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ABSTRACT

In this paper, we consider offline reinforcement learning (RL) problems. Within
this setting, posterior sampling has been rarely used, perhaps partly due to its
explorative nature. The only work using posterior sampling for offline RL that
we are aware of is the model-based posterior sampling of [US21]. However, this
framework does not permit any tractable algorithm (not even in the linear models)
where simulations of posterior samples become challenging, especially in high
dimensions. In addition, the algorithm only admits a weak form of guarantees —
Bayesian sub-optimality bounds which depend on the prior distribution. To ad-
dress these problems, we propose and analyze the use of Markov Chain Monte
Carlo methods for offline RL. We show that for low-rank Markov decision pro-
cesses (MDPs), using the Langevin Monte Carlo (LMC) algorithm, our algorithm
obtains the (frequentist) sub-optimality bound that competes against any compara-
tor policy 7 and interpolates between O(H?2d+\/C,/K) and O(H?\/dC/K),
where C); is the concentrability coefficient of 7, d is the dimension of the linear
feature, H is the episode length, and K is the number of episodes in the offline
data. For general MDPs with overparameterized neural network function approxi-
mation, we show that our LMC-based algorithm obtains the sub-optimality bounds
of O(H?%d\/C,/K), where d is the effective dimension of the neural network.
Finally, we collaborate our findings with numerical evaluations to demonstrate
that LMC-based algorithms could be both efficient and competitive for offline RL
in high dimensions.

1 INTRODUCTION

Offline reinforcement learning (RL) [LGR12] is an important paradigm of RL that finds vast appli-
cations in a number of critical domains where online experimentation is costly or dangerous such as
healthcare [GJIK™*19; NBW21], econometrics [KT18; AW21], and robotics [LKTF20]. Formally, a
learner is presented with a fixed dataset of tuples of {current state, action, reward, next state} col-
lected by some (unknown) behavior policy during prior interaction with the environment. The goal
of offline RL is then to learn a “good” policy out of the offline data without any online interaction.
The main challenge toward this goal, due to the lack of exploration capability, is the distribution
shift issue, where the distribution induced by the offline data is different from that induced by a
comparator policy that the learner wants to compete against.

The approaches to addressing offline RL can be broadly divided into two categories. Maximum like-
lihood methods with pessimistic adjustments induce pessimism by keeping the model close to those
supported by the offline data. These were adopted in various forms such as lower-confidence bounds
(LCB) [JYW21; RZM*21], version space [US21; XCJ*21], pessimistic regularization [XCJT21]
and primal-dual methods [CJ22; ZHH122; RZY122; OPZZ23]. The second approach is based on
the Bayesian perspective that relies on samples drawn from a posterior distribution of a statistical
model of a target quantity [US21]. This is called posterior sampling (i.e. Thompson sampling).
Both of these approaches leverage the idea (either explicitly or implicitly) that more uncertain es-
timates should be more conservative as the offline data is static. In addition, these approaches
complement each other and provide important theoretical guarantees. However, while maximum
likelihood methods have been studied extensively for offline RL, posterior sampling has been rarely
used for offline RL, perhaps partly due to its explorative nature. Note that this is in stark con-
trast to online RL settings where posterior sampling has been used and analyzed extensively, e.g.,
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see [RVR14; AJ17; Zha22; DMZZ21; ZXZ"22; AZ22]. Indeed, the only work using posterior
sampling for offline RL that we are aware of is the model-based posterior sampling of [US21].

However, there are several defects with the current posterior sampling framework for offline RL,
in particular, that of [US21]. First, the model-based posterior sampling of [US21] does not permit
any tractable algorithms, not even in the linear case. In addition, [US21] only provide Bayesian
sub-optimality bounds (averages over a known prior distribution of the model) which are a weaker
guarantee than frequentist (i.e., worst-case) sub-optimality bounds. The objective of our paper is
precisely to close this gap. To address this problem, we instead consider a value-based posterior
sampling framework for offline RL and propose the use of Langevin Monte Carlo (LMC) [WT11] to
simulate the samples from the target posterior distribution. While LMC has also been used in online
RL settings [MPMT20; XZM*22; HZD23], to the best of our knowledge, the present work is the
first to study LMC for offline RL. Our goal is then to propose tractable algorithms and understand
the theoretical aspects of using posterior sampling via LMC for offline RL.

Summary of Contributions and Results. We summarize our contributions and results as follows.

* We introduce PPS (pessimistic posterior sampling) — a generic (value-based) posterior sam-
pling framework for offline RL, where we explicitly incorporate pessimism into posterior
sampling by simply taking multiple posterior samples and acting pessimistically according
to them. Since posterior sampling in our framework is in general still intractable, we pro-
pose to use Langevin Monte Carlo (LMC) to draw approximate posterior samples, thus the
LMC-PPS framework.

* For linear (low-rank) MDPs, we show that LMC-PPS obtains the sub-optimality bound
that interpolates between the worst-case scenario of O(H?d\/C,/K) and the best-case
scenario of O(H?,/dC, /K) (depending on the empirical data), where C, is the concen-
trability coefficient of any comparator policy 7, d is the dimension of the linear feature, H
is the episode length, and K is the number of episodes in the offline data. As a concrete
comparison, in tabular MDPs where d = S A with S being the state space cardinality, and
A the number of actions, the bound in the best-case scenario above nearly matches the

lower bound €2(4/ W) [XIW+21] (up to a gap of O(v/H) due to the variance-

agnostic nature of the current algorithm). However, there is still a gap of O(v/dH) for the
worst-case scenario bounds that we left as an open problem.

» To showcase the applicability of the LMC-PPS framework, we also consider a more practi-
cal setting of non-linear MDPs where we use neural networks as value function approx-
imation. Different from the exact posterior sampling, the use of LMC in this context
adds complications that can compromise theoretical guarantees. We address this prob-
lem with a novel algorithmic design using auxiliary linear models. We show that, under
standard assumptions, if the network is over-parameterized, LMC-PPS achieves a bound of
H2%5%d.,/C, /K, where d is the effective dimension of the neural network. This improves
the bound of [NTA23] by a factor of \/C, due to our more refined analysis.

* In addition, we corroborate our theoretical results with empirical evaluations showing that
LMC-PPS could be both efficient and competitive for offline RL.

2 PRELIMINARIES

2.1 EPISODIC TIME-INHOMOGENOUS MARKOV DECISION PROCESSES

We consider an episodic time-inhomogeneous Markov decision process (MDP) M =
(S, A, P,r,H,d;), where S is the state space, A is the action space, P = {Pp, }ne[) € {S x A —
A(S8)} are the transition probabilities ', r = {ri}pem € {S x A — [0,1]} is the mean
reward functions, H € N is the horizon and d; € {S x A — [0,1]} is the initial state distri-
bution. For simplicity, we assume that |S| is finite but could be exponentially large. > A policy
7= {mHL, e I := {S — A(A)}¥ maps each state to a distribution over the action space at
each h. The state value function V;" € RS and the action-state value function Q7 € RS*A ateach h

"Here A(X) denotes the set of probabilities over X and [n] := {1,...,n}.
2As large as the total number of atoms in the observable universe 10%2.
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are defined as Q7 (s,a) = Eﬂ[Zih Te|sn = s,an = a], and V7 (s) = Eqon(.|s) [QF (5, )], where
the expectation ;. is taken w.r.t. the randomness of the trajectory induced by . Forany V : § — R,
we define the Bellman operator at timestep h as (BrV)(s,a) := rn(s,a) + (PLV)(s, a), where Py,
is the transition operator defined as (P,V)(s,a) := Egp,(|s,a) [V(s’ )]. We define an optimal

policy 7* as any policy that yields the optimal value function, i. e V™ (s) = sup, V;(s) for any

(s,h) € S x [H]. The occupancy density d7 (s, a) := Pr((sp,an) = (s, a)|7) is the probability that

(3, a) is reached by policy 7 at timestep h.

Data collection. Consider a fixed dataset D = {(s},, aj,, 7}, S}, 1) Yne[r],te[K] generated a priori

by some unknown behaviour policy {u} } helH],te[Kk]» Where K is the total number of trajectories,
K

al, ~ b (|sh), sh+1 ~ Py(-|s},,a}) for any (t,h) € [K] x [H]. Define p = &> ;_, u* and

dy =+ Zszl . Here y! is allowed to depend no {(s}, a}, rh)}fe[tH]l],Vt € [K]. This setting

of adaptively collected data covers a common practice where the offline data is collected by using

some adaptive experimentation [ZRAZ21]. 3

The value suboptimality of policy 7 € 1% is defined as:

SubOpt, (#) := Ey, ~q4, [SubOpt, (7;51)], where SubOpt, (#;s1) := Vi"(s1) — Vi (51).

Additional Notations. For any square real-valued matrix A, Anyin(A) and A\pax(A) denotes the
smallest and largest eigenvalue of A, respectively. Denote x(A) the condition number of A, i.e.,
Kk(A) = /}\"‘f‘i"((g‘)). Let ||z||4 := V2T Az. Denote z < y to mean z = O(y). We write © = 0,,(1) to
mean that z = O(m~?) for some o > 0. Let ®(-) be the c.d.f. of the standard normal distribution.

Let O(-) be O(-) with hidden log factors.

2.2 OFFLINE RL WITH VALUE FUNCTION APPROXIMATIONS

We consider large state space settings where we employ some function classes to estimate the value
functions. In particular, in this paper, we consider linear function approximation and (overparame-
terized) neural network function approximation.

2.2.1 LOW-RANK MDPs

For linear function approximation, we consider low-rank (linear) MDPs which have been exten-
sively studied in offline [JYW21; YDWW22; NTYG™22] and online setting [JYWJ20; AKKS20;
MCK*21].

Definition 1 (Low-rank MDP). An MDP is said to be low-rank of d if for all h € [H), there exist a
known feature map ¢y, = S x A — R%, a reward parameter wy, € R%, and a mapping py, = S — R‘_f_
such that || pr(s)||1 = 1, Vs such that

ra(s.a) = (6n(s.a), wp), Pu(s'|s,a) = (9n(s,), pu(s)), ¥(5, 0,5, ).
< Vd, and | [ pi(s)o(s)ds| < vVd]o]|o

where SUDP(5,q) [pn(s,a)ll2 <

2.2.2 GENERAL MDPs wiTH NEURAL FUNCTION APPROXIMATION

We also consider a more general setting where the underlying MDP does not admit a low-rank
structure and we need to resort to a more complex function approximation for learning the value
functions. In particular, we consider the setting where we use a ReLU neural network as a function

approximator. For simplicity, we denote X := S x A and view it as a subset of R%; we also denote
xl = (st ,al) and x = (s, a) throughout the paper. Without loss of generality (w.l.0.g.), we assume
X CSy_1:={x € R%: ||x||z = 1}. We consider a standard two-layer neural network:

F(a;0) = fz; W,b) = belawz : M

where m is an even number, o(-) = max{-,0} is the ReLU activation function, b; € R Vi €
{1,...,m},and 0 = (w{,...,wl)T € R™4,

3When p' = --- = u*, it recovers the setting of independent episodes in [DJW20].
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Symmetric initialization. During training, we initialize (6,b) via the symmetric initialization
scheme [GCL"19] as follows: For any i < %, w; = wmy; ~ N(0,14/d), and bm y; = —b; ~
Unif({—1,1}). * For simplicity, during training we fix all b; after initialization and only optimize
over 4, thus we write f(x;0,b) as f(x;0). Let F,,(m) denote the set of such f(x;6). Denote
g(x;0) = Vo f(x;0) € R™4, and let  be the initial parameters of §. We allow the network to be
overparameterized in the sense that the width m can be sufficiently larger than the sample size K.

Our analysis is motivated by the recent developments in understanding the dynamics of (S)GD in
overparameterized neural networks. Given the initialization above, and sufficient parameterization,
we can show that the iterates of (S)GD tend to stay close to its initialization; thus the first-order
Taylor expansion f(x;6) = f(x;00)+{g(x;0p),0—00) can be used as a proxy to track the dynamics
of the training weights [ADH™ 19; AZLS19; HN19; CG19; Bel21]. This behaviour can be captured
in the framework of Neural Tangent Kernel (NTK) [JGH18].

Definition 2 (NTK [JGH18]). Let o/(u) = 1{u > 0}. The NTK kernel K, : X x X — R is
defined as

Kk (%,2") = Ewnr(0,1,/4) <xa’(wa), x’o’(wa’)> .

Let H,,1;, be the reproducing kernel Hilbert space (RKHS) induced by K,,;;. Note that K,,; is a
universal kernel [JTX20], thus ;1 is dense in the space of continuous functions on X [RR0O8].

3 POSTERIOR SAMPLING FOR OFFLINE REINFORCEMENT LEARNING

We consider a generic value-based posterior sampling framework for offline RL below. The main
challenge for the algorithmic design is how to ensure pessimism in posterior sampling (PS). The only
work about posterior sampling for offline RL that we are aware of is the model-based PS of [US21].
A key advantage of the model-based PS of [US21] is that the algorithm does not require explicit
pessimism enforcement. That is, pessimism is implicit from posterior sampling. However, the
implicit pessimism emerges at the cost of sacrificing the frequentist (i.e., worst-case) sub-optimality
bounds for the Bayesian sub-optimality bounds (averages over a known prior distribution).

