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Abstract

We consider the problem of interactive decision making, encompassing structured
bandits and reinforcement learning with general function approximation. Recently,
Foster et al. [12] introduced the Decision-Estimation Coefficient, a measure of
statistical complexity that lower bounds the optimal regret for interactive decision
making, as well as a meta-algorithm, Estimation-to-Decisions, which achieves
upper bounds in terms of the same quantity. Estimation-to-Decisions is a reduction,
which lifts algorithms for (supervised) online estimation into algorithms for deci-
sion making. In this paper, we show that by combining Estimation-to-Decisions
with a specialized form of optimistic estimation introduced by Zhang [31], it is
possible to obtain guarantees that improve upon those of Foster et al. [12] by
accommodating more lenient notions of estimation error. We use this approach
to derive regret bounds for model-free reinforcement learning with value function
approximation, and give structural results showing when it can and cannot help
more generally.

1 Introduction

The theory of interactive decision making—ranging from bandits to reinforcement learning with
function approximation—contains a variety of sufficient conditions for sample-efficient learning, [25,
17,26, 11,19, 7, 29, 18, 23, 3, 20, 10, 22, 9, 33], but necessary conditions have been comparatively
unexplored. Recently, however, Foster et al. [12] introduced the Decision-Estimation Coefficient
(DEC), a measure of statistical complexity which leads to upper and lower bounds on the optimal
sample complexity for interactive decision making.

Regret bounds based on the Decision-Estimation Coefficient are achieved by Estimation-to-Decisions
(E2D), a meta-algorithm which reduces the problem of interactive decision making to supervised
online estimation. While the Decision-Estimation Coefficient leads to tight lower bounds on regret
for many problem settings, the upper bounds in Foster et al. [12] can be suboptimal in certain
situations due to the need to perform estimation with respect to Hellinger distance, a stringent notion
of estimation error. When specialized to reinforcement learning, the guarantees for the E2D meta-
algorithm in Foster et al. [12] are only tight for model-based settings (where function approximation
is employed to model and estimate transition probabilities), and do not lead to meaningful guarantees
for model-free settings with value function approximation. In this paper, we explore the prospect of
developing tighter regret bounds suitable for model-free settings.

Contributions. We show that by combining Estimation-to-Decisions with optimistic online estima-
tion, an elegant technique recently introduced by Zhang [31], it is possible to obtain regret bounds
that improve upon Foster et al. [12] by accommodating weaker notions of estimation error. Our main
contributions are:
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¢ We introduce a new optimistic variant of the Decision-Estimation Coefficient, and show
that a variant of Estimation-to-Decisions that incorporates optimistic estimation achieves
regret bounds that scale with this quantity (Section 2). Using this approach, we derive the
first regret bounds for Estimation-to-Decisions applied to model-free reinforcement learning
with bilinear classes [11] (Section 2.3).

* We show that in general, whether or not optimistic estimation leads to improvement depends
on the divergence with respect to which estimation is performed: For symmetric divergences,
optimistic estimation offers no improvement, but for asymmetric divergences, including
those found in reinforcement learning, the improvement can be drastic (Section 3). In
addition, we highlight settings in which combining optimistic estimation with Estimation-to-
Decisions offers provable improvement over previous approaches that apply the technique
with posterior sampling [31].

Perhaps the most important aspect of our work is to elucidate the connection between the DEC
framework and optimistic estimation, building foundations for further research into these techniques.

In what follows, we review the Decision-Estimation Coefficient and Estimation-to-Decisions meta-
algorithm (Section 1.2), highlighting opportunities for improvement. In Section 2, we present
our main results, including our application to model-free reinforcement learning. We close with
discussion and structural results, highlighting situations in which optimistic estimation can and cannot
help (Section 3).

1.1 Problem Setting

We adopt the Decision Making with Structured Observations (DMSO) framework of Foster et al.
[12], which is a general setting for interactive decision making that encompasses bandit problems
(structured, contextual, and so forth) and reinforcement learning with function approximation.

The protocol consists of T rounds. For eachround ¢t =1,...,7T"
1. The learner selects a decision w* € II, where II is the decision space.

2. The learner receives a reward r* € R C R and observation o' € O sampled via (r*, 0*) ~
M*(m), where M* : TI — A(R x O) is the underlying model.

Above, R is the reward space and O is the observation space. The model (conditional distribution)
M™* represents the underlying environment, and is unknown to the learner, but the learner is assumed
to have access to a model class M C (I = A(R x O)) that is flexible enough to capture M*.

Assumption 1.1 (Realizability). The learner has access to a model class M containing the true
model M™.

The model class M represents the learner’s prior knowledge about the decision making problem,
and allows one to appeal to estimation and function approximation. For structured bandit problems,
models correspond to reward distributions, and M encodes structure in the reward landscape. For
reinforcement learning problems, models correspond to Markov decision processes (MDPs), and M
typically encodes structure in value functions or transition probabilities. We refer to Foster et al. [12]
for further background.

For a model M € M, E™7"[] denotes the expectation under the process (r,0) ~ M/(7),

fM(m) == E™7[r] denotes the mean reward function, and 7,, := argmax_ . f"(7) de-
notes the optimal decision. We measure performance in terms of regret, which is given by
Regpy = Zthl Bt ot [fM (mae) — f47 (7)), where p* is the learner’s randomization dis-

tribution for round t.

Additional notation. For an integer n € N, we let [n] denote the set {1,...,n}. Foraset Z, we
let A(Z) denote the set of all probability distributions over Z. For a model class M, co(M) denotes

the convex hull. We write f = O(g) to denote that f = O(g - max{1, polylog(g)}). and use < as
shorthand for a = O(b).
1.2 Background: Estimation-to-Decisions and Decision-Estimation Coefficient

To motivate our results, this section provides a primer on the Estimation-to-Decisions meta-algorithm
and the Decision-Estimation Coefficient. We refer to Foster et al. [12] for further background.



Algorithm 1 Estimation-to-Decisions (E2D) for General Divergences

1: parameters: Estimation oracle Algg,,, Exp. parameter v > 0, divergence D™ (- || -).

2: fort=1,2,--- ,Tdo

3: Compute estimate M= Alge, ({(7", 7, 0)}53)

4: p' <= argmin, e o ry SUPprepm Ermp [fY(mn) — fM(m) =~ - D™ (M\t | M)]. 77€q. (2).
5 Sample decision 7* ~ p* and update estimation oracle with (7*, ¢, 0*).

Online estimation. Estimation-to-Decisions (Algorithm 1) is a reduction that lifts algorithms for on-
line estimation into algorithms for decision making. An online estimation oracle, denoted by Algg,,,
is an algorithm that, using knowledge of the class M, estimates the underlying model M* from data
in a sequential fashion. At each round ¢, given the data H*~* = (7', 7', 0%),..., (7', rt7t 0'71)
observed so far, the estimation oracle computes an estimate M* = Algr, ({(7,r, oi)}f;i ) for
the true model M™*.

To measure the estimation oracle’s performance, we make use of a user-specified divergence-like func-
tion, which quantifies the discrepancy between models. Formally, we define a divergence-like function
(henceforth, “divergence”) as any function D : IT X co(M) x co(M) — R, with D™(M || M)
representing the discrepancy between the models M and M’ at the decision 7. Standard choices used
in past work [12, 13, 5, 15, 14, 27] include the squared error DZ, (M, M') := (f(x) — f*'(m))?
for bandit problems, and squared Hellinger distance' D (M, M') := DZ(M (x), M'(r)) for RL,
where for distributions P and Q, D} (P, Q) := S (\/ dP — «/ dQ)2. We then measure the estimation
oracle’s performance in terms of cumulative estimation error with respect to D, defined as

T
Est” = 3 Ep [D’f" (M\ I M*)} , (1)
t=1

where p* is the conditional distribution over 7* given H*~'. We make the following assumption on
the algorithm’s performance.

Assumption 1.2. At each time t € [T, the online estimation oracle Algg,, returns, given
(mhyrtot), .., (w0t ) with (rf0') ~ M*(n') and © ~ p', an estimator M* : 11 —
A(R x O) such that Est® < Est® (T, ), with probability at least 1 — 6, where Est” (T, 6) is a
known upper bound.

For the squared error, one can obtain Est*(7,8) := EstP<(T,8) < log(|Fml/é).
where Fuq = {f™ | M € M]}, and for Hellinger distance, it is possible to obtain

Est"(T,6) := Est?"(T,8) < log(|M|/6).

Estimation-to-Decisions. A general version of the E2D meta-algorithm is displayed in Algorithm 1.

At each timestep t, the algorithm queries estimation oracle to obtain an estimator M* using the
data (7,7, 0%),..., (7", r*=!, 0'~") observed so far. The algorithm then computes the decision

distribution p* by solving a min-max optimization problem involving M* and M (as well as the
divergence D), and then samples the decision 7* from this distribution.

The Decision-Estimation Coefficient. The min-max optimization problem in Algorithm 1 is
derived from the Decision-Estimation Coefficient (DEC), a complexity measure whose value, for a
given scale parameter v > 0 and reference model M : IT — A(R x O), is given by

dec?(M, M) = inf Erp| ™ — fM(7)—~-D™(M || M)|, 2
5 ( ) jut o sup ey | f (o) — fM(m) — - D™ (M || M) )
with dec,YD (M) = SUPf7c o) dec,LY) (M, M). Informally, the DEC measures the best tradeoff

between suboptimality (f* (m,,) — f* (7)) and information gain (measured by D™ (M || M)) that
can be achieved by a decision distribution p in the face of a worst-case model M € M.

'"When D™ (- || -) is symmetric, we write D™ (-, -) to make this explicit.



The main result of Foster et al. [12] shows that the regret of E2D is controlled by the DEC and the

estimation oracle’s cumulative error Est”. Let M be any set for which M* € M for all t almost
surely. We have the following guarantee.

Theorem 1.1 (Foster et al. [12]). Algorithm I with exploration parameter ~y > 0 guarantees that
Regpy < supjzeiq dec,]? (M, M) -T +~-Est” almost surely.

For the special case of Hellinger distance, standard algorithms (exponential weights) achieve
Est™(T,6) < log(|M|/8) with M = co(M), so that Theorem 1.1 gives (abbreviating dec;| =
decPr ):

¥

Regpy S dec) (M) - T+ - log(|M|/9). 3)

Opportunities for improvement. Foster et al. [12, 15] provide lower bounds on the regret for any
decision making problem that have a similar expression to (3), showing that the Decision-Estimation
Coefficient with Hellinger distance (dec;| (M)) plays a fundamental role in determining the statistical
complexity of decision making. However, these lower bounds do contain the estimation term
Est" (T, 6) = log(|M|/8)) appearing in (3), and thus capture the price of moving from estimation
to decision making (as characterized by the DEC), but not the complexity of estimation itself.

In general, the dependence on Est™ (T, §) = log(|M|/§) in the upper bound (3) can render the
bound loose. In reinforcement learning, working with Hellinger distance necessitates modeling
transition probabilities. While this leads to optimal results in some settings, in general the optimal
rates for Hellinger estimation error can be prohibitively large, even in settings where model-free (or,
value-based) methods, which directly model value functions, are known to succeed; this drawback
is shared by all subsequent work based on the DEC [13, 5, 15, 14, 27]. A natural solution is to
replace Hellinger distance with a divergence (e.g., based on Bellman error) tailored to value function
approximation, but naive choices for D along these lines render dec? (M, M) too large to give

meaningful guarantees, and Foster et al. [12, 15] left this as an open problem.?

2 Estimation-to-Decisions with Optimistic Estimation

To derive improved regret bounds that address the shortcomings described in the prequel, we combine
Estimation-to-Decisions with a specialized estimation approach introduced by Zhang [31] (see also
Dann et al. [6], Agarwal and Zhang [1, 2], Zhong et al. [32]), which we refer to as optimistic
estimation. We then use this approach to derive regret bounds for model-free reinforcement learning.

2.1 Optimistic Estimation

The idea of optimistic estimation is to augment the estimation objective with a bonus that biases the
estimator toward models M € M for which the value f*(7r,,) is large. We present a general version
of the technique.

Let a divergence D™ (- || -) be fixed. Following the development in Section 1.2, an optimistic
estimation oracle Algg,, is an algorithm which, at each step ¢, given the observations and rewards
collected so far, computes an estimate for the underlying model. For technical reasons, it will be useful
to consider randomized estimators (Foster et al. [12], Chen et al. [5]) that, at each round, produce a

distribution pi* € A(M) over models. Such estimators take the form ¥ = Algg,, ({(71“', i o)}f;i)
where p* € A(M). For a parameter y > 0, we define the optimistic estimation error as

T
OptEst? := > Erep By, {Dw (1\’4‘ H M*) A g — fm(m,,)}. )

t=1

This quantity is similar to (1), but incorporates a bonus term v~ (f*" (7,+) — f¥'(75¢)), which
encourages the estimation algorithm to over-estimate the optimal value f™” (m,,+) for the underlying
model M*.

2For simpler model classes, it is possible to improve upon (3) by moving from Hellinger distance to
lenient notions of estimation error: In bandit problems with Gaussian rewards, it suffices to consider the
DL (M, M) := (f(w) — f*(m))?, which leads to upper bounds that scale with log|F| < log| M| [12].



