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Abstract

Online safe reinforcement learning (RL) plays
a key role in dynamic environments, with ap-
plications in autonomous driving, robotics, and
cybersecurity. The objective is to learn opti-
mal policies that maximize rewards while satis-
fying safety constraints modeled by constrained
Markov decision processes (CMDPs). Existing
methods achieve sublinear regret under stochastic
constraints but often fail in adversarial settings,
where constraints are unknown, time-varying, and
potentially adversarially designed. In this paper,
we propose the Optimistic Mirror Descent Primal-
Dual (OMDPD) algorithm, the first to address on-
line CMDPs with anytime adversarial constraints.
OMDPD achieves optimal regret O(v/K) and
strong constraint violation O(y/K) without re-
lying on Slater’s condition or the existence of a
strictly known safe policy. We further show that
access to accurate estimates of rewards and tran-
sitions can further improve these bounds. Our
results offer practical guarantees for safe decision-
making in adversarial environments.

1. Introduction

Online safe reinforcement learning (RL) has been applied
successfully across various domains, including autonomous
driving (Isele et al., 2018), recommender systems (Chow
et al., 2017), and robotics (Achiam et al., 2017). It en-
ables the efficient development of policies that adhere to
essential safety requirements, such as collision avoidance,
budget compliance, and reliability. In safe RL, the objec-
tive is to learn an optimal policy that maximizes cumulative
rewards while satisfying expected cumulative safety con-
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straints when interacting with an unknown environment.
These safety-critical sequential decision-making problems
are formally modeled as constrained Markov decision pro-
cesses (CMDPs) (Altman, 1999). We study the problem
of learning such policies in episodic CMDPs where the
agent must balance exploration and exploitation to mini-
mize strong regret(regret and hard constraint violation), a
metric quantifying the cumulative performance loss rela-
tive to the optimal safe policy—while avoiding excessive
constraint violations.

In many practical scenarios, especially in safety-critical
applications, the environment is often dynamic, with con-
ditions that can change unpredictably or even adversarially.
Relying solely on stationary models can lead to suboptimal
or unsafe outcomes, as these models fail to capture the time-
varying nature of constraints and system dynamics. For
instance, in autonomous driving (Kirschner et al., 2021), it
is crucial to avoid collisions in variable environments in-
fluenced by changing traffic flows and weather conditions.
Similarly, in cybersecurity (Yinka-Banjo & Ugot, 2020),
adversarial CMDPs can model interactions between sys-
tem defenders and attackers, requiring defenders to make
decisions under uncertainty and strict system constraints
while accounting for potential adversarial actions. This ne-
cessitates the consideration of adversarial settings, where
constraints may be unknown, time-dependent, and poten-
tially adversarially designed to challenge the learning pro-
cess. Existing methods (Efroni et al., 2020; Miiller et al.,
2023; Germano et al., 2023; Miiller et al., 2024; Kitamura
et al., 2024) provide sublinear regret guarantees for stochas-
tic constraints but struggle to generalize to such adversarial
cases. The adversarial setting is inherently more challenging
due to the dynamic and unpredictable nature of constraints,
compounded by the assumption that error cancellation in
constraint violations is not allowed. Adversarial CMDPs
are thus crucial for handling dynamic environments, ensur-
ing robust and safe decision-making in situations where
conventional stochastic models fall short.

Constraint violation is usually used to theoretically evaluate
the performance of the safety of a safe RL algorithm. One
commonly used constraint violation evaluates the policies in
the beverage sense such that it allows error cancellation, as
defined by (Efroni et al., 2020), involves summing positive
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(unsafe) and negative (safe) constraint violations, ensuring
a sublinear total constraint violation during learning. In this
paper we consider a stronger notion of constraint violation,
focusing exclusively on the sum of positive errors. To il-
lustrate, consider a cost function d(7y), which equals —1
when the policy 7, used in episode k is safe, and 1 when it
is unsafe. If half of the policies over K episodes are safe
and the other half are unsafe, the weak constraint violation—
permitting cancellation—results in [Yr_, d(m)]t = 0,
where [-]T = max{-, 0}. However, under strong constraint
violation, which disallows cancellation, the total violation
becomes Zkl,(:1 [d(m)]" = K /2. Clearly, weaker sublinear
constraint violations do not ensure relatively safe policies
during learning.

In this work, we aim to address two fundamental research
questions: RQ1: Can we design a unified algorithm that
achieves the optimal order of regret and hard constraint
violation in unknown CMDPs with both stochastic and ad-
versarial costs under minimum assumption? RQ2: What
are the bottlenecks for further improving the bound?

CMDPs with cumulative constraints that allow cancellation
have been extensively studied under both model-free (Wei
et al., 2022a;b; 2023; Ghosh et al., 2022; Bai et al., 2022)
and model-based approaches (Ding et al., 2021; Liu et al.,
2021a; Buraet al., 2021; Singh et al., 2020; Ding et al., 2021;
Chen et al., 2022; Efroni et al., 2020). The study by (Qiu
et al., 2020; Stradi et al., 2024a) focuses on CMDPs with
only an adversarial reward function. Recent work (Germano
et al., 2023; Stradi et al., 2024c) considers online learning
CMDPs under strong constraint violation for the long-term
average cost and sublinear regret and violation results are
well established. However, we note that in our scenario, the
constraints are sufficiently strict—particularly in adversarial
settings—that an average safe policy fails to guarantee
safety for each individual episode. Consequently, focusing
on the long-term average constraint alone is less meaningful
under these conditions. Other works such as (Ding & Lavaei,
2022; Wei et al., 2023) consider scenarios where rewards,
costs, and transition kernels are non-stationary, assuming
bounded total variation. However, all of the above works
we mentioned are not applicable to settings with adversarial
costs, and they only address weak constraint violations.

To address the aforementioned challenges, we propose the
Optimistic Mirror Descent Primal-Dual (OMDPD) algo-
rithm that ensures optimal regret and strong constraint vi-
olation bounds with respect to the number of episodes K,
regardless of whether the reward and cost functions are gen-
erated stochastically or adversarially. Our contributions are
summarized as follows:

* We present the first work addressing online CMDPs with
anytime adversarial constraints. Our work advances the
theoretical understanding of CMDPs under unknown ad-

versarial cost functions by proposing a novel unified al-
gorithm, OMDPD, capable of handling both stochastic
and adversarial rewards/costs without relying on Slater’s
condition. OMDPD achieves O(+v/K) regret and O(v/K)
strong constraint violation when rewards and costs are
either stochastic or adversarial, both of which are optimal
with respect to the total number of learning episodes K.

* Itis well known that one of the bottlenecks of forbidding
algorithms for online CMDP from achieving a higher
bound is because of the estimation errors of reward/cost
and transition kernels. We further show that if a perfect
simulator (generative model) is given such that we can
have an accurate estimate of the reward and transition
kernels (cost function is also not known and can be adver-
sarial), our regret bound can be further improved to O(1)
when the reward function(also unknown) is fixed.

2. More Related Work

Miiller et al. (2023) proposes an augmented Lagrangian
method for addressing CMDPs with strong constraint vio-
lations under a requirement of a strictly known safe policy.
Stradi et al. (2024c) propose a primal-dual algorithm (CPD-
PO), building on the policy optimization framework of (Luo
et al., 2021), which achieves (’3(\/? ) regret. However, nei-
ther of these works addresses the adversarial cost setting.
In addition, Stradi et al. (2024b) consider the adversarial
reward setting but still assume stochastic constraints, requir-
ing strong assumptions such as access to a strictly feasible
policy and knowledge of its associated cost. Clearly, Stradi
et al. (2024b) also cannot be applied to adversarial constraint
scenarios. Additional studies by (Miiller et al., 2024) and
(Kitamura et al., 2024) focus on last-iterate convergence
under stochastic constraints, achieving rates of O(K0%-93)
and O(K/7), respectively. These results crucially rely on a
stationary setting. A detailed comparison of the theoretical
results between our algorithm and the most existing studies
is summarized in Table 1.

3. Preliminaries

Notation. For any n € N, we use the short-hand notation
[n] to refer to the set of integers {1,...,n}. Forz € R, we
define the operation [z]* := max{0, z} to be the positive
truncation of z. Throughout the paper, we use | - || to denote
the Euclidean norm. Additionally, for a given 1-strongly
convex function U, we define the Bregman divergence be-
tween two points: D(a,b) = U(a)—U(b)—(VU(a),a—b).