Algorithm 1 PPS: Pessimistic Posterior Sampling for offline RL
Input: Offline data D, number of posterior samples M, truncation parameter ¢
1: Initialize V41 =0

2. forh=H,...,1do

3 {ﬁ}ie[M] b Pry(-|D, Vthl) > Posterior sampling

4 Qn(-,-) < min{ m[g}] fiC), (H=h+1)1+0)}F > Pessimism
1€

5: T < argmax, cq{Qn,mn) and Vi, (-) < (Qn(:,-), 7n(:]-))-

6: end for
Output: 7 = (71,...,7H)

To obtain high probability frequentist bounds for PS, we consider a simple algorithmic framework
that naturally incorporates pessimism into posterior sampling, namely Pessimistic Posterior Sam-
pling (PPS). We present the pseudo-code of PPS in Algorithm 1. At each timestep h € [H], given
the offline data D and the previous value estimate V};, PPS constructs a posterior distribution
Pri(+|D, Vi41) over the function space {S x A — R}. To enforce pessimism into posterior sam-
pling, PPS draws several posterior samples and acts pessimistically with respect to them.

However, exact sampling from the data posterior Pry,(-|D, Vi, 41) is usually intractable in high di-
mensions and an MCMC algorithm has to be used. Consequently, the main objective and contribu-
tion of our paper is to devise new algorithms and analyses by considering the additional complexity

*This symmetric initialization scheme makes f(2;600) = 0 and {g(z;60),0o) = 0 for any z.

3It’s worth noting that the idea of taking multiple samples and acting accordingly (either optimistically for
online RL and pessimistically for offline RL) in the PPS framework of Algorithm 1 is not new as it has been
explored, especially in the context of reward-perturbing algorithms [KZS"20; ICN*21; TBC*22; NTA23].
Thus, it would be best to view the PPS framework above as a natural protocol that we consider to study
Langevin Monte Carlo for offline RL.
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of using approximate samples of the data posterior. Specifically, we consider Langevin Monte Carlo
(LMC) ®, a gradient-based MCMC scheme to draw approximate samples from the data posterior. In
spirit, LMC simply performs noisy gradient descent to minimize squared value errors. However, in
high dimensions, directly applying LMC can compromise the convergence guarantees. We describe
in detail how we use LMC in low-rank MDPs and general MDPs in the following subsections.

3.1 LMC FOR LOW-RANK MDPs

We consider low-rank MDPs defined in Definition 1 with known feature maps ¢;,. The LMC frame-
work for approximate posterior sampling is presented in Algorithm 2. In particular, given the pre-
vious value estimate V},, and the offline data D, we construct the regularized squared temporal-
difference (TD) loss Lj defined in Line 1. We obtain approximate posterior samples by simply
adding controlled Gaussian noise to the gradient update to minimize the loss L;, (Line 4). 7 We dub
Lin-LMC-PPS as the combination of Lin-LMC in Algorithm 2 and PPS of Algorithm 1.

Algorithm 2 Lin-LMC

Input: Offline data D, previous value estimate V}, 1, regularization parameter \, number of poste-
rior samples M, learning rate 7, noise variance T, iteration number T’
I: Set Ly(0) == Y py (dn(sf, al)T0 — rF — Vg (sf1))? + All0]13 and initialize 6}, , = 0, Vi.
2: fort=1,...,M do
3: fort=1,...,T do
4:
5

0 0 F VL8], ) + V/2n7€; where ¢, ~ N (0, 1)

: end for 4
6. Set f = (én(-), 0} 1)
7: end for_

Output: {f}};ciu

3.2 LMC FOR GENERAL MDPs WITH NEURAL FUNCTION APPROXIMATION

We now consider an LMC-based approximate posterior sampling scheme for general MDPs, where
the action-value functions are approximated by overparameterized neural networks defined in Equa-
tion (1). The pseudo-code for this algorithm is presented in Algorithm 3. Designing an LMC-
based scheme for this setting requires more subtlety than for low-rank MDPs. First of all, for each
timestep h, instead of using the data from all episodes, we only use data from the set of episodes
I, = [(H-—h)K +1,...,(H—-h+1)K'] with K’ := | K/H|. We adopt this data splitting
technique from [NTA23] to avoid the complications of the data dependence induced in the neural
network setting. We now explain in detail the other components of the algorithm as follows.

It is tempting to directly apply LMC to the squared TD loss £}, (0) := Zkezh (f(zF;0) — r,}‘; —
Vis1 (5§ 1)) 2+ A||0—010]|3, just like Algorithm 2. While, in practice, this may be a natural choice,
it poses two main technical difficulties for the theoretical analysis in the overparameterized setting:
(1) a uniform convergence argument cannot apply to an overparameterized setting, and (ii) sufficient
pessimism moves the network out of the NTK regime. For (i), since XN/hH depends on (s¥, ak) if
we use up all data for computing ‘N/hﬂ, we typically need to construct an infinity-norm cover of the
function class of ‘~/h+1 in analyzing the regression r}’j + ‘7h+1 (sﬁ +1) [JYW21]. However, since the

class of V},11 is an overparameterized neural network — whose complexity scales polynomially with
the network width m, this analysis results in a vacuous bound in the overparameterized setting where
m also scales in a high-order polynomial of K. For (ii), since we will need to maintain sufficient
pessimism, we need the noise level in LMC to be sufficiently large — in particular, 7 = (1).
However, adding that much noise directly to the network weights during the training causes the
weights to deviate from the initial value 6y as much as v 7md (in 2-norm), effectively moving the
network dynamics out of the NTK regime where the weights stay close to the initial values.

%1t is possible to use the Metropolis-Adjusted Langevin Algorithm to correct the bias introduced by LMC.
As this bias can be controlled in our settings, to avoid any further complications, we stick with LMC to draw
approximate posterior samples.

"In this case, Pry(0|D, Vii1) o exp (—Ln(6)).
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To overcome this issue, we decouple neural networking training and weight perturbation into two
separate phases. The first phase (Line 1-Line 5) simply trains the neural network with standard
gradient descent (GD) to minimize the regularized squared TD loss £}, (defined in Line 2). Given
the trained weight 6, 7, from the first phase, in the second phase (Line 6-Line 16), we train an
auxiliary linear model fy;,(-,-;0) := (g(-,-; On,1, ), 8) on the offline data using the standard gradient
descent (Line 8-Line 10) to obtain 92"722 and using LMC (Line 12-Line 14) to obtain QZ"T: for each
i € [N]. The intuition is to simulate perturbations in the neural network that would have been caused
by exact posterior sampling, without actually perturbing the network weights during the training in
the first phase. The perturbation (g(-, -; 01), F)Z"T; — 0!") is then augmented to the trained network
f (-0 1, ) to form an approximate posterior sample f; (Line 15). Finally, we dub the combination
of PPS and Neural-LMC as Neural-LMC-PPS.

Algorithm 3 Neural-LMC

Input: Offline data D, previous value estimate V}, 1, regularization parameter A\, number of poste-
rior samples M, learning rates 7)1, 72, noise variance T, iteration numbers 77, 75
1: PHASE I: Standard network training with GD
2: Set Ly(0) = Y jeq, (f(@F;0) =75 —Vig1(sf1))2 + A0 —0n,0]|3 and where 0, ¢ is initialized
using the symmetric scheme
fort=1,...,7T; do
C Ong < On—1 MV LR(Ont—1)
end for
PHASE II: Auxillary linear model training with LMC
Set L™ (0) « Y (0" g(wfi; Ony) — i = Vi (s541))° + All0
keI,
8: fort=1,...,7T> do A ‘
9: | Q%zwtl = 9%,7;—1 + UVE%n(Q%,TtL—l)
10: end for
11: for:=1,...,M do
12: fort=1,...,7T5do

A A

2 lin,i __ plin — .
5, and 0h70 = 9h,0 =0,Yi

130 | O 0 VL0 ) + v/2nTe; where € ~ N (0, Ina)
14: end for Jima ,

15: f}i(7 ) — f(v ) oh) + <g(a ) 0h,T1)76}:,7’L]l; - 951”5“2>

16: end for_

Output: {f}};ciu

4 THEORETICAL ANALYSIS OF LMC-PPS FOR OFFLINE RL

In this section, we provide the sub-optimality analysis of (Lin/Neural)-LMC-PPS algorithms. To
measure the distribution mismatch between a comparator policy 7 and the behavior policy u, we
adopt the single-policy concentrability coefficient [LSAB19; RZM*21].

Definition 3 (Single-policy concentrability coefficient). For any policy 7, the (single-policy) con-

centrability coefficient C. of m is defined by: Cy := supy, , , ZEE;Z;

C is fully characterized by the MDP, comparator policy 7, and the behavior policy u. It is weaker
than the classic uniform concentrability coefficient [SMO05] and has been used extensively in recent
offline RL works [YW21; NTGNV22; NTYG'22; JRYW22; NTA23; LSC*22].

4.1 GUARANTEES OF LIN-LMC-PPS

Theorem 1. Fix any § > 0. Consider the low-rank MDP in Definition 1 and let T be the policy re-

turned by Lin-LMC-PPS, in which we set M = In %/ln #(_1), T > 111(17(2Hl;(ll’;i([\h)),1> ]

k(An), VT = O(HVdmax{VX,1}), nA\ < 1/2, v > (1 — 2p\)THK/VX, where Ay := A +
Zszl on(sh,af)on(st, af)T. Then with probability at least 1 — 4H§, for any w € 1", we have

N CorIn(KHM/S) o~ |~ A
SubOpt (%) < 1/ — 2 > | D T+ Copt + Gt
K h=1 i=1 /\ + )\7'
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where {\i}ic(q) are the eigenvalues of Zi{:l q&h(sﬁ, a’fl)qﬁh(s’fl, aﬁ)T, C is defined in Definition 3, (est =

n - 2 n 5 — 2 L
H2 [ G in WG gy [HISAI0) (o = /T (1 — 200)T B0

Interpretation. The optimization error (,,; can be driven to be arbitrarily small with large 7', thus
not a dominant term. Several remarks are in order. Theorem 1 provides a family of upper bounds on
the sub-optimality of the learned policy 7, indexed by the choice of the comparator policy m € T1*!.
This is meaningful in practice as there is no reason to expect that C';- is a small quantity given the
offline data is given a prior. Note that the bound holds with high probability and is in the frequentist
(worst-case) nature, which is stronger than the expected Bayesian bound of [US21].

Tight confidence bounds. An intriguing property is that the confidence parameter /7 scales in

the order of \/d, instead of the order of d as in the LCB-based methods [JYW21]. ® This Vid
improvement comes from the different ways PPS enforces pessimism. In the LCB-based algorithm,
pessimism is incorporated by explicitly subtracting a bonus term from the regression estimate. This
enlarges the function space from a linear space to a quadratic space. This function enlargement
results in a sub-optimal d scaling, due to that the bonus function is data-dependent and we need a
uniform convergence argument over this random bonus to leverage the concentration phenomenon.
In contrast, posterior samples in Lin-LMC-PPS do not enlarge the function space, thus saving the

V/d factor from the uniform convergence argument. This tight confidence makes it possible to have
a near-optimal bound in some “begnin” regimes, as discussed in the following.

Interpolating bounds. The bounds in Theorem 1 is data-adaptive in the sense that it depends
on the scaling of the eigenvalues {\;};c(q of the unregularized empirical covariance matrix
Zszl bn(sh,af)pn(sy,af)T. In particular, the bounds interpolate from the worst-case-scenario
bound O(H%d\/C,/K) to the best-case-scenario bound O(H?\/dC,/K) (when Y0 X, =
@(1), which could occur in high dimensions when d > K). As a concrete comparison, in tabular
MDPs, our bounds translate into O( H2S A/C; /K ) for the worst case and O(H?\/SAC, /K) for

the best case, which nearly match the lower bound (4 / W) [XIW+21]. °

4.2 GUARANTEES OF NEURAL-LMC-PPS

Our sub-optimality bounds depend on a notion of effective dimension.
Definition 4 (Effective dimension). For any h € [H| and some index set I, C [K], the effective
dimension of the NTK matrix on data {z¥ } vcz, is defined as
J oo Idet(Lx + Kn/)
In(1+ |Zn|/N)

where Kp, = [Kuk(h, x%)]i,jezh is the Gram matrix of K on the data {x§ } ez, .

,Vh € [H], and d :== max dp,,
he[H]

The effective dimension is widely used in contextual bandits [SKKS09; VKM™13; ZLG20; CG17]
and in RL [YW20; KKL*20]. We define the function class

Q" = {x — /uw c(w) zo’ (w' z)dw : c(w) € {R* — R} and sup II;(’wu))Hz < B}

where B > 0 is some absolute constant and py is the probability density function of N'(0, I5/d).
Note that Q* is a dense subset of H,,;x [GCLT19, Lemma C.1] when B = co. To interpret our
results in the present paper, it’s convenient to view B as fixed while letting K become large.

We impose an assumption on the closeness of the Bellman operator.