Algorithm 2 Optimistic Estimation-to-Decisions (E2D.Opt)
1: params: Estimation oracle Algg, Exp. param. v > 0, divergence D with suff. stat. space W.
2: fort=1,2,--- ,Tdo

3:  Receive randomized estimator u* € A(¥) = Algk, ({(n,r",0')}1_}).

4: Compute

p o angamin sup By By [15(e5) = 1) = D7 (11 21) | 0. o
P

5: Sample decision 7* ~ p' and update estimation oracle with (7, r¢, 0*).

Assumption 2.1. At each time t € [T, the optimistic estimation oracle Algg,, returns, given
(m,yrt0h), .o, (et ot ) with (rf0') ~ M*(n') and ' ~ p', a randomized estimator
ut € A(M) such that OptEst7D < OptEstS (T,9), with wp. 1 — 6, where OptEstS (T,96) is a
known upper bound.

For the case of contextual bandits, Zhang [31] proposes an augmented version of the ex-
ponential weights algorithm which, for a learning rate parameter n > 0, sets u(M)
exp(—n(L*(f*) — v~ f™(m))), where L*(f*) is the squared prediction error for the rewards

observed so far. This method achieves E [OptEst:?] < log(|Fa|) + /T log|Fa«l/v. and Zhang
[31] combines this estimator with posterior sampling to achieve optimal contextual bandit regret.
Agarwal and Zhang [1], Zhong et al. [32], Agarwal and Zhang [2] extend this development to rein-
forcement learning, also using posterior sampling as the exploration mechanism.? In what follows, we
combine optimistic estimation with Estimation-to-Decisions, which provides a universal mechanism
for exploration. Beyond giving guarantees which were previously out of reach for E2D (Section 2.3),
this approach generalizes and subsumes posterior sampling, and can succeed in situations where
posterior sampling fails (Section 3).

Remark 2.1. For the non-optimistic estimation error Est”, itis possible to obtain low error for well-
behaved losses such as the square loss and Hellinger distance without the use of randomization by
appealing to improper mixture estimators (e.g., Foster et al. [12]). We show in Section 3 that for such
divergences, randomization does not lead to statistical improvements. For the optimistic estimation
error (4), randomization is essential due to the presence of the term v~ 1 (" (m,,+) — f¥' (7). <

Sufficient statistics. Before proceeding, we note that many divergences of interest have the useful

property that they depend on the estimated model M only through a “sufficient statistic” for the
model class under consideration. Formally, there exists a sufficient statistic space ¥V and sufficient
statistic 1 : M — U with the property that we can write (overloading notation)

D™(M || M') = D™ (p(M) || M), f¥(m) = f*(x), and = mpn)

for all models M, M’. In this case, it suffices for the online estimation oracle to directly estimate the
sufficient statistic by producing a randomized estimator i € A(W¥). We measure performance via

) It
OptESt? i= 3" Breeye By [D7 (00 | M*) 4972 (" (m) = 7 (75D )
t=1

Examples include bandit problems, where one may use squared estimation error D, (+,-) and take
P(M) = f™, and model-free reinforcement learning, where we show that by choosing the divergence
D appropriately, one can use Q-value functions as a sufficient statistic. Note that we only focus on
sufficient statistics for the first argument to D™ (- || ), since this is the quantity we wish to estimate.

2.2 Algorithm and Main Result

We provide an optimistic variant of the E2D meta-algorithm (E2D.Opt) in Algorithm 2. At each
timestep ¢, the algorithm calls the estimation oracle to obtain a randomized estimator ;" using the data

3Dann et al. [6] also apply the optimistic estimation idea to model-free reinforcement learning, but do not
provide online estimation guarantees.



(m,rt 0", ..., (=t rt=t o' ~1) collected so far. The algorithm then uses the estimator to compute
a distribution p* € A(II) and samples 7* from this distribution, with the main change relative to
Algorithm 1 being that the minimax problem in Algorithm 2 is derived from an “optimistic” variant
of the DEC, which we refer to as the Optimistic Decision-Estimation Coefficient. For 1 € A(M),
define

odecy (M) = inf = sup Eny By, [f(msr) = f¥(m) =7 - DT(M || M) (6)
and o-dec? (M) = sup,eam) o-dec$ (M, p). The Optimistic DEC has two difference from the
original DEC. First, it is parameterized by a distribution p € A(M) rather than a reference model
M:1II— A(R x O), which reflects the use of randomized estimators; the value in (6) takes the
expectation over a reference model M drawn from this distribution (this modification also appears
in the randomized DEC introduced in Foster et al. [12]). Second, and more critically, the optimal
value f(m,,) in (2) is replaced by the optimal value f* () for the (randomized) reference model.
This seemingly small change is the main advantage of incorporating optimistic estimation, and
makes it possible to bound the Optimistic DEC for certain divergences D for which the value of
the unmodified DEC would otherwise be unbounded (cf. Section 3).

Remark 2.2. When the divergence D admits a sufficient statistic ¢ : M — W, for any distribution
€ A(M), if we define v € A(P) viav(y) = u({M € M : ¢p(M) = 1}), we have

o-dec? (M, )= inf  sup ErwpEpon[f¥(my) — fY(7) —~ - D™ M)]|.
DM = Sup By By [1¥(m0) = £(7) = D76 | 30

In this case, by overloading notation slightly, we may write o-dec,’? (M) =
SUP, e A(w) o—decf?(./\/l, v). N

Main result. Our main result shows that the regret of Optimistic Estimation-to-Decisions is
controlled by the Optimistic DEC and the optimistic estimation error for the oracle Algg,,.

Theorem 2.1. For any § > 0, Algorithm 2 ensures that with probability at least 1 — 6,
Regpy < o-dec”’ (M) - T+~ - OptEst (T, §). (7)

This regret bound has the same structure as Theorem 1.1, with the DEC and estimation error
replaced by their optimistic counterparts. In the remainder of the paper, we show that 1) by adopting
asymmetric divergences specialized to reinforcement learning, this result leads to the first guarantees
for model-free RL with E2D, but 2) for symmetric divergences such as Hellinger distance, the result
never improves upon Theorem 1.1.

Estimation with batching. For our application to reinforcement learning, we generalize the results
above to accomodate estimation algorithms that draw batches of multiple samples from each distribu-
tion p*. Given a batch size n, we break the T rounds of the decision making protocol into K :=T'/n
contiguous epochs (or, “iterations”). Within each epoch, the learner’s distribution p* is unchanged
(we index by k rather than ¢ to reflect this), and we create a batch B* = {(7*',r*! o*')}" | by
sampling 7' ~ p* independently and observing (r*, o*') ~ M*(n*"') for each [ € [n]. We can

then appeal to estimation algorithms of the form p* = Algg,, ({B’“}fz_ll). Regret bounds for a
variant of E2D.Opt with batching are given in Appendix B.1.

2.3 Application to Model-Free Reinforcement Learning

In this section, we use Optimistic Estimation-to-Decisions to provide sample-efficient guarantees for
model-free reinforcement learning with bilinear classes [11], a general class of tractable reinforcement
learning problems which encompasses many settings [17, 26, 7, 29, 18, 23, 3, 20, 10, 22, 9, 33].

Reinforcement learning preliminaries. To state our results, let us recall how reinforcement learning
fits into the DMSO framework. We consider an episodic, finite-horizon reinforcement learning
setting. With H denoting the horizon, each model M € M specifies a non-stationary Markov
decision process M = {S, A {PMHL L {RMYE dy }, where S is the state space, A is the action
space, P} : S x A — A(S) is the probability transition distribution at step h, R} : S x A — A(R)
is the reward distribution, and d; € A(S;) is the initial state distribution. We allow the reward
distribution and transition kernel to vary across models in M, but assume that the initial state
distribution is fixed.



For a fixed MDP M € M, each episode proceeds under the following protocol. At the beginning
of the episode, the learner selects a randomized, non-stationary policy m = (n1,...,7g), where
7h 0 S = A(A); we let TIgns (for “randomized, non-stationary”) denote the set of all such policies.
The episode then evolves through the following process, beginning from s; ~ dy: Forh=1,..., H:
ap, ~ mr(sp), rn ~ RY (sp,apn), and sp41 ~ P (- | sp,ar). For notational convenience, we
take sy 11 to be a deterministic terminal state. We assume for simplicity that R C [0, 1] (that
is, Zthl rp, € [0, 1] almost surely). Within the DMSO framework, at each time ¢, the learning

. H .
agent chooses 7* € IIgrng, then observes the cumulative reward r* = thl r};, and trajectory
o' = (s},al,rl),...,(s%,aly, ry) that results from executing 7*.

Value functions. The value for a policy 7 under M is given by f () := E™™ [/ 7], where
E™"™[.] denotes expectation under the process above. For a given model M and policy 7, we define
the state-action value function and state value functions via Q""" (s,a) = EM"™ [Zﬁzh rhe | sn =

s,ap = al, and V""" (s) = EM7 [Zgzh The | sp = s].  We define 7,, as the optimal policy,
1,70 M

which maximizes Q,"™ (s, a) for all states simultanecously. We abbreviate Q** = Q™™

Value function approximation. To apply our results to reinforcement learning, we take a model-free
(or, value function approximation) approach, and estimate value functions for the underlying MDP
M™; this contrasts with model-based methods, such as those considered in Foster et al. [12], which
estimate transition probabilities for M* directly. We assume access to a class Q of value functions of

the form Q = (Q1,...,Qn).

Assumption 2.2. The value function class Q has Q™" * € Q, where M* is the underlying model.

For Q@ = (Qi,...,Qu) € Q, we define mg = (7Q,1,...,7Q,u) vVia mQu(s) =
argmax,c 4 Qn(s,a). We define IIg = {mg | Q € Q} as the induced policy class. While
is not necessary for our results, we mention in passing that the class Q, under Assumption 2.2,
implicitly induces a model class via Mg := {M | Q*"* € O}.

Bilinear classes. The bilinear class framework [11] gives structural conditions for sample-efficient
reinforcement learning that capture most known settings where tractable guarantees are possible. The
following is an adaptation of the definition from Du et al. [11].#

Definition 2.1 (Bilinear class). An MDP M is said to be bilinear with dimension d relative to a class

Qif:

(i) There exist functions Wy (-; M) : @ — R%, X5, (-; M) : @ — R? such that for all Q € Q
and h € [H],

‘EM’”Q [Qh(sh,ah) —Tp = glé{iﬁQthl(sthhal)} ’ < [(Xn(Q; M), Wi(Q; M))|. (8)

(ii) Let zp, := (Sp, Gh, Th, Sht1)- There exists a collection of estimation policies {WGQ“ }QEQ and

a discrepancy function €5 (+;-) : Q x Z — R such that for all Q, Q' € Q and h € [H],
(X (@5 M), Wa (@' M))| = [EY 778" [14(Q) 21)] . ©

If 1" = mq, we say that estimation is on-policy. We assume [EM ™ [(55(Q"*; 23)]| = 0
forall m.

We let dpi(Q ; M) denote the minimal dimension d for which the bilinear property holds for M. For a
model class M, we define dpi(Q; M) = sup ;e doi(Q; M). We let Ly;(Q; M) > 1 denote any
almost sure upper bound on |(5%(Q; z1,)| under M.

“For the sake of simplicity, we adopt a less general definition than Du et al. [11]: We 1) assume that the
“hypothesis class” is parameterized by the Q)-function class Q, and 2) limit to discrepancy functions that do not
explicitly depend on the function () indexing the factor X, (Q; M ). The results here readily extend to the full
definition.

For 7 and 7/, 7 op, 7’ denotes the policy that follows 7 for layers 1,. .., h — 1 and follows 7’ for layers
h,...,H.



2.4 Guarantees for Bilinear Classes

We now apply our main results to derive regret bounds for bilinear classes. We first provide optimistic
estimation guarantees, then bound the Optimistic DEC, and conclude by applying E2D.Opt.

We take ¥ = Q as the sufficient statistic space, with ¥ (M) = Q" *, and define f9(mg) =
Es,~d, [Q1(s1,m0(s1))]. For the divergence D, we appeal to squared discrepancy, in the vein of
Jiang et al. [17], Du et al. [11]:

H
DE(Q || M) =" (B [64(Q: 20)]) . (10)
h=1

We abbreviate OptEstlfYi = OptEst? b and o-deCE’Yi(./\/l, ) = o-dec,’? (M, ).

Estimation. To perform estimation, we approximate the average discrepancy in (14) from samples
(drawing a batch of n samples at each step; cf. Algorithm 3), then appeal to the exponential
weights method for online learning, with a bonus to enforce optimism. See Algorithm 6 (deferred to
Appendix D for space).

Proposition 2.1. For any batch size n (with K := T /n) and parameter v > 1, Algorithm 6, with an
appropriate learning rate, ensures that with probability at least 1 — 0,

OptEst” < VKIVO";'Q' + HI2(Q; M*)log(|Q|KH/5) (1 + I;) (11)

whenever M™ is bilinear relative to Q and Assumption 2.2 is satisfied.