We consider a finite-horizon episodic CMDP, which is
defined as a tuple M = (1, S, A, H, {Pp} L {re}E,,
{dx}¥5_,), where p is the initial state distribution, S and
A are the state and action spaces. We assume that both
the state space and action space are finite and countable
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Algorithm Regret |Adversarial Violation | Stochastic Violation |Slater’s Condition|Known Safe Policy
(Efroni et al., 2020) | O(VK) N/A O(WK) v No
(Miiller et al., 2023)" | O(VK) N/A O(WK) v Yes
(Stradi et al., 2024c)" | O(VK) N/A O(WK) v No
(Miiller et al., 2024)T [O(K-93) N/A O(K9%) v No
(Kitamura et al., 2024) | O(K7) N/A O(K7) v No
OMDPD' O(WK) O(WK) O(WK) X No

Table 1. Comparison between OMDPD and existing related work. We omit the dependence on the dimension of the action, state space,
and the number of steps in CMDPs here. { : Consider the stronger notion of constraint violation, which disallows cancellation. (Efroni
et al., 2020) only consider a weaker version. (Miiller et al., 2024) need to access a strictly feasible policy. More discussions can be found

in Section 2.

with cardinalities |S| = S, |A| = A. In the online learn-
ing under finite-horizon episodic CMDPs, each episode
k € [K] has H steps and at each h € [H], we use
Pn(s'|s,a) : § x A x S — [0,1] to denote the tran-
sition kernel from state action pair (s, a) to a next state
s’ at step h. Without loss of generality, we assume that
the reward function {ry}& | is a sequence of vectors at
each episode k € [K], in particular,ry, = (rg1,...,76,H),
where 7, : S x A — [0,1],Vh € [H],k € [K].
Similar, the cost function dj j at step h in episode k is
dip : SxA — [—1,1], both rewards and costs are bounded
for any h € [H], k € [K]. The transition kernels, reward
functions, and cost functions are unknown. In this paper,
we consider the stochastic reward where r; is a random
variable distributed according to a distribution R for every
k e K, with two different types of cost functions: stochastic
constraint and adversarial constraint:

* Stochastic cost: In stochastic cost setting, dj, is a ran-
dom variable distributed according to a fixed probability
distribution D for every k € [K].

* Adversarial cost: In adversarial cost setting, dj are
adversarially-selected and unknown.

In online CMDPs, the agent interacts with the CMDP by
executing a policy m = {my, 72, ..., g}, where 7, (-|s) €
A(A), and A(-) is a probability simplex. We denote by
7(|s) the probability distribution for a state s € S, When-
ever the agent takes an action a in state s at step h, in episode
k, it observes reward 7 5, (s, a) sampled from a fixed dis-
tribution, and cost , dj, (s, a) sampled either from a fixed
distribution for the stochastic setting or chosen by an adver-
sary for the adversarial setting. Then the value function for
the reward and cost under the policy 7 and transition kernel
p are defined as:

"
Vi(ri,p) :=E lE Tk,h(sh;ah”slﬂrvp] ey

h=1

" (dy,p) = [Z

n(Sh,an)|s1,m, p] 2

In the following, we denote by II the set of all the possible
policies the agent can choose from. we are interested in
solving the following optimization problem:

7* € argmax V7 (T, p)
mell

sit. V7™(d,p) <0, (stochastic cost), 3)

st V(dy,p) <0,Yk € [K]

where 7 := E,._g[r],d := Eq-p[d]. The solution of this
offline optimization problem (3) is considered as the base-
line algorithm which serves to evaluate the performances of
online algorithms. The goal of the online CMDP problem is
to learn an optimal policy to minimize cumulative regret and
strong cumulative violation of constraints after K episodes,
which are defined below:

(adversarial cost),

Regret( [V”* 7,p)— V7 (F,p)] 4)

Violation , (stochastic cost) (5)

K
K) =Y [v=*(rp)
k=1
< 7o\t
()= [V™(d.p)]
k=1
K
Violation(K) = Z [V™ (dy,p)]" , (adversarial cost) (6)
k=1
Alternatively, the online optimization problem (3) can also
be represented using the notion of occupancy measure (Alt-
man, 1999) {¢7 (s, a; p) }f._, under a policy 7 and transition
kernel p. For everys € S,a € A, we have the occupancy
measure defined as:

ar(s,a,s") = Pr(sp41 = 8, s, = s,an = alp, 7, 51)
qh S, a Z qh s, a, s 7)
s'eS

It is well known that the CMDP problem can be formulated
as an LP problem (Altman, 1999), then the optimal occu-
pancy measure can be obtained by solving the following
optimization problem:

8
1}11635” q 3
st d' q < 0, (stochastic cost) ©)]
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s.t. d} g <0,Vk € [K], (adversarial cost), (10)

where ¢ € [0, 1]54# is the occupancy measure vector, with
its values defined in Eq. (7), and Q represents the set of
all valid occupancy measures. 7 € [0, 1]°4H and d(d}) €
[—1,1] SAH denote the reward and cost vectors, respectively,
with a slight abuse of notation. On either hand, for any ¢,
the corresponding policy can be reconstructed as:

0(afs) = <59 (11

Za/ qh(S’ a’/) '

Given all the notations above, we denote the optimal so-
lution to the optimization problem (3) as ¢*, which also
serves as the baseline. In this paper, following the standard
assumptions, we consider the bandit feedback setting in
which the learner observes only the rewards and costs for
the chosen actions in the stochastic cost setting. However,
in the adversarial cost setting, the full cost vector dy, is re-
vealed after episode k, while the reward remains as bandit
feedback throughout.

4. Main Algorithm

In this section, we introduce our main algorithm and the
designs behind that to ensure the optimal order on the regret
and violation bounds.

4.1. Optimistic Estimates

To encourage the exploration of the unknown CMDP, we
first need to use the principle of optimistic estimate (Auer
k—1 k—1
et al., 2008). Let n; ~(s,a) = >, Lygw — qb' —ay de-
note the number of times that the state-action pair (s, a)
is visited at step h before episode k. Here, (s¥,af ) de-
notes the state-action pair visited at step i in episode k', and
1, is the indicator function. Then the empirical transition
kernels, rewards and violations can be calculated as follows:

k—1
Zk’:l ]l{s’fL/ :s,akl :a,s’;i;1 =s'}

~k—1 h

s'ls,a) ==
b (]s,a) nﬁ_l(s,a)vl

;o 312)

k—1 K’
o RE (s,a) o vy
()5 a) = et T msah ma) g
ny (s,a) v1

k—1 %4
k'=1 Dh (8’ aﬂl{sﬁ’:s,aﬁ’:a}

J’Z—l(s'b,a) = , (14)

nk=1(s,a) v 1
where a v b := max{a,b}. Remark that Eq. (14) is only
used for the stochastic cost case. Then we can define the
optimistic rewards, costs, and confidence set of transition
kernels By, (s, a) as
(s a) =73 (s, a) + Bf (s, a) (15)
(Zk,h(s, a) := dﬁ_l(s, a) — ﬁ,‘ih(s, a) (16)
Bin(s,a) := {pn(-|s,a) e A(S) |Vs' € S:

|Bn(s'|s,a) — By (s'|s,a)| < BL (s, a,8)}
By:=1{p| Vs,a,h: p}(-|s,a) € Bpu(s,a)} (17

where 7 , (s,a,s") > 0 is a UCB-type bonus, which de-
notes the confidence threshold for the transitions and is de-
fined in Appendix B.1. Thus, we can construct a candidate
set for selecting the policy at each episode k as:

O :={q"(p) eR*|mellpe B},  (18)

where we denote ¢” (p) € RS54 as the stacked occupancy

measure vector under transition kernel p, a policy 7, and II
is the set of all the feasible policies.

4.2. Surrogate Objective Function

The objective of online CMDP learning is twofold: (1)
to control the constraint violations over time, and (2) to
maximize cumulative reward. Thus, after constructing the
feasible candidate set for the policy Qy, our algorithm aims
to solve the following optimization problem at each episode:

-

max 1.q. 19

scondig<o "1 (19)

Inspired by (Sinha & Vaze, 2024; Guo et al., 2022) we

consider the following surrogate objective function with

an exponential potential Lyapunov function: ®(z) :=
exp(fBz) — 1, for some constant 5 > 0 :

filq) = a(*flq - q"(Ak)[ﬂqr) —1lg — ax|* 20

Using the prediction (estimation) of the reward and cost
function together with the online mirror descent optimiza-
tion methods we can achieve a tighter bound.

The dual variable A\; aims to track cumulative constraint
violations during learning. Then through analysis of the
drift term ® () — ®(Ai_1), the algorithm adaptively reg-
ulates long-term violation behavior: exponential growth
in ®(\) dynamically amplifies constraint penalties during
high-violation regimes, while bounded drift guarantees vi-
olations remain controllable. Together, these components
enforce an safe exploration.

Specifically, we define the dual variable update as
M= Meo1 +afdia]” (21)

where Jk is the estimated constraint vector (Eq. 16) for the
stochastic cost and is replaced with d; when the cost is
adversarial. The operator [-]* considers only the positively
violated cost to efficiently control the hard constraint. We
then employ the Lyapunov function ® () to track the evo-
lution of these violations. Then we will show later that the
one-step Lyapunov drift can be bounded by:

d(A\) —P(\o1) < O\ - aldrar]”. 22
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Then by using the drift-plus-penalty framework (Neely,
2010), we are able to minimize the surrogate cost func-
tions { fx(q)}7_, which is the combination of the drift upper
bound (Eq. 22) and the cost function. More precisely, by
selecting ¢* to minimize fy(¢) within the feasible set Qy
and summing over K episodes, we can obtain

P(Ak) +Otz Fdt =T ar) < Z frlaw) = fr@®) (23)
k=1

)

We refer the term (1) as Regretq;,. Hence, minimizing this
algorithm’s regret is crucial to bound the cumulative reward
and constraint violation.

