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Abstract

Policy optimization methods are one of the most
widely used classes of Reinforcement Learning
(RL) algorithms. However, theoretical under-
standing of these methods remains insufficient.
Even in the episodic (time-inhomogeneous) tab-
ular setting, the state-of-the-art theoretical result
of policy-based method in Shani et al. (2020)
is only O(vS2AH*K) where S is the number
of states, A is the number of actions, H is the
horizon, and K is the number of episodes, and
there is a v/ SH gap compared with the informa-
tion theoretic lower bound Q(vV SAH3K) (Jin
et al., 2018). To bridge such a gap, we propose
a novel algorithm Reference-based Policy Op-
timization with Stable at Any Time guarantee
(RPO-SAT), which features the property “Sta-
ble at Any Time”. We prove that our algo-
rithm achieves O (v SAH3K + v AH*K) regret.
When S > H, our algorithm is minimax optimal
when ignoring logarithmic factors. To our best
knowledge, RPO-SAT is the first computationally
efficient, nearly minimax optimal policy-based
algorithm for tabular RL.

1. Introduction

Reinforcement Learning (RL) has achieved phenomenal
successes in solving complex sequential decision-making
problems (Silver et al., 2016; 2017; Levine et al., 2016;
Gu et al., 2017). Most of these empirical successes are
driven by policy-based (policy optimization) methods, such
as policy gradient (Sutton et al., 1999), natural policy gradi-
ent (NPG) (Kakade, 2001), trust region policy optimization
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(TRPO) (Schulman et al., 2015), and proximal policy op-
timization (PPO) (Schulman et al., 2017). For example,
Haarnoja et al. (2018) proposed a policy-based state-of-the-
art reinforcement learning algorithm, soft actor-critic (SAC),
which outperformed value-based methods in a variety of real
world robotics tasks including manipulation and locomotion.
In fact, Kalashnikov et al. (2018) observed that compared
with value-based methods such as Q-learning, policy-based
methods work better with dense reward. On the other hand,
for sparse reward cases in robotics, value-based methods
perform better.

Motivated by this, a line of recent work (Fazel et al., 2018;
Bhandari & Russo, 2019; Liu et al., 2019; Wang et al., 2019;
Agarwal et al., 2021) provides global convergence guaran-
tees for these popular policy-based methods. However, to
achieve this goal, they made several assumptions. Agarwal
et al. (2021) assumes they have the access to either the exact
population policy gradient or an estimate of it up to certain
precision for all states uniformly compared with the state
distribution induced by 7*, bypassing the hardness of explo-
ration. They showed that even with this stringent assump-
tion, the convergence rate would depend on the distribution

ar’ .
mismatch coefficient D,, = maxg ( ILO(S ) ) where p is the

starting state distribution of the algorithm and d’jo (s) is the
stationary state distribution of the optimal policy 7* starting
from sq. This dependency is problematic since D is small
only when the initial distribution has a good coverage of the
optimal stationary distribution, which may not happen in
practice.

However, in online value-based RL, algorithm such as Azar
et al. (2017) can achieve fast convergence rate (or regret)
independent of the distribution mismatch coefficient, or
equivalently, without the coverage assumption. Though
value-based methods have achieved the information theoret-
ical optimal regret in tabular (Azar et al., 2017) and linear
MDPs settings (Zanette et al., 2020), it remains unclear
whether policy-based methods can achieve information the-
oretically optimal regret in the same settings. To address
this issue, Cai et al. (2020) proposed the idea of optimism
in policy optimization, which seems similar to the value-
based optimism but different in nature, since it encourages
optimism for Q™ instead of Q* (Section 4). With this new
idea, Cai et al. (2020); Shani et al. (2020) managed to estab-
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lish the regret guarantees without additional assumptions,
though the regret is suboptimal.

In this work, we focus on the same setting as in Shani et al.
(2020): episodic tabular MDPs with unknown transitions,
stochastic rewards/losses, and bandit feedback. In this set-
ting, the state-of-the-art result of policy-based method is
O(VS?2AH*K) (Shani et al., 2020). Here S and A are
the cardinality of states and actions, respectively, H is the
episode horizon, and K is the number of episodes. Com-
pared with the information theoretic limit (Jaksch et al.,
2010; Azar et al., 2017; Jin et al., 2018; Domingues et al.,
2021), there is still a gap v/SH.

1.1. Main Contributions

In this paper we present a novel provably efficient policy op-
timization algorithm, Reference-based Policy Optimization
with Stable at Any Time guarantee (RPO-SAT). We estab-
lish a high probablity regret upper bound O(V SAH3K +
VAH*K) for our algorithm. Importantly, if S > H, the
main term in this bound matches the information theoretic
limit Q(VSAH3K) (Jin et al., 2018), up to some lower
order term O(poly (S, A, H)K*/*). We introduce our algo-
rithmic innovations and analytical innovations as follows:

Algorithmic innovations:

* We introduce a novel reference V' estimator in our algo-
rithm. It is conceptually simple and easy to implement
as it just updates the reference value to be the mean of
empirical V' values when some conditions are triggered
(cf. Algorithm 1 Lines 18-20).

* We carefully incorporate the reference V' estimator
into our bonus term, in the way of adding a weighted
absolute difference between the estimated V' values
and the reference V' values to control the instability of
the estimation process. Readers may refer to Section 4
for more details.

* Another highlight is that we modify the policy improve-
ment phase of our algorithm to meet a novel property,
which we called Stable at Any Time (SAT). (For a de-
tailed definition see Equation (10) in Section 4.) More
specifically, instead of using the KL-divergence reg-
ularization term proposed in Shani et al. (2020), we
use the /5 regularization term. This is crucial to ensure
SAT.

Analytical innovations:

* We prove that our algorithm satisfies the SAT property.
The analysis is done by two steps: First, we establish
a I-st step regret bound O(v S2AH*K). Second, we
use a new technique “Forward Induction” to prove the

same for all the h-th step regret. Here the h-step regret
is defined in (4). Readers may refer to Section 4 for
more details of the “Forward Induction” technique.

* We show that the combination of the SAT property
and the simple reference V' estimator yields a precise
approximation of V*. We use this property to derive
a O(VSAH3K) upper bound for the sum of bonus
terms, which leads to a v/'S reduction in terms of regret.

1.2. Related Work

Our work contributes to the theoretical investigations of
policy-based methods in RL (Cai et al., 2020; Shani et al.,
2020; Lancewicki et al., 2020; Fei et al., 2020; He et al.,
2021; Zhong et al., 2021; Luo et al., 2021; Zanette et al.,
2021). The most related policy-based method is proposed
by Shani et al. (2020), who also studies the episodic tabu-
lar MDPs with unknown transitions, stochastic losses, and
bandit feedback. It is important to understand whether it
is possible to eliminate this gap and thus achieve minimax
optimality, or alternatively to show that this gap is inevitable
for policy-based methods.

We also provide interesting practical insights. For example,
the usage of reference estimator and ¢, regularization with
decreasing learning rate to stabilize the estimate of V' and
Q. The use of reference estimator can be traced to (Zhang
et al., 2020b). They use the reference estimator to maximize
the data utilization, hence reduce the estimation variance.
However, our usage of reference estimator is different from
theirs. The reason why they can reduce a v/ H factor is
because the bottleneck term is only estimated using 1/H
fraction of data, while the usage of reference can make use
of all the data, hence fully utilizing available data. However,
for policy-based RL, there is no such problem of data utiliza-
tion. In fact, the bottleneck of policy-based methods is the
instability of () estimation, therefore we use the reference
estimator to stabilize the estimation process and reduce a
/S factor in the regret. Readers may turn to Section 4 for a
detailed explanation for “instability”.

