute value of the cart’s position only lies
in [0, 2]. Hence, to generate M experts, we first divide this interval into M sub-intervals [ag, a1 ],[a1, az2],. - -,[an-1,anr]
(ao = 0 and aps = 2) by geometric progression. For the i-th expert, it plays the same action as 7* when the absolute value of
the cart’s position is in the interval [a;_1, a;] and plays uniformly at random outside of this interval. We find that using
such generation, each expert individually cannot achieve a good performance (when M > 1), while a proper combination of
them can still be as strong as 7*. We conduct experiment for M = 1,2,3, and 5, respectively. Given this design of expert
generation, when the cart is in the sub-interval [a;_1, a;], the only expert with non-zero margin is exactly the i-th expert.

Implementation. The algorithm is similar to Algorithm 4 but with some modification for practical purpose. First, we use a
neural network (single hidden layer neural network,with 4 neurons in the hidden layer) as our function class {F;" }r<m m<is-
Second, we specify SelectAction() to pick the action of the most confident expert, i.e.,

SelectAction(ft{h(x), ey f%,(x)) = sign(ff_h(m)) where i = argmax|f , (x)|.
’ ie[M] ’

Since we are considering binary action, we assume f}y n(x) € [-1,1], and the action space is {-1,1}. Third, to compute
A;’fh efficiently, we apply the Lagrange multiplier to (57) to arrive at the following equivalent problem:

m - . m
Aln(zen) = min max =|f(@en) = fili(@en)]

t—-1
ra (z Lo F(@an) - £ (on) | - 0 (f,:"',n) |
s=1

Then we treat the Lagrange multiplier « as a constant, which converts the problem into the following:

t-1
Azlh(xt,h) = fr?;__% =1 f(@en) - ftr,ni/z(xt,h)” +a Z Zs,h”f(xé',h) - f;?h(x&h)”2~ @)
h s=1

The study of varying « is shown in Figure 1. We found that small values (e.g., & = 1) mostly lead to poor performance,
while the results are fairly similar for large values. In our key experiments, we choose a: = 50 when the number of experts is
1, 2 or 3, and choose 200 for 5-expert experiments. We note that since computing (7) for each time step involves repetitively
fitting neural networks, which is time-consuming, we do a warm start at each round. In particular, we set the initial weights
for the neural network of each round to be the weights of the trained network from the previous round. We also implemented
early stopping that stops the iteration if the loss does not significantly decrease for multiple consecutive iterations. The
online regression oracle Oracle() is instantiated as applying gradient descent for certain steps on the mean squared loss over
all data collected so far, using warm start for speedup as well.

We first conduct experiments on a single expert setting. In Figure 2 we plot the curves of return and number of queries with
respect to iterations for our method, and compare to DAgger (which passively makes queries at every time step; (Ross &
Bagnell, 2014)). We note that while our algorithm does not converge to the optimal value as fast as DAgger, the number of
queries made by our algorithm is significantly fewer, which means that our method is indeed balancing the speed of learning
and the number of queries.

In additional to DAgger, we also compare to the following baselines:

11



Selective Sampling and Imitation Learning via Online Regression

1 expert 2 experts 3 experts 5 experts

400 /_A 400 400 400

200 200 200 200
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Figure 1. Learning curves of return with respect to the number of queries for different values of o and different numbers of experts.
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Figure 2. Learning curves of the return and the number of queries for 1 expert.

o Passive learning. By passive learning, we mean running our algorithms with Z; ;, = 1, i.e., making queries whenever
possible. Based on different styles of expert feedback, we divide the passive learning baselines into two: noisy experts
and noiseless experts. For the former we get the noisy label y"}, for x5, (generated by y;", ~ &( [ (z4,1))), and for
the latter we directly get the action of the optimal policy (i.e. the action 7}, (x5 )). Intuitively, noiseless feedback is
more helpful than the noisy one.

o MAMBA. We compare our algorithm with (a slight variant of) MAMBA (Cheng et al., 2020). At each time step, it
creates copies of the environment and run each expert policy on these copies, and then it selects the action of the expert
policy with the highest return. For simplicity, we refer to this algorithm as MAMBA. Note that MAMBA assumes that
one has access to the underlying reward function. Thus this baseline is using significantly more information than our
approach.

o Best expert. We also compared our algorithm with the best expert policy.

The main results are shown in Figure 3. We first noticed that our algorithm outperforms passive learning with noisy experts
in all settings. Moreover, we beat the noiseless version when there is only one expert. Intuitively, getting feedback from
noiseless experts is a very strong assumption and it is not surprising to see that the performance is improved with this
stronger feedback. Note that our algorithm is only getting noisy labels as feedback. We also note that, despite the fact
that MAMBA achieves better results than the best expert policy (in terms of the value function), it is still worse than our
algorithm. Indeed, MAMBA does not even learn a policy that can solve the task when M > 2. This is because by our
construction of experts, there is no single expert that is capable of solving the task alone. Note that MAMBA performs well
in the one expert case because in that case, the (single) expert can reliably solve the control task.
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1 expert 2 experts 3 experts 5 experts
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Figure 3. Learning curves of return with respect to the number of queries for different algorithms and numbers of experts.

B. Useful Tools and Notation

Additional notation. Throughout the paper, we assume that the ties are broken arbitrarily but consistently. Vector-valued
variables are denoted with small alphabets like u, v, etc, and matrix-valued variables are denoted with capital alphabets like
F, G, etc. Throughout the paper, we assume that for any f € F, | f(x)| < B< 1.

The following lemma is used throughout the appendix, and whose proof is a tautology.

Lemma 1. Let & and & be any two events such that &, = &, then 1{&;} < 1{&>}.

B.1. Basic Probabilistic Tools

Lemma 2 (Theorem 1 in Srebro et al. (2010)). Let 7' > 0, and let 7 = {X x )’} be an arbitrary function class, and ¢ be
an ~y-smooth and non-negative loss such that |[¢(f(z),y)| < B forall x € X,y € ), f € F. For any § > 0, we have with
probability at least 1 — § over a random sample of size T, for any f € F,

T
T E(o,y)~ul(f(2),y)] < 2; C(f (x0), 90) + e1(HT log®(T)RT(F) + Blog(1/4))

5. .
where ¢; < 10° is a numeric constant.

The precise value of the numeric constant c; in the above can be derived from Srebro et al. (2010) and Mendelson (2002).

The following inequalities are well-known; we use the version stated in Zhu & Nowak (2022).

Lemma 3 (Freedman’s inequality). Let {X;},_, be a real-valued martingale different sequence adapted to the filtration §;,
and let E¢[-] := E[- | §¢-1]. If | X¢| < B almost surely, then for any 1 € (0,1/B), the following holds with probability at
least 1 - §:

Blog(1/4)
777 .

T T
M X< Z (X7]+
t=1 t=1

Lemma 4. Let {X;};.7 be a sequence of positive valued random variables adapted to the filtration §;, and and let
E.[] = E[- | §t-1]- If X < B almost surely, then with probability at least 1 — 6,

NJ\C»J

i [X,] +4Blog(2/s),

T
>, Xe
t=1

and

T
Z [X¢] <22Xt+8Blog(2/5)
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B.2. Online Learning

Lemma 5. Suppose that the labels are generated according to the (2) where the link function satisfies Assumption 1.
Additionally, assume that the regression oracle satisfies the guarantee (3). Then, for any 6 < 1/e and T' > 3, with probability
atleast 1 — 9, we have forall ¢t < T,

SAu(e) - 1@l < U (1) = (Rl (757) + 2F hog(atog* (1))

where B is defined such that sup,, f(z) < B.

Proof. Using Agarwal (2013, Lemma 2) along with an Union bound implies that for all ¢ < T,

1128
= log(41og?(T)/6).

;Hfs(‘rs) - f*(xs)H2 < % ;(&i)(fs(xs)ays) _gqb(f*(xs),ys)) +

Plugging in the regret bound (3) in the above, we get that

112B
2 log(41og*(T)/9).

Reg" (F;T) +

>

;I\fs(ws) - f (@)l < ;I\fs(xs) - f (@) <

B.3. Eluder Dimension, Disagreement Coefficient, and Star Number
For the sake of completeness, we recall the scalar versions of scale-sensitive eluder dimension, and disagreement coefficient
introduced in Russo & Van Roy (2013); Foster et al. (2020), which is defined for scalar valued function class F ¢ {X — R}.

Definition 4 (Scale-sensitive eluder dimension (scalar version), Russo & Van Roy (2013); Foster et al. (2020)). Let
F c{X ~ R}. Fixany f* € F, and define &'(F, 3; f*) to be the length of the longest sequence of contexts 1, Ta,. .. Zm,
such that for all 7, there exists f; € F such that

fia) - £ @)l > 8. and Y (filey) - £ (2)) < 8
J<i
We define the scale-sensitive eluder dimension as €(F, o; [*) = supg,»5 €' (F, 5; f*).

Definition 5 (Scale-sensitive disagreement coefficient (scalar version), (Foster et al., 2020)). Let F ¢ {X ~ R}. For any
f* € F,and 7p,&0 > 0, the value function disagreement coefficient 02! (F, gy, vo; f*) is defined as

2
sup  sup {; Pro, (Af e FIf (@) - f7 (@) > [ f = Flu < 7)} vl

B Y>70,>€0

where | f| = \/Ez-u[f2(x)].

While Definition 4 and 5 define the eluder dimension and disagreement coefficient for scalar valued functions, in this work
we often deal with vector-valued functions. In the following, we extend the above definitions to vector-valued functions. We
first provide the normed versions which are direct extensions of the corresponding definitions (mentioned above) for the
scalar case as introduced in Russo & Van Roy (2013); Foster et al. (2020). We first defined the normed version of eluder
dimension.

Definition 6 (Scale-sensitive eluder dimension (normed version)). Let F ¢ {X ~ RE}. Fix any f* € F, and define
&(F, B; f*) to be the length of the longest sequence of contexts x1, Ta, . .. T, such that for all 4, there exists f; € F such
that

| fiCxi) = f* ()| > B, and Y| filay) = f* (a)]* < 52

J<i
The value function eluder dimension is defined as €(F, 8'; f*) = supg, 4 E(F,B; f).
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We next define the normed version of disagreement coefficient for vector-valued functions.

Definition 7 (Scale sensitive disagreement coefficient (normed version), (Foster et al., 2020)). Let F ¢ {X ~ RE }. For
any f* € F,and 3y, &0 > 0, the value function disagreement coefficient V2! (F, eq, Bo; f*) is defined as

sup  sup {52 Pro,(3f e FI|f (@) - f* (@) > |f - f* |u<ﬁ)}V1

© B>Bo,e>e0

where [ f,; = \/Eawp [ (2)[?]-

We additionally also define the following mixed version of eluder dimension for vector valued functions.

]?eﬁnition 8 (Scale-sensitive eluder dimension (mixed version)). Let F ¢ {X ~ RE }. Fix any f* € F, and define
¢'(F,B; f*) to be the length of the longest sequence of contexts and actions (z1,y1 ), (z2,y2) - .. (Zm, ym ) such that for
all 4, there exists f; € F such that

\fi(z)ys] = f (@) [will > B, and Y (fi(z)[y;] - f*(2)y;1)* < B2

j<t
We define the scale sensitive eluder dimension (mixed version) as &(F, 8; f*) := sup 8560 &' (F, Bo; f*).

The star number is bounded by the eluder dimension from above: 5V (F, 8; f*) < &(F, 3; f*). The following lemma
shows that the disagreement coefficient can be always bounded by the squared star number and eluder dimension.

Lemma 6 (Proposition 6, Foster et al. (2020)). Suppose F € {X +~ RE } is a uniform Glivenko-Cantelli class. For any
f* e Fandy,e>0, wehave 0V (F,e,v; f*) <4(sV(F,~; %)% and 02 (F e, 7v; f*) <4E(F,v; f*).

We refer the reader to (Foster et al., 2020) for bounds on eluder dimension, disagreement coefficient and star number for
various function classes.

We next provide various technical results that are useful in bounding the total number of queries made by our algorithm. We
first provide a technical result which bounds the number of times we can find a function f” in a refinement F; of F, such
that f” is sufficiently far away from f* € F. The following lemma is a variant of Russo & Van Roy (2013, Lemma 3), and
first appears in Foster et al. (2020, Lemma E.4).

Lemma 7. Let {(z¢,y;), Z: } .-, be sequence of tuples, where z; € X and Z; € {0,1}. Fix any f* € F, and define the set
Fo=A{S e FI T2 Zs(f(@s)lys] — £+ (2)[ys])* < 57} Then, for any ¢ > 0,

ZZtl{Hf ¢ ot 1 (e - £ ()] > ¢} < (6+1)€(f,é;f*)-

Proof. We first note that we can always remove a tuple {(z,y:), Z; } whenever Z; = 0 without any effect on the conclusion.
Hence, we can assume Z; = 1 for all ¢ € [T'] without loss of generality. Then the rest of the proof essentialy follows from
Foster et al. (2020, Lemma E.4). For completeness, we state the full proof here.