4.3. Optimistic OMD

To obtain a tight bound on term (I), we adopt the Optimistic
Online Mirror Descent (OMD) algorithm to dynamically
control the constraints and adapt to evolving environments.
The algorithm alternates between two phases in each it-
eration. In the optimistic phase, the algorithm constructs
an anticipated occupancy measure, §x+1, by solving the
following regularized optimization problem:

Gr+1 = arg ;glgn mq, V fe(ar)) + D(q, dr),
k

where 7y, is the learning rate, and D(q, i) represents the
Bregman divergence, ensuring smooth updates. This step
predicts the next occupancy measure by incorporating the
gradient of the current potential function and regularization.
In the refinement phase, the algorithm updates its policy
by leveraging the predicted gradient V f41(Grs1). Follow-
ing the setup in (Rakhlin & Sridharan, 2013), we assume
fA]g+]_ = fx. The subsequent occupancy measure, gx. 1, is
obtained by solving:

Qk+1 = arg ;21911 Me+14q; ka+1(dk+1)> + D(q, Gr+1)-

After we obtain the g1, we can then construct 741 us-
ing Eq. (11) and execute the policy and get estimations of
the reward function, transition kernels, and cost functions
if for the stochastic setting. The optimistic update is criti-
cal for enabling a tighter bound by incorporating historical
gradients and occupancy measures. The full algorithm is
presented in Algorithm 1.

5. Main Result

We first provide the main theoretical results of OMDPD.

Theorem 5.1. Choose «

MS}% and denote C =
where Ls is defined in Appendix B.I.

Vfi(qr), Vi1 =

[ S B
2(1++/Ls)SAH’

SUPg, g.e D415 42),
Let Vy, =
Vfi—1(q—1) and consider ni, =

Algorithm 1 OMDPD
Input: ¢1,¢1 € Q1,71 = dy =\ =0, learmng rate 7.
Parameters: ¢(z) = exp(fz) — 1, a =

L is defined in Appendix B.1.
Define function fj, by:

2(1+f5)SAH’

(@) = a(~a + ¥ (Ow)ldfal*) — 5l — ail?

for k = 1to K do
Construct the optimistic occupancy measure gi41 by:

Grv1 = arg ;élign nea: V fi(ar)) + D(q, Gr)
k
Assume fkﬂ = fr; Compute 11 and update g1
by:
Q1 = arg ;Elgn 418, V i1 (Ge+1))+D(q, Ges1)
k

Construct 7,11 by gr+1 and execute policy, and get
estimation 7'g 11, dg+1 by Eq.(15), (16).

dy.+1 is revealed to the agent for the adversarial case.
Update A\ as follows:

\ I RVE: a[dk+1 qk+1]+(St0chastic Case)
ht Ak + afdyia qk+1]+(Adversarial Case)

Update set Q1 by Eq.(17).
end for
Return: 7y 1

VCumin { Ny RS T e 1}' e
have with probability at least 1 — 26, OMDPD achieves:
Regret(K) < @(\/m + S2AH?
+VCVSAHK + SAH ),
Violation(K) < @(m + S2AH?
+ \/EW) (Both settings)

Theorem 5.1 establishes the optimal O(v/K) regret and
constraint violation bounds under minimum assumptions.
This is the first result with optimal order in terms of the total
episode K, for the online CMDPS with anytime adversar-
ial constraints. Our results do not rely on the satisfaction
of Slater’s condition—a common assumption requiring the
existence of a strictly feasible solution. Since in the adver-
sarial setting, it is possible to make the slackness arbitrarily
small by the adversary, thus the upper bound could be ex-
tremely large. The removal of this restrictive assumption
represents a key theoretical contribution, as it aligns the
algorithmic framework more closely with practical settings
where Slater’s condition cannot be ensured a priori.

Remark 5.2. Our approach depends on the cumulative vari-
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ation of consecutive gradients, which is often very small
when the reward is fixed and known or can be accurately
estimated. Specifically, by choosing 5 < 3.5\/(%3%
and setting o,y as in Theorem 5.1, we can ensure that
P [Ffq* — 7. qx| is bounded by O(1). Consequently,
in a CMDP with a generative model or a perfect simulator is
given, such that the transitional kernels and reward functions
can be accurately estimated(which eliminates the estimation
step in Section 4.1, the error term O(VNSAH3K)) will
be replaced by a constant that independent with episode K.
Thus, the regret is bounded as O(1). The detailed proof is
deferred in Appendix D.2.

Remark 5.3 (The Constant Bound C). The constant C de-
pends on the divergence measurement. If D is chosen as
the KL divergence, it does not admit a uniform upper bound
over the simplex, as KL(g|/¢') may go to infinity. However,
a smoothing track can be applied to keep all updated distri-
butions bounded away from the boundary of the simplex.
Such smoothing can ensure a boundness of C which is inde-
pendent of the time horizon K. This technique is standard
in online convex optimization under entropy regularization,
more details can be found in (Wei et al., 2020).

5.1. Sketch of the Theoretical Analysis

In this section, we show the theoretical analysis of Al-
gorithm 1. We first introduce the following facts for the
CMDPs considered in this paper.

Fact 5.4. For any q1,q2 € Qy,Vk € [K], we have |q; —
q@| < VSAH.

Fact 5.5. For any 7, di or Jk, the reward/cost value func-
tion in terms of ¢ € Qy, is convex and Lipschitz continu-

ous such that |7 g1 — 7] q2| < (1 + \/ \/SA lg1 —

@llldi g — digo] < VSAH|q1 — QQ —dlg| <
(1 ++/Ls)VSAH|q1 — ¢l ., Yk, where L;

is the logarithmic term defined in Appendix B.1.

Now, we introduce the Good event which captures the con-
fidence of the current estimation and will be used to prove
the policy used by OMDPD is comparable to the optimal
solution. Our goal is to show that with a high probability,
the true transition kernel lies in our confidence set such that
the optimal solution is a feasible solution given the current
estimation. We first show that Good event happens with a
high probability. The detailed proof is deferred to Appendix
B.1 due to page limit.

Lemma 5.6. With probability at least 1 — 0, Pr[G] =
where G is the good event and d € (0, 1).

196,

Basically, the good event shows that our estimation for the
CMDP model is close to the true underlying model with
high probability under the UCB-type exploration. Next,
we will show that under the condition of Good event, the
optimal solution of the CMDP problem Eq.(3) is a feasible

policy for the given Qf in each episode k € [K |, which
make it possible to bound the regret and violation. Detailed
proof can be found in Appendix B.1.

Lemma 5.7. Conditioning on the Good event G, the opti-
mal policy ™ is a feasible solution policy for any episode
k € [ K] such that:
¥ e {7r d) g™ (p)) <0,p € Bk}

Therefore, 7* is a feasible solution for any episode k €
[K], where q”* is the occupancy measure under the optimal
policy 7* and we denote q”* by ¢* for simplicity. Lemma
5.7 ensures that the optimal solution ¢* is a feasible solution

given the confidence set at any episode k, which makes it
comparable to the policy used by OMDPD.

Upper Bound of Regret,; . (Eq. (23)) Based on the Good
event G, we first present the upper bound of the Regret ;.
Using optimistic online mirror for selecting the policies in
Algorithm 1, we have

Lemma 58. Ler C = sup, ..coDPr(q1, ),

Vi = V(fila) Vi1 = V(fi—1(ar- 1))
and define the learning rate as: Nk

\/Emin : 1 1;.
VI V= Vi3V IVi— Vi3

Then, the regret is bounded as:

K
DIV = Vil +1
k=1

< 3.5VC

Regretqyg

This lemma shows that the upper bound depends on the
sequence of the one-step gradient of the surrogate objective
function over K episodes which can be shown that be further
bounded by O(+v/K). Then, we will introduce the following

lemma to specify how the term \/22(:1 Vi — Vi_1]|? can
be bounded.