Our work is also closely related to another line of work
on value-based methods. In particular, Azar et al. (2017);
Zanette & Brunskill (2019); Zhang et al. (2020a;b); Menard
et al. (2021) have shown that the value-based methods can
achieve O(v SAH?3K) regret upper bound, which matches
the information theoretic limit. Different from these works,
we are the first to prove the (nearly) optimal regret bound
for policy-based methods.

2. Preliminaries

A finite horizon stochastic Markov Decision Process (MDP)
with time-variant transitions M is defined by a tuple
(S, A,H,P = {Ph}hH:1 ¢ = {ch}le), where S and A
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are finite state and action spaces with cardinality S and A,
respectively, and H € N is the horizon of the MDP. At time
step h, and state s, the agent performs an action a, transi-
tions to the next state s’ with probability Py (s’ | s, a), and
suffers a random cost Cj, (s, a) € [0, 1] drawn i.i.d from a
distribution with expectation ¢y, (s, a).

A stochastic policy 7 : S x [H] — A4 is a mapping from
states and time-step indices to a distribution over actions,
ie, Ay ={reR*:> w(a)=1,7(a) >0} . The per-
formance of a policy 7 when starting from state s at time h
is measured by its value function, which is defined as

H
V}f(s)zE{Zchr (snr,an) |sh=s,7r,P} (D

h'=h

The expectation is taken with respect to the randomness
of the transition, the cost function and the policy. The Q-
function of a policy given the state action pair (s,a) at
time-step h is defined by

H
Qr(s,a) :E{ Z e (Shryan) | sp=s,ap = amr,P}

h'=h
2
By the above definitions, for any fixed policy m, we can
obtain the Bellman equation

Qh(s,a) = cn(s;a) + Pu(- [ 5,0)ViT1 (),
Vir (s) = (@i (s, ), (- | 5))-

An optimal policy 7* minimizes the value for all states s and
time-steps h simultaneously, and its corresponding optimal
value is denoted by V;*(s) = min, V;(s), forall h € [H].
We consider an agent that repeatedly interacts with an MDP
in a sequence of K episodes such that the starting state at
the k-th episode, s%, is initialized by a fixed state s;*.

3)

In this paper we define the notion of h-th step regret,
Regret,,, as follows:

K
Regret,,(K) = > (V7 (s) = Vii(sh)). @)
k=1

When h = 1, this matches the traditional definition of regret,
which measures the performance of the agent starting from
s1. In this case we also use Regret(K) for simplicity.

Notations and Definitions We denote the number of
times that the agent has visited state s, state-action pair
(s,a) and state-action-transition pair (s, a, s’ at the h-th
step by n¥(s), n¥(s,a) and nf (s, a, s') respectively. We

denote by X, the empirical average of a random variable
X. All quantities are based on experience gathered until the

*Our subsequent analysis can be extended to the setting where
the initial state is sampled from a fixed distribution.

end of the k-th episode. We denote by A 4 the probability
simplex over the action space, i.e. A4 = {(p1,..-,P4]) |

pi >0, pi = 1}.

We use 6(X ) to refer to a quantity that depends on X up
to a poly-log expression of a quantity at most polynomial
in S, A, K, H and 6 !. Similarly, < represents < up to

numerical constants or poly-log factors. We define X VY :=
max{X,Y}.

3. RPO-SAT: Reference-based Policy
Optimization with Stable at Any Time
guarantee

Algorithm 1 Reference-based Policy Optimization with
Stable at Any Time guarantee (RPO-SAT)

l: initialize Qp(x,a) < 0, Vip(z,a)
Viet(z,a) « 0, Co = VS3AH?
2: for episode k =1, ..., K do
3:  Rollout a trajectory by acting 7*
4:  Update counters and empirical model n* =
{nfYneim, e = {Eﬁ}he[H]vpk = {P'Z}he[m
5. forSteph=H,...,1do

< 0 and

6: for Vs,a € S x Ado
7: Calculate “ﬁ as in (5)
% - 21n 25441
8: bi(s,a) = min{uj(s,a), e T
n 3SAHT
H 45711’“ (s 2/) }
(s,
. —k
9: QF (s, z) = . max{cy(s,a) + P,(- |
S, Q)Vh+1(') - bh(57 CL), O}
10: for Vs € S do
1 Vi(s) = (@K (s, ). mECls)
12: end for
13: end for
14:  end for
15:  forVh,s,a € [H| xS x Ado
t6: mE(ls) = argming m(QE(,s).m — ) +
7 — 7113
17:  end for
18:  forVh,s,a € [H] xS x Asuch that nf (s) > Covk
do
Te k i( i i
19: Vi f(s) = nrzl(s) >ic1 Vi (si)1s), = s]
20:  end for
21: end for
In this section, we present our algorithm RPO-

SAT (Reference-based Policy Optimization with Stable at
Any Time guarantee). The pseudocode is given in Algo-
rithm 1.

We start by reviewing the optimistic policy optimization
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algorithms OPPO and POMD proposed by Cai et al. (2020);
Shani et al. (2020). In each update, OPPO and POMD in-
volve a policy improvement phase and a policy evaluation
phase. In policy evaluation phase, OPPO and POMD explic-
itly incorporate a UCB bonus function into the estimated
@-function to promote exploration. Then, in the policy im-
provement phase, OPPO and POMD improve the policy
by Online Mirror Descent (OMD) with KL-regularization,
where the estimated (Q-function serves as the gradient. Com-
pared with existing optimistic policy optimization algo-
rithms in Shani et al. (2020); Cai et al. (2020), our algorithm
has three novelties.

First, in policy evaluation phase, we introduce the reference
V estimator (Lines 18-20). Specifically, for any s € S,
if the number of visiting s satisfies the condition in Line
18, we update the reference value to be the empirical mean
estimator of V' (Line 19). Zhang et al. (2020b) also adopts a
reference value estimator. Nevertheless their update condi-
tions and methods are different from us, and they reduce a
V/H factor while we reduce a v/S factor.

Second, we make some modifications in policy improve-
ment phase. Specifically, the policy optimization step in the
h-th step of the k-th episode is

k+1

T, ( |S) = afgminwhﬂﬂQﬁ('a 5)77Th - 7TII§> + D(Trh,’]rfli)a

where 7, is the stepsize in the k-th episode, D is some
distance measure and QQ is the estimated ()-function in
the h-th step of the k-th episode. Different from Shani
et al. (2020); Cai et al. (2020) choosing D(whmrﬁ) =
KL(7p, 77), we choose D(p,, 7F) = ||m, — w¥||3. In this
case the solution of the OMD is:

T (fs)

—Tla, (7F(]s) — mQLE (-, 9))

where IIa , is the Euclidean projection onto A4, i.e.
O, () = argmingc A , ||&—y]|2. Unlike previous works,
we also adopt a decreasing learning rate schedule instead of
a fixed learning rate. These modifications are necessary for
our analysis since they ensure the SAT property, making it
possible to learn a good reference V' value.