For simplicity of presentation, we say (x¢,y;) is (-independent of (z1,41), ..., (%11, ys—1) if there exists f € F such that

\f(z)[ye] = £ (x)[we]] 2 Cand S0 (F (@) [ws] = £ (25)[ys])? < ¢2. Otherwise, we say x is (-dependent. The proof
consists of the following two claims.

First, we claim that for any ¢ € [T], if there exists f € F; such that |f(z¢)[y:] = f*(2+)[yt]] = ¢, then z; is (-dependent
on at most 3%/¢? disjoint sequences of (x1,%1),...,(z¢1,y:1). To show this, let’s say x; is (-dependent on a particular
subsequence (@i, ,Yiy ), - - -, (X4y,, yi, ) While | f(2)[y] - f*(2)[y]| = ¢. Then it must holds that

k 2 5
> (@i, ] = £ (i)lys, 1) 2 ¢
If there are M such disjoint subsequence, then we can add them up and obtain the following:
- * 2 2
z (F@lys] - £ (@) we]) > M.
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By the construction of F, the left-hand side above is at most 2. Hence we conclude that 52 > M (2, which implies
M < B?[¢?.

Second, we claim that for any k and any sequence (21,41), .-, (Zk,yx), there exists j < k such that z; is (-dependent
on atleast N := |k / &(F,(; f*)] disjoint subsequences of (x1,¥1), ..., (xj-1,yj-1). This can be proved by construction.

Let By,..., By be N subsequences of (x1,y1),. .., (xk, yx) and are initialized with B; = {(x;, y;)}. Then we repeat the
following process for j = N +1, N +2... k.

1. We first check if z; is (-dependent on B; for all i € [V ]. If so, we are done.

2. Otherwise, pick an arbitrary ¢ € [IN] for which z; is ¢-independent of B; and append (z;,y;) to B, i.e., B; <
Biu{(z;,y;)}-

If we don’t reach any j while running the above process for which the first statement above is satisfied, we should end up
with YN, |B;| = k > N - &(F,¢; f*). We note that by construction |B;| < &(F,¢; f*) and thus |B;| = €(F,¢; f*) for all
i € [ N'], which implies x; must be {-dependent on all B;.

Finally, let z;, , . .., x;, be the subsequence where, for all s € [k], there exists f € F;_ such that | f(x;, ) [y, |- f* (z:,)[vi ]| 2
¢. By our first claim we know each element of this subsequence is (-dependent on at most 3 2/¢? disjoint subsequences. By
the second claim, we know that there exists an element that is (-dependent on at least | k / €(F, ¢; f*) | disjoint subsequences.

So we must have |k / €(F,C; f*)] < B2/¢2. Hence, k < (B%/¢? +1) - &(F, G f). O

The following lemma is an extension of Lemma 7 that holds for the normed version of eluder dimension given in Definition 1.
The proof is essentially the same as that of Lemma 7, so we skip it for conciseness.

Lemma 8. Let {x;, Z;}, be sequence of tuples, where z; € X and Z; € {0,1}. Fix any f* € F, and define the set
Fi={f € FI T2 Zs[ f(xs) = f*(2)|? < 57}, Then, for any ¢ >0,

T 2
S AABL R I ) - £ @) 2 ) (f . 1)e<f,<;f*>.
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C. Selective Sampling
C.1. Comparison to Related Works

There is a large bank of both theoretical and empirical work for active learning and selective sampling. Perhaps the work
closest to ours that we will now compare to is Zhu & Nowak (2022). In this paper, the authors consider binary classification
problem and provide bounds on number of queries and bound on excess risk in the active learning framework. Their
algorithm also relies on regression oracle. However, there are many key differences. First, their guarantees for regret
for selective sampling problem (see for instance Theorem 10 on page 28 of Zhu & Nowak (2022)) has a dependence on
disagreement coefficient in the regret bound as well as number of queries. As we show in our work, one only needs to pay
for eluder dimension or disagreement coefficient in query complexity and not in regret bound. Further, we supplement our
result with lower bound showing that unless one has label complexity that depends on star number (and hence can be also
related to worst case disagreement coefficient), one cant get a small enough regret bound. So the separation between regret
bound (that is independent of eluder dimension/star number/disagreement coefficient) and query complexity (that depends
on those quantities) is real. Additionally the results in (Zhu & Nowak, 2022) dont automatically adapt to the margin region
and in general there is no way to estimate the parameters of Tsybakov’s noise condition. Finally their regret bounds depend
on pseudo dimension and is generally suboptimal for complex F.

C.2. Proof Sketch for Selective Sampling and Binary Labels

To illustrate our modeling assumptions, let us start with the simpler setting of binary actions A = {0, 1}. In this case, we

assue that for any context x, the label y is drawn as y; ~ Ber(%*(x)) where f* € F for a given model class F ¢ [-1,1]%.

While we defined F to be a real-valued function class for the ease of notation, we note that for any f € F, the score on the
context x can be obtained as %(1 + f(x),1- f(x))" €[0,1]2, and thus the Bayes optimal predictor that chooses the action
with the larger score is given by SelectAction(f*(z)) = sign(f*(«)). Furthermore, for the binary actions setting, the
natural notion of margin is defined as Margin(f*(z)) = |[Pr(y =1|z) - Pr(y = 0| x)| = |f* ()|, which implies that for
any ¢ > 0 and the observed context sequence {x; }y<7, we set T- = Y1, 1{|f*(x)| < e}

For this simple model, we assume that we have access to an online square loss regression oracle w.r.t. F that for any

sequence {(z1,y1),--., (xr,yr)} guarantees the regret bound
a 2 a 2 ,
2 (fs(xs) = ys)* - inf > (f(xs) —ys)* <Reg™(F; 7). ®)
s=1 s=1

Before we go to the main result for binary actions and the proof sketch, we first remark that, by now, we have a relatively
complete characterization of what regret bounds Reg®(F;T) are possible for general function classes F. (Rakhlin
& Sridharan, 2014) characterize the minimax rates for online square loss regression in terms of the offset sequential
Rademacher complexity, thus giving favorable bounds for Reg®(F;T). For instance, for finite classes F we have
Reg®d(F;T) < O(log|F|) and for d dimensional linear classes it is give by Reg®!(F;T) < O(dlog(T)). We also
refer the reader to (Krishnamurthy et al., 2017; Foster et al., 2018a; Foster & Rakhlin, 2020) for discussions on efficient
implementations.

Theorem 1 (Specialization for binary actions). Let d € (0,1). Under the modeling assumptions above, with probability at
least 1 — §, Algorithm 1 run with A = {0, 1} obtains the regret bound:

_ sa( .
Regp = O(inf{eTE + Reg™(F3T) + 1og(T/5)})7
€ €

while simultaneously the total number of label queries made is bounded by:

Ny = é(irslf{Tg . E(F,e; f*) Reg®(F;T) +10g(T/6)})

e2

In the following, we provide an informal proof sketch for Theorem 1 (obtained by running Algorithm 1 with A = {0, 1} and
~v = A =1). We first note that the regret bound in (8) for the online regression Oracle implies that:

Z;ZS(fs(ws) —*(25))* S Reg™(F; T) +log(7/s), ®
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The above implies that f* satisfies the constraints in (5) and thus (See Lemma 10)

[fe(ze) = [ ()] < Ag (). (10)

Now since our query condition was Z; = 1{|fi(z:)| < A¢(x¢)}, we have that if Z; = 0, then sign of f*(z:) and
that of f;(x;) is the same and so our predictor matches 7*. In other words, when we don’t query (ie. when Z; = 1,

7t (z) = sign(f* (z1)) = sign(fe(2:)))-

Regret bound. Using the fact that y; ~ Ber( L/ (z’) ) 7y = sign(f¢(x¢)), we note that

Regp = Y Pr(Th # y) — Pr(sign(f* (1)) # ye)

t=1
T

tZ L{sign(fi(2:)) # sign(f” (1))} - [2Pr(y; = 1) - 1]

S~

21{Slgn(ft($t))¢51gn(f (z)}-1f7 ()

One can further split the right hand side above and upper bound via the following three terms:
T T
Regr <e ) K{|f (w) < e} + ) Zed{sign(fi(xr)) # sign(f™(20)), [/ (2e)| > e} - [ 7 ()]
i=1 t=1
T —
+ 2 Zd{sign(fi(21)) # sign(f” (2)} - [f " (o).
t=1

T
=elc+ ; Z1{sign(fr(x1)) # sign(f* (), [f" (ze)| > €} - |7 ()]

i=Tx

* T4 denotes the regret for the rounds in which the learner queries for the label and the margin for f*(x;) is larger than
€. We note that

T
T4 = 32 2 sien(f” (o)) = senC (o) [ (a0 > €)1 a)

T

<2 Z{|f () = i)l > e} - [ () = fe(ae)

where the last line just plugs in the fact that | f* (x¢) — fi(z+)| = | f* (x+)] since they have opposite signs. Using the fact
that 1{a > b} < /s for all a,b > 0 in the above, we get

Py I .
< 22T (@) = fi(w0)? S Reg” (F3T) +log (7))
where the second inequality follows from (9).
Gathering the bounds above completes the proof for Reg.

Bound on Np. Plugging in the query rule, and splitting as in the regret bound, we get

Nr = Zlﬂft wy)| < Ag(ze)}

IN

DiNgb "MH

| (ze)| < e} +; [ fe(xo)l < Ag(we), | f" (2)] > €, Ag(ar) < o3}

=T =T¢o
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+ t; 1{|fe(me)| € Ap(ze), | ()| > &, A () > ¢/3}

=Tp

* T¢ denotes the rounds in which we make a query, A;(x;) < /3, and the margin for f* () is larger than . From (10),
note that |f(x¢) — f* ()| < A¢(24), which further implies that

" (o)l <|fe(we) = [ @)+ [fe(@e)] < Ae(ae) + | fe(a)]-
Thus,

T
Te € S UIF ()] € 280 1 ()] > Ae() < ) =0

* Tp is bounded by the number of rounds for which we make a query and A;(x;) > ¢/3. Using the standard eluder
dimension machinery, we get that

T
1
Tp < Y Z{A(m) 2 s} § S Reg™ ™ (F;T) - €(F, fe; f*) + log(1fs).
t=1 €
Gathering the above bounds completes the bound on Np.

C.3. Proof of Theorem 1

Before delving into the proof, we recall the relevant notation. In Algorithm 1,

* The label y; ~ ¢(f*(x:)), where ¢ denotes the link-function given in (2).
¢ The function SelectAction(f:(z:)) = argmaxy ¢(f:(z:))[k].

« For any vector v € R, the margin is given by the gap between the value at the largest and the second largest coordinate,
ie.

Margin(v) = 6(v) (k"] - max o(v)[k],
where k* € argmaxc i) #(v)[k].

* We also define 7} = Zthl 1{Margin(f*(x;)) < £} to denote the number of samples within 7" rounds of interaction for
which the margin w.r.t. f* is smaller than €.

* We define the function Gap : RX x [K] ~ R* as
Gap(v, k) = max$(v)[F'] = (v)[K], (1n
to denote the gap between the largest and the k-th coordinate of v.

C.3.1. SUPPORTING TECHNICAL RESULTS

The following lemma is immediate.

Lemma 9. For any v and k' # argmax;, ¢(u)[k],

Margin(u) < Gap(u, k').

Proof. Let k* = argmax;, ¢(u)[k]. By definition,

Gap(u, k) = ¢(u)[k*] - 6(u)[K']
> (u)['] - max () ['] = Margin(u).
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The following technical result establishes a certain favorable property for the function f*, whose proof follows from the
regret bound of the online oracle used in Algorithm 1.

Lemma 10. With probability at least 1 — 9, the function f* € F satisfies the following for all ¢ < T":

t

PIEANRCS ~ o (z)|? < OO (F,T),

where W}? (F,T) := +Reg" (F;T) + L2 log(410g*(T)/6).

Proof. The desired result follows from an application of Lemma 5, where we note that we do not query oracle when Z, = 0,
and thus do not count the time steps for which Z, = 0. O

Throughout the proof, we condition on the 1 — § probability event that Lemma 10 holds. The next technical lemma allows
us to bound the number of times when we query for the label and A;(z;) > ¢ in terms of the eluder dimension (normed
version) of the function class F. Note that Lemma 11 holds even if the sequence {x };<1 could be adversarially generated.

Lemma 11. Let f* satisfy Lemma 10, and let A;(x;) be defined in (5) in Algorithm 1. Then, for any ¢ > 0, with probability
at least 1 - ¢,

T 1
Zlm{At(xt) >(} < G(W E(F, 42 f*))‘

where & denotes the eluder dimension is given in Definition 1.