Lemma 5.9. Let Vi, = V f1.(qx) denote the subgradient of
the surrogate objective function fi evaluated at g, (Eq. (19)
). Under OMDPD, the cumulative variation of consecutive
gradients is bounded as:

K K
Z IV5 = Viea 3 < o | 25 178 = P 2(3)
— k=1

K
2 |7 — 1 || 9 (M) di— @ (A1) di—1 | (i)

K
JZ 1Ak )di = (A—1)die—1 | 2(i)

V6SAHK (1 + @ (\g))
< SAH
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This lemma first establishes that the aggregated variation
of policy gradients under OMDPD can be bounded by
O(SAHVEK) + & (A )SAHK. We also recall the foun-
dational inequality: ®(\g) + aZszl (Fhg* — Flar) <
S (i) — fr(q*)). Here, for simplicity, we momen-
tarily ignore the factor of SAH to discuss how the O(1)
result in Remark 5.2 can be achieved. First, choosing the
function ®(z) = exp(Sz) — 1 ensures that ®'(Ag) can
be combined with ®(Ax) in the foundational inequality.
Using Lemma 5.9, we obtain ®(A\g) + aZle (Flg* —
Ty qk) < VK + @ (Ag)VK. Then we rearrange to get
aZk 1(7"kq —Tg Qk) EXP(ﬁ)\K)(ﬁ\ﬁ 1)+1+\ﬁ
By choosing the 3 from Theorem 5.1 so that SV K —1 <

it follows that Y, (7 ¢* — 7l g1) < VK, which has
an O(\/? ) bound. Now, when the reward is fixed, terms
(i) and (iii) vanish (because 7y, = 7_1), which makes
aXe (Fla* — ilar) < exp(BAg)(BVE — 1) + 1,
so that the /K factor disappears and a suitable 3 yields
an O(1) bound. The details for showing Zle [Fla* —
71 qr| < O(1) are deferred to Appendix D.2. Consequently,
using Lemmas 5.8 and 5.9, we can now move on to prove
Theorem 5.1 in the following sections.

5.2. Proof of the Main Theorem

To prove the main theorem, we first know that the regret can
be expressed as:

K
Regret( K Z
k=1

7"k7pk — VT ({F»p)]

Estimation Error

+ ji [Vf *

— V)| @4
k=1

Optimization Error

Similarly, the violation in stochastic setting can be formu-
lated as:

K
Violation(K) = Z [Vm" (d,p) —

=1

~ +
Vﬂk (dkapk)]

Eo

v
Estimation Error

i [ “(d, i) ]+

Optimization Error

(25)

In the constrained adversarial setting, we do not explicitly
perform estimation on constraint d, so the only source of
estimation error arises from the unknown transition kernel.

Overall, the decomposition operation separates the regret
and violation into two distinct components: (i) estimation er-
ror, which arises due to inaccuracies in the estimated model

parameters, and (ii) optimization error, which is influenced
by the online learning algorithm. In the following, we will
analyze and bound each term individually.

To better illustrate the analysis of the main theorem, we
provide a proof roadmap in Figure 1, which establishes the
inequality ®(\g) + « Zle(ﬁjq* — 7l qr) < Regretay,
along with the resulting regret and violation bounds.

5.3. Upper Bound of Estimation Error

In the following lemma, we provide an upper bound on the
estimation errors for both regret and violation.

Lemma 5.10. Let py denote the transition kernel in the
candidate set By, and let 7, and dj be the estimations
used by OMDPD. Then, conditioned on the good event G,
the estimation errors for the stochastic cost case can be
bounded as follows:

Z Tkvpk Vﬂ-k (fvp)]
k=

< O(WNSAH3K+S?AH?),
K . +
Z [Vﬂ’“ (d,p)— (dk»ﬁk)]

< O(VNSAH3K+S*AH?).

,_.

The estimation error for the adversarial cost case can be
bounded as follows:

Z [V (d, p) =V ™ (di, i)]

k=1

< O(WNSAH3K+S?AH®).

The above lemma bounds the error incurred by using the esti-
mated transition kernels, rewards, and costs during the learn-
ing process, which improves upon Lemma 29 of (Efroni
et al., 2020) by a factor of @(\/ﬁ ). This improvement is
achieved by leveraging a Bellman-type law of total variance
to control the expected sum of value estimates for bounding
the error from estimating the transition kernel (Azar et al.,
2017; Chen & Luo, 2021). The detailed proof is deferred in
Appendix C.2. Next, we will bound the optimization error.

5.4. Upper Bound of Optimization Error

Regret Analysis. We first focus on bounding the optimiza-
tion error associated with regret. The following lemma es-
tablishes that the cumulative variation of gradients between
consecutive episodes under OMDPD is bounded, enabling
adaptive regret-violation guarantees.

To further relate the regret optimization error to Algorithm
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K
Prove ~ .
Lemma 5.7 Regreta, ®(\k)+a E [Fh " — 7, qx] < Regreta,
k=1
Prove ; Prove
Lemma 5.8 K Combine Lemma 5.11 rov
=T =T
— Z[’"k q = Ty, q]
k=1
Lemma 5.10 Lemma 5.9 —  Violation(Sto)
Prove
Prove \ Prove
Lemma 5.12 @(}\K} Lemma 5.9(Adv) ——#| Violation(Adv)
Combine

Figure 1. Proof Roadmap of the Theorem 5.1

1, consider:
K . K
Z [V” (7,p) = V™ (Pk, Pr ] ME E[7y ax]]
el k=1
K K
2 E[7"¢*] - +2 (78 ¢*1 — E[Fy ai]] -
k=1 k=1
Term 1 Term 2
(26)

Notably, Term 2 corresponds to the violation-regret relation-
ship in Eq. (23), providing a critical link to our theoretical
analysis. Consequently, we will first derive an upper bound
for Term 2 in the regret decomposition.

Lemma 5.11. Based on Lemma 5.8, 5.9, the following
upper bound holds:

K
2 [fgq* - flj‘]k]
k_

=1
< 2(14++/Ls)(SAH+4VCV6SAHK)

To complete the upper bound for the optimization error in
regret, we now consider 7erm 1. The following lemma
provides the required result:

Lemma 5.12. Under the stochastic rewards setting, with
probability at least 1-20, we have:

(K-1), 2

K
M rTe* —#lq*] < SAH In(5) + SAH
k=1

By combining Term I and Term 2, we can obtain the bound
of Z,f;l [V”* (7,p) — V™ (7, pr)]. Finally, by incorpo-
rating the estimation error bounds from Lemma 5.10, we
can establish the complete regret bound, combining both the
estimation and optimization errors. The detailed proofs of
Lemmas 5.9, 5.11 and 5.12 can be found in Appendix C.3,
C4,Cb5.

Violation Analysis. We now analyze the sublinear violation
guarantee in stochastic and adversarial settings.

Stochastic Setting. As discussed earlier, in the stochastic
setting, the overall violation can be decomposed into esti-
mation and optimization parts, with Lemma 5.10 addressing
the estimation error. We now turn our attention to bounding
the optimization error. The following lemma provides the
critical result needed for analyzing this optimization error.

Lemma 5.13. Based on Lemma 5.8, 5.9. Then, the follow-
ing upper bound holds:

2 ka < 16(1+ ﬁa)\@mlrl(A)

K +8vC (YSEIE ) 42

stochastic setting and dy, = dj, in adversarial setting.

Thus, by combining the estimation bound from Lemma 5.10
with the violation analysis from Lemma 5.13, we have de-
rived the complete violation bound for the stochastic setting.

where A = ( ); d; = dj under

Adyversarial Setting. As defined in Eq.(6), the estimation
error in the adversarial setting differs slightly from that in
the stochastic setting, since there is no estimation error asso-
ciated with the constraints and the only source of estimation
error arises from the transition kernel. Consequently, based
on Lemma 5.10 under the adversarial case and Lemma 5.13,
we obtain the complete violation bound for the adversarial
setting. A detailed proof of Lemma 5.13 can be found in
Appendix C.6.

6. Simulation

We evaluate our algorithm in a synthetic and finite-horizon
CMDP environment constructed to assess performance un-
der both stochastic and adversarial cost settings. The CMDP
consists of a state space S = {0, 1, 2, 3, 4} with five discrete
states and an action space A = {0, 1, 2} with three available
actions. The decision process unfolds over a fixed horizon of
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H = 5 steps. At each time step, the agent receives a reward
r € [0,1]7*5*4 sampled uniformly from the unit interval.
In the stochastic setting, the cost ¢ € [—1, 1] *5*4 is also
drawn uniformly and held fixed across episodes. In contrast,
the adversarial setting introduces a discrete cost perturbation
mechanism: in each episode, the cost is independently sam-
pled from a finite set {—1.0, —0.6, —0.2,0.0,0.2,0.6, 1.0},
simulating abrupt shifts in constraint feedback. The tran-
sition dynamics are time-dependent, where each transition
distribution P, . , is independently sampled from a Dirich-
let distribution with a concentration parameter o = 0.5. A
smaller concentration parameter like 0.5 encourages spar-
sity in the resulting probability vectors, meaning that the
sampled distributions are likely to concentrate mass on a
small subset of next states. This induces partially deter-
ministic behavior while still preserving stochasticity across
transitions. The initial state is sampled uniformly, ensuring
that each trajectory starts from a randomly selected state.
Throughout all experiments, the cumulative cost constraint
threshold is 0. This controlled CMDP environment enables
us to evaluate our algorithm under both stochastic and adver-
sarial constraint settings. We plot the cumulative constraint
violation across learning episodes(X = 3000), where both
the stochastic and adversarial curves clearly demonstrate
the algorithm’s ability to ensure sublinear violation growth.
In particular, the observed trend aligns with the theoretical
O(VK), highlighting the algorithm’s robustness in main-
taining feasibility over time.