Finally, we design a novel bonus term which carefully in-
corporate the reference V' estimator mentioned before by
adding a weighted absolute difference Term (iii), which
is also referred to as the instability term. Specifically, we
define

ul (s, a) = Term(i) 4+ Term(ii) + Term(iii) + Term(iv)

&)

where
21n 2SA/HT
Term(i) = kia
nh(s7a)
GV Pk VI‘ef (Y) ln (w)
Term(ii) = Y~P;(]s,a) :+1 : .
nh(saa)
1A (BAFE) VS n (25485
+ )
S-nk(s,a) 3k (s, a)
2r 1= Py | s,0))In (ZSALK
Term(z’ii)zz nW|sa)( : Wy | s,0))n (23515
ves ny(s,a) —1
7ln (25AHK)
P A Vk Vref
* 3nk (s, a) Vi1 (y) = Vil ()],
AH In 3SAHT 7G|y (25AHK
Term(iv) = : 3 nk( ALK )
nh(57a) 3nh(57a)
SAHK
N 283/2 AVAHT/AKL/A, /In (QT)
nf (s, a) :

where (7) is the estimation error for reward functions and
(ii)-(iv) are estimation errors for transition kernels. We will
provide more explanations for this seemingly complicated
term in Section 4. Furthermore, we set the bonus as

=min {u} (s, a),
\/2111 S H\/4s il G
k k :
ng (s, a) ng (s, a)

With this carefully chosen bonus function, we can also
achieve optimism like previous work in optimistic policy
optimization (Shani et al., 2020; Cai et al., 2020). Notably,
our bonus function is smaller than that in Shani et al. (2020),
thus leads to our tighter regret bound.

by (s, a)

Now we state our main theoretical results for RPO-SAT.

Theorem 3.1 (Regret bound). Suppose in Algorzthm 1, we
choose ny = O(y/1/(H?At)), and Cy = vV S3AH3, then
for sufficiently large K, we have

Regret(K) <O(VSAH3K + VAH*K +
55/2A5/4H3/2K1/4).

We provide a proof sketch in Section 5. The full proof
is in appendix B. Note that previous literature shows that
the regret lower bound is Q(vV SAH3K) (Jin et al., 2018).
Hence our result matches the information theoretic limit up
to logarithmic factors when S > H.



Nearly Optimal Policy Optimization with Stable at Any Time Guarantee

4. Technique Overview

In this section, we illustrate the main steps of achieving near
optimal regret bound and introduce our key techniques.

Achieving Optimism via Reference. Similar to previous
works (Cai et al., 2020; Shani et al., 2020), to achieve op-
timism, a crucial step is to design proper bonus term to
upper bound (PZ — Py)(- | s,a)Vy¥, (-). For example,
Jaksch et al. (2010); Shani et al. (2020) bound this term in a
separate way:

(P — Pu)(- | s, @)V, () o
I = P sl I Ol < Oy 2.

which will leads to an additional v/S factor due to the ab-
sence of making use of the optimism of Q. This issue
is later addressed by value-based algorithm UCBVI (Azar
et al., 2017). They divide the term into two separate terms:
(Ph = Pu)(- | 5,0)Vi () = (P = Pa)(- | 5,0) Vi ()
+ Py = Pa)(- | 3, 0)(Vifiy = Vi) (). ®)
They bound the first term using straightforward application
of Chernoff-Hoeffding inequality, which removes the v/S
factor since V* is deterministic. Thanks to the fact that
Vik < V¥ for any (k,h) € [K] x [H], they can bound the
second term successfully (see Appendix C for more details).
However, this approach is not applicable for policy-based
methods which improve the policy in a conservative way
instead of choosing the greedy policy (when the stepsize
n — 0o, the OMD update becomes the greedy policy, and
for any 7 < oo this update is “conservatively” greedy). This
key property of policy-based methods makes it only possible
to ensure th < Vh’rk, the optimism th < V¥ doesn’t hold
in general. To tackle this challenge, we notice that as long
as V}f converges to V;* sufficiently fast (at least on average),
(FIZ — Pu)(- | s,a)(ViF | — Vi¥,1)(¢) can be bounded by a
term related to the rate of convergence. This leads to the im-
portant notion called Stable at Any Time (SAT). Precisely,
we introduce the reference V estimator V*° = {V'*'},, < i)

and decompose (ﬁfl = Pu)(- | s,a)ViF () as

(P — Pu)(- | 5,) Vi ()
= (P — Po)(- | 5, )V ()
(a)
+ (P = P)(- | s,a) (Vi — VS ()
©]
+ (P =P | 5,a) (Vi Vi) . 9
(c)

By standard concentration inequalities, we can bound the
first term by the quantity depending on the variance of V}7, ;.
Once we have SAT, an easy implication is that |V;"*f(s) —
Vi (s)| < O(y/H/S) for any n¥ (s) large enough (Lemma
5.3). We can replace the variance of V* 1 (unknown) by the
variance of V,fj_fl (known) and bound the second and third

term in an analogous way of (7) and remove the factor VS as
desired. Specifically, we can upper bound Terms (a), (b), (¢)
in (9) by Terms (%), (i3¢), (v) in (5), respectively.

Stable at Any Time. The high-level idea is that in order to
control (P — Py)(- | 5,a) (Vi — Vit ) (), term Vi, | —
V| must satisfy some properties. For example, Zhang
et al. (2020b) shows that in the senario of greedy policy, this
term converges to zero as the number of visit goes to infinity.
However, due to the nature of conservative policy update
scheme, we cannot guarantee the convergence, unless we
make the coverage assumption as in Agarwal et al. (2021).
Fortunately, it’s possible to obtain an average convergence
guarantee, which we called SAT. Specifically, we say that
an algorithm satisfy the property of SAT if for all K’ and h,

K/
D IViE(sE) = Vir(sh)l < O(VE). (10)
k=1

The meaning of Stable at Any Time can be interpreted as

follows: The above inequality implies that the estimation

th varies around the fixed value V}, hence “stable”. And

since we impose that the inequality holds for all h and

K, hence “at any time”. For this reason, we also name
ﬁi(y\s,a

dyes n;g(s,a)) [ViF 1 (y) — VirSt, ()] in the bonus term
(5) as the instability term, since it’s an upper bound of
(FIZ — Pu)(- | s,a)(VE, — }fifl)(), which measures the
instability of V* with respect to the fixed reference V™°f,

Another nice implication is that we can obtain a precise
estimate of V* if SAT is satisfied. Specifically, combining
the update rules of reference V" estimator and the fact that
n’fb(s) > CyVk, we have:

Vit (s) = Vi (s)]

1

k
<orey 2o Vilsi) = Vil(sitlsi, = o] < O(1/Co).

k
N

Coarse Regret Bound. We are able to show that (10) can
be implied by

Regret, (K') < O(VK'). (11)

for any K’ € [K]. See Lemma 5.3 for details. We point out
that establishing Equation (10) from coarse regret bound is
highly non-trivial. There exists two challenges:
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1. Previous policy-based methods (Cai et al., 2020; Shani
et al., 2020) choose a constant mirror descent stepsize
depending on K, which impedes us from obtaining
regret bound sublinear on K’ for all K/ € [K].

2. For the step 2 < h < H, the state sﬁ is not fixed,
which makes the OMD term difficult to bound.

To this end, we use the following two novel techniques:

1. Replace the unbounded KL-divergence regularization
term by the bounded ¢, regularization term, which
allows us to choose varying stepsize which depends on
the current time step instead of K.

2. Forward Induction, that is, deriving the regret upper
bound for the /-st step and obtaining the regret upper
bounds for h-th (2 < h < H) step by induction. See
Section 5 for more details.

Putting these together, we can remove the additional fac-
tor v/S as desired. If we also adopt the Bernstein variance
reduction technique (Azar et al., 2017), we can further im-
prove a v/H factor in the main term.