Proof. Let f; denote the maximizer of (5) at round ¢ on point x;. Thus,
-1 ) ;
Ai(ae) =i (@) = fe(zd)],  and 3 Zo|fi (ws) = fo(@a) | < O3 (F,T). (12)
s=1
However, recall that Lemma 10 implies that, with probability at least 1 — ¢, the function f* satisfies the bound

t-1
> 2ol () = fu(w) | < U3t (F,T). (13)
s=1
Using (12), (13) and Triangle inequality, we get that
-1 . . ,  td . , 1 X )
Z ZSHft (zs) - f (*TS)H <2 Z ZSHft (z¢) - fs(fﬂs)\l +2 Z anf (x¢) - fs(ICs)H
s=1 s=1 s=1
<4V (F,T). (14)

Next, note that, an application of Triangle inequality implies that || f; (x¢)— fe(x)| < | f7 () = f* (@) |+ () = fe ()]
Thus,

’ﬂ

Z Zi Ay () 2 () = Z S5 () = fe(e) | 2 ¢}

ﬂ

< 2 Z | () = (@) + 17 () = fe(e) ] 2 €}

IA

MH WMQ i

{nft ()= 5@l > § + S 210 - 10l >

<3 2l - £ @l Sf+ b Y AU - £ @)

= t t (T Ty 25 CQtzl t\Jt (Tt T

; . . ¢\, 4V (F.T)

<Y z{Ifi @) - £ (@0l 2 5+ g, 15)
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where in the last line we used Lemma 10 to bound the second term. In the following, we show how to bound the first term.
Recall that for any ¢ < 7', the function f;" satisfies (14). Thus, we wish to bound

T -1
* * * * Z
215 ) - @l S st D2 ) - @) 4w (F ),
t=1 s=1
for all t <T. An application of Lemma 8 in the above implies that

. 170 (F,T)

- ¢
S Za{Ifi (@) - £l 2 G < Tt g E(F g ) (16)

where in the last line, we used the fact that ‘I’fsd’ (F:T)[¢? > 1, for our parameter setting.
Plugging in the bound (16) in (15), and using the fact that &(F,¢/2; f*) > 1, we get that

20 (F,T)

o C€(F, 2 f).

T
O

The next two technical lemma’s relate the margin to the gap between functions, and are useful in the analysis for regret /
total number of queries.

Lemma 12. Suppose the functions 71 and 7 are defined such that 7;(z) = argmaxx ¢(fi(2))[k]. Then, for any x for
which m; (z) # mo(x), we have

Margin(fi(z)) < ¢(f1(2))[m1(2)] - ¢(f1(x))[m2(2)] < 2v[ f1(2) - f2(2)]2,
where y-denotes the Lipschitz parameter of the link function ¢.
Proof. First note ¢( fo(z))[m2(2)] > ¢(f2(x))[m1(x)] by the definition of 72. Thus,

o(fr(x))[mi(2)] = d(f1 ()2 ()]
<o(fr(e))[m(x)] - o(f2(2))[m(2)] + ¢(fa(@))[m2(2)] = G(f1(2)) [m2(2)]
<2[o(f1(2)) = (f2(2))] o0
<2[o(f1(@)) = o(f2(2))]2-

Using the fact that ¢ is y-Lipschitz, we immediately get that

o(fr(x))[mi(2)] = o(f1(2))[m2(2)] < 29| f1(2) = fa (@) ]2-

O
Lemma 13. For any two function f1, fo € F, and z € X,
Margin(fi(z)) —Margin(fa2(z)) < 27| f1(2) - f2()].

Proof. For the ease of notation, define

k1= arkg:[ré?xaﬁ(fl(x))[k] and Ky = arkg,f;frxcb(fl(x))[k'],
where ties are broken arbitrarily but consistently. Similarly, we define

ky = argmax ¢(f2(2))[k]  and  k; = argmax ¢(f2(2))[K']. (17)

ke[k] k' #ko
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Thus, we have that

Margin(fi(x)) = ¢(f1(2))[k1] - (f1(2))[k1],

and
Margin(f2(z)) = (f2(2))[k2] - ¢(f2(2))[K5]. (18)
Finally, also note that for any coordinate k,
o(f1(2))[k] - o(fa(x))[K] < [(f2(2)) - &(f1(2))]- (19)
We now proceed with the proof. Plugging in the form in (18), we get that

Margin(fi(z)) - Margin(fa(z))
= ¢(f1(x))[k1] - ¢(f1(2))[k1] - ((f2(2))[k2] - d(f2(2))[K5])
= (o(fr(@))[k1] = d(fo(2))[k2]) + (¢ f2(2))[k5] - ¢(f1(x))[k1])
< (o(fr(@)) k1] = d(fo(2))[k1]) + (@(fa(2))[k2] = ¢(f1(2))[k1])
<o(fa(2)) = o(fr(x) ]|+ (d(f2(2))[k5] = d(f1(2))[F1]),

where the first inequality uses the fact that ks is the maximizer coordinate of ¢( f2(z)) and the last inequality uses (19). In
the following, we bound the second term in the right hand side above under the following three cases:

e Case 1: ki # ky: Since kf # k1, we note that replacing k] by k% in the second term will only increase the value (see the
definition in (17)). Thus,

O(f2(2))[k5] = ¢(f1(2))[k1] < ¢(f2(2))[k2] - (f1(2))[ k3]
<[ e(fa(@)) = (fr(2))],

where the last line uses (19).
e Case 2a: kb = kq, ko = k7 Using definition of k5 in (17), we note that
o(f2(2))[k3] = o(f1(2))[k1] = ¢(fo(2))[k2] = ¢(f1(2)) k2]

< o(f2(@))[k2] - o(f1(2)) k2]
<lo(fa(@)) = o(f2(2))],

where the last line uses (19).

e Case 2b: kb = k1, ko # k7 Using the fact that k} = k1 and that ko + k5, we get that ko # k1. Thus using the definition
of k] along with the fact that ko # k1, we get that

o(fo(2)) ko] = o(fr(2))[F1] < d(fo(2))[ka] = o(f1(2))[k2]
< o(fa(x))[k2] = o (f1())[k2]
<o(fe(2)) = d(fr(@)],

where the second last line uses definition of k5 and the last line uses (19).

Combining all the above bounds together implies that

Margin(fi(z)) —Margin(f2(z)) < 2[¢(f2(2)) - &(f1(2))].

The final statement follows since ¢ is y-Lipschitz. O
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C.3.2. REGRET BOUND
For the ease of notation, for the rest of the proof in this section we define the function 7* such that

T () = argmax o(f" (x))[k].

Additionally, we recall that for any time ¢, §; = SelectAction(fi(z:)) = argmax; ¢(fi(z))[k]. Starting from the
definition of the regret, we have

T
Regp = Z Pr(g: #y¢) - Pr(m™(a) #+ y4)

t=1

M=

gy # 7" (@)} - [Pr(ye = 7" (20)) = Pr(ye = 7))

-+
Il

1

0= L0

g # 7" (x)} - [o(f (@) [ ()] = o(f " (20)) [Be]]

t

<O UG #7 (a) } - Gap(f“ (21), Tt )

~+
Il

1

where the second last line uses the probabilistic model from which labels are generated, and the last inequality plugs in the
definition of Gap from (42). We can decompose the above regret bound further as:

Resy € Y- 17 # (20 Gap(* (22,70 <} - Gap( (2.0
F L+ 0, Gap(f (2. 51) > ) Gan( (22). )
Using the fact that y; () = argmax d)(}t(l‘)) [k] along with the definition of Gap and Lemma 12, we get that
Resy < Y- 17 # 7 (20). Gap(/* (0,7 <)
£ 317 7 (20, Gap( )T > 17 ) - o)
< ti 1{Margin(f*(z;)) <e}-¢
P2 Y 1(F: 7 (00 Gan( )T > 17 ) - i)
< é 1{Margin(f*(z;)) <e}-¢
£ %L 7 (o), Gapl (0. ) > <) (o) - )

T
+2’7§Z1{@ﬂ*(wt)}'Hf*(xt)—ft(mt)\l (20)

=T.e+2y-Ta+2y-Tp- | f"(x) — fr(ze)],

where the second inequality holds because Gap(f*(z;),%;) < € implies that Margin(f*(x;)) < & whenever §; # 7*(x).
In the last line above, we plugged in the definition of 7%, and defined T4 and Tp as the second term and the last term
respectively (upto constants). We bound them separately below:

e Bound on T 4: We note that
T
Ta=) Z{G # 7" (x1), Gap(f* (21), Te) > e} - | f* (e) = fe(a) |
t=1
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T

<3 Z ) () = fel@o) > e/2v} - [ () = fe(e) |

where the second line follows from Lemma 12 and because G # 7*(x;). Using the fact that 1{a > b} < a/p for all
a,b >0, we get that

T, <4WZZ If* () = ft(ﬂﬂt)H2

t=1 €

2y

e Bound on Tp: Fix any t < T, and note that Lemma 10 implies that Y._, | f*(x;) — fi(z4)||? < \Ifgd’ (F,T). Thus f*
satisfies the constraint in the definition of A; in (5) and we must have that

1f* () = fe(ze) | < Ag(e). (22)

Plugging in the definition of Z;, we note that

Tp = » 1{Margin(fi(z:)) > 27A¢(21), Ty # 7 (21)}

T
&
T
Z Ufe(oe) = [ (ze) | > As (),

where the second inequality is due Lemma 12. However, note that the term inside the indicator contradicts (22) (which
always holds). Thus,

Tg =0. (23)

Combining the bounds (21) and (23), we get that

Reg, < eT. + 87° ZZ | fe () - f (z¢)]?
=1

<eT. + Squ?(f, T),
e

where the last inequality is due to Lemma 10.

Since ¢ is a free parameter above, the final bound follows by choosing the best parameter ¢, and by plugging in the form of
Wi (F,T).

C.3.3. TOTAL NUMBER OF QUERIES

We use the notation N7 to denote the total number of expert queries made by the learner within 7" rounds of interactions.
Using the definition of Z;, we have that

M=
N

Nt =

~+
Il
—_

-

1{Margin(f;(z:)) < 27A(2¢)}

~+
I
[

P

1{Marg1n(ft(xt)) < 2yA¢(z¢),Margin(f" (7)) < e}

~
I

+ ; 1{Margin(fi(2+)) < 2yA¢(2¢),Margin(f*(21)) > €}

T
< 3> 1{Hergin(f* () <<}
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+ ; 1{Margin(fi(2¢)) < 2vA¢(z¢),Margin(f"(21)) > €, Ay (2) < ¢f/av}

T
+ > 1{Margin(fi(z:)) < 2vA (), Margin(f* (1)) > &, Ag(a4) > ofav} (24)
t=1
=T, +Tp +Tg,

where in the last line we use the definition of 7¢, and defined T and Ty respectively. We bound them separately below:

o Bound on the term T p. Recall (22) which implies that f* satisfies the bound || f;(z¢) — f*(x4)| < A¢(x¢). Thus, using
Lemma 13, we get that

Margin(f*(x¢)) < 29| fi(ze) — f*(2)| + tMargin(fi(z:)) < 29A¢(21) + Margin(fi(a:)).

The above implies that

Z 1{Margin(f;(x;)) < 2vA(zy),Margin(f* (x¢)) > &, Ay(wy) < &fav}

< ; 1{Margin(f*(x;)) < 47A(z¢),Margin(f*(z;)) > &, Ay(zy) < €far}
<0,

where the last line follows from the fact that all the conditions inside the indictor can not hold simultaneously.

e Bound on the term Tg. We note that

; 1{Margin(fi(z;)) < 2vA(x¢),Margin(f* (x¢)) > €, Ap(y) > &fav}

’ﬂ

Z 1{At(xt > E/4')/}

4
32005 (F, T .
< #f(ﬁ%;f )-

where the last line follows from setting ¢ = £/4 in Lemma 11.

Gathering the bounds above, we get that

64072W " (F,T)

Nt <T. +
52

(i ),

Since ¢ is a free parameter above, the final bound follows by choosing the best parameter ¢, and by plugging in the form of
¢

U (F,T).
E) ;

C.4. Proof of Theorem 2

Before delving into the proof, we recall the relevant notation. In Algorithm 3,

* The label y; ~ ¢(f* (x)), where ¢ denotes the link-function given in (2).
* The function SelectAction(fi(x¢)) := argmax, ¢(fi(x:))[k]-

« For any vector v € R¥ the margin is given by the gap between the value at the largest and the second largest coordinate,
ie.

Margin(v) = ¢(v)[k*] - maX¢(“)[]

where k* € argmaxy. g (U)[ ]
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Algorithm 3 Selective Sampling for Stochastic Setting, Action Set A = [ K]
Require: Parameters d,, A, T’, function class F, and online regression oracle Oracle w.r.t £.
1: Set \I!f;”” (F,T)= %Reg% (F;T)+ 32 log(41og?(T)/8), Compute f, < Oracle; (@).
2: Set E = [log(T)] and 7. = 2¢"! fore < E.
3: fore=1,...,F-1do
4:  Learner constructs the feasible set of optimal functions F. as

Te—1
Fo-{1eF 1S 27 - Ll <95 (50| 23
s=1
5: fort< 7,107,417 —1do
6: Nature samples x; from an (unknown) distribution .
7: Learner computes
g € argmin Margin(g(z:)), and, Ac(z;):= max |f(z:)- f'(z)]. (26)
geFe fif'eFe
8: Learner decides whether to query: Z; = 1{Margin(g;(z:)) < 27Ac(z4)}.
9: if Z; = 1 then
10 Learner plays the action ; = SelectAction(f;(z;)).
11: Learner queries the label y; on x;.
12: fie1 < Oracley({zy,y: ).
13: else
14: Learner plays the action 7; = SelectAction(g:(x¢)).
15: fre1 < ft
16: end if
17:  end for
18: end for

* We also define T, = YL, 1{Margin(f*(2)) < €} to denote the number of samples within 7" rounds of interaction for
which the margin w.r.t. f* is smaller than €.