Stochastic Violation
1000 Adversarial Violation
s
w 800
S
>
o 600
2
©
= 400
1S
=1
O 200
0
0 500 1000 1500 2000 2500 3000

Episode
Figure 2. Cumulative Violation over Learning Episodes

7. Conclusion

In this work, we addressed the challenge of online safe
reinforcement learning in dynamic environments with ad-
versarial constraints by proposing the Optimistic Mirror
Descent Primal-Dual (OMDPD) algorithm. Our approach
is the first to provide optimal guarantees in terms of both
regret and strong constraint violation under anytime adver-
sarial cost functions, without requiring Slater’s condition
or the existence of a strictly known safe policy. OMDPD
achieves regret and violation bounds of @(\/F ), which are
optimal with respect to the number of learning episodes
K. We also demonstrated that access to accurate estimates
of rewards and transitions can further improve these per-

formance guarantees. Our work advances the theoretical
understanding of CMDPs and provides a robust solution
for safe decision-making in adversarial and non-stationary
environments. Future research directions include extend-
ing our framework to multi-agent settings and investigating
scenarios with partial observability.
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A. Missing Related Work

Online Constrained Optimization. Recently, (Sinha & Vaze, 2024) achieved sublinear regret in an adversarial violation
setting. However, their approach relies on Online Gradient Descent and thus cannot attain a tighter bound even when the
reward is fixed. Meanwhile, Lekeufack & Jordan (2024) proposed an algorithm based on optimistic online mirror descent,
attaining comparable regret and violation bounds to ours.

B. Optimistic estimates Related Lemmas
B.1. Proof of Lemma 5.6

Lemma 5.6. With probability at least 1 — §, Pr[G] = 1 — 4, where G is the good event defined in Eq. (27) for stochastic
constraint setting and Eq.(28) for adversarial setting, where 6 € (0, 1).

Proof:

Define the following failure events representing the set in which the transitions and observations are far from our current
optimistic-estimation:

F]f = {Elsaaaslvh : ‘ph(5/|3»a) _ﬁﬁ_l(sl|87a’)’ > ﬂzk?,h(svavs/)}

K Th
FN — {Z 3 G 9Py pea omsamK + am 2K

—1
A1 (o) (s,a) v 1 o

45" (s, alp)

>6HSA+2HVSAK +2HSAIn K +51n 2];[(}

k=1 (s,a,h) nfb_l(s,a) v1
Fy = {Els,a,h : ‘Fh(s,a) — f}’f(s,a)} > [327,1(5,&)}
Fl = {Hs,a,h : ’Jh(s,a) - J’ﬁ(s,a)’ > B,‘fyh(s,a)} (Stochastic setting)

we define ], as

k—1 k—1

P N o |Dh (S s a)(L— Pyt (s]s, @) L] L5
By n(s,a,8") =2 +
’ ny (s,a) v 1 ny (s,a) v1

L
r d §
By n(s,a) :=BLn(s,a) =, | ————
k,h( ) k,h( ) nffl(s, a) v 1

where we set Ls = In(1254HK) 1P — 1y (6SAHK) apnq §' = 3. Then set F? := | J;_, FP F" = (s, F|, F? =
U,Ile F{. Hence the Good event is denoted as:

G = (FN e JFr UFd) 27)

And because we did not estimate constraint d in the adversarial setting, the Good event is defined as:
G = (FN Ure F) (28)

Finally, it is easy to show that the good event G happens with probability at least 1 — 4. Specifically, Pr[F? U F" U F4] < % ,
where the detailed proof can be found in (Efroni et al., 2020)(Appendix A.1). Furthermore, by Lemma E.2, Pr[FN] < § =
%6. Then we can prove that Pr[G] > 1 — ¢ by union bound.

B.2. Proof of Lemma 5.7

Lemma 5.7. Conditioning on the Good event G, the optimal policy 7* induced by the occupancy measure q”* under the
optimal policy for solving the CMDP problem (3) is a feasible solution policy for any episode k € [ K] such that:

¥ e {ﬂ' e AS 1 dlq"(p) <0,p € Bk}
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Proof: For the stochastic cost case, the good event G implies that |dy, (s, a) — dy.1 (s, a)| < Bit (s, a) forall (s, a, h, k) €
S x A x 8 x [K]. Due to the definition of the optimistic cost dy, we have di ,(s,a) < dj(s,a). Then we have
qu* < d'¢*. Since 7* is a feasible solution of (3), we have cigq* < d"¢* < 0. For the adversarial cost case, we take
dj, = dj. Furthermore, conditioned on the good event G, we know that the true transition kernel p € Bj. Therefore, ¢*
satisfies that ¢* € {q : qu(p’) <0,p' € Bk}.

C. Key Lemmas proofs for Theorem 5.1

C.1. Proof of Lemma 5.8

Lemma 5.8. Let C = sup,, ,,co P(q1,92), Vi = V(fr(qr)), Vi—1 = V(fx—1(gr—1)), and define the learning rate as:
Nk = v/Cmin

1 .
1 ¢ . Then, the regret is bounded as:
{\/Z?f V=Vt B+V/EIT IVi= Vil } 8

K
Regretag < 3.5VC Z IVe = Vi3 +1
k=1

Proof: Updating rule we use for Optimistic OMD in Algorithm 1:

- 1
Fi(9) = (=i g+ @ )l a]®) = S lla — ax[?
where we know [y (q) is 1-strong convex. By apply Optimistic OMD and convexity of fi(q), we have:

(frlar) = fr(q®) <V (frlar) ar — 4

For easy notation, we denote V(fx(qr)) = Vi, V(fk-1(qx—1)) = Vi—1 Then, we can arrange for the following equal
transformation:

term 1 term 2 term 3
{ar — 4%, Vi) = {ax — Gks Ve = V1) +{ak — Gk, Vie—1) +{Gx — ¢*, Vi) (29)

We can directly have upper bound for term 1:

{qk = Qs Ve — V1) < |ax — @rl2| Ve — V12

And any update of the form a* = arg minge 4 7{a, x) + D(a, c) satisfies for any d € A:
{a* —d,x) < % (D(d,c) — D(d,a*) — D(a*,c))
In our form, replace a* = qi,d = Gx,c = Gp_1,* = Vi_1,1n = Nk, we have upper bound for term 2:
{qrk — G, Vi—1) < nflk (D(Gk> Gr—1) — D(dk, k) — D(qk, Gr—1)) (30)
Replace a* = Gi,d = q*,c = Gx—1,x = Vi, n = N, we have upper bound for term 3:
G =,V < - (D" ) = Dla® ) ~ Dl ) G
Combine their upper bound together we have:

. 1 .. R .
e — 4*, Vi) <@k — @2V — Vi—1llz + p_ [D(Gk, Gk—1) — D(dk, qx) — D(qk, Gk—1)]
1 R . O
+ % [D(q*a Qk—l) - D(q*, Qk) - D(kaQk—l)] (32)

. 1 . R . R
< gk — Gkl Ve — V=12 + - [D(¢*, qr—1) — D(¢*, dx) — (G, ar) — D(qs Gr—1)]
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. - 1 : .
Because we set U is a 1-strongly convex function, we have D(q1,q2) = 3[lq1 — ¢z[3; then:

X 1 X X 1,. 1 .
e — 4%, Vi) < |ax — @kl2|Vie — Vi—1]2 + o [D(q*,qkl) —D(g¢*, qr) — §H(Ik —qil? - 5”(]k — qk1||§]

Then, sum it:

K K
1 N R 1 1
D iak — ¢, Vi) < 2 lak = @kl2I Vi = Vioal2 + —D(g*, o) + D] D(g* — dr-1)(— —
— —1 m s Mk Mk-1
51
- Z 5 —(lgr — @xl3 + lax — Ge—113)
Mk
k=1
We define C = sup,, ,,e0 D(q1, g2), then we have:
term (a) teni (b) lerﬁ (c)
11 X US| X
Z<Qk —q*, Vi) < (* +—)C+ . llgr — drl2l Vi — Vic1la = Y] 5 (lax = rl3 + lax — Gr—13)
k=1 nK k=1 k=1 "k
Besides, we will use the following fact:
_g _ _inf P, - 2, Ly o
o = 291 = Frcale = inf {219 = VcalB + 5l - anl3)
And by setting p = 741, we have upper bound for term (b):
. k 1 .
lat = 21V = Vieals < P52V = Viea |3+ 5—law — a3
2 2Nk41
Then, consider learning rate 7, in the following condition:
1
nk = v/Cmin .1
VI IV = Vi3 + 4/ S5 IV - Vi
1
> +/C min ,1
2/ S IV = Vi3
LA 2 ki‘juv Vii2,1
— < —max i — Vi3,
o Ve i=1 ’
Then for term (a), the upper bound is (n% + n— 2\/2 Y[V = Vi_1]3 + 2). Now, we get:

K
Dok — ", Viy <VC | 2 ZHVrW 13 +2 +2"’€“nvrvk 113

k=1
K K 1 K 1
_ - A2 - A 2
+ Z qu k|3 — kZl T lgr — axl2 /§1 T lar — Gr—1l2
K K o
1
<VC (2| X IV = Vil +2 |+ ) 2+ IV — Vi1
k=1 k=1
501
+ 2 HCIk — rl3 - Z THQk — Gell3
b1 2Tk

where the second inequality arrived by dropping positive term ||qx — Gr_1 3. Now, we first deal with the last two terms:

2 Z A~ ) z :

N
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Now, we get:

K K K ot C
Dlar —a* Vi) <VC [ 24| X IVe = Vial3+2 |+ Z | Vi = V|3 +
k=1 k=1 k=1 K+1
< S Nk+1
<3VC \ DUIVeE= Vi3 +1 ]+ )] 2* IV — Vi_1]?2
k=1 k=1
And notice ng41:
1
Mk+1 = VC min 1
VI IV = Vina 3+ /S IV = Va3
e VIV - Vil - SV - Vil
Vi = Vi3 ’
Thus, we get:
K K k k—1
Nk+1 Ve
Do IVE=Viaald < = 3 (4| 2 IV = VicalE =y | 2 IVi = Vical3
k=1 k=1 i=1 i=1
Ve | &
< 5a| 2 VK= Vil
k=1
Next, we can have the upper bound:
K K L
Doar =" Vi) <3VE (| D] IV = Vil + 1 2 V= Vi |3
k=1 k=1 =1
K
<B5VC [\ D Vi = Vi3 +1
k=1
Finally, we get:
K K K
D (Felae) = fr(@®) < DV (frlar) ae — ) = Y ar — ¢*, Vi)
k=1 k=1 k=1
K
<35V [\ D IV = Vi3 +1
k=1
C.2. Proof of Lemma 5.10

Lemma 5.10. Let p; denote the transition kernel in the candidate set By, and let 7, and Jk be the estimations used by
OMDPD. Then, conditioned on the good event G, the estimation errors for the stochastic cost case can be bounded as
follows:

[V (7, i) — V™ (7, p)] < OWNSAH3K + S?AH?),

M=

P (33)
_ - + -
3 [V’T’“ (d,p) — V™ (dy, ﬁk)] < OWNSAHK + S2AH?).
k=1
The estimation error for the adversarial cost case can be bounded as follows:
K
DIV (di,p) = V™ (di, i) < O(VNSAH3K + S*AH®). (34)

>
Il
—_

15



An Optimistic Algorithm for online CMDPS with Anytime Adversarial Constraints

Proof: To prove (33), it is sufficient to show that
K
> ‘V’“k (L i) — V™ (Z,p)‘ <O ( NSAH3K + 52AH3)
k=1

for £ = r,d. The right-hand side of the above inequality can be decomposed as

K K
DV i) = V)| < X VB be) = V()
k=1

K
£ 3 V)~ VD).
k=1 k=1

>

Term 1 Term 2

Note that ﬁ,‘i’h(s,a) = \/Ltg/(nﬁfl(s,a) v 1) < +/Ls. Then the estimated function ¢, satisfies /x5 (s,a) € [~1 —
vV Ls,1++/Ls] forall (s,a,h,k) e S x A x [H] x [K]. By Lemma E.6 with C' = 1 + /L, Term 1 is bounded as

Term 1 < O (\/NSAH3K + SQAH?’) )

To bound Term 2, by Lemma E.1, we can write it as

K
Term 2 = 2 E
k=1

H
> lﬁh(smah) —fk,h(shﬂlh)‘ | Slaﬁk,p] .
h=1

Furthermore, conditioned on the good event G, it follows that

Ls

Un(s,a) — ék,h(s,a)’ < ’Zh(s,a) - éﬁ_l(s7a)’ + ‘éﬁ_l(s,a) - gk’h(s,a)‘ <2 m.
h ’

Applying this, Term 2 can be bounded as

H
Ls
Term 2 < E P L G
1;1 |J;1 m| bk P

where the last inequality follows from Lemma E.2. Finally, we have

<O (H\/m n HSA)

K
3 ’Vm (T, pe) — V™ (g’p)‘ = Term | + Term2 < O (m + SZAH?’)
k=1

as required.

Next, (34) is a direct consequence of Lemma E.6 with C' = 1. O

C.3. Proof of Lemma 5.9

Lemma 5.9. Let Vi, = V fi.(qx) denote the subgradient of the potential function f}, evaluated at g;. Under OMDPD, the
cumulative variation of consecutive gradients is bounded as:

V6SAHK (1 + @' (Ag))
SAH

K
2V = Vi3 <
k=1

Proof: In the algorithm, we have:
- 1
Mot = M+ aldlqe]t, ®(x) =exp(Bz) — 1,  falq) = a(—Fq+ &' (\e)[dfq]") - Sla - ax|?

Based on convexity, we have:

(Ar—1) + " (Ae) (Ak — Ap—1)
(A=) + @' (W) - o[di ar]*

16
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Based on drift analysis, we have:
(M) — @(Ae1) < ®'(M) - a([df gr] ") (35)
And we know:
() = o=l g+ @O aul*) — Sl — anl?
filar) + a(Flar) = ' () - a([dfar] ) (36)
Combine (35) and (36) together:
(M) = D(Nk1) < filge) + a7l ar)

Also, we have:

. 1
fuld®) = a(—Flq* + <I>’(Ak)[672q*]+) = 5le* —al?

= —a- g — Hq* — qi]?

Combine the equation together, we have:

(M) — @(\k-1) < falar) + ol ar)
D) — D(Meo1) — i a) — fula®) < frlar) — fulg®)
(k) — P(Me1) + a(ff ¢ — 7L ar) < frlar) — fi(q®)
Take the summation over K, we have:
K

K
Z Peq* =il ar) < ) felar) = falq®)

Based on Lemma 5.8, we have:

K K
2 ¢*) <35VC || D IV = Vi3 +1
P k=1

Now, we analyze the upper bound part. Vi = V f1(qx), Vik—1 = V fi—1(qx—1)
Vi = Vfi(ar) = o= + @' (Ae)dy)
Vi1 =V fi1(qr-1) = a(—Fr—1 + & (N\p_1)dp_1)

Thus:
IV = Vi1|? = |Vifel(ar) — Vro1(qe—1)[?
= a?| — (Fe—Tp—1)+ ®' (M) dr— @' (A1) dpe—1 |2
= o?|[Fx — Foo1 |+ 02| ® () d — @ (Ae—1)di—1||* + 2071 — o1 ||| @ (A )d — @' (Ae—1)di—1 |

|2 (M) — @ (Ak—1)di—1]* = | (M) die— @' (A1) i + D' (A—1)die — @' (A1) dp—1 [
= [ di(®'(Ak) — ' (A1) + @' (A1) (die — di—1)?
2(1 ++/Ls)*SAH||®' (\g) — @' (Mi—1)|* + 2(1 + +/Ls)*SAH||®' (Ap—1)|?

First deal with |®'(A\z_1)|?, we define ®(x) = exp(Bz) — 1, so we have ®’'(\;) = Bexp(BAx) > 0,Vk € K. Because
exp(x) is increasing, we have ®' (A1) < ®'(\3) < ... < ®'(Ak). Thus, Vk € K we obtain:

[ (A—0)[* < @ ()2
For |®'(A\x) — ®'(Ax_1)|%, we use (a — b)? < a® + b? and have:
19" (Ak) = @' (1) |* < 127 () | + |97 (A1)

17
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<[ (x)|? + |2 (M) = 2 (Ake)|?
Therefore, we have the upper bound:
19" (A ) — ' (Mp—1)dip—1]> < 2(1 + A/Ls)2SAH|®' (M) — D' (Me—1)[? + 2(1 + \/Ls)2SAH| D' (A1)
<2(1++/Ls)?SAH - 2|®' (\i)|* + 2(1 + \/Ls)>SAH - |®' (Ag)|?
< 6(1 +/Ls)>SAH||®' (\g )|

Therefore,

K
DIV = Vi3

k=1

K K
17 = P24 D5 19/ ) di =@ A1) 1242 D 7 = Pt |19/ (M) die =@ (A1) |
k=1 k=1

.
M=

b
Il
—

k

1

K K
(7% _fk_12+adz ‘CI)/ (Ak) dk D' (A1) dk 1|2+04J Z 7% —f;f_lHH‘I)/(/\k)dk—q)/(/\k_l)dk_lH

N
Q
/
1=

diff 1 diff 2 diff 3

For diff 1:

K
Dl — e P< a\/(l ++/Ls)2SAHK
k=1

For diff 2:

K K
QJ DY k) de =@ (Ne—1)di—1 |2 < ad Z 6(1 4+ A/Ls)2SAH|® (\g )2 = a(I)’(/\K)\/G(l ++/Ls)2SAHK

k=1 k1
For diff 3:
K
J 237 7k — Froa | |19 (A )i — ' (Ap—1)dp—1 | < o | 2 Z N/ Ls)SAH | (A)dy — & (Mp—1)dp_1]|
k=1
K
<2 3+ VL) SAHN6(1 + \/Ly)2SAH® (M)
k=1
= i SAHA/24(1 4+ 1/ Ls)3®'(Ag)
K
<y | D) SAHN/36(1 + /L) ' (Ax)
k=1
K
= | D1 6(1+/Ls)2SAH® (Ag) = «/(I)’(/\K)\/G(l ++/Ls)2SAHK

< (®'(Mg) +1) \/6(1 ++/Ls)2SAHK

where the last inequality holds for y/a < a + 1, Va > 0. Therefore, we have the upper bound of \/ SE Ve = Vi3

K K K
J DIV — Vil < ad D7 — 7*1~c—1|2+OéJ D2 k) di =@ (1) di 1 |2
k=1 k=1 k=1

diff 1 diff 2

18
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K
+0J22 I7e = Pra |19’ (Ak)di — D' (Ak—1)di—1

k=1

diff 3

< a\/(l ++/Ls)2SAHK + o@’(AK)\/m ++/Ls)2SAHK

diff 1 diff 2

+ a\/6(1 ++/Ls)?SAHK + a(I)’(AK)\/6(1 ++/Ls)2SAHK
diff 3
< 2a\/6(1 ++/Ls)2SAHK + Qa@/(AK)\/ES(l +4/Ls)2SAHK = 2a(1 + 7/Ls)V6SAHK (1 + @ (\k))

V6SAHK (1 + @' (Ak))
SAH
where the last equality holds for choosing o =

1
2(1++/L5)SAH "

C.4. Proof of Lemma 5.11
Lemma 5.11. Based on Lemma 5.8, 5.9, the following upper bound holds:

Z Fa* — il ar] < 2(1 + v/Ls)(SAH + 4/CV6SAHK)

Proof: Based on Lemma 5.8, 5.9, we have the following relation:

K K
(k) +a ) (Frg* — ) < Z fre(@®) < 3.5VC (J DUIVe— Vil + 1)
k=1

k=1

K
2 Vi = Vi3 +1
- c( 6SAHK(1+ @ (\x)) >

< 3.5VC
\f

SAH

Now we can have:

K
- V6SAHK (1 + @' (Ak))
(I)()‘K)+O‘I;1[rkq*_erk] < 3.5VC SAH
G . VESAHK (1 + &' (A
D(\g) + ozkgl[r;q* — r;qk] <3.5VC ( S(AH (Ar)
X V6SAHK Bexp(BAx)V6SAHK
exp(BAg) — 1+ a Y [Fl¢* — 7 qu] < 4VC ( +4C
,;1 SAH SAH
K
T B-4VCV6SAHK V6SAHK
O‘];l[rkq rar] < exp(BAk )( AL 1] +4vC —ag | !
X 4[ \/GSAHK 1 V6SAHK 1
Z[qu _Tka < exp 5/\1{ - — 4\f W + —
k=1 « [0

2(1++/Ls)SAH + 8(1 +\/Ls WVGSAHK
2(1 4+ /L) (SAH + 4VCV6SAHK)

SAH
V6SAHK '

where the last equality obtained by a = 3 T \/LL&_) sam P < g 7
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C.5. Proof of Lemma 5.12

Lemma 5.12. Under the stochastic rewards setting, with probability at least 1-24, we have
K

K_ 2

DTt - #lg*] < SAH 5 (3)

Proof: Based on the optimistic estimates, we know that: 7, = #;,_1 + 8}._(s, a). Then, we have the following relationship
Pt =gt =gt — " — B (s, a)q"
<7t —7i1q*
where the inequality holds for 5], (s, a) and ¢* is non-negative. Thus, we have the following relationship easily:

a)
K K
Z — i g*] < ) [Pt — i1t

k=1

Based on norm property, and for each episode k, we have:
}qu* - f;I_ch*} S [ Y P 7 1
and from the definition of reward r and Fact 5.4, we know that |7 — #;_1[lc < 1 and ||¢*|1 < SAH. Thus:
< SAH

{qu* _ fk—lq*‘ <

If the objective costs are stochastic under Lemma 5.6, and by the Azuma-Hoeffding inequality we have

K-1 .
Prl Z r q* 2 rk 14" ] 5=2e(_m)
k=1
Thus by setting M as:
(K-1), 2

we have when the objective costs are stochastic, with the probability at least 1 — 2§

K—1 K—1
K—-1 2
Z gt — Z fr_1q*| < SAH H-1) )1n(5)
k=1 k=1
Then, by the absolute value property, we can obtain:
K—1 K—1
Z Tl S A S T A
k=1 k=1 k=1
K-1 K-1
<| Q0 FTat = ) g+ T g
k=1 k=1
K-1 2
a0 3 s

C.6. Proof of Lemma 5.13
Lemma 5.13. Based on Lemma 5.8, 5.9. Then, the following upper bound holds

Z d;, Qk < 16(1 + VLs)VCV6SAHK In (K +8VC <\/T> I 2)

where d;, = Jk under stochastic setting and di, = dj; in adversarial setting
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Proof: To begin with, we deal with the stochastic setting first, which is d = Jk. Since we have the fact that min and max
value for regret that: —|7[ ¢* — 7l qi| < (Flq* — 7l ax) < |7 q* — 7 qi|- And |7l q* — Flar| < |7xl2a* — arl2 =
(14 +/Ls)SAH. Thus, we have:

K K
N a* —ia) = Y i ¢* —Harl = —(1+VLs)SAHK
k=1 k=1
Therefore, we have:
K
6SAHK(1+ ®'(\
O(Ak) +a Y [Flg* -l q] <35VC (Jis(A; ( K))>

B(\e) + a(—(1 + /L5 SAHK) < 3.5¢5<@g@<m>>

exp(BAk) — 1+ a(—(1 +/Ls)SAHK) < 4/C (W) +4vC (ﬁeXp(ﬁ/\;iH(SSAHK)

exp(BAk) (1 —B-4VC (W)) < a((1++/Ls)SAHK) + 4V/C (W) +1

exp(Brx) < */?SAH K) +4VC (V) +1

s )

where the last inequality holds for choosing /3 such that 1 — 3 - 44/C (7VGSAHK> > 0:

SAH

8.4VC V6SAHK <18« SAH
SAH 44/C\6SAHK

. . . SAH
which thesjlg)osmg of 8 match when we prove the regret bound in that case we choose 8 < TVCVeS AR Here, we let
B = m and we have:

a((1 + VL5)SAHK) + 44/C (7%%) +1
(- e ()

a((1 + vLy)SAHK) +4fc(7wsi§‘gf<) +1
1

2

= 2a((1++/Ls)SAHK) + 8VC <W> +2

exp(SAk) <

SAH

V6SAHK
—K+8\/E (W + 2

where the last inequality holds for take o = Then, recall the definition A\, = Ap_1 + oa[cZqu]Jr, SO

1
N 2(14++/Ls)SAH"
Ak =« Zszl [d] qi]*. Thus, take the log operation and we have:

V6SAHK
BAk < 1In <K+8\/E (SAIJ) + 2)

1 V6SAHK
)\Kgﬁhl (K+8\FC<SA}I> +2>

K
1 V6SAHK
k:l
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K
1 V6SAHK
deQk \ﬁln<K+8\/7<65AH>+2>
k=1

= 16(1 +VLs)VCV6SAHK In (K +8VC (

V6SAHK i
SAH

The proof of dy, = dj, is almost same with the situation that dy = cik. Hence, we can directly have:

K
V6SAHK
DAL ar]t < 16(1 + vVLs)VCV6SAHK In <K +8VC (%) + 2)
k=1
D. Main Theoretical Analysis
D.1. Proof of Theorem 5.1

Proof: In this section, our proof is based on the roadmap described in Figure 3. The context is divided into Regret and
Violation parts, respectively.