This result does not actually use the bilinear class structure, and gives a bound on (14) for any
choice of £5%*. Similar to the optimistic estimation result given by Zhang [31] for contextual

bandits, this guarantee consists of “slow” term 7VKLOgIQ| resulting from optimism (which decays
as v grows), and a “fast” term. However, compared to the contextual bandit setting, the fast term,
log(|QIKH/6)(1+ £), scales with the ratio £, which reflects sampling error in the estimated
discrepancy, and necessitates a large batch size. Previous algorithms for bilinear classes [17, 11]
require large batch sizes for similar reasons (specifically, because the expectation in (14) appears
inside the square, it is not possible to form an unbiased estimate for Dy,; directly).

Bounding the DEC. A bound on the Optimistic DEC follows by adapting arguments in Foster et al.
[12]; our result has slightly improved dependence on H compared to the bounds in that work.

Proposition 2.2. Let M be any model class for which the bilinear class property holds relative to Q.
(1) In the on-policy case where 71'22St = 7@, we have that for all v > 0, o—decgi(./\/l) < M
(2) In the general case (13" # 7q), we have that for all v > H?dpi(Q; M), O-dec,t;i(./\/l) hS
H2.dy(Q;M)
P .

Combining Theorem B.1, Proposition 2.1, and Proposition 2.2, we obtain the following result.

Corollary 2.1 (Regret bound for bilinear classes). Let Q be given. Assume that M* € M, where
M is bilinear relative to Q, and that Assumption 2.2 holds. Abbreviate d = dp,;(Q; M) and
L = Lyi(Q; M) := supseamq Lii(Q; M). For an appropriate choice of n and -y, Algorithm 3, using
the algorithm from Proposition 2.1 as an oracle, enjoys the following guarantees with probability at
least 1 — §:

(1) In the on-policy case where 75" = m: Regpy < (H2dL?log(|QITH/6))Y/*T3/*.

(2) In the general case where 7reSt # 71g: Regpy < (HOd?L*log®(|Q|TH/8))Y/ ST/,

This is the first regret bound for model-free reinforcement learning with the Estimation-to-Decisions
meta-algorithm. Importantly, the result scales only with the horizon, the dimension d, and the capacity
log|Q|. Improving the dependence on T in Corollary 2.1 is an interesting question: currently, there
are no algorithms for general bilinear classes that achieve v/T regret without additional assumptions.
Let us emphasize that regret bounds for bilinear classes can already be achieved by a number of
existing methods [11, 19]. The contribution here is to show that such guarantees can be achieved
through the general DEC framework, thereby placing this line of research on stronger foundations.



Tighter guarantees under Bellman completeness. In Appendix B.2 (deferred for space), we adapt
techniques from Agarwal and Zhang [2] to derive tighter estimation guarantees when Q satisfies
a Bellman completeness property (e.g., Zanette et al. [30], Jin et al. [19]), by appealing to refined
algorithms tailored to squared Bellman error. We use this to derive tighter regret bounds for bilinear
classes (T2/3 instead of T3/%).

3 Understanding the Role of Optimistic Estimation
We close with discussion and interpretation of our results.

When does optimistic estimation help? Perhaps the most pressing question at this point is to
understand when the regret bound for E2D.Opt (Theorem 2.1) improves upon the corresponding
regret bound for vanilla E2D (Theorem 1.1). In what follows, we show that: (1) For any divergence
D, the Optimistic DEC is equivalent to a variant of the original DEC which incorporates randomized
estimators [12], but with the arguments to the divergence flipped; (2) For divergences D that satisfy
a triangle inequality, this randomized DEC is equivalent to the original DEC itself. Together these
results show that the improvement given by the Optimistic DEC is limited to asymmetric divergences
such as the bilinear divergence in Section 2.3; for more traditional divergences such as Hellinger
distance and squared error, the optimistic approach offers no improvement. Our results use the
following regularity assumption, satisfied by all standard divergences.

Assumption 3.1. For all M, M € co(M), (f* () — fM(n))* < Lf, - D™ (M || M) for a constant
L]ip > 0.

Given a divergence D, we define the flipped divergence, which swaps the first and second
arguments, by D™ (M || M) := D™ (M || M). We define the Decision-Estimation Coefficient for
randomized estimators [12, 5] as @5(/\/{, 1) = infpenqr) suppre pg By [FY (T0r) — f4 (1) — -
Esz., [D™ (M || M)]]. with dec? (M) := sup, e (aq) dec)’ (M, ). This definition is identical
to (2), but allows M to be randomized.

Proposition 3.1. Whenever Assumption 3.1 holds, we have that for all v > 0,

5 L} 5 L}
dect ;,(M) — 2; < o-dec’ (M) < dec”, (M) + 2;_ (12)

For settings in which there exists an estimation oracle for which the flipped estimation error
Est? = Zthl Ermpt Eﬂtw#t [D’Tt (M | M ’)} is controlled, this result shows that to match the

guarantee in Theorem 2.1, optimism is not required, and it suffices to run a variant of vanilla E2D
that incorporates randomized estimators (cf. Foster et al. [12], Section 4.3).

We now turn to the role of randomization. When D is convex in the first argument, we have
@E(M) < SUPi7eco(M) dec,LY) (M, M) = dece (M), but it is not immediately apparent whether
the opposite direction of this inequality holds, and one might hope that working with the randomized
DEC in Proposition 3.1 would lead to improvements over the non-randomized counterpart in
Theorem 1.1. The next result shows that this is not the case: Under mild assumptions on the
divergence D, randomization offers no improvement.

Proposition 3.2. Let D be any bounded divergence such that for all M, M "M and 7 eI
D™(M | M) < C(D™(M || M) + D™(M || M")). Then forall v > 0, sup; dec? (M, M) <
dec?) o0y (M).

Implication for Hellinger distance. Squared Hellinger distance is symmetric, satisfies Assumption
3.1 with Ljj, = 1 whenever R C [0, 1], and satisfies the condition in Proposition 3.2 with C' = 2.
Hence, by combining Proposition 3.1 with Proposition 3.2, we obtain the following corollary.
gorollary 3.1. If R C [0, 1], then o-decy (M) — 1 < supy; dect! (M, M) < o-dec!! (M) +
This shows that for Hellinger distance—at least from a statistical perspective—there is no benefit to

using the Optimistic DEC or randomized DEC compared to the original version. In particular, this
implies that regret bounds based on the randomized DEC with Hellinger distance (such as those found



in recent work of Chen et al. [5]) do not offer improvement over the guarantees for vanilla E2D in
Foster et al. [12]. One caveat, though, is that working with the Optimistic DEC, as well as randomized
estimators, has potential to give computational improvement, as computing a distribution p € A(II)
that minimizes o-decf'/(/\/l7 ) might be simpler than computing a corresponding distribution for
decH 7(M, M) with M € co(M). We are not currently aware of any examples where such an
1mprovement occurs, as even maintaining a distribution ;1 € A(M) requires intractably large
memory for most classes of interest.

Implication for model-free RL. The bilinear divergence DF(Q | M) =

ZhH:l(EM’”[EzSt(Q;zh)DQ that we adopt in Section 2.3 is asymmetric, as are closely re-
lated divergences such as squared Bellman error. Here, there are two reasons why optimistic
estimation offers meaningful advantages.

(1) By Proposition 3.1 (Dy,; satisfies Assumption 3.1 with Lj;, = O(H)), a natural alternative

to optimistic estimation is to estimate with respect to the flipped divergence Dy, then appeal to
Algorithm 3 of Foster et al. [12]. The issue with this approach is that minimizing the flipped estimation
error, which takes the form

T

T
Est™ = Z Eﬂ"\“pt ]E]/\Zt,\,ut |:DIT)F| (QM*)* ” Mt):| = ZEFNPt EJ/VBNH
t=1 =1

H " 2
Z(EW [4Q )] ) ]

is challenging in model-free settings; we are not aware of any algorithms that accomplish this.°

(2) Alternatively, a second choice is to perform estimation with respect to the un-flipped divergence
Dy, (which can be accomplished with Proposition 2.1 by taking v — c0), and appeal to vanilla E2D
(either Algorithm 1, or Algorithm 3 of Foster et al. [12] if one wishes to incorporate randomized
estimators). However, the following result shows that unlike the Optimistic DEC, the original DEC
with the divergence Dy,; does not admit a favorable bound, even for tabular reinforcement learning.

Proposition 3.3. Let M be the class of all horizon-H tabular MDPs with |S| = 2 and | A| = 2.
Consider the discrepancy function (53 (Q; zp) = (Qn(sn,an) — 1 — maxeea Qni1(Sht1,a’)).

Then we have o-decl;i M) < % yet there exists M € M for which dec:i(/\/l, M) > % AL

Insufficiency of posterior sampling. For contextual bandits, where o- decbi(/\/l) < |A‘ [31], and

bilinear classes, where o—dec,t;i M) < A d:(M) (Proposition 2.2), a strategy that achleves the bound
on the Optimistic DEC is posterior sampling (this is also the approach taken in Agarwal and Zhang
[1, 2], Zhong et al. [32]). That is, given a distribution . € A(M), choosing p(7) = p({M €
M | my = 7}) in (6) certifies the desired bound on o-dec,’yD (M, p) for these examples. Optimistic
Estimation-to-Decisions subsumes and generalizes posterior sampling, but in light of the fact that
this simple strategy succeeds for large classes of problems, it is reasonable to ask if there is a sense in
which posterior sampling is universal, and whether it can achieve the value of the Optimistic DEC for
any model class. This would be desirable, since it would indicate that solving the minimax problem
in Algorithm 2 is not necessary. The following sample shows that this is not the case: there are
model classes (specifically, MDPs with a constant number of actions) for which the regret of posterior
sampling is exponentially large compared to the regret of Algorithm 2.

Proposition 3.4. Consider the divergence D[i(-,-). For any S € N and H > log,(S), there exists a
class of horizon-H MDPs M with |S| = S and | A| = 3 that satisfies the following properties:

e There exists an estimation oracle with OptEst,"Y| < log(S/0) w.p. at least 1 — ¢ for all v > 0.
e Posterior sampling, which sets p*() = p*({M | m,, = 7}), has E[Regpy] = S A 290H),
e Algorithm 2 with divergence D = DF(-,-) has E[Regpy] < O (/T log(5)).

This shows that posterior sampling does not provide a universal mechanism for exploration, and
highlights the need for deliberate strategies such as E2D.

SWhile Foster et al. [12] do give regret bounds for model-free RL using this divergence, they only bound
Bayesian regret, and do not provide an explicit algorithm for the frequentist setting.
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A Additional Related Work

In this section we discuss additional related work not already covered.

Chen et al. [5] build on the DEC framework by giving regret bounds for a E2D that incorporates
randomized estimators, but not optimism. For the case of finite classes, their guarantees scale as
roughly

Regpm < @EH(M) T+~ - log(IM]/9),

where @5 H(M) is the DEC for randomized estimators defined in Section 3. As discussed in
Section 3, this regret bound cannot improve upon the guarantees for the original E2D method in
Foster et al. [12] beyond constants, as we have sup 7 decATW (M, M) < @5 H(M). In addition, since
the algorithm does not incorporate optimism, it cannot be directly applied to model-free reinforcement
learning settings.

Foster et al. [15] give upper and lower bounds on optimal regret based on a variant of the DEC called
the constrained Decision-Estimation Coefficient. These results tighten the original regret bounds in

Foster et al. [12], but the upper bounds still scale with Est™ (7", §) = log(|M|/8), rendering them
unsuitable for model-free RL. Nonetheless it would be interesting to explore whether the techniques
in this work can be combined with optimistic estimation.

B Additional Results

B.1 Optimistic Estimation-to-Decisions with Batching

Algorithm 3 Optimistic Estimation-to-Decisions (E2D.Opt) with Batching
1: parameters:

Online estimation oracle Algg., with batch size n.
Exploration parameter v > 0.
Divergence D(- || -) with sufficient statistic space W.
2: Let K :=T/n.
3: fork=1,2,--- ,K do
4 Receive randomized estimator p* € A(¥) = Algg, (B)iZ}).
5: Get p*  argming,e a m SUPprepm Ernp B [fw(wdj) — fM(m)—~-D7 (15 | M)} //Eq. (6).
6:  Sample batch B* = {(7"!, 7!, 0*!)}]'_ | where ™! ~ p* and (r*!, 0*!) ~ M*(7"!), and

update estimation oracle with B*.

For our application to reinforcement learning, it will be useful to generalize E2D.Opt to accomodate
estimation algorithms that draw batches of multiple samples from each distribution p*. Given a batch
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size n, we break the T rounds of the decision making protocol into K := T'/n contiguous epochs
(or, “iterations”). Within each epoch, the learner’s distribution p* is unchanged (we index by k
rather than ¢ to reflect this), and we create a batch B* = {(7*',r*!, o*")}}' | by sampling 7' ~ p*
independently and observing (7!, 0*') ~ M*(x**') for each | € [n]. We consider estimation oracles

of the form p* = Algg,, ({B’“}fz_ll), and measure estimation error via

K
OptEst? = Y E i B [D” (M’“ I M*) F Ay (M () — fﬂt(wm))] (13)
k=1
We assume that the estimation oracle ensures that with probability at least 1 — 6, OptEstE <
OptEst? (K,n,d), where OptEst? (K, n,d) is a known upper bound.
Algorithm 3 is a variant of E2D.Opt that incorporates batching. The algorithm updates the distribution

p* in the same fashion as its non-batched counterpart, but does so only at the beginning of each epoch.
The main guarantee for this method as follows.