* We define the function Gap : RE x [K] ~ R" as
Gap(v, k) = max 6(v) [K'] - 6(v) k], @
to denote the gap between the largest and the k-th coordinate of v. Recall that Lemma 9 holds.

¢ Additionally, we define the function Z° to denote the query condition

Z°(z) = 1{ inf Margin(g(z)) <2y sup |f(z)- f'(2)]}. (28)
geFe fifreFe
The definition in (28) suggests that for all ¢ € [T, Tet1), Z¢ = Z¢(x1), foralle < B — 1.

Intuition for epoching. We next provide intuition on why epoching in needed in Algorithm 3 to get the improved
query complexity bound. From the proof sketch in Section C.2, the term Y7, Z,1{A,(z,) > ¢} appearing in the query
complexity bound is handled using the eluder dimension of F . When x; is sampled i.i.d. we wish to bound this using
disagreement-coefficient instead. However, note that in Algorithm 1 the query condition Z; depends on the samples {x } <
drawn in all previous time steps and the corresponding query conditions {Z } s<¢. This introduces a bias, and thus the terms
Z11{A¢(x¢) > e} are no longer independent to each other. Thus, we can not directly used distributional properties like the
disagreement coefficient to bound the query complexity. Algorithm 3 fixes this issue by defining epochs of doubling length
such that the query condition in epoch e only depends on the samples presented to the learner at time steps before this epoch
(i.e. in time steps 1 < ¢ < 7. — 1. Thus, the terms Z;1{A;(x;) > ¢} for 7. < t < 741 are i.i.d. allowing us to get bounds in
terms of distributional properties like the disagreement coefficient of F.

However, note that whenever we query in Algorithm 3, we still choose the labels according to the estimate from the online
regression oracle and thus the regret bound remains unchanged.
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C.4.1. SUPPORTING TECHNICAL RESULTS

The following lemma establishes useful technical properties of the function f* and the sets F-.

Lemma 14. Suppose Algorithm 3 is run on the sequence {x; } ;<7 drawn i.i.d. from the unknown distribution y. Then, with
probability at least 1 — §, each of the following holds:

(a) Forallt <T, the function f* € F satisfies
¢
x ¢
> Z|l f (s) = folws)|? < U (F, T),
s=1

where \Ilf;¢ (F,T) = %Reg%(}"; T)+ 33 2 Jog(41og?(T)/6).
Thus, f* € F, foralle < F -1, and Hf () = ge(x)|| € Ac(ay) forall o <t < 7eyq — 1.
(b) For any function f € F,, we have

‘rF—l

Z Zs| f(ws) = f* ()] ]s@?(f;T),

where @f;d’ (F;T) = 2\Il§¢(.7:, T) + 402(log4(T) sup, . (TRE(F)) + 2log(T) log(E[5)).

(¢) Forany e < E, and any function f € F., we have

=/
U (F;T)

Hf(xs)_f*(xS)Hr/cS 1

where the sub-distributions iz () := Z¢(x)u(x) and 7, = i Y (Tes1 — Te ) e

(d) For any é < e, the corresponding sets F, and F satisfy the relation F, € Fo.

(e) For any € < e, we have [i, < fie.
Proof. We prove each part separately below:

(a) An application of Lemma 5, where we note that we do not query oracle when Z; = 0, and thus do not count the time
steps for which Z, = 0, implies that

t

VIS ) - fu(w )] S e (FiT) + 2 log(41og*(1)/3) = 0 (7. )

for all ¢ < T" with probability at least 1 — §. Using the above for ¢ = 7.1 — 1 implies that f* € F, foralle < E — 1.
Since, we also have that g; € F, (by construction) for all 7, < ¢ < 7,1 — 1, plugging in the definition of A.(x;), we
immediately get that | f* (2;) — g¢(z¢) || < Ae().

(b) Fix any epoch number € < F — 1, and consider the time steps 7z < ¢ < 75,1. Define the loss function
* € * 2
te(f (), f*(2)) = Z°(2) | f () = £ ()]

where Z¢ denotes the query conditions at epoch ¢ (defined in (28)), and recall that Z¢ does not depend on any samples
that are drawn at epoch € (by definition). Furthermore, note that ¢z is 2-smooth w.r.t. f and satisfies £z(f(x), f*(z)) < 4
forall f, f* € F and . Thus using Lemma 2, we get that for any f € F., with probability at least 1 — 6/ FE,

Ter1—1
Z 7@ f(ws) = £ ()]
Tey1—1
<2 Z Z8@ )| f () = (@) + e2(27 0g” ()R, (F.) + 41og(E/5))
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Te+1—1

<2 Z Z¢(x) | f(zs) — f~ (xS)H +202(10g (T)sup(TR2(.7-'))+210g(E/5))

S=Te

where in the last line we used the fact that 7, ¢ F. Summing the above for all € < e — 1, we get that for any f € F,
Te—1
Z ACHIVICHESMEN] ]
N x 2 3 2
<2 Z Z(xs)| f(xs) = f(x5)] +4c2E(10g (T) SUE(TRT(]:)) +210g(E/6))
t=1 T<

< Q\Ilf;¢ (F,T)+ 402(10g4(T) sgg(ﬂ%i(}')) +2log(T) log(E/d)),

where the last line follows by using the definition of F,, and that F < [log(T)], and that 7, ¢ F.

(¢) Starting from part-(b), we first note that

| S 220G - 1@l < T . 9
Additionally, also note that
5| $ 2@l | 5|88 2 - el
S DI ITESEVAENTY
-5 8 Bz @) - @)l
- 5 et - Ban [ @)1 - £ I']

where the last two lines use the fact that the query condition Z¢ does not depend on the samples from rounds ¢ = 7¢ to
Tz+1 — 1. Plugging in the definition of jiz in the above, we get that

Te—1

e-1
Zznfm) I (xs >|] gm—n)-ExNﬁg[nf(xs)—f*<z3>n2]

= (re=m1) By [ 1 (25) = ¥ (20) ]
(e =71) - [ f(2s) = f7 (xs)Hye (30)

_1
Te—T1

where in the second line, we used the fact that the sub-distribution 7, := ZZ;1 (Tes1 — T2) i

Combining (29) and (30), we get that

Ui (F;T)

”f(-rs)_f*(xs)”DeS -1

(d) The argument follows from the definition of the set F, as any function f € F, that satisfies

Te—1
Zl Zy [ () - fo(zs)|* < U (F,T),

also satisfies the constraint

$ 205 - el < ¥ (),

for any € < e, since the left hand side consists of lesser number of terms and all terms are non-negative. Thus, F, ¢ F5.
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(e) Recall that for any e < E' — 1, the sub-probability measure fi.(z) = Z¢(z)p(x) where Z¢(z) = 1{ming.r, |g(z)] <
Ac(x)}, and Ao (x) = maxyr ez, | f(2z) — f/'(2)]. First note that for any € < e,

Ac(e) = max |f(@)= /@) < max |/(@) = f'@)] = Ae(),

where the inequality above holds because F. € Fz due to part-(d) above. Furthermore,
. > mi
min|g(x)| 2 minjg()],
again because F. ¢ Fz. Thus,
Z¢(x) = H{min[g(2)[ < Ac(2)} < 1{min|g(2)| < Ae(2)} < Z°().
geFe geFs
The above implies that ji. < jiz.
O

Lemma 15. Let €g,70 > 0, and f* € F. Then, for any sub distribution f such that E,.;[1{z € X}] >0, e > g9 and y > 7,

2
%Prm~ﬁ(3f e F | f (@)= fr @) > f(ws) = £ (@) <) <0°(F 0,705 f)-
gl

Proof. The key idea in the proof is to go from sub distributions to distributions, and then invoking the definition of § from
Definition 2. Define = E,.;z[1{z € X'}]. Since 0 < x < 1, we can define a probability measure £ such that y(z) = A(2)/x.
Thus, for any € > g and vy > 7y,

2
%Prm(ﬂf eF (@)~ £ (@) > & 1 (ws) — £ (@), <)

82
= 2 Pren(3F € F 1@ = £ @) > 2,1 (@) - £ (@)l <)
2
< o Pron(3F €7 ¢ [£(@) = £ @)1 > &, 1) = £ (@), <)

2
= %Prw(ﬂf eF : |f(@) - f (@) >e | f(ws) - f (@), <7)

2
< swp P (3f e F  [f@) - £ @) > e f @) - £ @), < 7).

€2£0,7270 Y

where in the second last line, we defined 7 = 7/Vk, and the last line used the fact that both £ > g9 and 7 > vp. The final
statement follows by noting the fact that ;. is a distribution and the definition of the disagreement coefficient §¥2!(; ) from
Definition 2. O

The following technical result will be useful in bounding the query complexity for Algorithm 3.

Lemma 16. For any ¢ < T', let e(t) denotes the epoch number such that 7,(;y <t < T¢(;)41. Let f* € F satisfy Lemma 14,
and let A, ;) () be defined in Algorithm 3. Then, for any ¢ > 0, with probability at least 1 -4,

=/
U (F;T)

T @% F-T
;Ztl{Aeu)(fﬂt) > (} < 12log(T) - —z -9“’“(?, % # ) +41og(2/6).

Proof. Recall the definition of the query rule Z¢ given in (28), and note that the function Z° is independent of the samples

{x; Zﬁ;i_l chosen by the nature for time steps at epoch e. Additionally, also recall that at every time step, x; is sampled

independently from the distribution p. Thus, using the query condition Z°, we can define the sub-probability measure

fie = () 2 (x), GD
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such that fi. (x) = u(x) whenever Z.(z) = 1 and is 0 otherwise. Furthermore, for any e € F—1, we define the sub-probability
measure v, as

1 e-1

Z(Té+1 —Té)ﬂé~ (32)

Te = T1 g=1

Ve =

We now move to the main proof. First fix any epoch e < E'— 1, and consider any round ¢ € [7¢, 711 — 1]. Using the definition
of A, () and definition of Z€ from (28) in the above, we get that

Eu n[Z1{Au(a) > ¢}] - Ew[zm)l{ sup [£(0) - /(2] > c}]
[ feFe

< EIN#[Ze(xt)l{sup If(z) = ()| > g}]
feFe

f(@e) = £ ()] due

where the second line follows because f* € F., and because sup; ez | f(2¢) = f'(2:) ]| < 25up e,
to Triangle inequality. Plugging in the definition of ji. from (31) in the above we get that

Eppep[Ze1{Ac(x) > C}] < EINﬁe[l{sup [ f(ze) = [ (ze)] > g}]
feF.

IN

o 10 170 - 701> § 3
feFe

for all € < e, where the last inequality follows from Lemma 14-(e). Since the above holds for all € < e, we immediately get
that

Bl 2 (80(01) > O] Buve 1 sup 0 - 10l > §
feFe

B [1f3r e F s 1@ - @15 5] 34

where the sub-probability measure 7, is defined in (32). Additionally, recall that Lemma 14-(b) implies that with probability

at least 1 — § any f € F, satisfies
. Uy (F3T)
I f(zs) - f (xs)”peS 1 (35)

Conditioning on the above event, and plugging it in (34), we get that
By, on[Ze1{Ac(z1) > C}]

U (F;T)

Te— 1

SEyep |11 3f € Fe Hf(af)—f*(w)II>ga|\f($s)—f*(ws)|\ae <

(36)

=/ =/
4- \I}§¢(‘Fﬂ T) .Hval F g \Ij(;d)(f’ T)f*
T (e -1E? 2 -1 )

where the last inequality uses Lemma 15.

Summing up the bound in (36) for each term ¢ = 1 to 7', we get that

T E-17Te41-1
2 B [Zi{Ac(@e) >3] = 3, )0 Eo[Zl{Ac(zt) > (Y]
t=1 e=1 t=T¢
= @?D(]:’T) val C @gd)(f’T) *
Ay e e N\ e T
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e \Ilzd)(f T) eval(j_- g @§¢(f7T)f*)

<8Z 2" r.-1

E-1 \I,w(]_- T) aval(

¢ TP(FT)
P S TED )

< 8log(T) - F, 2 T

=/
\IJ6¢ (f7 T) . Hval
CQ

Ty (F;
c (T),f*)

where the second inequality uses the fact that 7.1 = 27, and that 7, = 1, the third inequality holds due to monotonicity of

9"al(}" , g, ; *) and the last line simply plugs in the value of E = log(T").