5. Proof Sketch of Theorem 3.1

In this section, our goal is to provide a sketch of the proof
of Theorem 3.1. One key ingredient in regret analysis in RL
is the optimism condition, namely

—20j;(s,0) <Qj(s,a)—cn(s,a) = Pu(- | 5,0) Vi (1) 0.
(12)

This condition guarantees that Qﬁ is an optimistic estimation

of Q;{k (or @7), and that the regret can be bounded by the
sum of bonus terms (Jaksch et al., 2010; Azar et al., 2017,
Cai et al., 2020; Shani et al., 2020).

In our case, it does not appear straightforward to show such
condition hold or not since the bonus term b} depends on the
value of V*f which we do not know in advance. Dealing
with this problem needs additional effort. But let’s put it
aside for a while, and assumes that (12) holds temporarily.
In Section 5.1, we first demonstrate the intuition of the proof
under this assumption. Then in Section 5.2, we show how
to remove this assumption, with additional techniques.

5.1. A warm-up: the Optimism Assumption

In this section, we first demonstrate the intuition of the
proof, under the assumption that optimism condition (12)
holds. We first recall the useful notion of h-th step regret in
episode K as follows:

K’

k *
Regret, (K') = Z (Vir (sh) = Vi (s1))-
k=1

The notion aligns with the normal regret if h = 1, in other
words, we have Regret, (K') = Regret(K”). We first state
the following lemma, which bounds the estimation error
using bonus function:

Lemma 5.1 (Bounding estimation error). Suppose that op-
timism holds, namely forVk < K,h < H,s € S,a € A,

—2b’,§(s7a) < Q’,ﬁ(s,a) —cp(s,a) — Ph(-\s,a)th+1 <0.

Then for VK' < K,h' < H, it holds with high probability
that

K
> (Vi (s3) = Vi)
k=1
~ K’ H ~
<O(Y_ > thish.ab) + OWHPK)
k=1h=h'
Proof. See §B.1 for a detailed proof. O

The above lemma is useﬁil since it tells us that the sum
of the estimation error V™ (sF) — V;¥(s¥) can be roughly
viewed as the sum of bonus function. By the choice of

SH?
nk(s,a)"

standard techniques from (Shani et al., 2020), we get a easy
corollary Y1 (Vi7" (s) — ViF(sF)) < O(VS2AHIKY).

Next, we show that our algorithm satisfies a coarse regret
bound:

our bonus term, we have bf (s, a) < Following

Lemma 5.2 (Coarse regret bound). With the same assump-
tions and notations in Lemma 5.1, we have for VK' < K:

.
Regret(K') =Y (V{" (s¥)-V;'(s})) <O(VS?AHIKY).
k=1

13)

Proof. We first decompose the regret term in the following
way:

K’ .
(Vl7T (s1) = Vi (51))
k=1
K’ . K’
= (W (s1) = V¥ (1)) + > (Vi (s1) = Vi (1))
k=1 k=1

(4) (i)
(14)

Term (i) can be bounded by O(VS?AHK') using the
corollary of Lemma 5.1. We take a closer look at Term (i),
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by standard regret decomposition lemma (Lemma A.1):

Term (i) =

Z]E KQIZ (Sh,'
k,h

v (| sn) = (- | sn)) | s1,7, P

(i)

+Z]E [QZ(smah)—ch(sh,ah)—Ph( | Sh,ah)th+1 ‘81,7T*,P] .
k,h

(iv)

Term (4i7) is also called the OMD term. Using Lemma B.6,
we have

Term (iii) < O(VAH*K').

We note that the reason why we change the Bregman term
and the learning rate schedule is to ensure a Term (4i7) <
5(\/@ ) type bound. In (Shani et al., 2020), they use
the KL-divergence as the Bregman term and a fixed learn-
ing rate that is a function of K, hence their bound is
Term (#ii) < O(y/log(A)H*K). Although our choice
of the ¢5 penalty term and decreasing learning rate leads to
a larger dependence on A, but it has a better dependence
on K’, which is crucial to ensure that we can learn a good
reference function.

Combining with the fact that optimism holds, we have
Term (iv) < 0, therefore the lemma is proved. O

Now we have a Regret(K’) = O(v/K') bound for all K’ <
K. We show that this immediately implies the following
key theorem, which we called the Average Convergence
Lemma. The following lemma guarantees that the reference
value is a good approximation of V*:

Lemma 5.3 (Average convergence of V*). With the same
assumptions and notations in Lemma 5.1, we have for all
K' <K h<H,

< O(VS?AHK"). (15)

As a consequence, SAT holds, for VK' < K,h < H,

Regret,, (K')

K/
S VE(sE) — Vi (sh)] < O(VS?PAHKY).
k=1

Proof. For the proof of Equation (15), we use a novel tech-
nique called Forward Induction, starting from the case when
h = 1, Regret; (K') = Regret(K') < O(VS2AH*K"),
which is true according to Lemma 13. Using induction we
can proof Equation (15) for all A, which we will leave the
details to Appendix B.3. For the second statement, we note

that
ViE(sk) = Vi (sh)]
<|ViE(sh) = V™ ()] + Vi (s5) — Vi (s5)]
:(Vhﬂk (Slfb) - th(SZ)) + (Vhﬁ}c (Slfb) - VJ(SE))~

These two terms can be handled by Lemma 5.1 and Equation
(15) separately, hence finished the proof of Lemma 5.3. [

As mentioned before, Theorem 5.3 is significant in the
sense that it implies the reference value Vi°f(s) =

n;gl(s) Zle Vii(st)1[si = s] is close to the optimal value if

nk(s) is large enough, in other words, if nf (s) > Cov'k =
VS3SAH3E:
Vi (s) = Vi (s)]

1(s5) = Vi (si)[1[s), = 3]

This explains the reason why we choose Cy = vV S3AH? in
the algorithm, the 1/ /S bound serves a key role in reducing
the /'S factor in the regret.

Finally, we are ready to prove Theorem 3.1. Combining
Lemma 5.1 and Equation (14),

K

Z -V (31))
k71K
(2

k=1h

bE(sk,af)) + OVAH*K). (16)

Q
Mm

Il
_

The only thing left is to prove that
K H
1
ZZ (sf.af) < O(VSAHPK + SEATHTKH).
k=1 h=1

By Lemma B.7, this is true. Therefore we have finished the
proof.

5.2. How to prove optimism

In this section, we show how to remove the optimism as-
sumption in Lemma 5.1, Lemma 13 and Lemma 5.3. In
fact, we will first prove the following lemma , which shows
that both optimism and coarse regret bound holds for all
episodes.
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Lemma 5.4 (Coarse analysis of regret). For any K’ € [K],
we have the following regret bound:

.
Regret(K') =Y (V{" (s¥)—V;'(s})) <O(VS2AHIKY).
k=1

a7
and the optimism holds, namely

—QbZ(s, a)< QZ(S, a)—cp(s,a)—Py(-| s, a)th+1(~) <0.
(18)

The full proof is in Appendix B.2. Here we mainly explain
the core idea. To prove Lemma 5.4 we use induction. For
the first few episodes of the algorithm, the bonus term is
21n 284HT 45 In 354 HT
n;‘;(s,a) nﬁ(s,a)
same as in Shani et al. (2020). Therefore the optimism and
coarse regret bound automatically holds.

dominated by \/ , which is the

In the induction step, assume that optimism and coarse
regret holds for all £ < K’ and h. Then by optimism
we have that 1-step regret is bounded by O(v S2AH*K").
Then by Lemma 5.3, we have that Regret,(K’) <
O(VS2AH*K'). This means that if in the K’ + 1-
th episode, a new reference function is calculated, then
this new reference function must be \/H /S accurate, i.e.
|Vref(s) — V*(s)| < O(y/H/S). Hence, the carefully
designed bonus guarantees that optimism still holds for
k = K’ + 1, which finishes the proof. The induction pro-
cess is shown in Figure 1.