Assumption 4.1 (Approximate completeness). There exist &, > 0,Vh € [H] such that

sup inf |[Byf — glloc < &, Vh € [H].
fEFnn 9EQ*

8With a refined analysis using the advantage-reference decomposition, [XZST22] showed that the LCB-
based algorithm also needs the confidence parameter in the order of v/d. However, this relies on an explorative

assumption, i.e., mingc[g) Amin (E(Sh,ah)w’;f [th(sh, an)on(sn, ah)T]) > 0, which we do not require.

°The gap O(\/ﬁ ) could potentially be closed by using the variance-weighted regression in [YDWW22;
XZS*22] which could be added to our current algorithms.
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Figure 1: Value suboptimality (in log scale) in a hard instance of linear MDP as a function of sample
size K for episode lengths H € {20, 30,50,80}. Four methods: GreedyVI, PEVI, Thompson
sampling, and Lin-LMC-PPS (ours) are presented.

Assumption 4.1 ensures that B, applied in the class of overparameterized neural networks can be
captured by infinite-width neural network up to some error ¢. This is a common assumption in the
literature of RL with neural function approximation [CYLW19; WSY20; YIW120; YWW22].
Define Ay := A + ) o7, 9@k 0n)g(x¥;0,)T and Aj, == AT + > keT, g(x¥;00)g(xk; 00)T.
Theorem 2. Fixany 6 > 0. Let 7 be the policy returned by Neural-LMC-PPS, in which we set m pe
pOIy(Klv H7 d7 Bv )‘7 1/5)’ L Z (1 - QWAIIIaX(Ah))TlAil/QK/H(l + L) + Om(l)’ m S m’

1 In 2 _ H|S| 1 _ 1 _
N2 = m,TQ 2 m,M—lnT/lnm,A—l—l—ﬁ,andﬁ_

4H\/Jln(l + K'/A) + 14 2In(3H/8) 4+ BVA+EVK' J\+ 0, (1). Then, under Assumption 4.1,
with probability at least 1 — 49 over the randomness of the offline data and network initialization,
for any © € I such that C, < oo, we have

_ dCr  MK'H K’
SubOptﬂ(w) 5 H\/TK/ In 5 11'1(1 + T) + Copt + Cmsp + Cest?

where Copr = H(1+ 1)1/ S5 3250 (1= 2 Amin(An) ™, Gmep = 1/ & 2011 &n + 0m (1), and Gear =
L ’ 2
HOZO (H\/Cr Inln €2 4 /5 42\ [HIn }).

The bound consists of four main terms. The first term is the excess error and is of main interest
on account of being the dominating term. The second term (. is the optimization error of gra-
dient descent which can be made arbitrarily small with large 7. The third term stems from the
misspecification in the representational assumption of the Bellman operator (Assumption 4.1) and
the approximation error of a neural network to its first-order Taylor expansion in the NTK regime.
The last term (.4 is a low-order estimation error. If we assume that there is no misspecification
error, i.e., &, = 0,Vh € [H], then SubOpt, (7) = O(H?d+/C,/K'). Note that our upper bounds
do not scale with the (neural tangent) feature dimension md, which is polynomial in the sample
size K. Instead, our bound scales polynomially with the effective dimension d, which is a data-
dependent quantity. This is in contrast with the bounds of Langevin-type algorithms for (online)
bandits with finite-dimensional parametric function classes, which scale polynomially with feature
dimension [MPM*20; XZM*22]. Compared to the bound of [NTA23] that also considers offline
RL in general MDPs with overparameterized neural network function approximation, our bound
improves by a factor of v/C;; due to a more refined analysis.

5 EXPERIMENTS

In this section, we empirically evaluate the efficacy of LMC for offline RL. We compare the proposed
algorithm against the following approaches: (i) Greedy methods (GreedyVI and NeuralGreedy for
linear and neural cases, respectively) which fit a given model to the data without any perturbation
or uncertainty quantification; (ii) LCB-based methods, namely LinLCB [JYW21] and NeuraLCB
[NTGNV22] that construct LCB using linear and neural tangent features, respectively; and (iii)
exact Thompson sampling (we refer to it as Thompson and NeuralTS in the linear and neural cases,
respectively) that directly performs posterior sampling from an exact posterior. For Neural-LMC-
PPS, we directly apply noisy gradient updates to the network, instead of using an auxiliary linear
model, to approximate posterior samples (see the supplementary for details).'”

1%In our implementation, we do not grow the network width (polynomially) with data size. Nonetheless, our
method exhibits fundamental aspects of approximate posterior sampling via LMC.
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Figure 2: Value suboptimality (in log scale) as a func- Figure 3: Action selection run-time
tion of sample size K in non-linear contextual bandits with (in seconds) of NeuralLCB, Neu-
the reward functions: (left) r(s,a) = 10(s76,)2, (right) ralTS. and Neural—LMC—PPS’
7(s,a) = cos(3s76,). | ’

We evaluated all methods in two settings: (1) a hard instance of linear MDP [JYWJ20], and (2)
non-linear contextual bandits with (a) r(s,a) = 10(s76,)?, and (b) 7(s,a) = cos(3s7,)?, where
8,04 ~ Unif(Sq—1) with d = 16 and |.A| = 10 (see the supplementary for details).

In Figure 1, the greedy methods fail with partial data coverage which reaffirms the practical ben-
efits of pessimism for offline RL. We also see that Lin-LMC-PPS nearly matches the performance
of PEVI [JYW21] and even slightly outperforms the exact posterior sampling method (Thompson).
In Figure Figure 2, we observe the benefit of neural representation in non-linear problems where
methods using linear models clearly fail. Again, we observe that Neural-LMC-PPS offers a compet-
itive performance compared to LCB-based and exact posterior sampling methods in this case, even
without computing any LCB or data posterior. In Figure 3, we show that Neural-LMC-PPS enjoys
constant action selection time while NeuraLCB and NeuralTS grow in time with the network width
(due to computing LCB and an exact posterior computation) for action selection.

6 CONCLUSION AND DISCUSSION

Conclusion. We presented the first framework for posterior sampling via Langevin Monte Carlo
for offline RL. We showed that the framework is provably sample-efficient in low-rank MDP settings
and general MDPs with overparameterized neural network function approximation. We also showed
empirically that the proposed framework could be both efficient and competitive for offline RL in
some settings.

Comparison with exact posterior sampling. In both low-rank MDP and “neural” MDP settings
that we considered, it is possible to use exact posterior sampling in PPS without resorting to LMC.
We would like to make two remarks about this. First, we can show that PPS has the same-order
bounds as LMC-PPS (but the analysis and algorithms for PPS are much simpler than those for
LMC-PPS) for both settings. This shows that using approximate posterior sampling via LMC does
not compromise the statistical guarantees of the exact posterior sampling in these settings. Second,
computation-wise, in most cases exact posterior sampling is not even tractable, especially when
the posterior does not admit any closed forms. LMC-PPS on the other hand can apply to any dif-
ferentiable models, even beyond the low-rank MDPs and neural MDPs we considered. Even in
the low-rank MDPs and the neural MDPs where the exact posterior sampling is computable, exact
posterior sampling is computationally expensive in high dimensions and sometimes unstable. As a
concrete comparison, in low-rank MDPs, the computational complexity of the exact posterior sam-
pling is O(min{Kd?,d> + Kd}) '! (using the Sherman-Morrison formula to compute the inverse
matrix) while that of Lin-LMC-PPS is O(min{d, K} - Kd). In high dimensions when d > K (e.g.,
NTK setting), the latter is much smaller than the former.

Theoretical gap between maximum likelihood methods and (approximate) PS for offline RL.
While maximum likelihood methods with pessimistic adjustments for offline RL can achieve a near-
optimal bound (up to the natural O(\/ﬁ ) gap due to the variance-agnostic nature of the algorithms)
[ZWB21; XZS*22], (approximate) posterior sampling currently suffers a gap of O(v/dH) (in the
worst-case scenarios) in low-rank MDPs. Thus, we ask the follow-up question: Can (approximate)
posterior sampling (e.g., via Langevin Monte Carlo) obtain optimal bounds in offline RL? We leave
this important open question as a future work.

"n this specific case, it is possible to do exact posterior sampling with O(min{d, K} - Kd) computations
using SVD and Woodbury lemma. However, it suffers from the numerical instability of SVD and the space
complexity o to store the matrix for none of whic -PPS requires.

plexity of Q(dK) ( h ix for SVD) f which LMC-PPS requi
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Appendices

APPENDIX A PRELIMINARIES AND SUPPORTING LEMMAS

In this appendix, we present support lemmas that we frequently refer to during our proof process of
the main theorems.

A.1 NEURAL NETWORK APPROXIMATION

The following lemma quantifies the approximation error of representing an overparameterized neural
network by its first-order Taylor approximation. It also bounds the 2-norm of the gradient of the
network and with respect to the gradient at the initialization.

Lemma A.1. Consider the neural network defined in Equation (1) with the symmetric initialization
scheme considered in Section 2.2.2. Recall that m is the network width, and g(x;0) = Vo f(x;0).

Letm = Q <d3/2R*1 1n3/2(\/ﬁ/R)) and R = O (m'/?In~"m). With probability at least 1 —
e~ m) > =2 gk respect to the random initialization, it holds for any 0,0" € B(6y; R)
and x € Syq_1 that
lg(z;0)l2 < Cy,
lg(a:6) = g(a360)ll2 < O (CoR*m =/ Vinm) .
[F(2:0) = f(:0) — (9(:6),0 — 0)] < O (CuRY*m~/Viwm) |

where Cy = O(1) is a constant independent of d and m. Moreover, without loss of generality, we
assume Cy < 1.

Proof of Lemma A.1. The proof directly follows from [YJWT20, Lemma C.2] or [CYLWI9,
Lemma F.1, F.2]. O

The following lemma gives an exact characterization of using the network gradient at the initializa-
tion as a feature map when compared to using the NTK kernel.

Lemma A.2 ((ADHT19]). Ifm = Q(e=*In(1/6)), thenfor any x,z' € X C Syq_1, with probability
at least 1 — 9,

[(g(x5600), 9(x:00)) — Kner(z,2')| < 2.

A.2 CONCENTRATION INEQUALITIES

The following lemma relates the in-expectation Bellman error to the empirical squared Bellman
error, up to some estimation error that scales logarithmically with K. The logarithmic dependence
on K is crucial to avoid a vacuous bound if we pessimistically use the standard v/ estimation error.
The key is to exploit the non-negativity of the squared Bellman error and use lemma A.6, which in
turn uses the localization argument [BBMOS5] to obtain the fast rate in K.

Lemma A.3 (Reduction to least-squares Bellman error). For any h € [H|, with probability at least
1 — 26, we have

2 2
L GAC-H2 | WAKCH?) o [AHIn(1/0)

K
E, [errp(ap)] < — Z rerrs (z 3 n 5 %

ﬂ
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Proof of Lemma A.3. Note that E. [erry(sp,ap) | s} for k € [K] are i.i.d. random variables as
W "% d, and that |E, [erry,(sn,an) | s§] | < 2H. Thus, it follows from the tail inequality for sub-
Gaussian variables E [erry,(sp, an) | sF] i'i&d'subGaussian(2H ) that with probability at least 1 — 4,

1 4H In(1/6
E, [errh(smah)] < Ve ZE"T [errh(sh,ah) ‘ S = Slf] + %
k=
1 K 2 4H In(1/6)
< % Kkzz:l {Ex [errn(sn,an) | s1=s5]}" + K
1 K 4H In(1/6)
< Vi K;E7T lerr? (s, an) | s1 = sF] + — % (2)

where the second inequality uses Cauchy-Schwartz inequality, and the third inequality uses

Jensen’s inequality. Denote the filtration F,_1 = o ({s YU {(sF,ak,rk) ii[XK[]H]) Let Z;, =

%errh(sﬁ,aﬁ) We have that E[Z;|F,_1] = Ex [err}(sn,an) | s1 = sf], that Zj, is
Fr-measurable (recall that the adaptive behaviour policy u* is Fj-measurable) and that Z; €
[0,4C, H?]. Thus, it follows from Lemma A.6 that with probability at least 1 — J, we have

K

K
ZE” err? (sp,an) | 51 = sl Z]E lerry (sn,an) | s1 = s}f]
k=1 k=1

K
4C, H?
<2 Z 7 + % In(In(4KCH?)/6) + 2. (3)
k=1

Combing Equation (2) and Equation (3) via the union bound completes our proof. O

The following lemma is the concentration of the self-normalizing process in RKHS.

Lemma A.4 ((CG17, Theorem 1]). Let H be an RKHS defined over X C R%. Let {x;}3°, be
a discrete time stochastic process adapted to filtration {F;}2. Let {Z}32, be a real-valued
stochastic process such that Z;, € Fy, and Zy, is zero-mean and o-sub Gaussian conditioned on
Fr1. Let By, = (Zy,...,Zx_1)" € RE=1 and Ky, be the Gram matrix of H defined on {zthi<k—1.
Forany p > 0 and ¢ € (0,1), with probability at least 1 — 0,

EL [(Kk + pI) " + 1) 7" By, < 0logdet [(1 + p)I + K] + 20> In(1/5).

The following lemma is a concentration of self-normalized processes in finite-dimensional Eu-
clidean spaces.