Using Lemma 4 with the above bound for the sequence of random variable X; = Z;1{A.(z;) > (}, we get that with
probability at least 1 — 4,

T T
> 2 (Be(r) >} < B [Z01{Ae(w) > )] + log(2)

Ecb(j:'.T) C \1,%(‘7:' T)

[ ) val

<12log(T) e -0 (7-", LR T i fr ) +41log(2/9).

The final result follows by taking a union bound of the above and the event in (35). O

C.4.2. REGRET BOUND

For the ease of notation, through the proofs in this section we define the operators y* as
Y (w) = argmax o(f* (x))[k).

Furthermore, recall that 7; denotes the action chosen by the learner at round ¢ of interaction. Starting from the definition of
the regret, we get that

T
Regp = Z Pr(G: #y1) - Pr(y* (=) £ y1)

T £y (@)} - [Pr(ys =y (24)) — Pr(y: =)

M= "MH

W7 =y (@)} - o(f" (@) ly™ (@) ] = (f (2)) [Te]|

~+
Il
—_

Mﬂ

l{ytiy (w¢)} - Gap(f*(2¢),T),

~+
I

where the last inequality plugs in the definition of Gap from (42). We can decompose the above regret bound further as:
T
Regy < 3, U7 #y" (2¢), Gap(f* (24), 7)) <}~ Gap(f* (21), )
=1
T
+ 3 Wi #y" (), Gap(f* (), T) > €} - Gap(f* (2¢), T

t=1

Using the fact that y;(2;) = argmax;[x ¢(fi(2))[k] in the above along with the definition of Gap and Lemma 12, we
get that

T
Regr < ) 1{Gi # y"(2¢), Gap(f* (24),T¢) <€} - ¢
t=1
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+2’Yi1{§t #y (1), Gap(f* (1), 7)) > e} - | f7 (o) = fr(ae) |
< é 1{Margin(f*(x)) <e}-€

+27§;1{@ #y (20), Gap(f™ (21),Te) > €} - | " (o) = fi(e) |
< é 1{Margin(f*(a¢)) <e} €

+ ZVéZtl{@‘t #y"(2e), Gap(f™ (1), Te) > e} - | (o) = fe(e) |

T —
+2y 3, Ze LG #y (@)} [ (@) = fe(z)]
t=1
=Tee+2y-Ta+2y-Tp- | (x) - fe(ze)],
where the second inequality holds because Gap(f*(z;),7:) < € implies that Margin(f*(x;)) < & whenever §; # y*(z;).

In the last line we plugged in the definition of 7, and defined T 4 and Ty as the second term and the last term respectively.
We bound term separately below:

e Bound on T 4: Note that whenever Z; = 1, we choose 7; = argmax;, ¢(fi(z¢))[k]. Thus,

T
Ty = ;Ztl{@‘t #y"(2e), Gap(f™(21),T) > e} - | (o) = fi(e) |

~

< 1Zt1{”f*($t) = fi(ze)] > e/29} - [ £ () = (@) |

-~
I

where the second line follows from Lemma 12 and because 7; # y*(z;). Using the fact that 1{a > b} < a/p for all
a,b >0, we get that

S () - ft(xt)HQ.

Ta<4yY Z, (37)
t=1
e Bound on Tp: Fix any t < T, and let e be such that 7, < ¢ < 7.;1. Next, note that from Lemma 14, we have
I f" (@) = ge (@) || < Ac(a)- (38)

Plugging in the definition of Z;, we note that
T
Tp = Z 1{Margin(g;(z¢)) > 27Ac(2¢), 7 #y" (21)}

,;1
< ; Klge(ze) = f7 (@) > Ac (i), Margin(f* (1)) > €},

where the second inequality is due Lemma 12 and by noting that 7; # y*(x;) and that when Z; = 0, we choose
7; = argmax,, ¢(g;(x¢))[k]. However, note that the term inside the indicator contradicts (38) (which always holds).
Thus,

Tp =0. (39)

Combining the bounds (37) and (39), we get that:

T e 9
Regy < 7. +892 Y, 2,1 L) =S (20l
t=1 e
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8 2
<eT.+ Wi (F,1),
g

where the last inequality is due to Lemma 14.

Since ¢ is a free parameter above, the final bound follows by choosing the best parameter €, and by plugging in the form of
¢

U (F,T).

C.4.3. TOTAL NUMBER OF QUERIES

Let N denote the total number of expert queries made by the learner within 7" rounds of interactions. For the ease of
notation, define A; () = A.(;) () where e(t) denotes the epoch number for which 7,(;) <t < 7,(¢)41. Thus,

Nr Zy

I
ngls

T
tZ; 1{Margin(g:(z¢)) < 27A:(z¢)}

Mq i

1{Margin(g¢(z+)) < 27A¢(2¢),Margin(f"(z;)) <}

~+
]

1

T
+ tzl 1{Margin(g:(x+)) < 2yAi(z¢),Margin(f"(z¢)) > €}

~

< . 1{Margin(f*(z;)) <}

~+
I

+ > 1{Margin(g;(z1)) < 27A¢(x¢), Margin(f* (z;)) > &, A (21) < &4y}

=1
T
+ > 1{Margin(g:(2:)) < 2vA(w1), Margin(f* (1)) > &, A1) > /a7 }
=1
= TE +Tp+Tg,

where in the last line we used the definition of 7. and defined Tp and T g respectively, which we bound separately below.

e Bound on the term Tp. From Lemma 14 recall that || f*(x:) — g:(a¢)|| < Ae(x¢). Thus, for any z; for which
lg:(z¢)| € Ae(xt), Lemma 13 implies that

Margin(f"(z1)) < 29| fe(we) = f7(20) | + Margin(g:(w:)) < 2yA¢(z¢) + Margin(fi(z¢)).

The above implies that

T
Tp = Z 1{Margin(g:(7:)) < 27A¢(z1), Margin(f"(z:)) > €, Ay(2¢) < /av}

-+
|
=

oE

’ 1{Margin(f"(z¢)) < 4yA¢(2¢),Margin(f™ (1)) > €, Ae(e) < far}

-~
Il

IA
=

where the last line follows from the fact that all the conditions inside the indictor can not hold simultaneously for any
e>0.

e Bound on the term Tg. We note that

T

Tg = Z; 1{Margin(g;(z;)) < 27A¢(x¢), Margin(f*(z¢)) > €, Ar(ws) > €2}

~+
1l

M=

<N Z{ A (2) > 4y}

~+
Il
[
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<> Z 1{Ae(t) (2¢) 2 5/47}

t=1

Using Lemma 16 with ¢ = /4~ to bound the term on the right hand side above, we get that with probability at least
1-26,

T (F;T)
62

€ \I/"’ (.7-' T)

. 9val f7 ,

Tk SO(log(T)WQ- s f” )+log(2/5)).

Gathering the bounds above, we get that

U (F;T U (F;
NT < TE + O(log(T)/y2 M . GV&I(.?'7 € ( )

= 8777“)0 )+10g(2/6)).

Since ¢ is a free parameter above, the final bound follows by choosing the best parameter €, and by plugging in the form of
=0
U (F;T).

C.5. Proof of Corollary 1

Note that the Tsybakov noise condition implies that there exists constants ¢, p > 0 such that:
Pry.,(Margin(f*(x;)) <e) < ce”.
Thus, using Lemma 4, we get that
T
Z {Margin(f*(z;)) <&}
5

5 — Pr,.,(Margin(f*(z)) < ¢) +4log(2/9)
<2cTe? +41og(2/90).

Using the above in the bound for Theorem 2, we get that for any € > 0,

2
Reg, < cTe + Z—Reg% (F;T) +log(1/8),
g

Setting € = ( Reg'* (F; T )) & in the above implies that

ACT

p+l

2 5\ A 1
Regr < (’YACP“) (Reg (F;T)) " - (T) 7+ +1log(1/5).

Similarly, we can bound the query complexity bound for any ¢ > 0 as:

2
Ny $Tel + % Reg® (F;T) - 0% (F, sy, Res"s (FT)fr; £*) + log(1/6).
13

1

Setting € = (% ‘Reg™ (F:;T) - 0% (F, ofsy, Reg"s (FD)1; f* )) ”** in the above implies that

P
2 p+2
Nr < (7A Reg’ (F;T) - 0" (F, /sy, Ree"® (FT)/r; f*)) T,
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C.6. Proofs for Section 3.2

We prove below the lower bound in Theorem 3. The proof is on exactly the same lines as the lower bound in Theorem 28 of
(Foster et al., 2020) with two main changes, first that we make classification instance and two the second scale 8 we need in
the star number for our ]q

Proof of Theorem 3. Given a the function class F,assume that m = 5}?1(}' ,C, Br) > 0 (when its O the result is obvious).
Let target function f*, z',... 2™ and fi,..., f., be the witness for star number. First, for any i € [m], we have that
|f*(z")| > ¢ by definition of the star number. Next note that, for each f;, we have that, for any j # i,

i) 2 £ @) = fi(2?) = £ (27)| 2 ¢ = Br > (/2
On the other hand, from our definition of star number we have that,

|fi(z")] 2 ¢/2

Hence we are guaranteed that each f; has a margin of at least (/2 on x!,...,z™. Now consider the distribution z over the
context to be the uniform distribution over {z',...,2™}. Also let P*(y = 1|z) = %’(1) be the conditional probability of
label given context x. Let D; denote the joint distribution over X x {+1} given by drawing x’s from y and labels from P?.
Let Dy be given by drawing s from x and y conditioned on z as P(y = 1|z) = %*(I) Now let v = 0 with probability
1/2 and with probability 1/2, v is drawn uniformly from [m]. Note that by our premise,

11 T
SEp, [Regy] + 50 > Ep, [Regy] = E, [Ep, [Regr]] < c>
2m m

=1

‘R
2

T
b, [Resy 12 B0, (3 58008y 11 0 <01

Tg 1 &
=S E [ 2 EauFyp, o (Sen(fi(2)) # y>]
T 1 &
> C Zpt - sign(f;)
Li(p)
Using this we get that
1 & 1 & . 8c
7Z]ED7Z prt—mgn(fi) < —
=1 =1 Ly M
Hence using ¢ = 64 and using Markov’s inequality we have that
1 1 , 2 1
ZPDZ,(HTZpt—mgn(fi) >)§16
i=1 t=1 Li(w)y ™

Further note that [sign(f;) —sign(f;) |, w > 4 and hence we can identify v conditioned on it not being 0 with probability
at least 1 — 1/16. Hence using Fano with reference measure Dy we get,

1 m
10g(2) < E ZDKL(DO|D1)
i=1

Now we are left with bounding D 1,(Dg|D;). To this, end we first make a simple observation that the distribution on the

x,’s is the same under Dy and D;. Hence on rounds ¢ where Z, = 0 since we dont query for labels, these rounds we dont
glean any new information to distinguish D; from Dj. In other words, we only need to consider rounds when Z; = 1. Hence
we have:

T
Dkr(Do|D;i) =Ep, | 3> ZiDrer.(Po(y: = 1ze)|Pi(ye = 1]at))
t=1
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Assuming ¢ > 1/4 and using the bound on KL between Bernoulli variables we get,
Drcr(Do|D;) <Ep, [32]\/2-@“2 +8 (ma,XNj) 52]
j*i

where N; = |{t: Z; = 1, = 2} and we used item 3 in the definition of star number for the ¢? term and item 1 for the 3>
term. Hence we have that,

1 m
log(2) < — Z]E |:32N( +8(maxN )B ]
m = j*
3 m
<—E [Z :|( +8]EDO[maXN]B
m -1
32
< =Ep, [Nr]¢*+8Ep, [Nr] >
m
Since 2 < ¢%/m, we have that
log(2) < —Ep, [Nr]¢?
Hence we conclude that,
log(2)m
Ep, [NV
Do [ T] = T 40¢2
which yields the lemma. O

Proof of Corollary 2. Use F = { fo, f1,. .., f sz Where fo(x;) = 1/2+( forevery 1, ...,z /7. Further, let f;(x;) = 1/2-(
and f;(x;) =1/2 + ( for any j # i. Note that with f* = fo and f1,..., fm onz1,..., 2 7 shows that star number for this

class is /T (and so is disagreement coeff.) Thus applying theorem 3 (using the converse) we see that if number of queries
is smaller than /7, then regret bound is larger VT O

D. Imitation Learning

Additional notation. A policy 7 maps states X’ to actions .A. For any h < H, and random variable Z(xy,, ay ), we use the
notation E,[Z(xzp,ar)] to denote the expectation w.r.t. trajectories {x1,a; ..., T, arm } sampled using the policy 7.

D.1. Imitation Learning Tools

We first recall the performance difference lemma, which is well known in the IL literature.

Lemma 17 (Performance Difference Lemma; Kakade & Langford (2002); Ross & Bagnell (2014)). For any MDP M, and
any two arbitrary stationary policies 7 and 7, we have

H
VTV =3 By apeaz [FAL (Tn,an)],
h=1

where A™ is the advantage function of the policy m in MDP M, i.e., A} (z,a) = QF (x,a) - V;" ().