Theorem B.1. Let T' € N be given, and let n be the batch size. For any § > 0, Algorithm 3 ensures
that with probability at least 1 — §, Regpy < o-dec$ M)-T+n- OptEst,?(T/n, n,0).
See Appendix D.1 for the proof. When working with divergences for which unbiased estimates are

unavailable, this approach can lead to stronger guarantees than Theorem 2.1. We refer to the proof of
Proposition 2.1 for a concrete example.

B.2 Model-Free RL: Tighter Guarantees under Bellman Completeness

In this section, we show how to derive tighter estimation guarantees (and consequently tighter
regret bounds) when Q satisfies a Bellman completeness assumption [30, 19]. For a given MDP M,
let 7, [f1(s,a) := EM[ry, + maxy f(snh+1,a") | s = s, ap = a] denote the Bellman operator for
layer h.

Assumption B.1 (Completeness). We assume that Q = Q1 X - -- X Qpy is a product class, and that
forall hand Qp1 € Qhyr, [T Quii] € Q.

As before, we take ¥ = Q, (M) = Q™*, and f¥(rq) := Es,~a, [Q1(s1,T0(s1))]. For the
divergence D, we now appeal to squared Bellman error (e.g., [19, 28]):

H
5e(@ 11 M) = SB[ (@Qnlsnsan) = [T Qua (s, an))°) (14)
h=1

We abbreviate OptEsthbe = OptEstf s> and o-deciybe(M7 p) = o-dec$ be (M, ).

Estimation. Algorithm 4 performs optimistic online estimation with squared Bellman error. The
algorithm is an adaptation of a two-timescale exponential weights strategy originally introduced by
Agarwal and Zhang [2] within an optimistic posterior sampling algorithm referred to as TS3. We
show that this technique leads to a self-contained online estimation guarantee outside the context of
the TS3 algorithm.

Proposition B.1 (Estimation for square Bellman error). Assume that Q satisfies completeness relative

to M*. Moreover assume Zthl sup; , 7h(s,a) < 1 and supg j, 5 , Qu(s;a) < 1. Then for any

v > landn < 1/(2'%(og(|Q|K /) + 1)), with batch size n = H (K = T/n), A\ = 1/8,
B = (12yH)~! and § > 0, Algorithm 4 ensures that with probability at least 1 — §,

HioglQ|  nlog(|QIK/)K K

+ + S

U v H

OptEstsybe < (15)

whenever Q satisfies completeness relative to M*.”

Note that Proposition B.1 does not make use of the bilinear class assumption, and only requires that
Q satisfies completeness. As such, we expect that this result will find use more broadly.

7 Agarwal and Zhang [2] give a tighter estimation error bound of roughly OptEsts‘vbe < log?(|QIHK) + %,
but this result takes advantage of a Bellman rank assumption on the underlying MDP. The estimation error bound
we state here does not require any structural assumptions on the MDP under consideration, but gives a worse
rate.
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Algorithm 4 Two-Timescale Exponential Weights for Bellman Complete Value Function Classes

1: Initialize S° =
2: fork=1,.. K do
3: For any Q Q’ € Qand h € [H], define

ALQ,Q) = Q' (s ™) —ri" — QUsil ),
k—1 H
(@Q1Q) = ¢*(QQ. S“)o<e><p< 23 @) )

1< / 1<
Z A Q Q A IOgEQ’Nq -1Q) [exp< A Z AI;L(le Q)2>‘| )
h:l

k—1 H
P (Q) == " (QIS* ") o< exp (—n > (LS(Q) -B- % > max Q(s7", a)) ) ~

4: Predict p*.
fori=1,...,H do
6: Play "' ~ p* and obtain the trajectory o*' = (s7",ay",r1"),..., (s}, a}y, '), where
p* € A(II) is a decision distribution produced by any batched algonthm (e.g., Algorithm 3)
that selects a decision adaptively based on p*.

7: Update S* < Sk~ 1UUl Asytart ey 781+1}UU1 s )

bl

Regret bound for bilinear classes. To provide regret bounds, we assume that M * satisfies the
bilinear class property relative to Q as in Section 2.3. In addition to assuming that M * is bilinear,
we make the following restrictions: (1) 7rest = mg, i.e. estimation is on policy, (2) £$(Q; z1,) =
Qn(sn,an) —rn — maxg Qpi1(Spt1,a ) so that E*""[¢($5¢(Q; 2y,)] is the average Bellman error
for Q under M .® With this discrepancy function, Jensen’s inequality implies that o- deche(M) <
o- dec,y (M), so combining Theorem B.1, Proposition B.1, and Proposition 2.2, we obtain the
following result.

Corollary B.1 (Regret bound under completeness). Let Q be given. Assume that M* € M, where
M is bilinear relative to Q, and that completeness holds. Moreover assume ZhH:1 supg , rr(s,a) <1
and supg, 5, ;s , @n(s,a) < 1. Abbreviate d = dp;i(Q; M). For an appropriate choice of n and ,
Algorithm 3, using Algorithm 4 (with appropriate parameter choice) as an oracle, enjoys the following
guarantees with probability at least 1 — §:

Regpy < HdY3(log(|Q|K/6))4/°T2/3. (16)

This improves upon the 7%/*-type rate in Corollary 2.1.

B.3 Proofs from Appendix B.2

Proposition B.1 is an application of more general results given in Appendix C.3, which analyze a
generalization of Algorithm 4 for a more general online learning setting. To Proposition B.1, we
simply apply these results to the reinforcement learning framework.

Proof of Proposition B.1. Let the batch size n = H be fixed, and let K := T'/n be the number of
epochs. Recall that for each step ke [K |, the estimation oracle is given a batch of examples B* =
{(7*t, r™t ok 1)} where 7% ~ p* and (r*!,0*') ~ M*(m™'). Each observation (trajectory)
takes the form o™' = (s7",ay", r1"), ..., (s}, aH ,75'). We abbreviate Q* = Q™" *

Estimation algorithm. For each step %, the randomized estimator u* selected as described in
Algorithm 4. This algorithm is an instantiation of Algorithm 5 in the general online learning setting
described in Appendix C.3, with G = Q and forall h € [H], X, = S x A, YV, = R x S and

8These restrictions correspond to restricting attention to Q-type Bellman rank, a special case of the bilinear
class property [19, 12].
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W = S*. The unknown kernels are the transition distributions for the corresponding layers of the
MDP M*, and the loss functions are

) = Qn(sn,an),

) =7y + max Q}L(Sh-i-lv a)’

Eh,l((8h7ah)7Q
Cho((Th, She1), @
C({s1 hiem)) = —*ZmaXQl (s1,a)

Finally, take a:h = (s’;th,ah ) yp = (rp", sp4y) and wh = {7 }pem). It is important to note that
sy, ap", mp", sy are taken from different trajectories for h € [H], so yj | x} are independent
from one other for h € [H|. Moreover, note that the distributions p* € A(II) play the role of nature:
the distribution of the tuple (z}, yj,w") for h € [H] is determined by running a policy 7" ~ p* in
the ground-truth MDP M ™. With this configuration, observe that in the notation of Appendix C.3, we
have, for any @,

H
E(@Q.Q 75 = 3 D Eup (6a (4, Q) — Bl 2y, Q) ])?
h=1
1 & kb x 2
= E ZEﬂ-k,h,\,pk EMT [(Qh(Sh, Clh) - [EM Qh+1](3ha ah)) ]
h=1

H
]:Eﬂ'r\/pk EM n Z(Qh(sh, ah) - [7;LM*Qh+1](Sh, ah))Q]
h=1

1
H
1 *
= EE‘n~p sbe(Q ” M )

and

H
1 * ELLd
Eot ot 1(Q) = 5 D Brronpr BV [max Qf (61 0) — max Qu (s}, )|
=1

= (e ) — fQ(WQ)~

Estimation error bound. We take v = 123, so that Theorem C.1 implies that with probability at
least 1 — 4,

K 1 )
> Equpe 77 Exvps DhelQ | M%)+ al£ (m) = f9(rg)
k=1

S nalog(|QIK/0) K +log|Q|/n + oK.

Then by taking o = w%’ this further implies that with probability at least 1 — 6,

K
OPESE™™ = "B By (D5(Q | M) + 24 (r) ~ £2Ura) )

k=1
< H(nalog(|Q|K/6)K +log|Q|/n + o’ K)
< Hlog|Q| | nlog(|QIK/O)K f .
n o v H

O

Proof of Corollary B.1. We choose n = H and apply Algorithm 4 as the estimation ora-
cle. We first consider the “trivial” parameter regime in which Hd'/3(log(|Q|K/§))~1/5T~1/3 >
1/(2'%(log(|Q|K/8) + 1)). Here, T < Hd/3(log(|Q|K/§))*/5T?/3, and thus

Regpy S Hd'/*(log(|Q|K/))*/°T?/>.
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When the case above, does not hold, we proceed as in the theorem statement, choosing n =
Hd'?(log(|Q|K/8))~*/5T~1/3 < 1/(2'%(log(|Q|K/5)+1)). Combining Theorem B.1 and Propo-
sition B.1 then gives

H21 K
Regpy < O-decibe(/\/l) T+ 7CT>]g|Q|

+log(|QIK/0)T + 5
with probability at least 1 — 0. Next, using Proposition 2.2 to bound o- deche(M) in the above
display, it follows that

HdT  H?1
Regpy < +7 8|9

K
+nlog(|Q|K/0)T + R
We choose v = d?/?(log(|Q|K/8))~2/5T*/3 to obtain

Regpy S Hd'/*(log(|Q|K/8))/°T%/°
with probability at least 1 — 4.

C Technical Tools
C.1 Preliminaries

Lemma C.1. Forall x € [0, 1], we have
ef<l1-(1-1/e)x<1—2z/2, and e* <1+ (e—1)xz <1+ 2z

Lemma C.2. Forall z > —1/8, we have e=* < 1 — x + 22

Proof of Lemma C.2. Let f(z) = e % —1+x — 22 Wehave f/(z) = e ® -2 < 0forz > —1/8
Thus, f/ is monotonically decreasmg onz > —1/8 so forz € [—1/8,0], f'(z) > f'(0) =0
Hence, f(x) is non-decreasing on z € [—1/8,0]. Furthermore, f'(z) = —e~* + 1 — 2z < 0 for
2 > 0. Thus f(z) obtains maximum value at z = 0, and f(z) < f(0) = O

C.2 Basic Online Learning Results

In this section we state a technical lemma regarding the performance of the exponential weights
algorithm for online learning. Let G be an abstract set of hypotheses. We consider the following
online learning process.

Fort=1,...,T:

* Learner predicts a (random) hypothesis g* € G.

* Nature reveals ¢* € £ := (G — R) and learner suffers loss ¢*(g*).
We define regret to the class G via

T

T
Rego, = 3 Egey[('(9)] = Inf > ¢'(9), (a7)
t=1

where p* € A(G) is the learner’s randomization distribution for step .

Lemma C.3. Consider the exponential weights update method with learning rate n > 0, which sets

1 (9) O<exp< nYy (g )

i<t

For any sequence of non-negative loss functions (', . .. (7, this algorithm satisfies

T
U ot log|g
RegoL < 5 ZEgtNHt [(ﬁ (g ))2} + 77|
t=1

(18)
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In addition, for any sequence of loss functions ¢*,... (T with (*(g) € [-L,L] forall g € G, if
n < (2L)7Y, then

T

T

gt . log|g| gt log|d|

RegoL <21)  Egiupe [(1(9') = gt [£'(9 )])QHT <4 Ego [(C(91) ]+
t=1 t=1

19)

Proof of Lemma C.3. A standard telescoping argument combined with the fact that

—infgeg Zthl (g) < %log (exp (deg o/ Zthl ét(g))) (e.g., Cesa-Bianchi and Lugosi [4])
gives that for any choice > 0 and any sequence of loss functions, exponential weights has

1
Regg < Zng [ (g Zlog > p'(g) exp(—nt'(g)) +Oi|g| (20)
t=1 9geg
' ' log|G|
fZIOg > i (g) exp(=n(t(9) — Bgrmpe[¢'(g)])) =@

Y

We first prove (18). Using that log(xz) <z — 1forz > 0 and exp(—z) <1 —z + "”—22 for z > 0, we
have

log [ S () exp(—nf'(9)) | < = nEgmpr€'(9)] + 5 Egrmp [(£'(9))7],
geg

so that

Regg <

1\7\3

i ()] + 819
i 9~/t n

To prove (19), we use that log(z) < z — 1 for z > 0 and exp(—z) < 1 — x + 222 whenever |z| < 1
to get

tog | 3 4(0) exp(—1(E'(9) ~ By (6 | < 207 By [(6(0) — By £460))7].
Y

so that
T

Regor < 20 By [(£(9) = Egrp [€(9D])%] +

t=1

log|G|
n

C.3 Online Learning with Completeness

In this section, we give guarantees for an online learning algorithm Algorithm 5, which generalizes
the two-timescale exponential weights algorithm (Algorithm 4) of Agarwal and Zhang [2]. We
describe and analyze the algorithm in a general online learning framework, which abstracts away
the core problem solved by Algorithm 4: value function estimation using a Bellman complete value
function class.