Finally, thanks to optimism, we can bound the regret by
Zle Zthl bE(sk, ak). The rest follows from the same
arguments in the previous section.

Optimism for V(k, h, s,a) € [K'] X [H] x S x A
Qi (s,a) — cn(s,a) — Pu(|s,a) Vi, () <0

b=l

k

1-st step regret: Zf:ll Vi (sF) — Vi(sh) < O(VE)
Forward Induction

h-th step regretzz,i(:,1 V}Z‘k(sﬁj) — Vi (sh) < O(WVK")

For any Vre_f(s) updated before K’ + 1 episode
[Vei(s) = V*(s)| < O(VH/S)

|

Optimism for V(k, h, s,a) € [K' +1] x [H] x S x A

Figure 1. Proving optimism and h-th step regret by induction

6. Conclusion and Future Work

In this paper, we proposed the first optimistic policy op-
timization algorithm for tabular, episodic RL that can
achieve regret guarantee O(VSAH3K + VAH'K +
poly(S, A, H)K'/*). This algorithm improves upon previ-
ous results (Shani et al., 2020) and matches the information
theoretic limit Q(V.SAH3K) when S > H. Our results
also raise a number of promising directions for future work.
Theoretically, can we design better policy-based methods
that can eliminate the constraint S > H? Practically, can
we leverage the insight of RPO-SAT to improve practical
policy-based RL algorithms? Specifically, can we design
different regularization terms to stabilize the V/Q estima-
tion process to make the algorithm more sample efficient?
We look forward to answering these questions in the future.
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A. Regret Decomposition and Failure Events

A.1. Regret Decomposition
For any (k, h) € [K] x [H]|, we define

Gl = IV (s5) = ViT" ()] = (@R (s ah) — @F (53 b)) )
= [Pul- | s, af)ViEL () = Pul- | sk al) Vi (O] = Vi1 (s 1) — Vi (s 0]

By the definition, we have that (} k. and Ck ,, Tepresent the randomness of executmg a stochastic policy 75 (- | s¥) and the

randomness of observing the next state from stochastic transition kernel Py, (- | s¥,al), respectively. With these notations,
we have the following standard regret decomposition lemma (Cai et al., 2020; Shani et al., 2020).

Lemma A.1 (Regret Decomposition). For any (K',1') € [K] x [H], it holds that

KI
Regreth/ (K ) Z (Vh’ (Sh/) Vh’ Sh + Z Vh’ Sh/ V}T/(Sﬁ/))
k=1
(4) (i1)
K H K H
=D len(shak) + Pa(c I s ai)Viria () = Qhlsh al)] + > D (G + CRn)
k=1 h=h' k=1 h=h'

(i.1) (:.2)

+Z Z [ (@ (sns)s i (- | sn) = mn(- | sn)) | s = S’;?JRP}

k=1 h=h'

(#d.1)

K' H
+3° ST E[QF (s an) — en (snoan) = P (- snoan) Vi () | s = sk, P]
k=1 h=h'

(ii.2)

Proof. See Cai et al. (2020) for a detailed proof. O
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A.2. Failure Events

Definition A.2. We define the following failure events:

k H
R = {ah IS S v

2\/16H3Kln2§},

k'=1h'=h
91y 2SAHT
Fl'=<3sa,h: (s, a) —Eﬁ(s7a)| > ki‘sl
ny(s,a)

3SAHT
4S In 5

k

Fk2: Elsvavh:H-Ph('|8aa)_P:('|Saa)H > )
1 n; (s, a)

41In 735‘3,HT 2H In 725‘2,HT

3 _ ) ) _ P ()] >
B = Q3,005 [ (a1 5,0) = il | 5,0)) Vir ()] = H T e [

3PL(s | 5,0)(1— Pa(s’ | 5,0) In (BS4K) 7o (2842K)

nk(s,a) — 1 3nk(s,a)

Ff={3¢,s,a,h: ‘ﬁi(s’ | s,a) — Py(s" | s,a)‘ >

K
U (B UFURRUFUF),
k=1

F

where ¢’ = %.

Lemma A.3. It holds that

Pr(F) < 4.
Proof. These standard concentration inequalities also appear in Azar et al. (2017); Cai et al. (2020); Shani et al. (2020). For
completeness, we present the proof sketch here.

Note that the martingales (,; ;, and C,i ,, defined in (19) satisfy |¢ ,% n T (,37 nl < 4H. By Azuma-Hoeffding inequality, we
have Pr(F?) < ¢'.

Let F! = Uszl F'. By Hoeffding’s inequality, we have

2In 4
Pr{|ch(s,a) — (s a)| > kn(s } <¢ (20)

ny, (s, a)
Using a union bound over all s, a and all possible values of 1 (s, a) and k., we have Pr {F¢} < §’.

Let F? = |J;_, F2. Then Pr { F?} < &', which is implied by (Weissman et al., 2003) while applying union bound on all
s, a and all possible values of n (s, a) and k.

Let F3 = Uszl F3. According to (Azar et al., 2017), we have that with probability at least 1 — 4’

2H?In (28K)  2H In (22£E)

n¥(s,a) 3nk(s,a)

(2= Pi) vi] (5.0 < en

Take a union bound over s, a, k, we have Pr { F3} < ¢'.

Let F4 = Uszl F}!. The Empirical Bernstein inequality (Theorem 4 in (Maurer & Pontil, 2009)) combined with a union
bound argument on s, a, s',n5 (s, a) also implies the following bound holds with probability at least 1 — &'

— 2? 4 , ]_—P 4 , 1 w 71 2SA/I{K
P’Z<s’|s,a>—Ph<s's,a>\S¢ (150 =P | sa)n (F5H) | Thn (Z577)

ng(s,a) —1 3nf(s,a)

(22)
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Therefore, Pr{F*} < ¢’

Finally, take a union bound with ¢’ = g, we have Pr{F} <. O

Below we will assume that the failure event F' does not happen, which is with high probability.

B. Missing Proofs for Section 5
B.1. Proof of Lemma 5.1

Proof. By Lemma A.1, we have

K
S (Vi (sh) = Vi (sE))
k=1
K' H K' H

+> ) ]EBQIZ(%'),W;’?(' | sn) = (- [ sn)) | s = 5';«‘;/,7771’} YD (Gt G-
k=1 h=h' k=1 h=h'

Here (;, ;, and (}. ;, are martingales defined in (19) satisfying |(}. , + (¢ ,| < 4H. Under Azuma-Hoeffding inequalities
and the optimistic assumption that —2bf (s, a) < Q7 (s,a) — ca(s,a) — Pu(-|s,a)VF,; < 0, we finish the proof of Lemma
5.1 O

B.2. Full Proof of Theorem 3.1

As discussed in Section 5, we only need to prove the coarse regret in Lemma 5.4, but this time without the optimism
assumption. We restate the lemma for ease of reading.

Lemma B.1 (Coarse analysis of dynamic regret, restatement of Lemma 5.4). Conditioned on F¢, for any K' € [K], we
have the following regret bound:

K/
Regret(K') = Y (V" (s}) = Vi'(s1)) < O(VSPAH*KY). (23)
k=1
and the optimism holds, namely
—Qbﬁ(s,a) < Q’ﬁ(s,a) —cp(s,a) — Py(- | s,a)V,f+1(~) <0. (24)

Remark B.2. In our algorithm, we change the Bregman penalty term from KL-divergence dx 1, (73 ||75) to |7 — 753, we
also let the learning rate to be of the form 7, = O(%) instead of a constant depending on K. We note that although this will

cause more regret in the OMD term, it is crucial to obtain a Regret(K’) = O(v/ K') bound instead of Regret(K') = O(K).
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Proof. First, by Lemma A.1, we decompose the regret in the following way.