D.2. Proof of Proposition 1

MDP construction. The underlying MDP is a binary tree of depth H. In particular, we construct the deterministic
MDP M = (X, A, P,r,x1) where state space X = Uh 1A, with &, = {z, ,}Zh; (we assume that z1 = z1,1), action space
A =1{0,1}, reward r is such that 7(z,a) = Bern( +x iHr=2 }) for some special state * € Xzr. The transition dynamics
P is deterministic and defines a binary tree over X, i.e. for any h and xp, ;, P(z' | xp,a) = 1if &' = 241 2;-1 and a = 0, or
&' = pe1,2i41 and a = 1, else P(z' | z,a) = 0.
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We next define the expert policy 7*, expert model f* and the class F. First, for any path 7 = (21,a1,...,2H,ay) from the
root state x; to a terminal state xy; at the layer H, define the policy 7, as

( ) ap if (wh, ah) €T
- (xp) = . ) .
g ap, < Uniform({0,1}) otherwise

In particular, 7 is defined such that for any state on the path 7, we choose the corresponding action in 7, and for any state
outside of 7, we choose an arbitrary (deterministic) action. Let 7~ denote the set of all 27/ many paths from the root note
x1 to a leaf node zg € Xy. We define the class 1T = {m, | 7 € T}, and F = {f; | 7 € T}, where for any 7, we define
fr: X > R?as

L [emy i @ =0
fT() {(1/4,3/4) if 7T7—($)=1.

Next, let 7% = (z1,a’, x5, ..., 2_1,a_1, ") be the path from the root z; to the special state * € X'y on the underlying
binary tree. We finally define 7* = 7.+ and f* = f«.

Lower bound. Given the MDP construction, the class F, f* and 7* above, we now proceed to the desired lower
bound for non-interactive imitation learning. First, note that 7* (x) = argmax, (f*(«)[a]) for any « € X. Furthermore,
Margin(f*((z)) = 3|f(2)[0] - f(z)[1]| = 1 forall z € X. Thus, forany € < 1, 7%, = 0.

Next, for any policy 7, note that V™ = % + il{w = 7*}. Thus, 7* is the unique 1/8-suboptimal policy. Additionally,
consider a noisy expert that draws its label according to (2) with the link function ¢(z) = z, i.e. on the state z, the expert
draws its label from a ~ f* (). Now, suppose that the learner is given a dataset D of m many trajectories drawn this noisy
expert. There are two scenarios: either D does not contain 7%, or D contains the trajectory 7.

o In the first case, the learner is restricted to finding 7* by eliminating all other 7 # 7* using the observations D. Since,
|TT| = 2 and each policy in the class is associated with a different path on the tree, we must have that m = O(2%).

o In the second case, we need 7° € D. However, note that probability of observing the trajectory 7* when following the
actions proposed by the noisy expert is Pr(7* | ap, ~ f*(xp)) = (3/4)H. Thus, in order to observe 7* with probability
at least 3/4 in the dataset D, we need m = O((4/3)H).

In both the scenarios above, we need to collect exponentially many samples.

D.3. Proof of Theorem 4

Before delving into the proof, we recall the relevant notation. In Algorithm 2, for any i < H,

e The label y: , ~ ¢(f*(x+,)), , where ¢ denotes the link-function given in (2).
e The function SelectAction(f; ,(zr)) = argmaxy, d(fr.n(xen))[k]-

e For any vector v € R, the margin is given by the gap between the value at the largest and the second largest coordinate
(under the link function ¢), i.e.

Margin(v) = ¢(v)[k"] - max ¢(v)[k],

k#k*
where k* € argmax,c i) #(v)[k].

o We define 7. = Y1 X1, 1{Margin(f; (x:)) < €} to denote the number of samples within 7" rounds of interaction
for which the margin w.r.t. f; is smaller than ¢.

e The trajectory at round ¢ is generated using the dynamics {T; j, } n<z to determine the states that the learner observes,
starting from the state .
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e At round ¢, the learner collects data using the policy m; such that at time h, and state x, the action m(x) =
SelectAction(fin(®en))-

e For any policy 7, let 77 denote the (counterfactual) trajectory that one would obtain by running 7 on the deterministic
dynamics {Ty j, }n<g with the start state z; 1, i.e.

Tf:{le,ﬁ(le),...,x;H,W(mZH)} (40)

where 271 =z, 1 and 27, = Tm(xzh, W(I?h))

e For a trajectory 7 = {x1,4a1,...,TH,an }, we define the total return
H
R(T) = Z r(zp,ap). 41)
h=1

e Additionally, for any policy 7 and dynamics {T}, } n<g, we define the trajectory obtained by running the policy 7 as
7" ={a], m (a]),2],...}.
o We define the function Gap : RX x [K] +~ R* as
Gap(v, k) = max$(v)[F'] = (v)[K], (42)

to denote the gap between the largest and the k-th coordinate of v, and note that Margin(v) < Gap(v, k) for all k + k*
(due to Lemma 9).

D.3.1. SUPPORTING TECHNICAL RESULTS

We first define a useful technical lemma which allows us to bound the gap between the total returns for policies 71 and 72,
under the dynamics {T}, } <z . Recall that for a policy 7, we define the trajectory 7™ under {7}, } ,<g and the start state x;
as the trajectory {z7,m(z7),..., 2%, 7(x} )} where 27 = x4, and 2], < Ty (2], 7(z})).

Lemma 18. Let {T}, }r<p be a deterministic dynamics, and let 1 be the start state. Let 1 and 75 be any two deterministic
policies, and let 7™ = {z*, w1 (2]"), 23", ...} and 77 = {27?, m1 (2]?), 232, ...} be two trajectories drawn using 71 and
o on {T}, } neg with start state 1. Then, for any set X € X, the total trajectory rewards satisfy

H H
R(T™) = R(7™) <2H Y 1{a* e X} +2H Y 1{mo(a}?) # m (2]?),2}* ¢ X}.
h=1 h=1

Proof. Let b < H denote the first timestep at which the policies 7r; and 75 choose different actions under {T}, } ,<x. Since

the trajectories 7™ = {a7*,m (27"), 23", ...} and 772 = {z?,m (z]?),23?,...} are obtained by evolving through (the

deterministic dynamics) {T}, } ,<g using policies 71 and 75 respectively, and with the same state state 21, we have that
Tyt =ap? forall h < b,

and

m(zpt) = m2(x}?) forallh <h-1. (43)

Starting from the definition of the cumulative reward R(-), we have that

H
R(=™) = R(™) = 32 (r(af i () - r(af? ma(ef?))

o >
— =

H
= hzl(r(;vzl,m (xpt)) —r(zp?, 7T2(.TZ2))) + };}(r(le s mi(apt)) —r(xp?, me(ay? ))
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= 2 (r@ag m(agt)) - r(ap?, ma(ap?))),
h=h

where the last line uses the fact that the trajectories (and thus the rewards) 7™ and 772 are identical for the first ) — 1 states

and actions (see (43)). Since (43) also implies that z7* = xgz, for the ease of notation we define xy, = xgl = xgz. Using the

fact that |r(,a)| < 1 and that m (2 ) # m2(xp) (by definition of fy), we can bound the above as

R(Tﬂ—l) —R(Tﬂz) < 2(H— b+ 1)1{71’1(1’(«,) * Wg(wb)}
S2H1{7r1(xh)¢7rg(:vh)}
=2H1{m (xy) # m2(xy), zy € X} + 2H1{m (xy) # m2(xp ), zy ¢ X}
<2H1{xy € X} + 2H1{m1 () # m2(xy), xy ¢ X}
=2H1{zg! e X} + 2H1{mo(2?) # mi(2p?), 27° ¢ X}

H H
<2H Y Uz eX}+2H Y 1{mo(x}?) # mi(x}?), 272 ¢ X},
h=1 h=1

where the equality in second last line plugs in the fact that zy = x’h” = x;)“, and the last inequality is a straightforward upper
bound. O

We will also be using Lemma 9 and Lemma 13 from Appendix C.3 for bounding the Margin in the regret bound proofs.
Finally, we note the following properties of the function f; .

Lemma 19. With probability at least 1 — 6, the function f;, satisfies forany h < H and ¢ < T,

(@) 528 Zonlfi (@on) = fon(@an)|? < O3 (Fi, T),
O) 1fr(xen) = fon(zen)| < App(xen),

where \I/f;“’ (Fn,T) = %Regéq’ (Fn;T) + 22 log(4H log*(T)/9).

Proof. (a) We first note that we do not query oracle when Z, ;, = 0, and thus we can ignore the time steps for which
Zs,n = 0. Hence, for each h € [ H ], applying Lemma 5 along with the fact that sup,, sz, |f ()] <1 yields

it N 4 112
Z Zs,h If7 (xs,h) - fs,h(xs,h)Hz < XReg% (Fn;T) + BV log (4 Ing(T)/(S)
s=1

for all t < T'. Then, we take the union bound for all & € [ H ], which completes the proof.
(b) The second part follows from using the observation in part-(a) that f; satisfies the constraint in the definition of A, 5,
given in (6), and thus | f (z¢n) = fon(@en)| < Apn(zen).
O

The next technical lemma bounds the number of times when A 5, (:cmh) > ( and we query the expert. Note that Lemma 20
holds even if the sequence {x; j, }+< Was adversarially generated.

Lemma 20. Let f* satisfy Lemma 19, and let A; ;,(z;) be defined in (6). Suppose we run Algorithm 2 on data sequence
{{xt.n}nen }1<r, and let Z, j, be as defined in line 4. Then, for any ¢ > 0, with probability at least 1 — H§, for any h < H,

2005 (F, T)
2

e ).

T
Y Ze n H{Ap(wen) > ¢} <
t=1

where € denotes the eluder dimension is given in Definition 1.

Proof. The proof is identical to the proof of Lemma 11 by replacing all || with |-|, and substitute the corresponding bounds
for f; via Lemma 19 (instead of using Lemma 10). We skip the proof for conciseness. O
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D.3.2. REGRET BOUND

Recall that the trajectory at round ¢ is generated using the dynamics {T; ;, } <z . Define the policy 7; and 7* such that for
any h < H and x € &},

mi(xp) = SelectAction(fy n(2p)), and, 7" (xp) = SelectAction(fy (zp)). (44)

Furthermore, for any policy 7, let 7/ denote the trajectory that one would obtain by running 7 on the deterministic dynamics
{T¢ 1} nem with the start state x; 1, i.e.

i ={elm (@l 2l w (@)} (45)
where 7, = ¢y and 27, = Ty p(27,, 7(x],,)). Note that Algorithm 2 collects trajectories using the policy 7; at round
t. Thus, we have that

Tt _

=T, (46)

where z; , denotes the state at time step & in round ¢ of Algorithm 2. We now have all the notation to proceed to the proof
on our regret bound.

X

Step 1: Bounding the difference in return at round ¢. Fix any ¢ < T', and let 7;"* and 7/ " denote the trajectories that
would have been sampled using the policies 7; and the policy 7* at round ¢. Furthermore, define the set X, as

H
Xe = |J{z € X}, | Margin(f; (z)) <e} (47)
h=1

Using Lemma 18 for the policies 7; and 7*, and the set X, defined above, we get that'

H H
R(r{ ) - R(r*) <2H Y 1{a], eX-} +2H ) {me(afs,) # 7 (2]5,), 205 ¢ X} (48)
h=1 h=1

H H
=2H Z 1{1'2,1 € XE} +2H Z 1{7Tt($t,h) * W*(l’t,h)“’lit’h ¢X5}
h=1 h=1

H H
=2H Z 1{.’E?’h € XE} +2H Z Zt,hl{ﬂ-t(xt,h) * W*(mt’h),xuh ¢X5}
h=1 h=1

H
+2H Z Zt’h].{ﬂ't(xt’h) * W*(ﬁt’h),$t7h ¢ XE}
h=1

H H
<2H Z 1{.’[,'?’}1 € XE} +2H Z Zt,h]-{ﬂ-t(mt,h) * W*(xtyh),fﬂt,h ¢X5}

h=1 h=1
H —
+2H Z Zt_’h].{ﬂ't(xt’h) * W*(l't’h)}
h=1
H *
=2H ) 1{a], €X.} +2HT4 +2HTp, (49)
h=1

where the second line is obtained by plugging in (46) and the last line simply defines T 4 and T g to be the second and the
third terms in the previous line without the 2 multiplicative factor.