Lemma A.5 (Concentration of self-normalized processes [AYPS11]). Ler {n;}2 be a real-valued
stochastic process with corresponding filtration {F;}32, (i.e. n is Fi-measurable). Assume that
Ne| Fi—1 is zero-mean and R-subGaussian, i.e., E [n;|Fi—1] = 0, and

YA€ R,E [M|F_y] < NE2,

Let {x}2, be an Re-valued stochastic process where x; is F;_1-measurable and ||z;|| < L. Let

Y =AMg+ Zle xwl. Then for any § > 0, with probability at least 1 — 6, it holds for all k > 0
that

2

1/2 —1/2 2
<9R’In {det(Ek) det(30) ] < 2R? [;l In kL? + )\ 1

k
Z Tiht
t=1

-1
2y
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The following lemma relates the summation of non-negative random variables to its in-expectation
value, up to some estimation error that scales only logarithmically with the number of terms in the
summation.

Lemma A.6 (INTYG122]). Let { X} be any real-valued stochastic process adapted to the filtration
{Fi}, i.e. Xy, is F,-measurable. Suppose that for any k, Xj, € [0, H| almost surely for some H > 0.
For any K > 0, with probability at least 1 — §, we have:

< K 16
E E [Xk|]:k—1] <2 E X + EHln(ln(KH)/(S) + 2.
k=1 k=1

The following lemma is a concentration of the weighted norm of a high-dimension normal variable,
weighted by its covariance matrix.

Lemma A.7. Let X ~ N(0,aA™') be a d-dimensional normal variable where a is a scalar. There
exists an absolute constant ¢ > 0 such that for any § > 0, with probability at least 1 — 6,

XA < cy/daln(d/)).

Ford=1,c=+2

A.3 LINEAR ALGEBRA

The following lemma relates the difference between two inverse matrices to that of the original
matrices.

Lemma A.8. For any invertible matrices A, B,

- - A— B>
A 1 _ B 1 < || )
H ||2 - Alnin(A’£1)>\n1in(B)

Proof of Lemma A.8. We have:

IA™" = B 2 = [I(AB) " (AB)(A™" = B7Y)||l2 = [(AB) ' (ABA™! — A)|2
<AB)2[[ABAT! = Al = [[(AB) |2 ABAT! — AAATY|2
= [(AB) 2 A(B = A)A™ 2 = [(AB) "l B — Al»

< Amax (A7) Amax (B™)||2[| B — Al2.

APPENDIX B PROOF OF THEOREM 1

In this appendix, we provide a complete proof of Theorem 1.

B.1 PREPARATION

We first set out stages for the our proof of Theorem 1, including notations and support lemmas. We
use the following notations summarized in Table 1.

17
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zk (sk,ar)

P, [#(sk, o )keir) € RPK
Ay, A + @, 0T

Ay I —2nA,

Yy T+ Vh+1(82+1)

Yn Wilkeix) € RE

o, A (@nyn + Abo)

St (I — AN (T + Ap)
erry(s,a) B, Vit1(z) — Qu(z)

Table 1: Notations used in the setting of low-rank MDPs.

We first present a series of immediate lemmas that shall be used to construct the proof of Theo-
rem 1. The following lemma asserts that the samples {0} };c[a7) from the Langevin dynamics are
approximate samples from the data posterior.

Lemma B.1. Conditioned on D, we have
{03 Ve "N (AT b0 + (I — AL)On, Sn.r).
In addition, if we set ) = m, we have

2
T (1 - (1- )t> A;l < Xh: 2 TA;I.
Kh

Proof of Lemma B.1. Consider any sequence {6, };>¢ such that
0 =01 — nVﬁh(Qt_l) + \/2n7e;, where e, ~ N(0,1),Vt.
We have
VLL(0) = 2(An0 — Sy, — Mo).

Thus, we have
gt = 0,571 - nVIA/h(Gt,l) + 21’]’7’6t

= Apbi—1 + 20(Pryn + Mo) + \/2n7e
t—1 t—1

= Al + 20> Al (Bryn + M) + T > Aher

=0 =0

t—1
= AR+ 2n(1 — AL (T + Ap) "M (I = Ap) ™" (Bryn + Mo) + /207 > Ajer
1=0
t—1

= A}00+ (I — A)On + /217 > A,

=0

18
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Since {e; }+>0 are mutually independent Gaussian noises, we have

O ~ N (ALOo + (I — ALY, Sh).

In addition, if we set 1 = ﬁ, we have

max(
2

T (1 -(1- )t> Agl < Ehe =2 TA;1.
Rh )

O

The following lemma gives upper bounds on the 2-norm of the regularized least-squares minimizer
0, and the parameters learned by the Langevin dynamics {QZ}Z-G[ M]-

Lemma B.2. We have

(H—h+1)(1+0)K
= .

If we choose 0y = 0 and n\ < 1/2, for any i € [M|, with probability at least 1 — §, we have

I3 < 1 = (2" EEDEEIE 4 [amas)

for some absolute constant ¢; > 0.

16nll2 <

The following lemma bounds the uncertainty of the regularized least-squares minimizer éh in esti-
mating the Bellman operator.

Lemma B.3. If we choose 8y = 0 and n\ < 1/2, then with probability at least 1 — 6, it holds
uniformly for all (h, s,a) € [H] x S x A that

|]Bh‘7h+1(57a) - <¢h(37 a)7§h>‘ < 7”¢h(5’ a)”A;1

where
v :=2HVd + % + HVd\/In(1 + K/X) + 2In(1 + 2RK) + 21n(2/6),
B (H—h+1)(1+0)K d
R=(1-(1-2p\)7") 7 + \/)\(1+ln(2M/5)).

Proof of Lemma B.3. Due to the low-rank MDP assumption in Definition 1, there exists some §h €
R? such that

B, Vig1(s, a) = (dn(s,a),0r), and |||z < VA(H — h+2) < 2HVd.

Thus, we have

K
B, Vis1(s,a) — (6n(s,a), 0n) = on(s,0) 0 — pn(s,0) " AL D" on(ah)(rf + Visa (shyr))
k=
= ¢n(s,0) 0 — o1 (s,0) "N pn(af)dn (k) On
k=
x ) )
+on(s,0) ALY on (k) (rh + Viga (1) — BaViga ()
k=
= Aén(s,0) AL 0n + dn(s, )" ALY dn (@) (4 Vi (k1) — BaViga ()
k=1
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K

< Alon(s, @)y [8alln-1 + 6n (s, )lly-1 1S éneh) (r + Viea(sf41) — BaViess (2)) -
k=1

We have
~ - d
O8]l ;2 < A/ 1AL 2lBnllz < /5 (H = B +2).

Now we bound the term L(V},4) where

K
L(V) = || dnlah)(r + V(shir) = BaV (zh)l 51,

k=1

forany V' € {§ — R}. Now fix any § > 0. Consider the event

(H—h+1)K
VA

By Lemma B.2 and the union bound, we have Pr(E) > 1—¢/2. In the rest of our proof, we consider
everything under event E. Let us define

E = {||9;;2 <(1-(1-2n0)7) + \/i(l +1n(2M/6)),Vi € [M]} .

H-h+1)(1+4+0)K
VA

V= {min{glea(<¢;L+1(-,a),9>,H —h} 0 S(1-(1- QWA)T)(

+ \/‘;(1 +1n(2M/5))}.

It is easy to verify that for any V',V € V), we have

K
LWV)Y—L(V)| <2—=H—-h+1D)(1+ )|V = V|-
[L(V") = L(V)] \[\( )+ |
For any fixed V € V, 7+ V (s} ;) — B,V (2} ) is zero-mean and (H — h 4 1)(1 + ¢)-subGaussian
conditioned on the offline data prior to episode k. Thus, by Lemma A.5, with probability at least
1 — 4, we have

L(V) < (H—=h+1)(1+)y/din(1+ K/)\) +21In(1/6).

Since I~/h+1 € V (under event E), there exists V'’ in the e-cover of V such that HXN/hH — V'l < e
By the union bound, with probability 1 — §, we have
L(Whi1) € LV') + |E(Visr) — LOV')|

2K
= su LVY+—=(H—-h+1)1+1)e
V’Ee—co&rof\} ( ) \/X( )( )

2K
VA

where N (V, €) is the e-covering number of V with respect to norm || - || . We have

IN

(H—h+1)(1+0)/din(1+K/X) +2In(N(V,€)/6) + —=(H — h+1)(1 + 1),

N(V,e) < (1+2R/e)?

where R = (1 — (1 — 2A)7) 00K L Jd(1 41 (200/6)).

Set e = 1/K and combining all pieces using the union bound yields the claim.
O

The following lemma asserts (approximate) point-wise pessimism, i.e., the Bellman error erry (s, a)
is nearly non-negative for all state-action pair for all timestep h € [H].
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Lemma B.4 (Pessimism). If we set M = In S/ln T(l) and \/(1 - (1- ﬁ)T)T > ~ where

~y is defined in Lemma B.3, then with probability at least 1 — 0, it holds uniformly for all (h,s) €
[H] x S that

errp(s,a) > —(1 — 20\ THK /V\.

Proof of Lemma B.4. With probability at least 1 — 4§, for any s € S, we have
Qn(s,7n(s)) = min{min (¢n(s, 7n(s)), Oh), (H — h+1)(1+0)}*
< (@, 7 (5)), (1 = A7)Bn) = [[6n (s, Tu (),
Thus, by the union bound, with probability at least 1 — 4, it holds uniformly for all A, s that

erry (s, 7n () = BaVig1 (5, 7n(5)) — Qn(s, 7n(s))
> By Vi1 (s, 70 (s)) = (6n(5,7n(5)), (T = AD)OR) + [[6n (s, 7n(5))]| 5,
> (dn (s, 7n(9)),00) = l|on (s, Fn ()1 — (Dn (s, Fa(9), (I = AD)BR) + [ @n (s, 7n(s))l]s,

onls 706 450 + (4= (1= 5T =) on(o, (Dl

v

> (1= 2 HENVE+ (0= 0= 2o =0 ) (s Aol

QH}L

where the second inequality uses Lemma B.3, the third inequality uses Lemma B.1, and the fourth
inequality uses Lemma B.2. O

B.2 PROOF OF THEOREM 1

We are now ready to prove Theorem 1.

Proof of Theorem 1. For notational convenience, we define the following quantities: where

~(8) :=2HV\d + 2

+ HVd\/In(1 + K/)\) + 2In(1 + 2R(0)K) + 21In(2/9),

VA
R(8) := (1 — (1 —2nN)7T) (H =~ h —i}))\(l +oK + \/i(l +1n(2M/9)),
M($) :=In H|S|/ln . ‘;(_1).

Suppose that we set the parameters as follows: \/(1 — (1= 5=)0)7 > 7(5/4), nA < 1/2, M =
M(5/4), 0> (1 —20N)THEK /.
We start with the error decomposition:

SubOpt,, (

x lerry (s, ap)] 7 lerrn (sh, an)] , )

uMm
uMm

where errp, (z) := Bj, Vi1 () — @h (x). Consider the following event E = E; N Ey N E3 N Ey,
where

By = {[BaVir1(5.0) = (én(5,0), Ba)| < 3llén (s, )]l 1. ¥(s.a,h) € S x A [H]}

By = {errh(s a) > —(1— 2p\THEN Y2 (b, 5,a) € [H] x S x A},
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K
1 64C, H? . In(4KC, H?
{E,r erry, (xp,)] \/?\J 2 g Crerr? (z) + 3 In n( : ) +92

4H In( 1/5 }

By = (n(af), (I — AD)O — 63,) < |l on(ah)|ls, V2 In(K HM]/6)
:V(k, h,i) € [K] x [H] x [M}}.

Under F1 N Ej, for any (k, h) € [K] x [H], we have

erry (¢f) < By Vit (¢f) — (on(zf). 1) + max (On(xf), (I — AT)O), — 03) + (o (), ATO)

H-h+1)(14+)K
< (1 7 ZI(KEBE0)) [ (a5 + (1~ 203" IS
h vV
By Lemma B.1 and Lemma A.7, we have Pr(E4|D) > 1 — 6. Thus, we have Pr(Ey)
> p Pr(E4|D)Pr(D) > 1 — 4. By Lemma B.3, Lemma B.4, and Lemma A.3, we have Pr(E;)
1—0,Pr(Ey) >1—94,and Pr(Es) > 1 — 9, respectively. Thus, by the union bound, we have

Pr(E) > 1— 4.