Let G be an abstract set of hypotheses. We consider and online learning process parameterized by a
positive integer H and « € [0, 1].

* There are 2H + 1 outcome spaces, { X}, }her), {Vh }he[n> and W.
s There are H unknown probability kernels {Kp, : X — Vi bne(m)-

* There are 2H + 1 known loss functions {£;, 1 : X, x G = [0, 1] }neqm)s {€n2 : Y X G —
[0, 1]}hEH» and 13 W x§G— [0, 1].

Define S° = @. We consider the following process. Fort =1,...,7T":
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* Learner predicts a (randomized) hypothesis f* € G.

* Nature reveals {z},, ¥}, }rhe|m) and w’. The outcomes {z}, },c|m) can be chosen adaptively,
but they are mutually independent given S*~'. The outcome w* can be chosen adaptively
based on S*~" and {z}, }1,cm). Each outcome y;, ~ Kp(x},) is drawn independently for
each h € [H].

* The history is updated via S* <— S** {z},, ¥}, thepm U{w'}.

¢ The learner suffers loss

Z Eh xhv E[€h72(yha ft) | x;z])Q + al?)(wtv ft) (22)

The learner’s goal is to minimize a form of regret for the cumulative loss given in (22). This
loss function reflects two objective . The first objective involves the H losses {{1 4 }nem) With
corresponding outcomes {x, } pe[#1, as well as the H losses {/s, h}he[H] tied to outcomes {yn, } he[#1»
which are generated stochastlcally based on {zp, }ne[m)- The primary objective is to minimize the
primary error

T
1 t t
H Z Z (Ch1 (), ) — Ellh2(yn, 1) | wh])®
t=1 h=1
T
The secondary objective is to minimize > I3(w?, f*), and the ultimate goal is to minimize a weighted
t=1
sum of the two objectives.

This online learning setup, adapted from Agarwal and Zhang [2], generalizes the reinforcement
learning setting in which Algorithm 4 operates. The adaptively chosen outcome zj, corresponds
to the state-action pair at the h-th step, (s}, a},), with the policy at time ¢ chosen in an adaptive,
potentially adversarial fashion. The conditionally stochastic outcome y;, corresponds to the reward
and the next state (r},, s}, 1), which is sampled independently from the MDP’s reward distribution
and transition distribution at step h, and is conditionally independent given (s},, a},). The learner’s
objective in the RL framework is to predict a value function f* = @' that minimizes the squared
Bellman error, realized by selecting the losses ¢4, (z},, f*) = Q},(s},, a},) and &o p(y7, f*) =17, +
maxg Qj, ,,(8},41,a). The secondary objective is to predict the value function optimistically, with
l3(w?, f*) = —max, Q(s%,a) and w* = si.

Algorithm 5 Two-Timescale Exponential Weights (adapted from Agarwal and Zhang [2])
1: Initialize Sy + &.
2: fort=1,2,...,T do
3: For all f,g € G, define

;z(gvf) = &L,l(x;u )_Eh,Q y;vf)v

gl f)=qg|f5") eXp<

1 & , 1 1 & )
L'(f) = 22 AW )P + 5 dog| Egugeci | exp A'EZAZ(Q,J”) :
h—1 P

p(f)=p(f157) cxexp( nz Bls(w (f))>~

4: Sample and predict f* ~ p’.
5: Observe {z},, ¥}, theay» w'. and update Sy < Sy 1 U{z},, ¥, trherm U{w'}.

To analyze Algorithm 5, we make a generalized realizability assumption and a generalized complete-
ness assumption; these assumptions abstract away the notions of realizability and completeness in
RL.
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Assumption C.1 (Realizability for online learning). There exists f* € G such that for all h € [H]
and xp, € Xy, we have

Cha(zn, f*) =Elln2(yn, f7) | zn).

Assumption C.2 (Completeness for online learning). For any f € G, there exists g € G such that for
all h € [H) and zp, € X, we have

b1 (zh, ) = E[ln2(yn, f) | zn]-
For any f € G, we denote the corresponding g € G satisfying this property by g = T f.

For functions g and f and outcome xj,, define

Enlg, frzn) ==Lhi(zn, 9) —Elln2(yn, ) | znl;

this quantity generalizes the notion of Bellman error for reinforcement learning. Recalling that
AL (f,g9) = ha(xh, ) — £h2(y), g), it follows immediately

E[AL(g: ) | 2h] = E[(lh1 (), 9) — Ch2(Wh, £)) | h] = Enlg, £, 2,)-

In addition, let us define

H
(g fale =77 Zghgfyxh ;
and
V(f) =gt f) = ls(w', 7).

The following result is the main theorem concerning the performance of Algorithm 5.

Theorem C.1. Let A = 1/8, n < 1/(2'%(log(|G|T/5) + 1)), and 0 < B < 1. Under Assumption
C.1 and Assumption C.2, for any 6 € (0,1), with probability at least 1 — §,

Ei1 [Epmpt [(Ch1(@h, £) = Elln2(yn, f) | 2])* + 12Bl3(w", f)] | 2},]

|~
B
M=

~+
Il
sy

>

M= L

H

/—\
|~
i

(U1 (@), [*) = Elln2(yn, [7) | 2}])? + 12815 (w", f*)>

1 h=1

I
M’ﬂ

Et-1[Efnpt [E(f, fr21.0)° + 1260 (F)] | 2.4]

HH
—

2'%(nBlog(IG|T/8)T +log(|G|) /n + B°T).

C.3.1 Proof of Theorem C.1
For our analysis, it will be useful to consider the following offset version of the loss:

S4(9, ) = A3 (9, )* = (Blln2(yn, f) | @h] = ln2(yhs 1))
We use x1.x as a shorthand for {x, } he(z) and further define
_1 S ¢
)= q ;%(g,f)
0°(f) = Egnge (1) 0°(9, F)
Z(f) =~ 108 By 15) exp(-A5 (9, ),

7 = —% log Epr exp (=1 - [8(f) + 8'(f. f) — Z'(f)])
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Recall from Algorithm 5 that

H
qt(glf):—qt(glf,St1)O<exp< ZZ gf)

P =p(f157) O<eXp< nz Bls(w*, f (f))>~

Thus, we can verify the following relationships:

exp (—Atil 5‘“’(9,f)>

o f) = = ,
5 ep(-A T o)
g9'€G —
exp (<0 S 190 (9 + (1)~ 2°(1)])
p'(f) Sl ; (23)
Sen(—n S+ o) - 20)
‘€
¢yl H=q(g| ) e D=2,
) = p'(f) - e MBI (NH LN =21 () =21,
In what follows, we use E;_1[-] to abbreviate E[- | §*~'], where F*~' := o(S**)
Proof of Theorem C.1. Under Assumption C.1, (¢, 1(z}, f*) — E[ln.2(yn, [*) | 24])? = 0. Thus,
the first equality holds by definition as

|~
B
Mm

Ei1[Efmpt [(Cna(ah, £) = Elln2(yn, £) | 23])* +1281(w", f)] | 2]

~+
Il

sy

>

/—\
|~
WMH I

1 h=1

H
> @y, ) = Bllno(yn, £°) | wh])® + 12815 (w', f*)>

E

Il
MH

t—1 [Eprt (g<f7 f7 ',I"fi:H)2 + 125Lf(f)) | xfi:H] .

-
Il

1

To prove the result, we appeal to two technical lemmas, Lemma C.4 and Lemma C.5, stated below.
Plugging the bound from Lemma C.5 into Lemma C.4, we have

T T
Z ]Etfl I:]Effvpt 5(f7 fﬂ xti:H)2 | xtlH] + 65 ZEtfl[Eprt L(f) | xtlH]
t=1

t=1

< 64(128 Y Bt [Epp [E(f frain)?] | @] + (480757 + 8nB) log(IGIT/6)T + 803> T + 1610g|g|>
t=1

6
+ Elog |G| + 183°T.

Rearranging, we obtain

T
Z Bt [EfNP‘ (5
t=1

(f, fxrm)® +1280(F)) | 21.m] < 2'°(nBlog(1GIT/8)T + log(IG]) /n + B°T).

O

We now state the technical lemmas, Lemma C.4 and Lemma C.5, used in the proof above
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Lemma C.4. Under Assumption C.1, forany 0 < n < 1/24 and 0 < 3 < 1, we have

T T
Z ]Etfl []Efrvpt g(f? fa xtle)z | xtlH] + Gﬁ ZEtfl[Ef"’Pt Lt(f) ‘ :L.tlH]
t=1 t=1
I 6
<64 By a[Eppe Z'(f) | g + 1808°T + = 1og|g|
t=1

Lemma C.5. Let A = 1/8 and n < 1/(2'%(log(|G|T/8) + 1)). Under Assumption C.2, for any
0 < § < 1, with probability at least 1 — 6§, we have

T T

t t 1 t t
ZEt—l[Efwt Z'(f) | z1.g) < 128 ZEt—l [Efwt E(f, f,l'i:H)Q | $1;H]
t=1 t=1

+ (480 8% + 8n8) log(IG|T/6)T
+ 8nB*T + 161og|G|.

The remainder of the proof is organized as follows.
* Appendix C.3.2 presents basic technical lemmas.
* Appendix C.3.3 presents the proof of Lemma C.4.
* Appendix C.3.4 presents the proof of Lemma C.5.

* Appendices C.3.6 and C.3.7 contain additional technical lemmas used in the proof of
Lemma C.5.

C.3.2 Basic properties

In this section, we present basic technical results that will be used within the proof of Lemma C.5
and Lemma C 4.

In this section, we will present some basic properties of 6°(g, f), £(g, f,z%.;;)* and Z*(f) for any
teT],9,f€G,zt. g€ Uhe[H] X,. These properties are mainly due to a sub-Gaussian term in the
definition of §*(g, f). Recall

H
§'(g, f) = i Z(fh 1(@h,9) — fh,2(1/;mf))2 — (E[ln2(yn, f) | 23] — éh,2(3/27f))2

h:

1 2

(b1 (x},, 9) — Elln2(yn, f) | z3])

Mm

- =
h=1
+ 2(E[ln.2(yn, )| zh) = Ch2(Yh, 1)) (ha (Th, 9) — Elln2(yn, ) | 24]))
H
=E(9. f,21m)” Z Elln2(n, ) | @h) = ln2(hs F)ER(g, fr )

Note that the quantity E[¢, o(yn, f) | x},] — €n2(y},, f), conditioned on x},, is a mean 0 random
variable bounded by [—1, 1]. Thus, we have

Furthermore, since E[¢, 2 (yn, f) | =] — Cn2(y},, f) is sub-Gaussian with variance proxy 1/2 by
Hoeffding’s inequality, we have the following three lemmas.

Lemma C.6. Foranyt <T, g, f € Gand c € R, we have
E[exp(_C(st(gu f)) | xtlH] < E[exp(_c(l - 20)5(97 f7 xtle)Q) | l’le} .

In addition, for any 0 < ¢ < %, we have Elexp(—cdt(g, f)) | 4. 4] < 1.
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Proof of Lemma C.6. By the 1/2-sub-Gaussianity of E[¢; o(yn, f) | },] — ¢n,2(y},, ), we have
Elexp(=cé*(g, ) | 1. 1]

= E[exp(—cg(g, I :Ctl:H)Q) | xi:H}

H
exp( Z £h o(yn, f) | 3] — n 2(yhvf))5h(gafa xﬁ)) | xtle‘|

h:1
lexp(—c(1 — 2¢/H)E(g, fx4.1) ) | %1.4]
[eXp(—C(l - 26)8(9’ 1 xfi:H)2) | mfi:H]'

IN A
E &

O

Lemma C.7. For any t < T, g f and zi,y we have E[5'(g,f)? |2t y] <
5E[5(gaf’xtlH)2 | xiH]
Proof of Lemma C.7. The result follows by writing

E[ét(??f)Q ‘ xle]

H 2
1
=E ( (9, f,25.1) 22 (Ch,2(Yn, f) | 23] —fhz(yhaf))gh(97f7$2)> | Zh.n
h:l
- 4 . 9
=E (gu f7x1 H Z éh 2 yha | xh] gh,?(y;u f))gh(gmfa 332)) | ‘/I’.tlH
h=1
_ A I
<E (g f7x1H H2 £h2 yha |xh]_€h2<yhaf))5h<gafaxﬁz))2 |$3H]
h:l

< 5E[£(g7f7z1:H)2 | xl:H]v

where the first equality is by defintion, the second equality is by expanding the terms and notice that
the cross terms have zero mean, the first inequality is obtained using the fact that |Ex (g, f, z)| < 1
and that the cross terms of the expansion of the second term have zero mean and the final inequality
is by [E[ln2(yn, f) [ 23] = ln,2(yh: F)] < 1. =

Lemma C.8. Forallt <T, aslong as 0 < X\ < 1/8, we have that for all f,
AEA[Z'(f) | 25.1] 2 Egngrip,s0-1) [E(9, o 21.0)?] 20
almost surely. In particular, By _1[(Z*(f*)) | i.4] > 0.