K’ .
Z (Vfr (s1) = V& (51)>
k=1
K H K H
= [en(sy, ai) + Pu(- | sk, ai)Vikei () — Qi (st ay) +ZZ (Cion + Cin)
k=1h=1 k=1h=1
(4) (i1)

K/
+ZZE[Q,L sny ) 7R | sn) = mu | sn)) | 1= o5, P

k=1h=1

(i)

K' H
ZZ (@ (snan) = cn (sn,an) = Py (- | sn,an) Vily1 () | 51 = s§,7, P

(iv)

We first prove (23) and (24) for early episodes, namely when n’fb < CoVk for all s (which is true at the beginning of the
algorithm), then the regret bound holds. Note that in this case, conditioned on F'¢, we have SHV/CoK '/ >4/ nf(ib;) s
h

nk(s,a)

nh(s a

L . 21n 234HT 4S1n 2S4HT
which implies b5 (s, a) = +H k( ~-25— In this case, by Lemma B.3, we have —2b%(s,a) < QF(s,a) —
cn(s,a) — Py(- | s,a)ViF ; (-) <0, which further implies that

Term (4 ZZbk sh,ah

k=1h=1

Z Z 91 2SAHT QSAHT \/45 In 35,;1/HT )
== “nkF(s,a) a) nk(s,a)
<O(VS?AH*K"),

and
Term (iv) < 0.

Also, by Lemma B.3, we know that (24) holds in this period. Applying Lemma B.6 to Term (4i%), we have

Term (iii) < O(VAH*K')

Therefore, under event F'“, we have

»
SV (s1) - Vi (s1)) < O(VSPAH'KY)

k=1
Next, we prove (23) and (24) for the remaining episodes. We prove this claim by induction. In fact, we will prove the
following claim: for each episode, (23) and (24) hold. We have shown that this claim holds for the first episodes.

Assume that for k = K’ — 1 we have Zk 1 A ( 1) = Vit (s1)) < O(y/SZAH*(K' — 1)), we want to prove that for
k = K', we have Z:k:l(V1 " (s1) = Vi (s1)) < O(VSZAHIK').

If there exists (h, s,a) such that nhKl(s) > CoV/K' (i.e. we construct V;**(s) in this episode), then since (23) and (24)
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holds for previous episodes, using Lemma 5.3 we have

Vref B v _ h
’ h(5)| nﬁ{ (S) P

Z ’Vh 5 V;(S)‘ 1[s}, = 5]

Tl h

1 . .
< W ; |V}f(3) Vi (3)|

2 4
<Y Jeramig - YSLARY
Co\/K/ C(O

Therefore, by Lemma B.4 we know that QZ is an optimistic estimation of @)} . Together with Lemmas A.1 and B.6, we have

K’

STV (s1) = Vit (51))

k=1

K H
ZZ (sy,af)) + O(VAH*K')
k=1h=1

K' H 2SAHT 3SAHT
21n 451 :
§ § +H\/ S ) + O(WVAH*K)

nk(s a) n¥(s,a)

_O(\/SQAH4K’),

which concludes our proof.

B.3. Proof of Lemma 5.3
Proof. We have

Vi (sh) = Vi ()]

IN

SgicNtvgle

K/
Vif(sh) = Vim (s + D Vi (sh) = Vi ()]
k=1

K/
(Vi (s) = VIE(sE) + Y (Vi (s) = Vi (s5))
k=1

b
Il
—

where in the last step we use optimism and definition of V*. By Lemma 5.1, the first term Zszll (Vh”k (s§) = ViF(sF)) can

be bounded as
K/

ST (Vi (sn) = ViF (sn)

k=1

K H
(kz_: z:: (st ap ) +O(VH3K') 25)

K' H
=0 ( Z nk, (sk, ak )) +OWVHK)
k=1Hh'=h h'\Zh’> = h!

_O(\/S2AH4K’).
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For the second term Zszll (Vh”k (s¥) — V;*(sF)), we use a forward induction trick:

First we have Zszll(V}fk (sF) = V¥ (sF)) < O(VS2AH*K') holds for h = 1. By induction, if the claim holds up to A,
then we have

(Vi (s5) — Vi (s5))

((QF (sk, ),k Clsk)) — (@ (sk. ). mh(-1sE))

v

(@R (k) Tk CIs)) = (@i (shs ) mh (1sh))

k *
(Pu(shs ) (Vi = Viea), m ([sh)

* 1M I I 11>

(Vhﬂﬂ(slﬁﬂ) - Vﬁkﬂ(slﬁﬂ)) + Ph('|5’1§a77i}§(52))(vif+1 - Vh*+1)(’) - (Vif+1 - V;H)(SZH)»
(a)

B
Il
—

where Term (a) is a martingale. Using Azuma-Hoeffding inequality, we have Term (a) < O(vV H2K'). Therefore by
induction, for all h € [H] we have

K’ K’

k * ‘n"€ * / /
ZVhﬂ+1(S§+1) - Vh+1(32+1) < ZV1 (Slf) -V (Slf) +O(WH?K') < O(VS?AH'K'),
k=1 k=1

which concludes the proof of Lemma 5.3. O

B.4. Useful Lemmas

B.4.1. OPTIMISM

21n 2SAHT 48 1n 3SAHT
Lemma B.3 (Optimism at the beginning). Conditioned on F'¢, when b (s, a) = Wsi) +H TSZ/)’ we have
h ’ h ?
that
—2b3;(s,a) < Qp(s,a) = cn(s,a) = Pu(- | 5,a) Vg (1) <0, (26)

Proof. Recall that Q¥ takes form

Qh(s,) = max{ch(s,a) + Py(- | 5,a)Vil, (1) — bhi(s,0),0}. @7)
We have
cn(s,a) + Pu(- | 5,0)Viiy (1) — Qp (s, )
<en(s,a) —Th(s,0) + Pl | 5, @)V, () = Ph(- | 5,0)VEL () + b (s,a). (28)
Under the event ', we have

21n 2SAHT

cn(s,a) — (s, a) < | ——2—, (29)
ng (s, a)
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and
[P | 5,00V () = PhC- | 5,00V ()
<[P snan) = P Fsman)||| [V Ol

—k
<H - HPh (- | sh,an) — P (- | sh,an)

1
3SAHT
- nfl (s,a)

Here the first inequality follows from Cauchy-Schwartz inequality, the second inequality uses the fact that ||V/F(-)| < H
for any (k, h) € [K] x [H], and the last inequality holds conditioned on the event F'°. Plugging (29) and (30) into (28),
together with the definition of b, we obtain

cn(s,a) + P | 5,0) Vi () — Qi(s,a) < 2} S
Similarly, by the definition of Qﬁ in (27), we have
Qh(s,a) = cn(s,a) = Pu(- | 5,a)Vyfs (1)
gmax{(ﬁﬁ(s,a) —cn(s,a)) + (?Z( |5, @)V () = Pul(- | s,0)ViEL () — bﬁ(s,a)ﬂ}
<max{b} —b¥,0} =0, (32)
where the last inequality follows from (29) and (30). Combining (31) and (32), we finish the proof. O

Lemma B.4. Conditioned on the event F¢, when the reference function V™' satisfies |V (s) — V*(s)| < 7”5%‘;”{4 where

Co = VS3AH3, we have
—Qbfl(s,a) < QZ(S,a) —cp(s,a) — Py(- | s7a)V,f+1(~) <0.