AV

Under event 5, we have
@h(s, a) = IB%;L‘ZLH(S, a) —errp(s, a)
<1+ (H—h)(1+0)+ 1 —-2p0THEK/VA
<(H-h+1)1+0),

where the first inequality uses Lemma B.4 and the second inequality uses the choice ¢ > (1 —
217)\)THK/\5. Thus, under event Ey, we have

th(" ) = mln{lren[ﬁ]<¢h(’ ')7 5;)7 (H —h+ 1)(1 + L)}+ = max{lgl[}\%<¢h(7 ')7 5;1>’ 0}

Hence, under event £y N E5 N Ey4, we have
erry, (zf) = By Vi1 (2f) — Qu(a)
=By Vs (2f) — maX{ifen[}\g]Q/)h(xZ), 0;,), 0}

< BpVig (af) — min (¢(z}), §Z>
1€[M]

= BaVas(af) = (0(25), On) — min (6(a}), 0, — A7 — (1 = A7)n) + A7 (O — o)

< (v VETREHID) [on(af)ll o + (1 - 207 =2 O,

where the last inequality uses E;, E5 and Ey, and Lemma B.2. Combing with E5, we have that
under F,

E,lerrp(zr)] S \/7’y+\/271n (KHM/$)) \quﬁh(fo) 2
k=1

H—-h+1)(1+4)K \/c,, In KC, H?
VO (1 -2 7 Hy=Zlpn—="—
+VCr(1=2nA) 7 0 = In——

H1n(1/9)
— K
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Finally, note that

APPENDIX C PROOF OF THEOREM 2

We now construct the full proof of Theorem 2. For convenience, in this appendix, we shall write
E{Lemma x} to denote the event in which the statement of Lemma x holds, and E{Equation (x)}
to denote the event in which Equation (x) holds.

C.1 PREPARATION

GRADIENT DESCENT OF A NEW AUXILIARY LINEAR MODEL AT THE INITIAL PARAMETERS

We consider the linear objective function

—. ~ 2
£ (0) == 3 ((a(hi00),0) =k = Vaga(shin)) + A0 — 6ol

k€I
Let 64" <— GD(LL™, 0y, 7, T1) whose update is unrolled as
0%« 0% — VL (Oh—1),Vt € [T1], (5)

where 0_2”6 = 6y and éﬁf” = 0_%’}2. We also define the following notations:

A=A+ Y glag;0n)g(xh: 0n)" € RIO™,
keI,

Ap =M+ Y g(af;00)g(af; 00)" € R™=m,
keI,

Ap =1 — 2nu A\, € RIMXdm
Gu(0) = (9(h; 0))nez, € R
yn = (1 + Vas1(sh41) Jrez, € RT.
ADDITIONAL NOTATIONS
Let 61" and 0! be the minimizers of £L™(9) and £1i" (), respectively, i.c.,

flin = A (G(éh)yh + )\90) and 01" = A1 (G(00)yn + Mo) - ©6)

For convenience, we summarize all notations, old and new, into Table 2.
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C.2 TRAINING DYNAMICS IN THE NEURAL TANGENT KERNEL (NTK) REGIME

In this part, we establish the optimization guarantee of training a neural value function with GD
under the NTK regime. Our analysis builds up on the recent advances in understanding the training
dynamics of (S)GD of overparameterized neural networks through the prism of Neural Tangent
Kernel (NTK) [JGH18] and its application to the analysis of neural UCB [ZLG20]. Though we
partly borrowed the proof flow and some techniques from [ZLG20] for our own proof, the key
distinction of our analysis with that of [ZLG20] is that, due to the different nature of the offline
learning vs the online learning, we need to construct a network as a value predictor in all state-action
pairs, while [ZLG20] only work on the empirical state-action pairs that the online learner acquires.
Thus, we rely on the first-order Taylor approximation to the neural network for all state-action pairs,
a result that is presented in [YJW 20, Lemma C.2] or [CYLW19, Lemma F.1, F.2].

Another key distinction in our setting is that we analyze the general MDP setting, instead of the
contextual bandit setting. The MDP setting gives rise to a distinct challenge of dealing with a data-
dependent regresswn target, wherein each tlmestep h € [H], we perform regression on mapping

each (sF,af) tork + Vh+1 (sh+1) where V},41 is a value estimate from step i + 1. If we use up all
offline data to obtain Vh+1, then Vh+1 depends on (s r,a h) Thus,

E (Vi (sh11)] # B @iV (s, af)].

To handle this statistical dependence issue, we typically use a uniform convergence argument where
we involve uniformly over all V},; in the function class where V},4; belongs to. Unfortunately,
the uniform convergence argument does not work for the overparameterized setting. Concretely,
the uniform convergence argument scales the sub-optimality bound with the effective size of the
function class — which scales polynomially with K and thus become vacuous. We completely avoid
this issue by splitting the offline data into H different folds, where each timestep h € [H] uses a
different data fold for estimation. This data splitting technique follows from [NTA23].

In what follows, we present a series of immediate results that culminate into our proof construction
for Theorem 2. We start with the following lemma which indicates that the network weights after
gradient updates tend to stay close to the initialization, under certain conditions.

Lemma C.1. We introduce an additional parameter R = O (ml/ 21n

m=Q (2R (Vin/R))

(mA) 'R P*m = Inm S 1,

m(K'Cy +2/2) < 1/2,

R>2ANYK'(H —h+1)2(1+ )2+ 1)VK'RY*m~Y5/m
+ A TLK'CyRY3m ™YV inm + AWK H(1 4 0),

where Cy is an absolute constant in Lemma A.1. Then, with probability at least 1 — m™2, for any t,
we have

3 m) and suppose that

Ont € B(0o; R) := {6 € R™ : |0 — 6|2 < R}, and
16h,e — 074 ll2 SAHE(H — b+ 1)2(1+ )2 + DVE'RY3m ™5 /m + A7 K'CyRY*m~/%VInm.

Proof of Lemma C.1. Consider a fixed h € [H]. For simplicity, we define
At _ oht _ Glzn

Gy = (g(xmgh,t))kezh e R’

Ht _ GtG? c Rmdxmd
fri= (F(@hiOne) yeq, €R™,
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), (sh» ak)

Ui 4 Vi (sh )

Yn [Elkeir) € RE

erry, (s, a) Bhf/:h+1(m) — @h(m)

f(z;0) \/% S bio(w] x) defined in Equation (1)

9(x;0) Vo f(x;0)

Ap A+ Y er, 9(y; 0n)g(xg; 0p)" € RO Am

Ay, M+ er, 9(ay; 00)g(xf; 00) € Rimxdm

Ap I — 2, € RImxdm

Gn(0) (9(wf;0))rez, € RIMK

Ly(0) e, (F(@h;0) = vk = Vi (s 41))% + All6 — 6ol13
Ot Ont—1—mVLL(On—1)

O Oh. 1,

Lin0) | Suen, (O g(whi 00) — vk — Ty (k) + A0 — o3
O 031 — mVLY™(03_)

glin 0%,

Ohi Oty — VL0 + V2T

o, S

20 | Seer, ({0l 00).0) vk~ Viea(sh1)) + A0 — 00l3
éﬁf? 9_%,?71 — VL (One—1)

U 0L,

Table 2: Notations used in the setting of general MDPs with neural function approximation.

where we drop the dependence on h for notational simplicity. For any § € R™?, we also write

We re-write the GD update in Line 4 of Algorithm 3 and that in Equation (5), respectively, as
Ont =0n1—1 — 201 (Gr—1(fi=1 — yn) + MOp -1 — 60)),

25



Under review as a conference paper at ICLR 2024

Ot = 011 — 2m(Go(Gg (171 — 00) — yn) + A0}y — 00))-

We will prove the lemma by induction with ¢. The statement of the lemma obviously holds at ¢ = 0,
since 0}, 9 = 9%,’6 = . Assume the lemma statement holds up to some ¢t — 1. We will prove that it
also holds for . Indeed, let us consider the rest of this proof under event E{Lemma A.1}. We have

[[Ael2

:H(l —MmA) A1 —m [Go(ftﬂ — GoT(Oh,,t—1 —60)) + GoGoT(Gh,t—1 - 9%,?_1) + (ft—1 —yn)(Ge—1 — Go)]

2
< = mAL+ Ho))Arallz +mllfi1 — ynll2llGe-1 — Goll2 + m | Goll2ll fi—1 — G5 (On.e—1 — 00)|2 -

I Iy I3

We bound I, I5 and I3 separately.

Bounding /;. By Lemma A.1, we have
[ Holl2 < [|Goll5 < K'C.
Now we choose 7; such that
mA+ K'C2) < 1.
With this choice of 71, we have
I = [(I = (AL + Ho))As—all2 < ([T = mu(M + Ho)ll2 - |As—1ll2 < (1 = mA) | A¢—1]]2,
since AT < (A + Ho) < m(A+ [|Gol) T =m(A+ K'C2I < I.

Bounding /5. We have,
I =m|fi—1 — ynll2 - |Gi—1 — Gol|2
< ’ k. k.
<m [ fe—1 — ynll2 ‘max VK 9(xh; On,t—1) — g(wh;00) |2,
—————

Lemma C.2 approx error, Lemma A.1

where the inequality holds due to Cauchy-Schwarz inequality, and we can apply Lemma C.2 and
Lemma A.1 for the first and second term, respectively, due to the induction assumption.

Bounding /5. For bounding I3,
Iy = ml|Goll2 - || fi-1 — GG (Bne—1 — 60) |2
< mVE'CoVE max |f(«f; Wi ;) — g(afis Wo) " (W, ; = Wo)|
<mK'CyRY3m=Y%/Inm,

where the first inequality holds due to Cauchy-Schwarz inequality and due to that ||Gpo|l2 <

vV K'C, and the second inequality holds due to the induction assumption and Lemma A.1. Combin-
ing the bounds of I, I, I3 above, we have

[Atll2 < (A = mA)|Asall2 + T2 + I3
Recursively applying the inequality above for all 7, we have

Iy + I3

Aglle <
Ak < 25

(7)
‘We have
MG = 6oll3 < Ln(03%) < Li(0o) = llynll3 < K'(H — h+ 1+ (H — h)1)?,

where the first inequality follows from the definition of L}, and the second inequality follows from
that {L;L(Hﬁffg)}t is a non-increasing sequence due to the gradient update to linear regression. Thus,
we have

1657 — Golla < ATVETH(1 + 1),
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We have

[6n,e — Boll2 < 110, — 0% 12 + 1047 — Ooll2
I I
< Lf FATWEH(L ).
m

O

The following lemma says that under certain conditions, the network output f; trained by GD tends
to stay close to its regression target yy,.

Lemma C.2. Let m = Q (d?’/2R*1 lng/Q(W/R)) and R = O (m*?In"*m). Suppose that

m(K'C? 4+ \/2) < 1/2. Consider any t € [T1]. Suppose that 0y, € B(6o; R), VI € [t]. Then, with
probability at least 1 — m ™2, we have

Ife—ynlle S EK'(H—h+ 121+ 0+ (mA) 'R Sm ™3 Inm.

Proof of Lemma C.2. Consider the rest of the proof under event E{Lemma A.1}. Let

et = fr — fio1 — Gi_1 (0 — 0,_1),
€p = f9 - ft—l - G9T(9 - 9t—1)-

Since || - ||3 is 1-smooth, we have
L(0:) = L(O:—1) = |fe = wnllz = Il fim1 — ynll5 + A6 — boll = Al[6z—1 — oll5
1 A
<2(ficr —yn) " (fe — fro1) + §||ft — fi1ll3 4 2X(0i—1 — 00)" (6, — O,—1) + §||9t — 013
1
<2(fim1 —yn) " (er + Giy (0 = 0:-1)) + Sllee + Gy (0 — 1) |13
2
A
+2X\(0i—1 — 00)" (01 — O—1) + §||9t — 013
A
<VLO1)" (0 = 0—1) + 2(fr1 — yn) e + [ledlls + 1GL1 (0 — 01|15 + 5 10— 0113
< =1 = m(K'C;+ A2 VLG5 + 2(fr1 = yn) e + [lecl3
Since || - ||3 is 1-strongly convex, for any 6, we have
A
L(0) = L(O:—1) > 2(frm1 — yn)" (fo — frm1) + 2 (B1—1 — 60)" (6 — b1—1) + §H9 — 013
A
= VLO1)" (0 = 1) + 2(fer =) T eo + 510 — O[3
1
> = IVLO )15 = 20 fim1 = nllz - leollz,

where the last inequality uses the definition of the gradient update of 8;, and Lemma A.1 which is
valid due to the condition that 8}, ; € B(6y; R), for all | € [t]. Thus, we have

L(0r) = L(0¢-1) < 2mAL = m(K'CF+ A/2)) (L(O) — L(Oe—1) + 2| f-1 — ynll2 - llesl2)

[}

+2(fim1 —yn)er + lledl3
2 1 2 2 1 2 2
< a(L(0) = L(O—1) +nllfem1 —ynllz + aH@GHz) + 2l fi-1 —ynllz + %Hetuz + [leclz

1 1
< a(L(0) = L(O—1) + 1 L(O:—1) + alleellg) +72L(0-1) + %Hetllg + [leell3,

27



Under review as a conference paper at ICLR 2024

where the second inequality uses Cauchy-Schwarz inequality for any 71,72 > 0, and the third
inequality uses the fact that || f,—1 —y4 |3 < L(6¢—1). Set§ = 6y, and lete = max;cpy [ler]|2V|eq, |2
in the above equation, we have

1
L) <(1—a+ay+2)L0-1)+ (j + - + 1> e? + al(fy).
1 72

Now we further set that y; = i and 2 = 7. Then we have

4
L(6,) — L(6o) < (1 - 5) (L(0r_1) — L(0))) + (4a + - 1) e + al(0y)/2.
Now we choose 7; such that 7; A < o < 2 which is satisfied if we choose