Proof of Lemma C.8. Recall Z*(f) = — 3 logEgqt(.|s) exp(—Ad' (g, f)). thus we have
“AE A [Z(f) | 21.m] = Er1[log Bgge 5y exp(=A0" (g, f)) | 21.1]

<logEi—1[Egmge(ip) exp(—=Ad"(g, f)) | #1.4] (Jensen)
<logE;_ 1 I:Eg,\,qt(,lf) exp(—)\(l —2)N)&(yg, f, J;tl:H)Q) | xi:H]
(Lemma C.6)
1
< lOgEt,1 |: gr~qt (- f) (1 - 5/\(1 - 2)‘)g(gafa ‘rtle)2> | ‘TtlH:|
(Lemma C.1)

)\ t t >\ t
<1 Ei1 [Egage(1p) E(95 [ 20.1)° | 1] = 1 Egqt (1) E(95 fr20m)%

O
Recalling that Z*(f) = —+1ogEg qe(.p) exp(—Ad'(g, f)) and 6*(f) = Egoge(p) 6 (g, f), we
obtain the following relationship via Jensen’s inequality and second order expansion of the exponential
function.

Lemma C.9. Foranyt < T and realization of S*~*, we have that as long as A < 1/8, Z*(f) < §*(f)
and |Z(F)] < L Egregr(1)[0"(9. f)| for all g. f € G.
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Proof of Lemma C.9. By Jensen’s inequality,

Z(f) =~ 108 E g 15) e5D(~A5'(9, 1)) < By i) (9, ) = 5(F).
On the other hand, applying Lemma C.2, we have
—AZ(f) = 10g Egqr () exp(=A0"(g, f))
< Egrge(15) (=28 (9, f) + A0 (g, [)?).
Thus
2 < 10+ A B4y (60, 1 < 3 Bgmgrtip (0, )1
O

Another important fact we will use is that f* satisfies 6*(f*, f*) = 0. Furthermore, for any f € G,
the pair 7 f, f always has 6*(T f, f) = O forall ¢ € [T).

Lemma C.10. For any t < T, under Assumption C.1 we have §*(f*, f*) = 0. In addition, if
Assumption C.2 is satisfied, then for any f, §'(T f, f) = 0.

Proof of Lemma C.10. By the definition of f*,

oI = 5 Z (s (o 1) = 020 £ = (Ellnaom £7) | 78] = G (h 7)) = 0.

Likewise, by the deﬁn1t1on of Tf,

Tf7 Z Kh 1 xthf Eh,Q(y;w f)>2 - (E[ghﬂ(yhvf) | x;L] - £h>2(ylibvf>)2 =0.

O

C.3.3 Proof of Lemma C.4

In this section, we prove Lemma C.4, which gives a guarantee for the outer exponential weights
update used within Algorithm 5.

Proof of Lemma C.4. The definition of the exponential weights update (in particular, (23)) implies
that

—7- mm(Zm )+ 8 (f, f) - (f))—loggl

MH

<

log(Ef~pe exp(—=n(Be'(f) +0°(f, f) = Z°(f))))

o~
Il

1

T
10g(E ~pr exp(—3nB'(f))) + é > 10g(E syt exp(—305°(f, f)))
1 t=1

IN
Wl
Mﬂ

t

T
+ % Z log(IEprt exp(3T]Zt(f))),
t=1

where the final inequality holds due to the fact that E[XY Z] < {/E[X3] E[Y 3] E[Z?] for positive
random variables XY, Z (which in turn can be shown via a repeated application of Holder’s
inequality). We further have

Ei—1[log(Ef~pt exp(=3nd*(f, f))) | #1.4]
< log(E¢—1[Efpe exp(=3n"(f, f)) | #1.1]) (Jensen)
< log(E—1[Efmpt exp(—n(1 — 6n)E(f, f,21.4)°) | 21.5]) (Lemma C.6)
<log(Ei—1[Epmpt (L — (1 — 60)E(S, f,24.1)?) | 24.5])  (Lemma C.1)
< —J B By G frwhn) | 2hn].
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Meanwhile, using Lemma C.2, we get

log(By—1[E syt exp(=3n8e' () | 21 1]) < Ba [Epope (=380 (f) + 90°B2('())*) | #h.p]-

Moreover, under Assumption C.1, the benchmark term is negative by
T
Ei s lm;n (Z O(f, ) =2 (f) + mf)) | xi;H]
t=1

T
DS =2+ B |2t

t=1

<Eiy

T
= Z E; 1[Z°(f") | #}.y] (Lemma C.10 and the definition of ¢*)
t=1

<0. (Lemma C.8)

Furthermore, the log-exponential term is—up to a constant—bounded by its first order expansion:

T
ZlOg(Etfl[Eprt eXp(377Zt(f)) ‘ xtle])

t=1

[M]=

log(E—1[Ef~p, exp(3n6°(f)) | z1.5]) (Lemma C.9)

~
Il
-

I
N

10g (E—1[Efmpt exp(3nEguge(15) 0°(9: ) | 21:11])

#
Il
_

M=

log(Et—l [Efr\/p" ngqt(ﬁf) eXP(3775t (97 f)) | ‘TiH}) (by Jensen)

#
Il
_

M=

108 (Ei—1 [Efpt Egmge (1) exp(3n(1 + 60)E(g, f25.)%) | 21.m])

-
Il
—

(Lemma C.6)
T
t 2 t
<Y Eia[Bppt Eggeyp) 60(1+ 60)E(g, f,20.4)* | 21.5) (Lemma C.1)
t=1
T
<32 Era[Efpe Z'(f) | p- (Lemma C.8)
t=1

By using the fact that |¢*(f)| < 1 and combining the above displays, we obtain that

—log|g| < — gEH [Ejpe EF, frah)? | 2. 11]

32n d
+ 5 D 1By Z°(f) | 2.

t=1

+ 307 — Bt [Epope e ()]).

Rearranging yields the desired statement. O

C.3.4 Proof of Lemma C.5

We state three technical lemmas, Lemmas C.11 to C.13, which are proven in subsequent subsections,
then prove Lemma C.5 as a consequence.
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Lemma C.11. Almost surely with respect to the draw of ST, we have

T
Z Ei 1 [Epeprise-1) Z(f) | 1]

t=1
T t t t t 1
=B N+ LN =Z =2 _ 1) 1o ] ot }
Sx B e s TR

Term I

>/\H

_ iEt ) [Ept [(e—n[mf)w(f,f)—Z%f)—Zt] _ 1) Zt(f)} | xi;H} +%10g|g|,

Term 11

Lemma C.12. Under Assumption C.2, for any 0 < § < 1, with probability at least 1 — § over the
draw of S™, we have forallt < T,
t t t t 1
E, . |E,. t(e—n[w (N+6" (.1 =21 (H~2"] _ 1) log ot }
[ AT
<320 By [Epepe [(Z°(f) + E(f. fr21.1)?) 108(IGIT/9)] | 21.14]
+ (241° 8% + 4n3) log(IG|T/9).
Lemma C.13. For anyt < T, the following bound holds almost surely with respect to the draw of
St
By [y [ (70 0000202 1) 2(5)] | ]
< NEi1 [Eppt [15E(S, fra1.0)? +280Z°(f)] | 21 + 4nB°.

Proof of Lemma C.5. By Lemma C.11, we have

T
1 1
> Eia[Ejpe Z'(f) | #h] < 5 - (Term 1) = (Term I1) + + log]g].

t=1
Thus under Assumption C.2, using the bound in Lemma C.12 for Term I and using the bound in

Lemma C.13 for Term II, we have with probability at least 1 — 9,

T
Z]th[Eprf Z'(f) | @1.p]
=1

T
Z 320 Ee1 [Eppe [(Z'(f) + E(F, f.a1.1)?) Vog(IGIT/6)] | 21,11

>/\+—‘

+ (247*B? + 4nB) log(|G|T/8)T

T
+ 0 By (B [1BIE(F, £, 205)|* +2802°(f)] | 2411

t=1
9 1
+4nB T + X log|G]|.

Reorganizing the terms, we have
T

32
(1= B ton(617/6) ~ 2501 ) S e sy Z/9) 2
T

< (3?7 log(|G|T'/0) + 1577) Z]Et,l [Ejp E(S, 1, 2t )2 | 4]

t=1

+ (240282 + 4nB) log(|G|T/8)T + 4nf>T + % log|G].
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Using the assumed bound on 7 and A gives

T T
1 1
5 2 BBy Z°(F) | #hn] < 55 D B [Bpope [E(F £o000)°] | 1]
t=1

t=1 =

+ (241 8% + 4npB) log(|G|T/6)T + 4nB>T + 8log|G|.

O

C.3.5 Proof of Lemma C.11 (Error Decomposition)

Proof of Lemma C.11. Recalling the relationships ¢***(g | f) = ¢'(g | f) - e 20" (@:H=2"(N] and
p(f) = p(f) - e BN (AN~ Z(H=2"] the proof begins with the following manipulation:

1 1
B i) 98 7] Bt |08 g

== 1 1 t+1 Qf(Tf | f) }
= Eperip, [log a(Tf | f)} + Epeti_p, {log e (Tf | /)
a(Tf1f) ]
i [log ¢TI
_E | (emnlBt (st -2t (-2 _ _
=8| (! 1) )

VB [ 07 02) 1) 3 @7 ) - 20
FA By, [6(T S, f) = Z*(f)).

Thus, taking expectation with respect to E;_; [-], dividing by A, rearranging, summing over ¢ on both
sides, and taking advatnage of telescoping, we obtain

T
D B [Erpigision) Z4(f) | 2.m]

t=1

t t t t ].
B, [, [ (e 00t n-21)-2 _ 1) 10 ] o }
Sl )18 ) |

<

> =
[M]=

-
Il

1

B By | (7P ORI Z DA 1) 0TS 1)~ 24(D)] | i

i
M=

o~
Il

1

M=

+ 2 B [Bp [0°(T £, F)] | 21.4]

t

1
1 1

EolEfo,1 log ———— . —Er|Es, 741 log ——MM — T+l .

( 0[ s 108 e T '“H} T[ s 108 e T 'xl-HD

Finally, we use that §*(7 f, f) = 0, log m > 0, and log m = log|g|.

+

> =

C.3.6 Proof of Lemma C.12 (Bound on Term I)
Toward proving Lemma C.12, we state and prove a series of technical lemmas, Lemmas C.14 to C.17.

Lemma C.14. Under Assumption C.2, for any 0 < § < 1, the event A* defined below holds
simultaneously for all t < T with probability at least 1 — § over the draw of ST:

1
At = log——M
{?22 BT

< 2log(|g|T/§)}.
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exp (—A 52; 5S(g7f)>

Proof of Lemma C.14. Recalling that ¢**'(g | f) =

lOg (Est

> ex;;(,)\ ,él 5S(g"f)) , we have

9'€g

t
sup Z exp (—)\ Z 5 (g, f))} ) (Lemma C.10)
f g s=1

1
P qumD o <E

<log| Eg: Zexp<—)\z5s(9>f)>
s=1

f.9

= log Z]Est eXp(/\Zés(gaf))]
1.9 s=1

< 2log|G|, (Lemma C.6)

where the final inequality uses 0 < A\ < 1/2 as well as the fact that for any fixed choice of f, g,
conditioned on z3,, s < ¢, the random variables ¢§° (g, f) (for s < t) are independent. Then, by
Markov’s inequality and the union bound, we have the desired result. O

Lemma C.15. Foranyt < T, 0 < X < 1/8, f, almost surely with respect to the draw of S* and
Z1.p, we have

t 2 t t t
Ee1[|Z' (NI | 21p] <40-Eea[Z°(f) | 23]
Proof of Lemma C.15. Using Lemma C.9, we get

B |12 | @5s1] < 2Bemt [ (Bgmae1n)|6°(9: D) | 2.1

< 21 [Eguge(1)|9°(9, ) | 251 (by Jensen)
<10Ei1 [Egugep) E(9s fr2hm)? | 204] (Lemma C.7)
<A0E; 1 [Z(f) | 8.5 (Lemma C.8)

O

Lemma C.16. For any t < T, almost surely with respect to the draw of S* and x4, we have
Bt (12 | 0| < Eot [Epepeise ) [10E(S, £ 285) + 802 (1) | ] + 382

Proof of Lemma C.16. Using Jensen’s inequality, we have

7] = H log(E eyt exp(—n[B' (f) + 8(F. F) - Zf(f)]))]

S Eppe (1B (O 16" (F, DI+ 1Z()]]-
Thus by Lemma C.7 and Lemma C.15, we have

B (127 | @hn] < 3Bica [Bpape |18 (NP +10°F NP +12°(DF] | 21,1
< ]Etfl []Efr\apt [105(f1 f7 xtl:H)2 + 8OZt(f):| | xtlH] + 352
O

Lemma C.17. Forany 0 <n < 1/240, f, almost surely with respect to the draw of S* and x|, we
have

E,_, [e-lB 040 =2 0-2] _ 1 | gt
< Eeo1[1602°(f) + 40 Epape sy EF' f,21.1)? | 21.11]
+ 120%8% + 213
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Proof of Lemma C.17. Jensen’s inequality gives that
7' < Epy 180 (F) + 8 ) = 2]
Z'(f) < Eguge1p) [0°(9, )] = 0°(f)-
We may then write