Proof. When F' does not happen, we have

91 2SAHT
_k 5
[en(s0) = (s, )| <\ =
and
. 48 In 384HT
‘Ph(' | S»G)V;fﬂ(') - Py( | Saa)thJrl(')‘ <H 4nk(s Z)
1AL

Meanwhile, we have
—k
[PaC- | 5,00V () = Pl | 5,00V O]
<|(Ph (-1 s,0) = Pu (- | 5,0)) Vira ()] + | (P (- | 5,0) = Pu (- | s,0)) (ViFey = ViS)()
< h S,a h S, a h+1 h $,a h 5 a h+1 h+1
-5k re *
+|(Ph (-1 5.0) = Pul- | 5,0)) (Vish = Vi) )| (33)
For the first term, we have
7]@ %
(P15 = Pu(- | 5.0)) Vit

= [ 2Vyer s Vi (V) In (B25755) 7o (240K
B ny (s, a) 3nk(s,a)

¢ By, Vith (V) n (5475 len(?SA;”ﬂ Thn (25415 as

n¥(s,a) S-nk(s,a) 3nf(s,a)
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where the last inequality follows from the fact that \/2V(X) < 2,/V(Y) + V(Y — X) < 2/V(Y) + 2/V(Y — X) and

Vi — Vst | < \/H/S. Under the event F°, we have

- —k
2P, (y | s,a)(1 = PL(y | s,a))n (23‘2#) 71n (723’2{“()

nk(s,a) —1 3nf(s,a)

7

Phty | 5,0) = Puly | 5,0)] <

By AM-GM inequality, we have

lpk( s.0)+ In (254HK) N 9P, (y | s,a)In (254HK)
gt hY 1S nk(s,a) n¥(s,a)

2P;€7,(y ‘ s,a) <1 —?:(y | 5’01)) In (2512{-11()

nk(s,a) — 1

which further implies that

3 10111(2$AHK)
P ,a)— =P a) < —>—~
w(y | s, a) 9 n(y | s,a) 3nh(s,a)
Then, we have
re re: 2
Vyepy (s Vi (V) =Y Puly | s,a) (Vish(v) — PE(- | 5,0) VS ()
yeS
rc Bk Te 2
<3 Pty ls,0) (Vish(v) = Pht- | s,0)Vih ()
yeS

ey 3nf (s, a)

10SH?In (2342K)

3nk(s,a)

3 re
Vy p* Vh+f1( )+

S 5 VY1)
Plugging (35) into (34), we obtain

7]0 %
(P (15,00 = P [ 5,0)) Vi

| Yy P RO 0 () [ (SSAEE) VST n (25455)
- nk(s,a) S-nk(s,a) 3nk(s,a) ’

Meanwhile, it holds that

(P 1s.a) = P 1s,a)) (Vi = Vi)

-k re
< |Phw s = Pyl s.a)] V@) - Vi w)
yeS

<

yeS

S5/

Vk Vref
nﬁ(&a) —1 3TLZ(S,CL) ‘ h+1( ) h+1( )‘

\/2Ph y|s.a)(l—Ppy| s a))ln (B4HE) 7]y (294HK)

0 (2SAHK 9
<Z( (], a>+101()> (Vi) = P |5, @) Vish ()

(35)

(36)

(37
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where the last inequality follows from the definition of event F'°. Plugging (36) and (37) into (33), we have

[PuC- | 5,00V () = Pl | 5,00V O]

GVYNF’;L(.M@)Vhri(Y)ln(23‘2#) 4H In (ZBAHK)  g\/GH2 In (2SALK)

- n¥(s,a) S-nk(s,a) 3nf(s,a)
s.a)(1— 5, a)) In (ALK 2SAHK
iy fphy =Pl aln C ) Tl ) i) - it
yeS h\®» 2GS

3 |Ph 1 si0) = P L, ) Vi ) = Vit ()
yeS

(®)

For Term (b), we divide S into two sets: Sp = {y € S : nf(y) > CoVk} and S§. Since | Vet (s) = Vi (s)] < %’
we have

-k T *
S|P 1s@) = Pl Lsnyan)| IVigh(y) = Vi ()
YESo

45 B5AT /53 AT

- nﬁ(s, a) Co

For y € 5§, we have

—=k re *
> P 15.0) = P snan)| Vi (v) = Via 9)]

yeS§
—k —k
< 2P, (s"| s,a)(1 = Pp(s"| s,a))In (25’2#) 7Iln (2SAHK) Vet () — v
< T 1 3 h+1 Y) h+1(y)‘
e ny(s,a) — nk(s,a)

o3 [ B | ) v+ TEEEED e ) v
hS - Y ey - Yy
yESS nﬁ(s a) Vaaly ht 3nh( a) Vanly ot

4nk (s, a,y)In (QS%HK) et _ 7SHIn (QSAHK)

-y Vi)~ Vi)l +

yESC h(57a’) nh( ) )

SA SA

Z 4nh )111(2 éf{K)H+7SHln(2 HK)
_yeS” (s,a)? 3nf(s,a)

<y 4cof1n (2SAHK) o TSHIn (254HK)

e (s,a)? 3nf(s,a)

25/CoKY*H  /In (25‘3#) 7SH1n(QSAHK)

= n’fb(s,a) 3nh( , )
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Therefore, we have
—k
(P Vsnyan) = Pa (- | snan)) Vit

OVy 3ty ViSh (V) I (B5575) - [y (294HK)  g/GH2 I (294HK)
n¥(s,a) S-nk(s,a) 3nk(s,a)

<

2?:(8’ | 87@)(1 —ﬁ:(s/ | S,a))ln (25%#) 71n (2S’AHK)
k

ny(s,a) —1 3nf (s, a)

Vit () = Vish ()

2

yeS

48 n 354HT /g2 A e . 25VCoK'Y4H | /In (234HK) | TSHIn (2848K)

nk(s,a) Co nk(s,a) 3nf (s, a)

By definition, Q¥ (s, a) = max{e}(s,a) + Fﬁ( | s,a)ViF 1 (-) = bj(s,a),0}. Then we can prove that (31) and (32) still
hold, which finishes the proof. O

B.4.2. MIRROR DESCENT

The mirror descent (MD) algorithm (Beck & Teboulle, 2003) is a proximal convex optimization method that minimizes a
linear approximation of the objective together with a proximity term, defined in terms of a Bregman divergence between
the old and new solution estimates. In our analysis we choose the Bregman divergence to be the I3 norm. If { fk},{i1 isa
sequence of convex functions f; : R¢ — R and C is a constraints set, the k-th iterate of MD is the following:

Tyl € argnclin {Uk (9% (zx) & — x) + ||z — xk||§} , (38)
S

where 7, is the stepsize. The MD algorithm ensures Regret (K') = ZkK:/l f(xg) — min, f(z) < O(VK’) for all
K' e [K].

The following lemma (Theorem 6.8 in (Orabona, 2019)) is a fundamental inequality for analysis of OMD regret, which will
be used in our analysis.

Lemma B.5 (OMD Regret, Theorem 6.8 in (Orabona, 2019)). Assume 111 < ng, k =1,..., K. Then, using OMD with

the ls norm, learning rate {ny} and uniform initialization ©1 = [1/d, ..., 1/d), the following regret bounds hold
T T
By (usxy) 1 2
; g0, —w) < max —= - +§;m|\gtll2- (39)

In our analysis, by adapting the above lemma to our notation, we get the following lemma.