’171/\ <1
1—m(K'C+)/2) >1/2

Unrolling the recursion above yields

£0) - % <<4a + 2y 1) ¢ + aL(6o) /2)

Thus, we have

8 2
I1fe — ynlla < L£(6:) < 2L(00) + (8 + el a)GZ

SK'(H—-h+1)%14 0%+ (mN 7R3 m =Y Inm,

where the last inequality holds due to that £(6y) = ||yall3 < K(H — h + 1)2(1 + ¢)? and
e < RY3m~1/%/Inm with probability at least 1 — m~2 (due to 65, € B(6y, R),Vl € [t] and
Lemma A.1). O]

The following lemma says that under certain conditions, the weighted version of the gradient of the
network output ||g(z;60y)|| ,~1 tends to stay close to its counterpart ||g(z; 0o)|| ;- at the initializa-
h h

tion.
Lemma C.3. Let

m=0 <d3/2R*1 1n3/2(\/%/R)) ,

R=0 ( 1/2) 3m) ’

(mA) IR 2m Y3 Inm < 1,

m(K'C2+A/2) <1/2,

A YK (H —h+1)2(1+ 02+ )WWK'RY3m~YS/m
+ AR CyRY3m Y Inm + AWK H(1+4) S R

With probability at least 1 — m™2, for any x € Sy_1 and h € [H], we have

g 0)lla - — llg(a: 80l 1| S A VETRYSm= /121 g 4 X712 R =1/ i,
where 0y, = 0}, 1, which is returned after phase I of Algorithm 3.
Proof of Lemma C.3. For simplicity, let us define

G = {g(a¥;00) rer, € R™ K and Gy = {g(z¥;00)}rer, € RI™K
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By Lemma C.1, we have 6, € B(6p; R). Under the joint event E{Lemma C.1} N E{Lemma A.1},
for any x and h, we have

lo(as )l — oG )5+ < lgs 6z 147" — Ayl + lg(as )5+ — llg(as o)l 5.
< llgCas O)ll2A/ AL = A2 + llg (s 6n) — g(@360) 151

< llg(w; )2/ 105" = A5 Hl2 + llg(s 0n) — g(: 00) |24/ 145 |2

[An — A —
< ||g<x;eh>||2\/ ol gtaitn) — stastn) /I8

< Cg\/§\/ K’\/C’gRl/Sm*l/12 Y4 m A7+ RY3m Y0/ Inma~1/2

where the fourth inequality follows from Lemma A.8, and the last inequality follows from 6, €
B(6p; R) and Lemma A.1, and

[An = Anll2 = [|G1GT — GoGy |12
= [|G1(G1 — Go)" + (G1 — Go)G{ ||z
< [|G1ll2[|G1 = Goll2 + [|G1 = Goll2[|Gol|2
< 2VK'C,VK' RY3m~Y6/m.

C.3 APPROXIMATE POSTERIOR SAMPLING FROM LANGEVIN DYNAMICS

In this part, we show that our algorithm performs an approximate posterior sampling from the data
posterior distribution. For simplicity, we denote 92”“ = 92“,}2’ which is returned by the LMC to

the auxiliary linear model (after Line 14 of Algorithm 3). We also denote Oﬁf” = 0%}}2 which
is returned by the gradient descent to the auxiliary linear model (after Line 10 of Algorithm 3).

Similar to Lemma B.1, the following lemma shows that the parameter samples {Hgn’i}ie[ ) from
Langevin dynamics approximate the samples of the data posterior.

Lemma C.4. Forany h € [H|, we have
{00 Yiepn N (6", 1)
where
Spoo=7( — ATV T+ Ap) 7 Ay =T — 22y,

In addition, we have 95;” = AZQ O+ (I — AZ"’)@ZZ” Furthermore, if we set

1
”= 4AmaX(Ah)
then, we have
1—(1— At <3, < TAL
( ( 2H(Ah)) )T h — h 22T h (8)

Proof of Lemma C.4. Unroll the recursion in the gradient descent update in Line 9 of Algorithm 3,
we have

00" =0 — VL0, ) + /2nTe
= HZZil — 2mo (Aheﬁf”;fl — Gh(eh)Tyh — )\90) + \/2nT€

= An0)""y + 202 (Gu(0n) yn + Mo) + \/2n7e;
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=1 11
= Alfo +2m2 > _ A}, (Gh(éh)Tyh + )\90> + VT Y Al
1=0

t—1
= AR + 2m2(1 — Aj) (T + Ap) ™' (I — Ap) ™! (Gh(éh)Tyh + AHO) +V/27 Y Al
=0

= Al Gy + (I — AL)oL™ + 27)TZAhql

Since {€; }¢[7,) are mutually independent Gaussian noises, we have
lin,i
9;?}: ~ N(Vh, Zh),

where v, = A200 + (I — AZ;Q)HA%W/’ and
Tp—1

Xn = 2027 Z Apb=2mer(I — AP (I — Ap) "I+ Ap) ™ =7(1 = AN (T + Ap) ™t
=0

Note that 03" = GD(L}™, o, 112, T2) = LGD(L},", 00, m2, To, 7 = 0), we have 0" = v,

Now we set 72 such that

1
”= 4)\max(Ah)
We define the condition number:
L )\max(Ah)
Kp = ————=
)\min (Ah)

1 1
0 |,
SRS o) 2

With this choice of 75, we have
0 <A,=1- 2772Ah (1 — 2772)\mm(Ah))I = (]. — 1/(25}1))

I <XT+A,=2I, ©))
I =1—-A" = (1— 01— (26,)" Y71

Thus, we have

1
—))rA 22, = TA

(==

C.4 PESSIMISM

In this part, we show how pessimism is obtained in our approximate posterior sampling framework.
This result is formally stated in the following lemma.

Lemma C.5. Let
m=0 <d3/2R‘1 1n3/2(\/7n/R)) ,
R=0 ( 121 m) ,
(nlA)_1R8/3m_1/3 Inm <1,
m(K'Cy +2/2) <1/2,

In2
a2 In(1/(1 —2pA))’
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VT > 2y
HIS| 1
1 1
g Yy
ANEK(H — b+ 1)2(1+0)? + WK RY3m~ Y5 /m
+ATTK'CuRY YV Inm + AWK H(L+ 1) S R,

where 7 is defined in Lemma C.8. For any deterministic policy m, with probability at least 1 —m
26, for all s € S and all h € [H|, we have

errp, (s, mh(s)) > —RY3m™YVInm — A"YK'H?*(1 4+ 1)? + 1)VK'RY3m=Y/5/m
+ ALK RYBm Y5 Inm — (1 — 20 Amax (Ap))EATY2 K H(1 4 0)
- ’y/\flx/[?Rl/Gmfl/lz In'/*m — 7/\71/2R1/3m71/6\/h17m.

727

Proof of Lemma C.5. Consider the joint even E{Lemma C.7} N E{Lemma C.7} N E{Lemma C.8}.
For any &, if f (w; 6n) + minie(ar (g(x; 0n), gLt — 9””) < 0, then Qp(z) = 0, thus errp(z) =
IB%hf/hH(x) - @h( ) = IB%th+1 > 0 since r;, > 0 and Vh+1 > 0. Consider the case f(x;0y) +

min,e[as(g(2; 0n), 61" —gliny > 0. Under the joint event E{Lemma C.7} N E{Lemma C.7}, for
any x, we have

Qn(x) = min{f(z: 00) + min (g(w:04),0,™" = 04"), (H = h+ (1 +0)}*
< f(w:00) + min (g(ai0,), 6" = 03")

< f(x§0h) - Hg(l’;eh)HEm

where the third inequality follows from Lemma C.7. Thus, we have
errp(z) = Bhi}thl( ) — @h(x)
> By Vi1 (2) — f(w;08) + l9(2; 0n) 15,
> (g(w;00), 04" — Bo) = Ylg(: 00)ll5+ — F(x:0n) + llg(x: 00,
> (g(w; 00), 05 — 00) — £ (50n) = lg(w; 00)l|5 -+ + (1 = (1= 200) )7l g(301) |+
> (9(2:600), 03" — 00) — f(236) — 7llg(;00)ll 5.+ +0.57 g (3 601)]| -
= (9(x300), 6" — 00) — f(w;0n) + (0.5v/T =) llg(x; 00)|[5.+

approx + opt error, Lemma C.7 >0, by choice of T
+ 0.5V (llg(ai )+ — ot 60)llx.+)
Lemma C.3

where the second inequality follows from Lemma C.8, the third inequality follows from Equa-
tion (8), the fourth inequality follows from the choice of 75. Applying Lemma C.7 and Lemma C.3
to the last inequality above completes our proof. O

The following lemma characterizes the approximation error and the optimization error of a lin-

ear model (g(z;6p), 0} — 6y) constructed from the neural tangent features to the network output
f(x; 0) trained by GD.

Lemma C.6. Let
m=Q (2R W (Vin/R))
R=0 ( /21y m) ,
(mA) " RY3m Y3 Inm < 1,
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1
m < m,
AN UK (H = h+1)%(1+0)% + WK RV3m~Yo/m
+ATLK'C,RY 3 m Y Inm + AWEK'H(1 +4) < R.
With probability at least 1 — m‘z,for any x € Sq_1 and any h € [H], we have
|f(z;0n) — <g(x;90),9£§f" —00)| < RY3m~15/Inm
A NEH2(1+ 02 + )WWKRYPm ™Y /m + A 'K’ RY3m =%V Inm
+ (1 = 20 Amin (AR) EATY2 KT H(1 4 0)
where éébm = Aﬁl (G(00)yn + \0o) defined in Equation (6).

Proof of Lemma C.6. We have
| (3.0n) = (a3 00), 65 — 00)| < | (30n) — (a3 00), O — 00)| + lg (3 60)T (O — B}, )|

+ (s 00). 615, — 6™
where 0} is defined in Equation (5). By Lemma C.1, 6, € B(6o; R), thus by Lemma A.1, under
the event F{Lemma A.1}, for any = € S;_1, we have
|f(2;0n) — g(;00)T (01 — 60)| < C,RY3m™Y/5vVInm.
By Lemma C.1, under the event F{Lemma C.1}, we have

16 = 037 lla S AHK'(H — b+ 1)°(1+ )% + YWVEK'RY*m =0 /m + A K'CyRY P m =0V lnm

For bounding the third term, let A, =1-— 2m Ay, Under the event E {Lemma A.1}, we have
(g (w:00), Ghi%r, — 03)] < llg(a: 00)ll2 - 1637, — 03"

< 03, — 05 l2
= Cyll A7 (60 — 6712
< Cy(1 = 20 Amin(81)) 160 — 6372
= Cy(1 = 2mAmin(An)) ™ - | (G(Bo)yn + Mo) — A Anbo 2
= Cy(1 = 2m Amin (An))™ - 1A, (G (00)yn — G(00)G(00)" 00 ||
= Cy(1 = 2 Amin (An)) " [A, G (00)yn 2
< Cy(1 = 20 Amin(Ap)ATY2K'C H(1 4 0),

where the second inequality follows from Lemma A.1, the first equality follows from unrolling
the gradient update linear regression, the third inequality follows from the definition of éiffLTl is
defined in Equation (5), the fourth equality follows from that g(z; 6y)? 6, V2 due to the symmetric
initialization of 6, and the last inequality follows from [|A; |2 < A7, |G(60) ]2 < VK'C, due
to Lemma A.1, and ||z < VEK'H (1 + ¢).

Altogether, under the joint event E{Lemma C.1} N E{Lemma A.1}, we conclude our statement via
the union bound. O

The following lemma specifies the anti-concentration of Gaussian distributions.

Lemma C.7. Let M = In @ /In #(71) where ®(-) is the cumulative distribution function of

the standard normal distribution. For any deterministic policy w, with probability at least 1 — 6, for
any (s, h) € S x [H], we have

min (gl m(): 00 017) < (g, m():00),047) oo, (5): 1) ..
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Proof of Lemma C.7. We have
(g(s,m(5): 00), 0, = 05) ~ N(0,llg(s,m(5); 0n) |-

By the anti-concentration of Gaussian distributions, we have
Pr ({g(s,m():00), 05 = 05") < ~llg(5,7():0)lls, ) = B(~1).
Since {ng’i}ie[ ) are mutually independent, with probability at least 1 — (1 — ®(—1))M, we have

min (g(s, m(s);00), 65 = 04" < ~llg(s, m(5); 001,

We set § = (1 — ®(—1))™ to complete the proof. O

The following lemma characterizes the estimation error of using the linear model at its mode
(g(x;00), 0™ — By) to estimate the Bellman target (B, Vy11)(z).

Lemma C.8. Let A > 1,m = Q(K"'°H3(1 + )8 In(3K'H/6)). With probability at least 1 —
m~2 — 6, forany x € Sg4_1 and any h € [H], we have

|(BuVien) () — (g(a:00), 05" — 00)]| < %(M + VZI(BHTS)) + & + llg(a: 6051

where

7S BYX+ VRN (L (V4 IRGH]) + &)

+ H(L+ 0\/du n(1+ K//A) + K In A+ 2n(3H/6) + 1.