E,_, [efn[ﬁﬁ(f)ﬂ?"(ﬂf)*Z‘(f)fZ"] Ty xi-H]

<E,_, [efnm%f)fnst(f,f)mat<f>+maf/wpt BN+ D=2 U | g :H}
]. t t t t 7 t ’ 7 t ’
<= E, . [Ef,wpt [e—wﬂ () 4 =6m8" (1) J o6n8"(F) 4 gbnBe' (') | (68" (Ff") 4 o=6nZ"(f") _ 6} | le} 7

where the second equality uses Jensen’s inequality to pull the E /., [-] outside of the exponential

and then the fact that a; - - - ag < % Z?zl a? for real numbers aq, ..., ag. We control the six terms

on the right hand side separately as follows:

e Term (a): Using Lemma C.2 we get

E,_ [aﬁnﬁf(f) | le] <14 608+ 360252,

e Term (b): Using Lemma C.6 we get

E, {e—6n6t(f7f) | '/Etl:Hi| <1.

e Term (c¢):
Ei [eﬁw(f) | 905;14 = Ei—1[exp(6n Egmge (1) 0°(9, ) | 23]

<K I:Egr\zq‘(-\f) eXP(6775t(97 f)) | mtlH]
< Et—l I:]Egr\aq‘(-\f) eXP(677(1 + 127])‘9(97 f7 ‘,I’J]_H)2) | x;.H]

(Lemma C.6)
<14+16nEi—1[Egugr1p) E(9, fr24m)? | 21.y]  (Lemma C.1)
<1+64nE,+1[Z(f) | xi.5]- (Lemma C.8)

e Term (d): Using Lemma C.2, we have

Eut [Eprmpe 70 | 2t ]| <14 608+ 367262

e Term (e):
Eyq [Epope 7 U0 | 2t :H}
<Ei1[Epopr exp(6n(l+ 120)E(f, f/,24.5)°) | #1.z] (Lemma C.6)
<1+ 16nE 1 [Epop EF f2m) | 24k ] (Lemma C.1)
e Term (f):
B []Eprt =02 | xtle}
<Ei 1 [Eprape 1= 602°(f') 4+ 360*(Z(f'))* | 21.y]  (Lemma C.2)

<14 (-6n+ 1440772) Eiq1[Egpapt ZH(fY | 24 y] (Lemma C.15)
<1. (Lemma C.8)
O
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Proof of Lemma C.12. Combining the preceding lemmas, we have with probability at least 1 — ¢
over the draw of S7, the event A* defined in Lemma C.14 holds for all ¢ < T simultaneously, and
thus

t t t t 1
B, (| E,o (e B N+ FN=2"(H-2"] _ 1)1, zt
tl{fp( o iy i
1
< Efmpe [(16771&_1 (Z(f) + g EF' 28 0)° | 235) + 12078 + 218) log T

<16nEi1 [Epept [(Z°(F) + Ef. fr25.5)%) - 210g(IGIT/6)] | 2.5
+ (24778 + 41B) log(|G|T/6),

where the first inequality is derived from Lemma C.17, and the second inequality follows from
Lemma C.8 and Lemma C.14. O

C.3.7 Proof of Lemma C.13 (Bound on Term II)
Proof of Lemma C.13. We compute

E,_, [Eprt [(efn[ﬁﬁ(f)ntét(f,f)th(f)*Zt] — 1) Zt(f)} \ xi:H]
<E, [Emt {(en(w<f>|+|6f<f,f>|+\zt<f>|+\zt\) _ 1) |Z,,(f)@ | xi;H}
< 2By [Epape [[Bl" (O] + 16 O+ Z(HOI+ 121 Z ()] | 21.5]
<N BEe1 [Eppe [10°(f, )P+ 512 (NP +|2'1%] | 24.5] + 05
S 77IE1§—1 [Eprt [155(f7 f7 xtl:H)2 + 28OZt(f):| | xtlH:I + 477623

where the second inequality applies Lemma C.1 (together with the fact that n € (0, 1/240)), the third
inequality uses Young’s inequality and the fact that |.*(f)| < 1 for all f, and the final inequality
applies Lemma C.15 (to bound E;_1 [| Z*(f)|?]), Lemma C.16 (to bound E;_1[|Z*|?]), and Lemma C.7
(to bound Ey_1 [§*(f, ) | z%.4]) -

O

D Proofs from Section 2 and Section 3

D.1 Proofs from Section 2

Proof of Theorem 2.1 and Theorem B.1. We prove Theorem B.1; Theorem 2.1 is the special case
of this result in which n = 1. Observe that for Algorithm 3, we have

K

Regpy =1 Y Erope [f () = f7 (7).

k=1
‘We can rewrite this sum as

K
S Bk [ () — £ ()]
k=1

Tk

S P [ I

(m5) = £ ()] + By | (£ () = £7" ()

1> 10>

Bt By [ 17 () = £ (5) = - D™ (9 || 1¥)]

>
Il
—

B |7 D7 (05 M)+ (£ (o) = 17 ()|

ok

Eﬂ.k,\,pk E'leNHk {fﬂ’

I
M=

(mae) — ) =y D™ (12'“ I M*)] +- OptEst?.

el
Il
—
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For each step k, by the choice of p*, we have
oF * P ey *
Byt By [£7 (mg) = 1 (7%) = - D™ (8% | M)
< ~ LN Y S SN S L oyt
< swp Bovpp B |17 (n) = () = D7 (3| )|
— inf E,.,E- { 0 i .Dﬂ<A M)}
pe%l(n)j‘é% p B[O () — fM(m) = |
= o-dec”’ (M, ii*) < o-decl (M).
Finally, we use that probability at least 1 — 4, OptEst,lY) < OptEst,? (K,n,d).

We next prove Proposition 2.1, which gives a bound on

K
OptESt,l:,I = Z Kk opr Eﬁkwl_[,k
k=1

i (]EM*’” [ﬁ?ﬁt(@k; Zh):| ) T P () — P (Wﬂk))l :
h=1

Algorithm 6 Optimistic Estimation for Bilinear Classes
1: parameters:

e Number of rounds 7', Batch size n
e Learning rate 7 > 0.
e Discrepancy function £ (Q; z;') Exploration parameter y > 0.
2: Let K =T/nand B° := .
3: fork=1,2,--- ,Kdo
4 Form the randomized estimator p* via 11*(Q) o< exp(—n >, ;. €'(Q)), where

H 1 n 2 1
— - gest _Zi,l _ = fQ T
S (F3 @) - g o)
5: Receive batch of samples B* = {(7"!,r*! o*')}]' | where 7! ~ p* and (r*!, o*') ~

M*(m*h).
//p" is the decision distribution produced by E2D.Opt (cf. Algorithm 3).

. kL k.l ko k1 ki k1 k1
6: Let z;' = (sp', ap', rp ,sh_H) where we recall o"' = (s}, ay", ri"), ..., (Y, %t ).

Proof of Proposition 2.1. Throughout this proof, we use the batched estimation notation from
Appendix B.1. Let n be fixed, and let K := T/n be the number of epochs. Recall that for

each step k € [ ], the estimation oracle is given a batch of examples B* = {(7*!, r*!, o* l)}l 1
where 7% ~ p* and (r**, o* l) M>*(7*"). Each observation (trajectory) takes the form okt =
(s}!,alt, r’l” D, (sh a’;ll, ;). Throughout the proof, we use the notation

M* 7R T pes
ER(Q) =BT [£574(Q; 2n)],
and abbreviate Q* = Q™" *

Estimation algorithm. Define
o 1 . es ¢
EHQ) = - D6 QiA),
1=1

where ;" 1= (s, ap ', 7, sp ). Letn > 0 and a > 0 be parameters whose values will be chosen
at the end of the proof. Defining

H
=Y (EHQ)? - af9Umq).

h=1
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Algorithm 6 chooses

15(Q) 0<exp< ny ¢(Q >

i<k

as the randomized estimator for epoch k.

Estimation error bound. Let us abbreviate L = Ly;(Q; M*). Observe that for all &, |£*(Q)| <
R := HL? + « almost surely. Hence, Lemma C.3 implies that as long as < 1/2R, we have

K K K log| Q)|
> Equus Q)] = D 0HQ") <40 > Equ, [(°(Q))%] + . (25)
k=1 k=1 k=1
For each k € [K], we have that for all @ € Q,
H 2 H o
(£°(Q))* <2 <Z(55(Q))2> +20% <2HL? Y (E5(Q))° + 207,
h=1 h=1
As aresult, (25) implies that
K H
ZEQw {( ) } * QZEQW P () = f9mq)] (26)
k=1 h=1
-\ 2 2 o) log|Q)|
<> Z(&’i(Q*)) +8nHL? Z Z Eqn it [(5;;(@)) ] + 82K + 2= (27)
k=1h=1 k=1h=1 N
Whenever 1 < 1¢ }}I T3, rearranging gives
LKA
52D Equw {(q ) ] n aZn«:QNM (1) — F2(rq)] (28)
k=1h=1
N (20 log|Q)|
< 3D (E@)) + 8K + == (29)
k=1h=1

We now appeal to the following lemma.

Lemma D.1. With probability at least 1 — 0, it holds that for all k; € [K], h € [H|, and Q € Q,

S(EHQ) — ()

IN

(ERQ))? < 2(EL(Q))? + 2220 (n), (30)

210g(|QKH/5)

where £conc(n) == L -

Going forward, we condition on the event in Lemma D.1. Applying the inequality (30) within (29),
we have

1 K H
7002 Bomye (€4 }MZEQW V() = £9(mQ)] (1)
k=1 h=1
<23 S (EQ) + a2k + 2B L amre | ()
k=1 h=1
— 8na’K + logrllg L 3HKE2, (n), 32)

where the last equality uses that £(Q*) = 0 for all h € [H], and k € [K], which is a consequence
of Definition 2.1. Next, we recall that

K H K
3" B (6] - 3B 5 011 0]
k=1

k=1h=1
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A standard application of Freedman’s inequality (c.f Lemma A.3 in Foster et al. [12]) implies that
with probability at least 1 — 4,

K K
> B [P (@ 1 M9)] > 5 D" B By [DF (@ | M4)] — OUHE? 08(H/9).
k=1

k=1
Putting everything together, we have that

K
& D By B [DE(Q | M*) +8a(* (mar) = /()

k=1
1
<nari + B9 R )+ R 0a(1)6).
1
Choosing o = %, this gives
OptEst’ < na’K + g|Q| + HKe2,,.(n) + HL*log(H/6)
K
<na’K + g|Q| +HL2log(|Q|KH/5)( >

We choose =/ — loglgl A 16 =» which satisfies the constraints described earlier in the proof, and
gives

. /K1 K
OptEst!’ < le' + Rlog|Q| + HL? log(|Q|K H/4) (1 + n)
JEI
< jg|Q| v HL? log(|QKH/5)(1 n % n f)

~

O

Proof of Lemma D.1. For any fixed & € [K] and ) € Q, Hoeffding’s inequality implies that with
probability at least 1 — 4,

21og(1/0)

HQ) -E@)| <L

By a standard union bound it follows that with probability at least 1 — ¢, for all k € [K], h € [H],
and @) € Q simultaneously,
2log(|QIKH/0)

o = €conc(n).

Q) -&@Q| <L
Whenever this event occurs, the AM-GM inequality implies that

(ER(@)? < 2(ER(Q))? + 2220 (n)
and likewise (£ (Q))? < 2(E}(Q))? + 2620 (n). m

Proof of Proposition 2.2. Let ;1 € A(Q) be fixed. Fix o € (0, 1), and let 7§ be the randomized pol-
icy that—for each h—independently plays ¢ j, with probability 1 — o/ H and 7TeSt with probability

a/H. Let p € A(II) be the distribution induced by sampling @) € p and playmg ﬂ'g. Translated to
our notation, Foster et al. [12] (cf. Proof of Theorem 7.1, Eq. (152)) shows that for all MDPs M, this
strategy guarantees that for all n > 0,

H-dy(Q; M A
Brny B [1(r) ~ (] < e T 4 5 B g (6@ M. W@ M0
H dl M d M,THop TS T pes / 2
= bing g; QQ,NM|:(]E TQORTQ I:Eht(Q,Zh)]) :|
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In the on-policy case in which W%St = 7Q, it suffices to set o = 0, which gives

H
Z ]EQ,Q’N/L |:<E1\/I,TFQOh7rCQSt I:E(;LSt (Q,; Zh)] ) 2}

h=1

= BB @)

=

1
H
> Ervp B | (BT [67(Q21)])’]
=1

h=
= E'n'Np EQN#[DI:T;(Q ” M)]?

where the last equality relabels Q' < Q. Setting = 2+ yields the result.