Lemma B.6 (OMD in Policy Optimization). Assume 11 < ng, k = 1,..., K. Then, using OMD with the lo norm,

learning rate {ny} and uniform initialization 7r},(- | s) = [1/A, ..., 1/A], the following regret bounds hold
= 2 1 2
(Qhls, ok 18) =mn( 1 9)) < 53 m D (Qh(s,0)” (40)
k=1 k=1  a

Moreover, if we choose n, = 1/ AH?k, we have

> > (@ (-1 8) = ml- | 5)) < 3VAHIK. 4D

k=1h=1

Proof. Fix h € [H]. Replace g, with Q¥ (s, -) and ; with 75 (- | s) in (39). Since |7} — 7}|3 < 2 and Q¥ (s,a) < H, we
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have

K 9 1 K
D (@R w19 =m [ 9) < ot g > D (@h(s.a)
k=1 a

k=1

2 1&
<—+c WAH?.

Let ny = 1/vV AH?k, we have Z o1 e <4/ 7 H2 , which further implies that

K
> (@ (-] s) —mn(- | 5)) < 3VAH?2K
k=1
for any h € [H]. Taking summation over h € [H] concludes our proof. O
B.5. Sum of Bonus
Lemma B.7. It holds that
K H
DD bk(skaf) < O(VSAHBK + S5/2 AP/ HW/AK), (42)
k=1h=1

Proof. For simplicity we let nf = nf(s¥, a’ﬁ),?ﬁ(-) =P sk ak), Py(-) = PF(- | s¥,al). By the same arguments in

(34), (35) and (36), we have

J 6Vy 5t (oo Vit (V) In (B25EE) - [y 1 (24HK) g /GH? I (2SAHK)

nk(s,a) S - nk(s,a) 3nf(s,a)
5 Vypr(s,a) Vi (V) H SH?
B nZ(s,a) S- nﬁ(sva) 3”;2(5704)

Then, by the definition of bﬁ,

E bh Sh ’ ah

K H —k
~ VYNP;C( 1s,0) Vi ( P, . S3/2 AVAHT/ARL/A
<2.2.0 \/ foa) D3 | B ) - v + ;
k=1h=1 (s, ) ves | ng
N K H N ﬁk( ) N
SO(Q/SAHSK)—FZZZO " |Vh+1( ) — V}fj-fl( )| +O(S5/2A5/4H11/4K1/4)
k=1h=1yeS Ty

N K H _ Pi(y) + O(y/1/ny) -
<OWSAmR)+3. 3" S0 [\ = VVEA () = VL ()] | + OSP4 A R4
k=

k
1 h=1yES np,
N K H N Pk(y) ; ~
SOWVSAHSK) + 333 0 (|22 Vi () = Vishi )] | +O(S*/2 A%/ A AR Y 43)
k=1h=1yeS h
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The second inequality follows from Lemma 19 in Zhang et al. (2020b) and standard techniques (e.g. (Shani et al., 2020) or
(Zhang et al., 2020b)). Using Lemma B.8, we can further bound Term (v) as:

Term (v) < O(VSAH3K) 4+ O(S%/2 AP/ H3/2 K1/4)
Therefore, combining Equation (16) and (43), we complete the proof of Theorem 3.1. O

Lemma B.S.

>3 (|

k=1h=1y€eS

|Vh+1 - Vithly )|> < O(VSAH3K) + O(SP/2 A3/ A F3/2 |¢1/4)
Proof. We have

K H Pk()
ZZZ( ViEL () — Vit (y >|>

nk
np,

K H
1 re 1 re
SZZ(ZB?(Z/) W|th+l( y) — Vh+f1( )| = W\V}ZCH(SIZH) Vh+f1(sh+1)|)

K H
1
+ Z Z \/ Pr(sE k Vikea (shin) = Vit (sii0)|
k=1h=1 h Sh+
H
<O(WHK) + Z W|Vh+l(sh+l) Vst (s )
k=1h=1 h (sh+1)nh
K H 1
|Vh+1 5h+1 Vh+1(5h+1)| |Vh+1(5h+1) Vh+1(3h+1)|)
;;72::1 Pk (shi1)nk Pk(Sthl) i

the sum < O(VH*S2AK) almost < O(1/v/S)
+ O( H3K)
<O(S?AH\/ VH2S?AK) + O(VS?AH?K /V/S) + O(VH?K)
25(“/SAH3K)—|—6(S5/2A5/4H3/2K1/4) (44)

The second line is the sum of martingale differences bounded by H, directly applying Azuma-Hoeffding inequality yields
the second inequality. The third inequality makes use of Lemma 11 in (Zhang et al., 2020b).

The third inequality in (44) This is a technique used in (Azar et al. 2017). We explain the main idea here.

First we define the typical state-actions pairs as

[W]k,n {y y € S,y (sh,ap)P(y | sk, ap) > QHQSL}
which means these state-action pairs are visited frequently enough. Define A% he1(y ‘Vh 1 (y) — Vst ( )| We have
Do AL W)
yeES
Z h+1 Z h+1 (y).
Vel y&[yle.n "}

The second term can be bounded by

n SHvALH?S
Z SR AR L () < R —
YE[Ylk,n h h

So we only have to deal with the first term, in which Pf(y)n} is large. Thus the martingale can be bounded.
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The last inequality in (44) As above, we only need to consider the case where P}’f (si +1)nlﬁ > 2H2SL (nﬁ is the

shorthand for n¥ (s¥, a¥)). Then we know the first term is bounded by O(VSAHPK). For the second term, we need to use
2 4

the Multiplicative Chernoff bound (See the Wiki for Chernoff bound): Pr(X < (1 —d)u) < 6’57‘, where 0 < ¢ < 1and

X = Y1, Xi, X, are independent Bernoulli r.v., E[X] = s Set X = nf (s}, af, s ), p= PF (3h+1)”h Taking union

bound over all h, k, S with PF (s )nf > 2H2SL, we have that with high probability, P (s, | )nf > ink(sf,af, sk, ).

With this we can now apply Lemma 11 in (Zhang et al. 2020). O

C. Explanation of How UCBVI Uses Optimism
In Azar et al. (2017), they need to bound the term (?,}j — Pp)(- | s,a)(VF, — V¥, 1)(-) using optimism, as mentioned in
Section 4.

Define AF & Ve — v, Ak & vk — v and 5k & Ak (s5). We denote by [ a numerical constant which can vary
from line to line. We also use L to represent the loganthmlc term L = In(OHSAT/9).

k def

Using Bernstein’s inequality, this term is bounded by

k Or DSHL
pPT k Ak
Z (Z/ ‘ Sh) prF (y | sh) nh h+1(y) + nh

where nZ def nk (sﬁ, 7k (s’,j)) Now considering only the y such that pr (y | SZ) nﬁ > OJH?L, and since 0 < A’,?L_H <
ﬁlgﬂ by optimism, then (ﬁ,:”“ - P”*ﬁ) Ag.h+1 (sF) is bounded by

G 0L it OSHL _ 15 OSHL
€h - k,h+1 €+ —=0p 1+ —.
P (shoy | sh) nh i, HT ny,
_ def - Ak 5
where & = 1/% <ZyP (y]sk) \/Pi:éz(jll:’g) — \/P% (’SE;SQ)> . The sum over the neglected y such that

P™ (y| s§)nf < OH2L contributes to an additional term

aOP™™ (y | sk)nkL OSH?L
Z ( k'2 h) h A}L-‘rl( ) < k .
Yy np,

Then they prove that the sum of € is of order é(f T') and the sum of is a constant order term.