Proof of Lemma C.8. We have

(BrVir1)(z) — (g(x560), 05" — 00) = By Vis1(z) — (g(a;00). 05, — 0o) + (g(x; 60), 05 — ™),

approx error estimation error

where the first term is the approximation error and the second term is the estimation error. To bound
the approximation error (the first term), under the event E{Lemma C.9}, we have

Ba Vs (2) — (g(:00), 07 — o)) < %(2\/& +/ZI(H]D)) + £

To bound the estimation error (the second term), we have

(g3 60), 05 — o) — (g(x500), 0™ — o) = g(x;60)" (65, — b0) — g(a; 600) A" > glahs bo)yh
keZy,

= g(z;600)" (6, — 00) — g(z;60)" A}, Z 9(x3;600) - (B Vigr) ()

k€L
I
+9(200)" ATt Y g(whi00) - [(BaVhin)(@h) = (rh + Vi (sha))]
keZy,
I

Bounding term 7;: Under the joint event E{Lemma C.9} N E{Lemma A.1}, we have

1] = lg(x;60)" (6, — 00) — g(;00)" A, > gf; o) - (BaVaga) (2}))|
k€L,

= [Ag(;00)A, (0" — 60) — g(360)" AL D glak; bo) - ((Bhvml)(ﬂfﬁ) — g(ay;00)" (65, — 90)) |
kET,
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< Algla:60)|5,2 - 16" = foll
+ llg(: 60) ||Z (xh360) - (B Vas1) (h) = 9(aks 00)7 (65 = 00)) 5.
keETy,

< llg(a; 00)ll5- (ABA V2 4 RICIA- \/'%(2\/&+\/21D(H/5))+5h)>,

where the second equality follows from the definition of Ay, the first inequality follows from the
triangle inequality and that 27 Ay < ||z AY/2||5||A"2y|l2 = ||z|| ]|yl 4, and the second inequality

follows the inequality ||z||4 < /|| All2]|z]l2, [|Arll2 < A7, Lemma C.9, and ||g(z;6p) |2 < C, by
Lemma A.1.

Bounding term /5. We have

1] = lg(w;00) A" > g(@hsbo) - [(BuVasa)(@h) = (F + Vi (sh )] |
kE€Zn

< llg: 00)l[5- - > gt bo) - [(Bh‘?hﬂ)(xﬁ) — (i + Vh+1(31]§+1))} [T
keI,

I3
For notational simplicity, we write
k. k k
€p = (Bth+1)(xh) - 7'h Vh+1(5h+1)

Ep = [(ef)rezr]" € RY.

We denote K" := [(g(x};60), g();00)))i jez, as the Gram matrix of the empirical NTK kernel
on the data {z} } ;.c(x]. We denote

GO = (g(xz;o()))kez RdeKla
lcznt GTGO c RK ><K

Recall the definition of the Gram matrix Kp, of the NTK kernel on the data {z%} ez, . It follows
from Lemma A.2 and the union bound that if m = Q(e~*In(3K’H/§)) with probability at least
1—4/3, forany h € [H],

I1Kn — K| r < VKe. (10)

We now can bound /3. We have

> g(ahs0o)er

keTy,

2
I3 =
A7

= EFGT (Mg + GoGE) Gy E),

= Bl GEGo( Mk + GEGo) T Ey,

= EL KM (KM + N i) By,

= EFKn(Kn + M) 7 Ep + EfL (Kn(Kn + M)~ = KM (G + M) ™Y B, . (11)

I ,estimation error 14 ,approx. error

For bounding I,, consider the joint event E{Lemma A.1} N E{Equation (10)}. Under this joint
event, we have

Iy < H’Ch(K}l + AIK/)il — ]C;ant(lcznt + AIK/)71||2 ||Eh||§
= ||(Kn = K" (Kn 4 M) ™+ K ((Kn + Mg )™ = (K3 + M) ™) ||, 1Es 13

< Kn = K5 2/ A+ I o - [V = K ll2/ A2 B3
A+ K'C} -
< S K = KR o Bl
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A+ K'C?
< )\79[( H*(1+)*VK'e

=1 (12)
where the first inequality holds due to ||z||4 < +/||A||2]|z]|2, the second inequality holds due to

the triangle inequality, Lemma A.8, and |[(K), + Mg )|z < A™%, the third inequality holds
due to ||}z < [|Goll3 < [GollE < K'C% due to Lemma A.1, the fourth inequality holds

due to ||Eh||2 < VK'H(1 + ¢), and Equation (10), and the last inequality holds if we choose

1 )‘JFK MKICY K'H?*(1 + ¢)>¥/ K’ in Equation (10). This choice of ¢ leads to the condition:

m=Q(K"YH*(1+¢)°In(3K'H/J)) . 13)

For bounding 75, as A > 1, we have
Is = EFKn(Ky + My )7L E),
< EBE(Kn + (A= DIg)(Kp 4+ M) "L E),
- -1

=El [(Kn+ A\ =DIg) ' +Ig]  Ep. (14)
Let o(-) be the o-algebra induced by the set of random variables. For any h € [H]| and k € Z;, =
(H—h)K'+1,...,(H— h+1)K'], we define the filtration

= ({(shorab i b U LR al i s U (s a7

which is simply all the data up to episode k£ + 1 and timestep h but right before rkH and sﬁﬁ are
generated (in the offline data). Note that for any k& € Z;,, we have (sﬁ, afl, r,’j, sy +1) € f,’f , and

7 k k k k€L, k—1 k
Vh+1 co ({(Sh/,ah/7rh/) h'E[}fl,—"-l,...,H]) g ‘Fh g ‘Fh'

Thus, for any k € Zj,, we have

eh = (BuVie1)(2h) — 1 — Vara(sh ) € F.
Recalling our data splitting strategy i € Zj, := [(H — h)K' + 1,...,(H — h+ 1)K'] with K’ :=
| K/ H |, the key property in our data splitting is that

¥ ko ko k \\k€Ly k—1
Vi1 €0 ({(sh,,ah,,rh,) h,e[h+17'..,H]) CF .

Thus, conditioned on F, }'f*l, ffhﬂ becomes deterministic. This implies that

E (bl 73] = [BuVhsa)(shyab) = v = Vi (s )| 7R ] = 0.

Therefore, for any h € [H], {¢}}rez, is adapted to the filtration {FF} ez, . Applying Lemma A.4
with Z; = e € [~H(1+1), H(1+1)], 0% = H>(1+1)%, p = A—1, forany § > 0, with probability
atleast 1 — ¢/3, for any h € [H],

EL [(Kn+ A= 1)Ig) " +1] B, < H2(1+ 0)logdet (ATx + Kn) + 2H2(1 + )2 In(3H/5)
(15)
Substituting Equation (15) into Equation (14), we have
Is < H*(1 + 1)logdet (M g + Kp) + 2H?(1 + 1)? In(3H /)
= H?(1 4 1)%logdet(Ig: 4+ Kp/A\) + H2(1 + )2K'In A 4+ 2H?(1 4 1)?In(3H/6)
= H2(1+¢)%dp In(1 + K'/\) + H*(1 4 )K" In X + 2H?(1 + ¢)? In(3H/), (16)
where the last equation holds due to the definition of the effective dimension.

All together, under the joint event F{Lemma C.9} N E{Lemma A.1} N E{Equation (10)} N
E{Equation (15)}, with the choice that

A>1,m=Q(K"H*(1+:)°In(3K'H/5)),
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for any « € S4_1 and any h € [H], we have

(B V1) (@) — (9(w360), 0™ — 60)| < 7 (2Vd +V/2In(BH/9)) + & +1llg(;00) 5,0
where
7= ABXY 4 VRICA (L (Vi + IRGH]) + &)

+H(1+ L)\/dh In(1+ K'/A\) + K'In X+ 21In(3H/8) + 1

by the union bound, this joint event occurs with probability at least 1 — m =2 — 4.

O

The following lemma characterizes the approximation error between the Bellman target Qy, () and
the functions in the RKHS.

Lemma C.9. Under Assumption 4.1, with probability at least 1 — § over wy, ..., wy, drawn i.i.d.
from N'(0,1,/d), for any h € [H], there exist c, ..., ¢y, where ¢; € RY and ||¢;||2 < £ such that

= Zc;frm]l{w;‘rx > 0},

i=1

- _ B
1Br Vi1 — Qnllee < ﬁ(g\/ng V2In(H/6)) + &n-

Moreover, Qy,(x) can be re-written as

Qn(x) = (g(z;60), 0} — bo)
where

0; — 0y := vmlaict, ... amch ]t € R™, and ||0; — 6o|2 < B. (17)

V- Bhvh+1||oo~ We have

Proof of Lemma C.9. Let V) = arginfy ¢ o-
Vi(z)= / c(w) z1{w?z > 0}dw,
Rd

for some ¢ : R — R such that sup,, % < B. By approximation by finite sum in [GCL*19],

with probability at least 1 — &, there exist c1, . .., ¢,, where ¢; € R? and ||¢;||2 < % such that
~ B
VL = Qulleo < ——=(2Vd + v/2In(H/5)),
vm
where

= Zc?m]l{wfx > 0}.
i=1

By Assumption 4.1, we have

IBaVii1 — Qnlloo < IBrVii1 — Villoo + VL = Qnllee < —— 2\[4- V2In(H/0)) + &p.

O
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C.5 BOUNDS ON THE EMPIRICAL SQUARED BELLMAN RESIDUALS

We bound the empirical squared Bellman residuals erry, (zF) in the following lemma.
Lemma C.10. Let

m=Q (2R 1w (Vm/R)),
R = (9( 1/21n m),
(mA) 'R Pm Y3 Imm < 1,
m(K'CY+A/2) <1/2,

T > In2
2= In(1/(1 - 29N)’
VT > 27,
H|S| 1
=1 ]
v/ oy
A>1

m=Q(K"°H®*(1+)® In(3K'H/6)),
AN YK (H - h+1)20+ 02+ )VK'RV3m™ Yo /m
+ATIK'C,RY3m Y Inm + ATWEKH(1 +1) < R,

where vy is defined in Lemma C.8. Set

v =RY3*m ™YV Inm + ANHEK H?(140)? + 1)@R1/3m_1/6\/ﬁ + ALK RY3m =Y Inm

+ (1= 20 max A ) ATV 2K H(1 + 1) + A VE'RYSm =Y 2 I 4y 4 A A" 2RY3m =Y/ Inm.

With probability at least 1 — m=2 — 36, for any k, h € Ij, x [H], we have

errp(z8) < T (2Vd+ v/2In(3H/5)) + & +7llg(2}; 60)ll5 -+ + RY*m ™/ 0VInm
+ A YK'HY (1 + 02 + DWVERY3m™ Yo /m + A K'RY*m =YV Inm
+ (1= 20Amax (M) " ATV2 K H (L + 0) + /27 In(MK'H/5) - ||g (75 60) |5 -+

or In(MEK'HJ3) - (x\‘lx/K’Rl/Gm_l/u In'/% m + A~1/2RY 3~ 1/0/In m) .

Proof of Lemma C.10. Define the event

By = {(g(ah:0n), 05" = 04" < \/2I(MKH]S) |l g(wh) s, : (i ks h) € [M] x Ty x [H] }

By Lemma C.4, Lemma A.7 and the union bound, we have P(E7) > 1 — 0. Now consider the joint
event
E = E; N E{Lemma C.3} N E{Lemma C.5} N E{Lemma C.6} N E{Lemma C.8}.
The rest of the proof considers under the joint event E. Let us define
C:= RY3m™Y5Inm + \H(K'H2(1 + 0)2 + )VK'R3m™ Yo /m + ALK RY3m=Y%VInm
+ (1 = 20 A max (M) ATYV2K H(1 + 1) + YA~ WK/ RY S ~1/12 4 m 4+ A" V2RY3m Y5 Inm.

It follows from Lemma C.5 that

Qn(z) =ByViia(z) —errp(a) <H —h+ 1+ (H —h)o+¢
<H-h+1+(H-h+1),
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if we choose ¢ > (.