In the general case where ;" # ¢, we have that for all Q" € Q)’°

Eﬂ—Np |:(]EZW,7T stt(czl; Zh)])Q} Z %(1 _ a/H)H_l EQNM |:(]:E:M,‘n-Qohﬂ'eQSt [gzst(Q/; Zh)})2:| )

We have 2 (1 — a/H)" =1 > ;2% whenever a < 1/2, which gives

H-dy(Q; M) nH
7_’_7
2n
H? - dyi(Q; M)
2va

Erp Equu[fO(mq) = fM(m)] < a+ “ Ernp EQuu[Dg(@Q || M)

=+ +'7 EWNPEQNIJ«[DQ(Q || M)]?

where the last line chooses 7 = ya/H. To conclude, we set o = /H?2dy;(Q; M) /47, which is
admissible whenever v > H?dy(Q; M).

O

Proof of Corollary 2.1. In both of the cases in the theorem statement (on-policy and off-policy),
whenever v > 1 and n < /T (to ensure that K /n > 1), combining Theorem B.1 and Proposition 2.1
gives
, T
Regpy < o-dec? (M) - T +yHL?log(|Q|KH/5) - —+ \/nTlog| Q.

We choose n = /T, which is admissible whenever T is sufficiently large, and gives

Regpy S o-dec? (M) - T+ yH L log(| QK H/6)VT + \/log] Q[ - T%/*,

In the on-policy case, we have, from Proposition 2.2, that
HdT 2 3/4
Regpy < TJr'yHL 1og(\Q|KH/5)\/T+ V1og|Q| - T/,

and in the off-policy case, we have

H?%d
Regow § \| 1 +7HL log(|QUKH/SVT + log] Q[ - T/
Choosing v to balance yields the result. L)

’Note that this result uses that the quantity E* " [¢5**(Q'; )] only depends on the policy m through
al,y...,0Qp.
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D.2 Proofs from Section 3

Proof of Proposition 3.1. We begin with the upper bound. First, note that by Assumption 3.1 and
the AM-GM inequality, we have
o-dec’(M)= sup inf sup B, Err [ (7w) — fM(7) —- D™ (M || M
7 (M) pEA(M) PEA(IT) Mem peM ”[f () = f¥(m) =y (M| M)}

L2

< swp infsup Beoy By [f(mw) — £ (m) = 2D (R | M) | + 2

neA(M)PEA(T) Mem " 2 2y

(33)

Consider any fixed choice for ;1 € A(M). By Sion’s minimax theorem (see Foster et al. [12] for
details), we have

. f "y 1 pr(T

f sup BpoyBer | (n5) — (7)) — L - D™ (M || M

iy 0p By B [ ) = £ = 5 D (6T | )
. " w1 pr (i

= f Ernmp Bz, Entmn | M (75z) — f¥ () — = - DT (M | M

pelg(ﬂ) ueSAu(Ile) PEMeop =M {f () = f7 () 2 ( | )}

. " ey~ . (0T
- f B, Ec ENV{M = i) — LD (AT M},
yeSAu(I/)\A)pelg(H) p Bty Bty [ 17 (M) = /7() 2 (M M)

so that the main term in (33) is equal to

sup  sup inf Er B Ene |:fﬁ(’ﬂ']\7) — fM(m) — . pr (M || M)}
pEA(M) veA (M) PEA(I) 2
: o 7 ¥ —
< sup inf sup E,,Ei E NV{fM mw) — f(x) = L D™ (M M}
e e oD e BTy (737) (m) =5 - DT(M || M)
= sup inf sup E;upEum~ {fﬁ(ﬂﬁ) — (7)) — 7. D™ (M | M)}
vea (M) PEA ey 2
Relabeling, this is equal to
g

sup inf sup E o, Exr_ [fM ) — (1) — = - D™ (M 1\7}: sup @5 M, ).
p et e B Bxr (7r) (m) =5 (M || M) o ~/2(M; )

We now prove the lower bound. Using Assumption 3.1 and the AM-GM inequality once more, we
have

o-dec? (M) = su inf  sup Erp B [ (7)) — fM(7) — - D™ (M || M
"M e A PEA(D) prens ™ i [ () = () = - DT (M || M))]

> sup inf sup E, ,Ez; |:fM(7T) — fM(m) — 3 D™ (M | M)] - Lﬁp
T peA(M) PEAD) MeM TR Mep Y 2 2y

> sup sup inf E, ,Ez_ Euy |:fM(7T) — () - 3 D™ (M | M)] - Ll?ip
— iad ~ ~V M .
HEAM) veA(M)pEA(T) P M 2 2y
(34

Using the minimax theorem in the same fashion as before, the main term in (34) is equal to

. i i 3y =
sup sup inf Er ,Ew_ Ep, [fM i) — fM () — —=— - D" (M M]
VEAM) pe Ay pEA() TP M M (1) ™ =3 (M1 A1)

. — _ 37 _ :|
= su inf sup ErpExr  Eprew | M (7mg) — (7)) — = -D" (M || M
uEA(I;\/l)pGA(H)MEA(I/)\A) P M =M {f (mse) = £7(m) 2 (T 21)

_ _ 3 _
= sup inf sup ErpEyep |:fM(7TM) — fM(m) — o D™ (M || M)}
veA(M) peEA(II) MeM 2

Relabeling, this is equal to

3y

sup inf sup Er~p EMN# |:fM () — [ () 9

DM | M)| = sup dec? M, ).
neA(M) PEA(T) Mem (1] )] D decsr/ (Mot

HEA(M)
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O

Proof of Proposition 3.2. Let M be arbitrary. By Sion’s minimax theorem (see Foster et al. [12] for
details), we have

dec? (M, M) = sup inf Erparep[f (7)) — () —~- D™ (M || M)].
pEA(M) PEA(IT)

By the assumed triangle inequality for D, we have that for all 7 € 1I,
Bt D7 (M || M')] < CEageoy [D (M | M)] + CEapres[D7 (M || M')]
= 2C B [DT(M || M)].
Applying this bound above, we have that

d D M < . f ]E-n—N frow M o M 7l]E /NLDﬂ' Ml M
) (M) S sup il Bevpate| () = (1) = 55 Barel D7 | M)

. Y /
< su su inf Eio, e [Mﬂ' — fM(n) — = -Eyprn[DT (M M}
s B, () = () = 5B 07O | M)

. Y /
< sup inf su EWN[MTF — M) — L B, [DT(M M}
St sup o[£ )~ () = B (D7 1)

D
= sup dec (M,v).
vEA(M) v/(2C)

O

Proof of Proposition 3.3. The upper bound on o-dec,byi (M) follows from Proposition 2.2, so it
remains to prove the lower bound on decf’yi (M).

For a model M, define the Bellman operator 7, via

[EAIQ](S7 a) = Esh_HNPfL”(.‘s,a),rh,wRﬁI(.|s,a) |:Th + glgﬁ Q(Sh+17 a/):| . (35)
Let
H
Ge(@ || M) = S BT [(Qulsns an) = [T Quaal(5n, an)’]
h=1
and DI (M || M) := DZL (Q™* | M). By Jensen’s inequality, it suffices to lower bound
decfsbe(M).

Let S = {s,t} and A = {a, b}. We consider a sub-family M’ C M of deterministic combination
lock MDPs parameterized by @ = (@1, . ..,dn) € A, with Mz defined as follows.

¢ The initial state is s; = s.

* Foreachh =1,...,H — 1, if s, = s, then selecting a;, = @, transitions to s, = s, and
selecting ay, # @, transitions to sp 11 = t. tis a self-looping terminal state: if s, = t, then
sp+1 = tregardless of the action taken.

e If sy =sanday = dy, then ry = A > 0; all other state-action tuples have zero reward.

We choose M such that Q,*(s,a) = 0 for all (h, s, a). We calculate that for all @ € A, and all
policies m € IIgNs,

o fMa(ma,) — fMa(m) = A-PYaT(ay.g # a).
° D:;)e(QM’* || Ma) = AQ . IPMEJT(G,]_;H = 6:)

It follows that

d Dygpe M) >  inf E, . A . PMaT ) o ‘AQ'IP)ME,‘IT -
ecy (M, M) > inf  max »l (arm # @) = (a1 = @))

= peig(fr[) Egumit(ar) Brnp [A PYa(ay g # @) — - A% PO (ay.5 = Ei)]'
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It is straightforward to see by induction that for all 7 € TIrns, Egouniecam)[PY@ ™ (a1.7 = @)] <
2—H and Egunif(am) [PMa™ (a1, # @)] > %, so we have

2
dec,? M A A

The result follows by choosing A appropriately.
O

Proof of Proposition 3.4. Let H be given, and assume without loss of generality that S =
2H=1 4 2H=2 Tet N := 2H=2 We construct a family of MDPs M = {M,..., My} with
deterministic rewards and transitions as follows.

« A= {a,b}.

* The state space is S = T U U {s}. s is a deterministic initial state which appears only
in layer 1. 7 represents a depth H — 2 binary tree (with the root at layer h = 2), which
has N = 252 Jeaf states in layer H, labeled by {1,..., N}, and 27 ~! — 1 states in total.
E={N+1,...,2N} is an auxiliary collection of self-looping terminal states, each of
which can appears in layers h = 2, ..., H. In total, we have |S| = 28 ~1 4 2H-2,

The dynamics and rewards for MDP M; are as follows.
* Atlayer h = 1, s; = s deterministically.

e If a; = a, we transition to s, = N + ¢ € &, and if a; = b, we transition to the root state for
the tree 7. We receive no reward.

» For h > 2, all states s € £ are self-looping and have no reward (i.e. sp+1 = s, if s, € €
for h > 1).

» For h > 2, states in T follow a standard deterministic binary tree structure (e.g., [24, 8]).
Beginning from the root node at h = 2, action a transitions to the left successor, while
action b transitions to the right successor. For M;, we receive reward 1 for reaching the leaf
node ¢ € T at layer H, and receive zero reward for all other states. Note that the transition
probabilities for this portion of the MDP do not depend on .

Online estimation. We first construct an online estimation algorithm for the class M. Recall that
we adopt Hellinger distance, given by D] (]/\4\7 M) = D} (]/\4\(7r), M(w))

We first note that since all M € M have f* (m,,) = 1, the optimistic estimation error is equal to the
(non-optimistic) estimation error

T
EStH — ZEﬂtNPt E]/w\trwlu} |:Da (]/\Zt(ﬂ't)a M*(ﬂ't)):| .
t=1

Observe that since all MDPs M € M have deterministic rewards and transitions, there exists a
function o () such that o ~ M (7) has o = o™ () almost surely. It follows that

D{(M (), M’ (7)) = 2I{o" (m) # o™ (m)}
for all M, M’ € M, so we have
T T
Est” =Y Eriop Ege . [Dﬁ (J\?f(nf), M*(w‘))} =2 Eriop Eg [H{oﬁ‘ (n%) # o™ (wt)}]
t=1 t=1

For the estimation algorithm, we choose

(M) o exp (— S Ko () # })
i<t
Lemma C.3 implies that with probability 1, the sequence 7', ..., " satisfies

T T T
S B [Ho™ (1) # 011 = SUHo (1) # 0} < 3 D2 B [H™ () # 03] + loglM.
t=1

t=1 t=1
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Since o™” (7*) = o', rearranging yields

T
> gy [Ho™ (7) # 0'}| < 210g|M.
t=1

From here, a standard application of Freedman’s inequality [16] implies that with probability at least
1-— 5, Zf:l Eﬂ‘fvpt E]’Vjtwut [H{OMt (Wt) 7é Ot}] ,S 10g(|M|/6) § 10g(S/5)

Lower bound for posterior sampling. Observe that for all M; € M, the unique optimal policy
has 7,,(s) = b at h = 1. Thus, the posterior sampling algorithm, which chooses p‘(7) =
w({M e M| my =7}), will never play a; = a, and will never encounter states in £. As a result,
the problem is equivalent (for this algorithm) to a multi-armed bandit problem with N arms and
noiseless binary rewards, which requires E[Regpy] = N 2 S in the worst-case [21].

Upper bound for Algorithm 2. We first bound the Optimistic DEC for M. For any p € A(M),
we can write

odeci(M,p) = inf = sup Eny By, [f¥(mss) = f(m) =7 D(M() || M(m))]

=t sup By Byp, [ (m) = f¥(m) = 29 Lo (m) # o (m)}]

= nf - sup By By, [ (m) = () = 29 o (7) # 0™ (m)}],

where the last equality uses that f*(m,) = 1 for all M € M. We choose p = (1 —
e)p({M € M | my = -}) + emq, Where 74 is the policy that plays action a deterministically.

Now, let M € M be fixed. Since each model M; transitions to so = IN + ¢ deterministically when
a; = a, we

By {0™ (1) # 0 (m)} > £ - {0 () # 0" (ma)} = - {M + I}

and
By Bnnp 0™ () # 0™ (m)} > ep( M\ {M}).
Similarly, we have

Erplf" (mar) = [ (m)] = € + (1 — ) u(MN\{M}).
By choosing e = 1, which is admissible whenever v > 1, we have
Errp Exz oy [f (M) = [ (1) = 29 - T{o™ (m) # 0™ (m)}] < &+ (M N\ {M}) — 29ep(M\ {M}) <

This establishes that
o-dec (M) <

2=

for all v > 1. A regret bound of the form E[Regpy] < O(y/T10g(S)) now follows by invoking
Theorem 2.1 with the estimation guarantee in the prequel and choosing « appropriately.

O
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