We bound T 4 and T g separately below.

e Bound on term T 4. Using the definition of X, from (47), we note that
H
Ta=Y Zipl{m(@en) # 7" (Ten), T ¢ Xe}
h=1

'The key advantage of using Lemma 18 is that the first term Z,il l{xf; € X, } accounts for the number steps at which a counterfactual
trajectory sampled using 7* goes to the state space with margin less than . Thus, we only pay for the number of times when the
comparator policy 7* would go to states with e-margin (instead of when 7; does to such states).
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Z s (e, n) # 7 (24,0), Margin( fp (z,1)) > €}

h=1
Zt WU (@en) # mi(wen), 60 (o)) [T (@e0)] = 0(fr (o) [7e(2e,0)] 2 €}

T

<

Zt a5 (o)) 7™ (@en)] = Sy (wen)) [me(zen)] 2 €},

where in the second last line we used the definition of Margin( f; (x5 )) along with the fact that 7 (x; 5, ) # 7 (2,p,)
Using the relation in Lemma 12 for the term inside the indicator, we can further bound the above as

||ML‘Q ﬁ-

g

H
Ta< Y, Zew{29] [y (zen) = fen(@en)| > €}
h=l

2 H

CE Z Zt,thft(xt,h) - ft,h(%,h)”za

where in the second inequality we used: 1{a > b} < ¢°/»* for any a,b > 0
Bound on term T g. Before delving into the proof, first note that Lemma 19-(b) implies that
If5 () = fen(@en) | € Aen(zen). (50)

Next, note that

H —
Tp =Y. Zipl{m(en) # 7" (2e,0)}
l{Margln(ft r(xe,n)) > 27D n(Ten), me(2e,n) # 77 (2e0) ),

where in the last line we just plugged in the query condition under which Z; j, = 0. However note that the above two

onditions inside the indicator imply that
29A p(x45) <Margin(fip(xen))
<O(fen(zen))[me(zen)]
<29 fen(xen) = fr(xen)l,

= o(fen(@en))m (zen)]

where the second line uses the definition of Margin(-) and the fact that 7, (x5, ) # 7*(x¢,1), the last line is due to

Lemma 12 . Thus,
H

Te < . | fen(zen) = fi(@en)| > Arn(zen)},
=1

but the conditions inside the indicator in the above contradicts (50) (which holds with probability 1 — ). Thus, with

probability at least 1 — 9,
Tp=0. (51)

Plugging in the bounds on T4 and T in (49), we get that with probability at least 1 —
(52)

R(7]") - R(TZT’)<2H21{93M€X}+8 ta ZZth”fh 2en) = fen(zen)]*.

h=1

Step 2: Bound on total regret. Using the bound in (52) for each round ¢, we get that

Regy = 3 (RGT) - RO7F))

t=1
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H T H,_YQ H T 9
<2 ZZ {ﬂfthex b+ >0 Zenlfa(zen) = frn(@en)ll
h=1t=1 h=1t=1
A SH~? t
S2HZTE,h+ETZ\II(S (fh,T), (53)
h=1 A1

where the last line we use the definition of 77 ;,, and plug in the bound in Lemma 19. Using the form of \I!?’ (Fn,T) and
ignoring log factors and constants, we get

SH~?

Regy = (2H Y Tep+——5 Z Reg® (Fp: T) + log(l/é))

Notice that ¢ is a free parameter above so the final bound follows by taking inf over all feasible ¢.

D.3.3. TOTAL NUMBER OF QUERIES

Let Nt denote the total number of expert queries made by the learner within 7" rounds of interaction (with H steps per
round). For ¢ < T, let h; denote the first timestep at which Z; ;, = 1 at round ¢. Thus, we have that

T H
Nr=> > Zn (54)
t=1 h=1
T
<H Z Zt,ht

~+
Il
—

I&
M=

T
Ztvhtl{xtyht € XE} +H Z Zt7ht1{xt7ht ¢ XE}
t=1

~
I
[

T H
Zt;htl{xt,ht € XE} +H Z Z Zt,h]-{xt,h ¢Xe}

IN
T
M=

t=1 t=1 h=1

T T H c
:HZZt,htl{xt,ht EXe}‘*‘HZ Z Zipl{wen ¢ Xey App(zen) < —}

t=1 t=1h=1 4y

T H c

Z Z cnl{zen € Xe, App(xpp) > —}

P | 4y
=Tc+HTp+ HTg,

where T¢, Tp and Tg are the first, second and the third term respectively in the previous line. We bound them separately
below:

e Bound on T¢. Fix any t < T', and note that

(TC)t = HZt,ht]-{mt,ht € Xg}
=HZ p,H{xipn, € Xe }UI{Vh < hy s " (24,5) = m(zep) }
+ HZy 1w, n, € X J1{3h < hy : 7 (24,0) # me(@e0) }- (55)

For the second term, note that

hi
Ztyht].{xtyht € Xs}l{Elh < ht 37T*(.’Et’h) * ﬂ—t(xt,h)} < Z Ztyht].{ﬂ'*(xt’h) * Tt(ift’h)}
h=1

hy B
< Z Zt,htZt,hl{’n—*(xt,h) * T‘—t(xt,h)}

h=1
he

< Zep{m (wep) # me(wen)}
h=1
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where in second inequality above, we used the fact that Z; ;, = 0 (and thus Zt,h = 1) for all h < hy, by the definition of
h;. However note that the right hand side in the last inequality is equivalent to the term Tp defined above (where sum
is now till h; instead of H). Thus, using the bound in (51) in the above, we immediately get that

Zt7}“1{$t7}“ € Xe}l{EIh < ht : 7T*(1‘t7h) * Wt(xt,h)} =0.
For the first term in (55), using the condition that 7* (x5 ) = m¢ (24,5, for all h < hy, we get that z; 5, = xfh and thus

HZt,ht]-{xt,ht € XE}].{Vh < ht . W*(‘Tt,h) = Wt(xtﬁh)} < HZt,htl{fg;Lt € Xs}
< H1{a],, €X.}

H
<H Z 1z, eX.}.
h=1

Gathering the two terms above, and plugging in the definition of 717 ;,, we get that
H T . H
Te<HY Y Waf,eX}=HY T.p.
h=1t=1 h=1
Bound on Tp. Using the definition of the set X, and Z; ;,, we note that

24
€
(Tp)e = Z Zin Wz ¢ Xe, A p(zen) < —1

h=1 4y

H
% 13
= > 1{Margin(fin(zen)) < 27A¢n(en), Margin(fy (x1,4)) > & App(2en) < @} (56)
hol

Recall that Lemma 19 implies that with probability at least 1 — 4,
| f7 (@en) = fen(@en)| < Aen(@en),
using which with Lemma 13 implies that

Margin(fy, (z¢,n)) < Margin(fen(zen)) + 2] 5 (wen) = fen(@en)|
<Margin(fin(ze,n)) + 2704 n(2en).

Using the above bound with the conditions in (56) implies that

H
(Tp)e = Y W{Margin(fy (ve,)) < 4yAun(wen), Margin(f (ze,n)) > € Apn(wen) < %}
h=1

H
= > U{Margin(f; (z:)) < &, Margin(f; (z:,)) >}
h=1

:0,

where the last equality holds because the two conditions in the indicator in the previous line can never occur simultane-
ously.

Bound on Tg.

-
M=
M=

€
Zin Mo ¢ Xey A n(en) > @}

~
I
—_

h=1

M=
M=

g
Zen H{Apn(Te,n) > — 1}
h 4y

Il
—_

1t

An application of Lemma 20 in the above for each i < H implies that

H 3207205 (F, T)

Tp< ).

h=1 g2

S
CE(Fny =1 f).
( h’S’Y’fh)
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Gathering the bound above, we get that

H 320H~2 & e .
NTSHZTs,h'*'iQ,Y Z‘I’g(b(fmT)'Qf(fM*;fh)-
h=1 S | 8y

Plugging in the form of \I!f;“” (Fn,T) and ignoring log factors and constants, we get that

~f &H 320H~2 & ‘ .
Np<O(H ) Tep+ VR > Reg™ (Fi; T) - €(Fn, ofsv; fr) +1og(1/6) |.
h=1 h=1

Notice that ¢ is a free parameter above so the final bound follows by taking inf over all feasible <. s

D.4. Proof for the Stochastic Setting

Algorithm 2 considers arbitrary deterministic dynamics {{T; }n<z }t<7. When the underlying dynamics 7T is stochastic,
we can simply simulate Algorithm 2, where we set {T; 5, }n<m = T'(;w;) where w, is drawn i.i.d. for every ¢ < T'. In the
following, we provide regret and query complexity bounds for stochastic dynamics.

Regret bound. Note that Theorem 4 bounds the difference of cumulative rewards of trajectories drawn using the policies
7y and 7 on the adversarially chosen deterministic dynamics { T h}hH: 1 respectively. In particular, we bound

T

Regr = Y (R(7) = R())-

t=1

On the other hand, when the dynamics is stochastic, we aim to bound the gap between the expected values Ty
obtained under the stochastic dynamics T. We obtain this bound by pushing all the stochasticity into the choice of random
seed w. Fix any ¢ < T', and consider the deterministic dynamics (T 1, ..., T ;) obtained by setting the random seed to be
wy in the stochastic dynamics 7', i.e. (Ty.1,..., T ) := T( ; w;). Thus, for any policy 7

VT =By, [R(TT) | (Tes .., Tow) =T(5 we)].

In the following, we will bound the difference in the value function V™ — V"¢ by appealing to the regret bound in the proof
of Theorem 4 using appropriate concentration inequalities. First, recall that in Algorithm 2, the dynamics {T¢ j, }h<p is
chosen before the round ¢, and that the policy 7; only depends on the interaction till round ¢ — 1. Thus,

tZle VT V- tZT:let [RGT) - RG]

T H H
< ZEWPH > Uafy X} +2H Y Lm (o) = 7 (o7} ), a7 € X}
t=1 h=1 h=1

where the last holds due to Lemma 18 and the set X, is defined in (47). An application of Lemma 4 in the above implies that
with probability at least 1 — 4,

T

M=

T T H
SN VT-VT <4H Hal, eX}+4H Y > 1m(a]s) # " (a]), 2 ¢ X} + 32H? log(2/9).
t=1 1 t=1h=1 ' ’

t

il
fu
>
il

The rest of the proof is identical to the proof of Theorem 4 from (48) onwards. They query complexity can be similarly
computed.
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D.5. Proof of Theorem 5

Algorithm 4 Imitation learning with M experts, A = {1,2,..., K}

Require: Parameters d,v, \, T, function class {F}" } h<m m<n, online oracle {Oracle;" } h< i mens WLt L.
I Set Wy* (F', T) = $Reg® (Fy; T) + 2 log(4M H log?(T)/6).
2: Compute f", = Oracle; »(@) foreach h e [H] and m € [M].
3: fort=1toT do

Nature chooses the state x; ;.
for h=1to H do

4
5
6: Define '} () = [}, (%), .., [ (2)].
7.
8
9

Learner plays Ty j, = SelectAction(F p(x¢ ).
Learner transitions to the next state in this round x¢ .1 + Tt,h(zt,h, Ti.h)-
For each m € [ M ], learner computes

Ay (@e,n) = max | f(ze,n) = £ (zen)]
feF

-1

St Y Zonlf@an) = fi o) | < W5 (FRL T (57)
s=1
and defines Ay p, (x4 ,) = (AL (@en), - A%L(:rth)]

10 Learner decides whether to query: Z; j, = MarginQuery(F; ,(z.), A n(zin))

11: if Z, 5, = 1 then

12: for m =1to M do

13: Learner queries expert m for its label y;"}, for z¢ 5.

14: fti n < Oraclesyy ,({e,n, ye,n )

15: end for

16: else

17: fi o, < fh, foreach m e [M].

18: end if 7

19:  end for

20: end for

Before delving into the proof, we recall the relevant notation. In Algorithm 4, for any round ¢t <7"and h < H:

e The aggregation function .7 : RE*M » R maps the predictions of twhhe estimated experts to distributions over
actions.

e The function SelectAction() chooses the action to play at round ¢, and is defined as:

SelectAction(Fip(wi,n)) = argmax .o/ (¢(Fin(ze,n)))[K], (58)
k

where Fy p(x¢p)) = [ft{h(l't’h))7 ey %L(:vt,h))], and ¢ denotes the link-function given in (2).
e Our goal in Algorithm 4 is to complete with the policy 7* (z) = SelectAction(F*(z)).

¢ On query, the m-th expert generates its action (which it returns in the feedback) from the distribution
Pr(y, = k) = o(f, " (ze,0)) [k].
o For the ease of notation, we define the operator Q such that
Q(U;¢) = sgp 1{SelectAction(U) # SelectAction(V)}

st. |U[;,m] = V[;,m]|2 < &[m] Ym < M. (59)
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e We decide whether to query the labels (from the M experts) using the query function MarginQuery() which is defined
as:

MarginQuery(Fy p(z¢pn), At,h(xt,h)) = Q(Fin(xe,n), At,h(l"t,h))-

At round ¢, the learner interactions with transition dynamics {T; , }<m and collects data. Without loss of generality, we
assume that the learner always starts from the state z; ;. We next recall the notation on the interaction at round ¢:

o The learner collects data using the policy 7, defined such that
m(x) = SelectAction(fy n(zen))-
for any h < H, and state = € &},.

¢ For any policy 7, we use the notation 7/ to denote the (counterfactual) trajectory that would have been generated by
running 7 on the deterministic dynamics {T 5, } ,<g With the start state x; 1, i.e.