Thus, we have
Qn(w) = min{ f(x; 01) + min (g(a: 00), 6" = 6"), (H —h+1)(1+ )} *
= max{f(z:6,) + min (o(2:01). 01" ) 0}.
Therefore, for any (k, h) € Z), x [H], we have

erry, (vf) = By Visr (2f) — Qn(af)
= BaVis1(wh) = f (2} 0n) — min (g(a: 0n), 0" — 01)
< BuVigi(z) — f(x30n) + /2In(MEK'H/5) - ||g(af;0n) s,
= Bhrfhﬂ(ffﬁ) - <9($Z§ th), gizm — o) + <9($2; t), éﬁlm — o) — f(xii; On)
+V2In(MK'H/5) - ||g(x};6n) s,
< By Vi (af) — (9(xf;00), 05 — 00) + (g(a; 00), 04" — 0o) — f(h; 0p)
2r In(MK'H/5) - ||g(xh; )| -

= By Vi1 (2f) — (g(aF:00), 05" — 8o) + (g(xF; 60), 6™ — 0p) — f(xf;6)

Lemma C.8 approx + opt error, Lemma C.6
+V2r m(MEH/S) - [|g}: 60)| 51
+ /2 m(MKTH]S) - (Ilg(ks )l g — lg(ls 60) 5 )

Lemma C.3

where the first inequality holds due event E', and the second inequality holds due to Equation (8).
O

The following lemma is the NTK analogue of the elliptical potential lemma in [AYPS11].
Lemma C.11. If A\ > 1 and m = Q(K"* In(K'H/§)), then with probability at least 1 — §, for any
h € [H], we have

> llg(@r; 0013+ < 2dpIn(1+ K'/X) + 1.
ke, "

Proof of Lemma C.11. Define

k-1
Al =M+ 1{k € T} ZQ(%?%)Q(%%‘%)T-

i=1

Then we have A, ' < (AF)~! Vk € [K]. Thus, we have

S ot 00013+ < 3 llatak: 00)Pag -

keTn kET),
For any fixed h € [H], let

U = [g(xf;00)kez, € R™K.
By the union bound, with probability at least 1 — §, for any h € [H]|, we have
det Ah

. 2
kgzj lgten:Bo)llcagy-+ < 21n det(Al)
h
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= 2logdet (I + Z g($§;90)9($2590)T/>\>

k€T
= 2logdet(I + UUT/\)
= 2logdet(I + UTU/\)
= 2logdet (I + Kn/\ + (UTU — K1)/
< 2logdet(I + Kp/A) + 2tr (I + Kp/A) "' ({UTU — K1) /)
< 2logdet(I + K /A) + 2||(I + Kn/N) N rlUTU — Kl ¢
< 2logdet(I + Kp/\) + 2VK'|UTU — K|
< 2logdet(I + Kp/A) +1
=2dp In(1+ K'/)\) +1
where the first inequality holds due to A > 02 and [AYPS11, Lemma 11], the third equality holds

due to that logdet(I+AAT) = logdet(I +ATA) the second inequality holds due to that logdet( A+
B) < logdet(A) + tr(A~!B) as the result of the convexity of logdet, the third inequality holds due
to that tr(A) < ||A||r, the fourth inequality holds due to 2v/K'||UTU — Kj||r < 1 by the choice
of m = Q(K"In(K'H/6)), Lemma A.2 and the union bound, and the last equality holds due to the
definition of Jh. O

C.6 PROOF OF THEOREM 2

We are now ready to present the proof of Theorem 2.

Proof of Theorem 2. We start with the value difference lemma [JYW21]: For any policy 7 (includ-
ing stochastic and non-Markovian policies), we have

H H

Vi (s1) — Vi (1) ZE lerry,(sp, an)] — ZEﬁ[errh(sh,ah)]

h=1 h=1

H
DB [(Qn onre) 7 Clsn) = T (o))
h=1

<0

H

H
Z lerry,(sp, an)] — ZEﬁ lerry, (s, an)],

h=1

| A

where the inequality follows from that 7 is greedy with respect to @ - To bound the first term, we
use Lemma A.3, Lemma C.10, and Lemma C.11. The second term is bounded using Lemma C.5.

We now give the characterization of the hyperparameters in Neural-LMC-PPS that arise in Theo-
rem 2. All together the parameter conditions of Lemma A.3, Lemma C.10, and Lemma C.11, the
parameter conditions are:

m =0 (2R W (Vin/R))
R= (’)( /21y m),
(mA) " R 3m Y3 Inm < 1,
m(K'Cy +A/2) <1/2,

T > In2
2= In(1/(1 = 2pN)’
VT > 2,
HS 1
M ===/ =5
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A> 1,
m=Q(K"°H®*(1+)* In(3K'H/6)),
H|S| 1
M=1 1
v/ Ty

A UK (H — b+ 1)2(1+0)? + WE RY3m~ Y6 /m
+ AilK,CyRél/gmil/Gm + A" "WK'HQ1+1) <R,

where

7 S BYA+ VRN (S (V4 IRGH]) + &)

+ H(1+ L)\/Jh In(14 K’/A) + K'In X+ 2In(3H/68) + 1,

t=RY3*m Y Inm + \YUK' H2(1 +0)2 + DVE'RY3m Y% /m + ALK RY3m =15V Inm
+ (1 = 202 max(AR)EAYV2K H(1 4 1) + v AWK/ RYSm =112 1n1/4
+AATY2RY 36/ Inm.,

It is easy to see that there exists m > poly(K’, H,d,B,\,1/6), R = Q(HVK') and sub-

~

polynomial in m that satisfy the parameter conditions above.

O

APPENDIX D EXPERIMENT DETAILS

In this section, we give more details of our experiments in Section 5.

D.1 ALGORITHM DETAILS

We give the detailed accounts of all algorithms we used in our experiment in Section 5:
LinLCB in Algorithm 4, NeuraLCB in Algorithm 5, NeuralGreedy in Algorithm 6, Neural-LMC-
PPS(simplified) in Algorithm 7, and NeuralTS in Algorithm 8.

Several remarks are in order. Neural-LMC-PPS(simplified) in Algorithm 7 is a simplified version
of Neural-LMC-PPS, where the former directly applies Langevin dynamics to obtain approximate
posterior weight samples, without using auxiliary linear models like the original Neural-LMC-
PPS. NeuralTS in Algorithm 8 simply perturbs the value predictor f(-,-;6%) by an amount of
€llg-, 5 6:)|l a1 that is scaled with the weighted norm of the network gradient. NeuraL.CB in

Algorithm 5 modifies the original NeuraLCB in [NTGNV22] where we use gradient descent instead
of stochastic gradient descent.

Algorithm 4 LinLCB/PEVI [JYW21]
Input: Offline data D = {(sF, af, k)

1: Initialize Vi, 1(-) 0
2. forh=H,...,1do
30 An = gy Osh af)d(sh, af)T + AL

’:ng uncertainty multiplier 3, regularization parameter \.

4 On = S dnlshyab) - (F 4 Vi (sh )

5: bh('a') <_6 H¢h(a)”2;l

6: Qh(', ) — min{(@t(-, -), 9h> —Abh(-, ),ﬁ —h+ 1}+.
7 p < argmax, (Qn,m,) and V¥« (QF, 7)),

8: end for

Output: 7 = {7t }rerm
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Algorithm 5 NeuraLCB (a modification of [NTGNV22])

Input: Offline data D = {(s§,a}, r,’i)}lzgg, neural networks {f(,;0) : @ € ©}, uncertainty
multiplier 5, regularization parameter A, step size 7, number of gradient descent steps J
1: Initialize Vi, 1(-) + 0 and initialize f(-,-; W) with initial parameter W,
2: forh=H,...,1do

3: W), GD(\, 7, J, {(s¥, ak, r,’j)}ke[K],O, Wo) (Algorithm 10)

4 A=A+ g(shaf Wa)g(ahs W)™

5. Compute Qn() - min{ (- Wa) = g, 5 Wi o1, H =+ 1)+
6: i <= argmax,, <Qh771'h> and Vj, (Qh,frh>

7: end for

Olltpllt: T = {frh}he[H].

Algorithm 6 NeuralGreedy

Input: Offline data D = {(s¥, ak, rF) ’;Z[[Ifﬂ’ neural networks {f(-,;0) : 6 € O}, step size 7,
number of gradient descent steps 7'
. Initialize I~/H+1(-) + 0 and initialize f(-,-; W) with initial parameter Wy,
:forh=H,...,1do
0y, < GD(Lp,00,m,T) (Algorithm 10) where L}, is defined in Line 2 of Algorithm 3.

1
2
3
4: Compute Qp (-, ) < min{f(-,;0,), H — h+ 1}
5
6

T <= argmax,, <Qh7ﬂ'h> and Vj, (Qh,frh>
: end for
Olltpllt: T = {frh}he[H].

Algorithm 9 GLD(L(0), 6y, n, T, 7): Gradient Langevin dynamics
1: fort=1...7T do
2: | 0y 6,1 —nVeL(6;_1) + /21T, where ¢, ~ N(0,1)
3: end for

Output: 07

Algorithm 10 GD(L(6), 6y, n, T): Gradient descent
1: fort=1...T do
2: ‘ Gt <— Gt_l — T}VgL(Qt_l)
3. end for

Output: 01

D.2 EXPERIMENTAL SETUP AND TRAINING DETAILS

We give the details of our experimental setup and training of the empirical results presented in
Section 5.

LINEAR MDPs

In this appendix, we provide further details on the experiment setup. We describe in detail a variant
of the hard instance of linear MDPs [MWZG21] used in our experiment. The linear MDP has
S ={0,1}, A = {0,1,---,99}, and the feature dimension d = 10. Each action a € [99] =
{1,...,99} is represented by its binary encoding vector u, € R® with entry being either —1 or
1. The feature mapping ¢(s,a) is given by ¢(s,a) = [ul,d(s,a),1 — 6(s,a)]T € R19, where
d(s,a) = 1if (s,a) = (0,0) and 6(s,a) = O otherwise. The true measure v (s) is given by
vp(s) = [0,--+,0,(1 = s) ® an, s D ap] where {a }hemy € {0,117 are generated uniformly at
random and @ is the XOR operator. We define 65, = [0,---,0,7,1 — r]T € R where r = 0.99.
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Algorithm 7 Neural-LMC-PPS(simplified)

Input: Dataset D = {(s},af, Th)}:gH]’ neural networks {f(-,-;0) : 0 € ©}, step size 7, tem-

perature parameter 7, regularization parameter A\, number of training iterations 7', ensemble
size M, clipping factor ¢

1: Initialize Vi 41(-) < 0 and initialize 6,

2: forsteph=H,H—1,...,1do

3: fori=1...Mdo

4: 8}, < GLD(Ly,00,1,T, ) (Algorithm 9) where L}, is defined in Line 2 of Algorithm 3.
5: SuC) = F(503)

6: end for

7 Qh( )<—m1n{ mln fiC), (H=h+1)1+0)}F

8:  7n ¢ arg TilaXmLen<Qha7rh>

9: 1 Va(:) < (Qn(-), Tn(-])).

10: end for

Output: 7 = {%h}hE[H]

Algorithm 8 NeuralTS
ke[K]

Input: Dataset D = {(sF,a}, Th)}he[H]’ neural networks {f(,-;0) : 6 € O}, step size 7, tem-
perature parameter 7, regularization parameter A, number of training iterations 7', ensemble
size M, clipping factor ¢.

: Initialize Vi1 (+) O and initialize 6

1

2: forsteph = H, H — ,1do

3: fori=1...M do

4: 0 GD(/Jh, 0o,n,T) (Algorithm 10) where Ly, is defined in Line 2 of Algorithm 3.
5: Draw ¢; ~ N (0,0?)

6 B e S0+ el 300 where Ay i= A+ YL glaki 0n)g(als )7
7 end for

8 Qh( 9 <—m1n{ mln fh( 3y (H—h+1)(1+0)}"

9: ih — argrilaxﬂhen<Qh,7rh>
10: | V() < (Qn( ), T l(]))-

11: end for

Olltpllt: ™= {%h,}hE[H]

Recall that the transition follows P, (s’|s,a) = (#(s, a), vx(s’)) and the mean reward 7, (s,a) =
(¢(s,a),0r). We generated a priori K € {1,...,1000} trajectories using the behavior policy p,
where for any h € [H] we set up,(0]0) = p, pn(1]0) = 1 — p, up(al0) = 0,Ya > 1;up(0[1) =
p,pn(all) = (1 —p)/99,Va > 0, where we set p = 0.6.

We run over K € {1,...,1000} and H € {20, 30, 50,80}. We set A = 0.01 for all algorithms. For
LinPER, we grid searched o, = o € {0.0,0.1,0.5,1.0,2.0} and M € {1,2,10,20}. For LinLCB,
we grid searched its uncertainty multiplier 8 € {0.1, 0.5, 1, 2}. The sub-optimality metric is used to
compare algorithms. For each H € {20, 30, 50, 80}, each algorithm was executed for 30 times, and
the averaged results (with std) are reported in Figure 1.

NON-LINEAR CONTEXTUAL BANDITS

In this appendix, we provide in detail the experimental and hyperparameter setup in our experiment.
To predict the value of different actions from the same state s using neural networks, we transform
a state s € R into dA-dimensional vectors s() = (s,0,...,0),532) = (0,s,0,...,0),...,s4) =
(0,...,0,s) and train the network to map s(*) to (s, a) given a pair of data (s, a).

For NeuralGreedy, NeuraLCB, NeuralTS and Neural-LMC-PPS, we use the same neural network
architecture with two hidden layers whose width m = 64, train the network with SGD optimizer
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with learning rate being grid-searched over {0.001,0.01,0.05,0.1} and batch size of 64. For Neu-
raLCB, and LinLCB, we grid-searched /3 over {0.001,0.01,0.1,1,5,10}. For NeuralTS, we grid-
searched org € {0.001,0.01,0.1,1,5,10}, and M € {1,10,20,50}. For Neural-LMC-PPS, we
grid-searched 7 € {0.00001, 0.0001,0.001,0.01,0.1,1,5,10,100} and M € {1,10,20}. We fixed
the regularization parameter A = 0.01 for all algorithms and the offline data is generated by a uni-
form behavior policy. To estimate the expected sub-optimality, we randomly obtain 1,000 novel
samples (i.e. not used in training) to compute the average sub-optimality and keep these same sam-
ples for all algorithms.
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