T)fTr:{xglaw(xgl)v'”71.?,H77T(xg,H)}7 (60)

where 2y =z 1 and @7,y = Ty p (2, 7(274,))-

e For any trajectory 7 = {x1,a1,...,2H,aq }, we define the total return
H
R(r) =3 r(xn, an). (61)
h=1

We finally recall the definition of T j:

« Given a matrix-valued function F(z) ¢ R“*M we define the set B, (F'(x), A) to denote the set of all matrices F’
such that | F(z)[:,m] - F'(z)[:,m]| < A[m] forall m < M.

e We say that a point « is within e-margin w.r.t. £} if
H{Q(Fy; (z),e1) = 1}

Informally, the above implies that there exists an F'(z) € Bo(F) (z),e) such that SelectAction(F'(x)) #
SelectAction(Fy (z)).

o We define the set 7. 5, = ¥/, 1{Q(F} (xfh)7 1) =1} to denote the number of samples within 7" rounds of interaction,
and on the corresponding (counterfactual) trajectory of 7, that are within e-margin (as defined above).

D.5.1. SUPPORTING TECHNICAL RESULTS

Lemma 21. With probability at least 1 — d, for any m < M, and ¢t < T and h < H, the function f*™ satisfies

(@) S Zonll fr ™ (wsn) = 7 (2| < W5 (FJT)
©) 1™ @en) = £ (@en)| < AT (200),

where \I/f;") (Fr.T) = %Regzd’ (FT) + 53 log(4M H log*(T)/9).
Proof.

(a) We first note that we do not query oracle when Z; j, = 0, and thus we can ignore the time steps for which Z; 5, = 0.
Hence, for each h € [H] and m € [ M ], applying Lemma 5 yields

1 e 4 . 112
> Zonll iy (@sn) = fon(@en)| < XReg% (FpT) + 5Vl log(4log®(T)/5)
s=1

for all ¢ < T'. Then, we take the union bound for all » € [ H] and m € [ M ], which completes the proof.
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(b) The second part follows from using part-(a) along with the definition in (57).
O

The next lemma bound the number of times when A;’fh(azt7 n) > ¢, and we query. Note that Lemma 22 holds even if the
sequence {x; , }+<7 Was adversarially generated.

Lemma 22. Let f*™ satisfy Lemma 21 , and let A;’fh(xt,h) be defined in Algorithm 4. Suppose Algorithm 4 is run on the
data sequence {x¢ ;, }¢<1, and let Z, j, be defined in line D.5. Then, for any ¢ > 0, with probability at least 1 — M4, for any
me[M],and h< H,

2005 (F,T)

<.2 .e(f}’;rL7C/2;f}:7m)’

T
Y Zyw 1{AT (z0) 2 ¢} <
t=1

where € denotes the eluder dimension given in Definition 1.

Proof. The proof is identical to the proof of Lemma 11 where we handle each m € [M] and h € [ H] separately, and
substitute the corresponding bounds for f}:’m via Lemma 21 (instead of using Lemma 10). We skip the proof for conciseness.
O

D.5.2. REGRET BOUND

Suppose the trajectories at round ¢ are generated using the deterministic dynamics {T; 1,...,T; g} = T( ; wy) where w;
denotes the random seed that captures all of the stochasticity at round ¢. Furthermore, for any policy , let 7/ denote the
trajectory that one would obtain by executing 7 on {T; , }n<g With the start state x; 1, i.e.

T :{zzl,ﬂ(zzl),...,sz,ﬂ'(aszH)} (62)
where 2y = x4 1 and x7 ;= Ty p (27, 7(zf,)). Define the policies 7* and 7 such that for any i < H and z € A},
7" (z) = SelectAction(F} (x)), and, mi(x) = SelectAction(F} p(x)).
Note that Algorithm 4 collects trajectories using the policy 7, at round ¢. Thus, we have that
L1 = Tth, (63)

where z; j, denotes the state at time step h in round ¢ of Algorithm 4. We now proceed to the bound on the regret.

Step 1: Bounding the difference in cumulative return at round ¢. Fix any ¢ < 7', and let 7;"* and 7/ " denote the
trajectories that would have been sampled using the policies 7, and the policy 7 at round ¢. Furthermore, define the set X,
as

H
X = J{z e X, | Q(F) (z),el) =1} (64)
h=1

Using Lemma 18 for the policies 7; and 7, and the set X. defined above, we get that

H H
R(r] )-R(r]*)<2H )’ 1{z]) eX.} +2H > H{m(z7y,) # w*(:gfjh sy, ¢ Xe}
h=1 =

M= T

H
=2H Z Wi, eXep+2H ) 1{m(zen) # 7 (zen), Ten ¢ Xe )
h=1

Il
=
Il

1

T
T

=2H ) 1{xj, eX.} +2H 3 Zypl{m(@ep) # 7 (@e,n), en € X}
1 h=1

>
il

H
+2H Z ZepHm(wen) # W*(xt,h),ﬂﬁt,h ¢ X}
h=1
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H
=2H ) 1{a], €X.} +2HT4 +2HTp, (65)
h=1

where the second line is obtained by using the relation (63) in the second line. The last line simply defines T 4 and T to be
the second and the third term in the previous line, respectively, without the 2H multiplicative factor. We bound these two
terms separately below:

e Bound on T 4. Using the definition of X. from (64), we note that

M:

Ta= ) Zipl{m(zen) #7 (xe,0), e ¢ X}

>
il
—

Zt hl{ﬂ't(l‘t h) T (J?t h) Q(Fh (CCt h) 6]].) O}

Mm M=

Zyn{3me[m] « |f75 (xen) = £ (@en) | > €},

>
il
—

where the last line follows from the fact that the definition of Q and the fact that 7, (x5, ) # 7* (2,5, ) implies that there
exists some 1 € [M] for which | £ (z1,n) = 5™ (x+,1)| > €. The above implies that

M H
Ta< ) 2 Zen{If0 (2en) = fr " (zep) | > €}
m=1 h=1
e Bound on Tp. First note that Lemma 21 implies that with probability at least 1 — §, forallm < M and h < H,
12" @en) = fln(@en) ] € AT (@) (66)

Next, note that

H
Tp < ). Zenl{mi(wen) # 7" (x10)} (67)
h=1

hZ: {Q(Fin(zen), At w(@en)) =0, (@) #7 (Ten) ),

where in the last line follows from plugging in the query condition under which Z; ;, = 0. However note that for any
h < H for which Q(Fy 5 (x¢.1), At7;L(xt7;L)) = 0, by the definition of Q and the fact that 7, (x; 5) # 7" (x,5), there
must exist some m € [ M ] such that

1 £ (@en) = fln(@en) | > A (zen)-

However, the above contradicts (66), and thus with probability at least 1 — 9,

Tp = 0. (63)

Plugging the above bounds on T4 and Ty in (65), we get that

R(7] ) R(r[*) <2H Z l{xth €X.}+2H Z Z Zy n | £ (e ,n) - f;"m(xt,h)ﬂ >t (69)

m=1h=1

Step 2: Aggregating over all time steps. Using the bound in (69) for each round ¢, we get that
T *
Regr = Y (R(r7") - R(7"))

t=1
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H T T M H
<2H ZZ {xthEX}+2HZZ ZZthl{Hfth(xth) f}tm(xth)‘|>5}
h=1t=1 t=1m=1h=1

Using the fact that 1{a > b} < ¢*/»* for any a, b > 0, and the definition of 7. ;, in the above, we get that

L @en) = ™ (@en) |2
h

=
M=
M=
M=z
N

H
Regp <2H Y T.p +2

) e2
h=1 t=1m=1h=1
H 2H M H ‘

<2 Y Ton+ — 2 3 (FLD). (70)
h=1 m=1h=1

where the last line follows from using the bound in Lemma 21.
Plugging in the form of ‘I/f;d’ (F;,T) and ignoring log factors and constants, we get that
M H
RegT52H2T5h+ Z 3 Reg" (F7;T) +log(1/5).

mlhl

Notice that ¢ is a free parameter above so the final bound follows by taking inf over all feasible .

D.5.3. TOTAL NUMBER OF QUERIES

Next, we bound Np-the total number of queries made by the learner within 7" rounds of interaction. We first define additional
notation. Fix any ¢ < T’, and let h; denote the first time step at round ¢ for which Z; j, = 1, if such a time-step exists (and is
set to be H + 1 otherwise). We first observe that for all i < hy, we have 7 (x4,) = m¢ (21,5 ). To see this, note that

he—1
Zt’htl{ah < ht : F*(ﬂ?t’h) * Wt(xt’h)} < Z Zt,ht]-{ﬂ-*(xt,h) * Wt(xt’h)}
=1

h
hy— B
< Z Zt,htZt,h]-{ﬂ-*(xt,h) * ﬂt(xt,h)}
h=1
-1
< t,hl{ﬂ-*(xt,h) iﬂ-t(l‘t,h)}
h=1

where in second inequality above, we used the fact that Z; 5, = 0 (and thus Zt, n = 1) for all h < hy, by the definition of h;.
Observe that the right hand side in the last inequality above is equivalent to the term (67) in the bound on Tz above (where
sum is now till i, instead of H). Thus, using the bound in (68), we get that

Zyn, 1{3h < hy s (@) # 1 (@en)} =0,
and thus
7 (xe,n) = me(Tep) forall h < hy. (71)

Next, note that plugging in the definition of h;, we get that

I
M= Mz

Nr Zih

)

1

IA
=

Ly h,

-+
Il
=

T
Zt,hf,]-{xt,h,, € Xs} +H Z Zt,hf,]-{zt,h,, ¢ Xs}

é
M=

=1 t=1
T T €
=H Z Zt>ht 1{3715,}“ € XE} +H Z Zt>ht 1{mt»ht ¢ x€7 HATht (xt’ht ) H°° < Z
t=1 t=1
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T
m €
+H Z Zt7ht1{xt7ht ¢X53 HAt,ht (xt,ht)HOO > Z}

t=1
= TC +Tp + TE,

where T¢, Tp and Ty are the first, second and the third term respectively in the previous line. We bound them separately
below.

e Bound on T¢. Fix any t < T. Using the relation in (71), note that 7* (x4 ) = m¢(zy ) for all b < hy. Thus, the

corresponding trajectories would be identical till time step h;, which implies that z; 5, = xf;t Using this property in
the T, we get that

T
(Tc)t =H Z Zt7ht1{xt7ht € XE}
t=1

T
M=

Zyp, 1z, € X}

~
Il
—_

Zy w1, € X}

=
M=
M=z

~+
Il
=
T
—_

1}
=
M=
3

ks

where the last line plugs in the definition of T ;.

e Bound on Tp. First note that

(Tp)e = HY{Q(Fon, (en,), Aep, (e,)) = 1,Q(F" (24, ),€1) = 0, Sl[lp]A?(xt,ht) < ¢4}
me[M

In the following, we will show that all the conditions in the above indicator can not hold simultaneously. First note that
since Q(Ftyht (ze.n,)s Arp, (T n, )) =1, there exists an [ such that

SelectAction(F(xyp,))) # SelectAction(Fyp, (24n,)) (72)
and

vme[M]:  |E(zen,)lm] = Fon, (zen)mll < AT, (2en,). (73)

On the other hand, recall that Lemma 21 implies that
Vme[M]:  [F"(zen, )5 m] = Fon (2 ) [ m]| < A, (2en,)- (74)
Since, sup,,, Affht (z¢,n,) </, an application of Triangle inequality along with the bounds (73) and (74) imply that

vme[M]:  |F* (@en)lm] = Fzen,)lm]l < 287, (zen,) <c. (75)

But the above contradicts the fact that Q(F* (x5, ),€1) = 0 since both F* and F; satisfy the norm constraints in the
definition of Q, but we can not simultaneously have that

SelectAction(F*(xsp,))) = SelectAction(F; p, (z1.4,)) = SelectAction(F (z44,)),
due to (72). Thus, we must have that
(TD)t = 0
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e Bound on Tg. We note that

H
@
IN
=
MH

Zon H[ B, (@)oo > 1}

~+
Il
—

1l
Sy

Zt n1{Ime[M]: Ay, (Ten,) > e/a}

T
Z htl{At ht(xt ht) >€/4}

M= %ME ilagle
Mz T
M=

IA
=

Zy n LA (x4,0) > <[4},

>
Il
=
I
—
o~
Il
—

where the last line simply upper bound the term for h; by the corresponding terms for all h < H.

Using Lemma 22 to bound the term in the right hand side for each m € [M] and h < H, we get that

320H W (}‘h .T)

e(‘¢'ha ; }:m)

<23

%M%

Gathering the bound above, we get that

320H q M

NT<HZTEh+
h=1 h=1m=1

Z Fr F *,m
U (FRT) - €(F, ;h )-

Plugging in the form of \Il§¢ (F3,T') and ignoring log factors and constants, we get that

32OH H M PR " .
NT<HZTEh+ > > Reg™(Fp;T) - €(Fp efs; fr™) +log(1/6).
h= h=1m=1

Notice that ¢ is a free parameter above so the final bound follows by taking inf over all feasible ¢.
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