K
Lemma 5.7 —I’I&Regretalg D(\g) + o Z[F,;rq* — 74 qi] < Regreta,
k=1

Prove ine [ . _  |Prove
Lemma 5.8 Combine |} a5l Regret(K)

K
OZE [Fra" =7 ]
k=1

Lemma 5.10 Lemma 5.9 =P Violation(Sto)

Prove

Prove Prove
Lemma 5.12 @ ()\ K ) Lemma 5.9(Adv) Violation(Adv)
Combine L—— |

Figure 3. Proof Roadmap of Theorem 5.1

D.1.1. REGRET BOUND PROOF

Recall the definition of Regret:

[
D=

Regret(K) = >, [V™" (7.p) = V™ (7,p) |
k=1
K K
= Y V™ (s i) — 1+ Z [ -V ’“(Tmpk)]
k=1 k=1
Estimation Error Opnmlzatlon Error

We can bound the “Estimation Error” term by using Lemma 5.10. Now, let’s go through the details of the “Optimization
Error” term. We will first decompose it as follows:

> [V”* (7,p) = V™ (P, Bi ] Z —E[ al] = D [E[F ¢*] — E[7] ¢*]] + ] [E[7) ¢*] — E[7 ax]] -

Thus, it’s clear that we can use Lemma 5.11 and Lemma 5.12 to bound these two terms, respectively. Therefore, the Regret
is bounded in the following inequality:

K
[V (i) = V)] + 3 [V (7p) = V(s )
1 k=1

D=

K
Regret(K) = Z [Vﬂ*(ﬂp) -V (f,p)] =
k=1 k
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D=

K K
= > V™ (i, k) — V()] + D) [E —E[fgq*]]+ >, [E[7 ¢*] — E[7; ax]]
k=1

=1

=

k

1

Lemma 5.10 Lemma 5.12 Lemma 5.11

OWNSAIPE+S?AH®) + SAH, | I - D 1n(§) + SAH +2(1 + \/T)(SAH + 4v/CVGSAHK)

ONVNSAH3K+S*AH®) + SAH (K 2_ D 1n(§) +3(1++/Ls)(SAH + 4v/CV6SAHK)

D.1.2. VIOLATION BOUND PROOF

Stochastic setting. Recall the definition of stochastic Violation:

M=

Violation(K 2 V’Tk d p 2 [V”k (d,p) — V™ (Czk7pk)]+ + [V’”“ (dkalﬁk)]+
k=1

k=1 k=1

Estimation Error Optimization Error

Similarly, we first use Lemma 5.10 to bound “Estimation Error” term under the stochastic setting. Next, we will deal with
the optimization error term by Lemma 5.13:

K + K IO AT T
k; [v“ (Jk,f;k)] = ;[}E[dk @] <16(1 + VLs)VCV6SAHK In (K +8VC (W) + 2)

Hence, the whole stochastic Violation is bounded as:

- + K - +
Violation(K 2 [Ve(d,p)] " = Z [V”k (d,p) — V™ (dp, pk)] + 3 [V”k (di, ﬁk)]
k=1 k=1 k=1
Lemma 5.10 Lemma 5.13
< O(WNSAH3K+S*AH®) +16(1 + vLs)VCV6SAHK In (K +8VC <w> + 2)

Adversarial setting. When we deal with adversarial constraint, by the definition:

Mx

Violation( K Z (V7™ (dg, p) Z (V™ (g, p) — V™ (dy, pr.)] +
k=1 k=1 k

(V™ (d, pr)]*

Estimation Error Optimization Error

In this situation, we proved an additional estimation error bound in Lemma 5.10 with adversarial case and with Lemma 5.13,
the following bound can be obtained:

K K
Violation( K Z [V (dg,p)] " = Z V™ (di,p) — V™ (di, )] + Z (V™ (d, pr)] "
k=1 k=1 k=1
Lemma 5.10 Lemr;lzl 5.13
~ . V6SAHK
< OWNSAH3K+S?AH?) + 16(1 + vLs)VCV6SAHK In (K +8v/C <65M{> + 2)
D.2. Proof of Remark 5.2

If we fix the reward and constraint, where 7, = 7_1, Jk = Jk_l, then we have the following relationship adapted from
Lemma 5.9:

K K
DUIVE = Vit <oy | Y] @' (Ae)dk — ' (Ak-1)dr
k=1 k=1
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a(1++VLs)®' (A

K)V2SAHK

Tighter Bound Analysis. Similar to proof in Appendix C.4 we can obtain:

(Ak) + aé[ﬂq* — g ar] <3.5VC (QI(AKQ)W>
exp(Ox) — 1+ (70" ~ ] < Besp(Oe) - 351 (W)
i
ak;[flq — i ar] < exp(BAk) <ﬁ~3.5fc (W) _ 1) b1
él[rkq — 7p i) < exp(BAk) 35[& ggf‘gK) 1 +$

1

2(1 + VLs)SAH
2SAH

where the last equality obtained by o =

S At~ ax].

E. Useful Lemmas

Lemma E.1 (Lemma E.15 of (Dann et al.,

<
2(1+x/f(;)SAH’ﬁ = 3.5VCV2SAHK

2017)). Consider two MDPs My = (S, A, {p+ }L |, {ri}_ ) and My

(S, A, {p2 Y| {2} ). For any policy m and s, h, the following relation holds.

Vi (sirtpt) = Vil (s:0%,p7)

H
=k [ D rhlsnean) = ri(sn an) + (o, = pR) (| snyan)Vila (578 0") [ sn = 7,07
h'=h
where (py, — piy) (- | sy an) Vi1 (578, 0Y) = Xoes0h — DR)(8" | sh, an) Vi1 (s's 78, pt).
Lemma E.2 (Lemma D.5 of (Liu et al., 2021b)). With probability at least 1 — 9,
(s,a) 2HK

%% 3

h=1(s,a) hl(sa)\/l

. i~
Z::g (sa)vl

5a)

<6HSA+2HVSAK +2HSAInK +5In

<4HSA+2HSAInK +41n

2HK

Now, we clearly prove a O(1) bound for

where q;* (s,a) = Pr(sp, = s,an, = a | s1, 7, p).
Lemma E.3 (Lemma 8 of (Jin et al., 2020)). Conditioned on the good event G, for all (s,a, h,s', k) € SXx Ax[H]xSx[K],
there exists constants C1,Cy > 0 for which we have for all ﬁk € By, that

pr(s,a)Ll Co LY

kN !
- s sa)<C :
‘(ph ph)( | )| ! ﬁ 1(8,@) v1 TLZ 1(8,(1) v1

The following lemma is Lemma 10 of (Chen & Luo, 2021) with a boundedness constant C' for the reward function r.
Lemma E.4 (Lemma 10 of (Chen & Luo, 2021)). Let 1, be an arbitrary function such that ry, (s, a) € [-C, C] for all
(s,a,h,k) e S x A x [H] x [K]. If the true transition kernel p satisfies p € By, then for any p* € By, we have

K

2,

k=1

= O(CH?S%A).

H
E lZ (ph _ﬁﬁ)( | 3}L7ah>(V}jﬁ1(';rk7p) - V}ZTJrkl( Tk, D )) | S1, Tk, P
h=1

Lemma E.5 (Lemma 4 of (Chen & Luo, 2021)). For any reward function r, policy w, transition kernel p,

H
Var <Z ri(sn, an) | 31,7r,p> >E

h=1

(39)

H
Z Vh(shvah;ﬂ-ap) ‘ Slaﬂvp] .
h=1
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Lemma E.6 (Estimation Error for p). Let py, denote the transition kernel in the candidate set By, and let {y, be an arbitrary
function with Ly, 1,(s,a) € [—C,C] for all (s,a,h,k) € S x A x [H] x [K] and some C > 0. Then, conditioned on the
good event G, the estimation error on the transition kernel can be bounded as follows:

K
Z (VT (U, p) — V™ (U, )| < O(CVNSAH3K + CS2AH?).

Proof. By Lemma E.1, the desired term can be rewritten as

i

:1

K
Z |V7"k éka Vﬂ—k(gkaﬁ

E lz pr = B) (| snyan) Vit (5 00, 5) | 5177%4

bl
=

H
E [Z Ph _ph | shaah) h+1( Ek?a ‘ Sl7ﬂk7p]

Term (I)

H
[Z ph_ph |Sh’ah)( h+1( Ui, p) — h+1< 1y )) | Slﬂ”ﬁP}

h=1

e

k=1
N

Term (II)

where we use the short-hand notation py (- | s,a)V™ (- £k, p) = X cs Pr(s’ | 5,a)V™(s"; 4y, p). Under the good event G,
we have
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due to Lemma E.3. Applying this, Term (I) can be written as
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Tt lz 2 kl# Vitka (83 6k D) = By (fsnan) Vi (873 L )| | Sl,ﬂk,p]
o1 Limis mn (shean) vl
Term (I-b)

where the third equality follows from Y., (pn — pf) (s’ | 8,0)Egrwp, (1sn.am) Vi (8”5 €k, p) = 0, and the last inequality is
due to (40). Note that the expectations can be expressed by occupancy measures. Furthermore, in Term (I-a), we can replace
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Do With X5 s.a)=0- Then this can be rewritten as

Term (I-a)

K H
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where the inequality follows from the Cauchuy-Schwarz inequality. Here,
Z ph(sl | 5, a)(‘/}zr-fl(‘s? gkap) - Es”'vph(»\s,a)vizrjl(s//; gkvp))2 = Vh(sa a; ’/Tkap)'
s":pp (s'|s,a)>0

Then, Term (I-a) is upper bounded as

Term (I-a) < C14/ L2 W N Gyt (s,aip)
<0 5\2 Z *(s,a;p)Vi(s, a; g, p) X Z Z kl(s’a)\/l

k=1 (s,a,h) k=1 (s,a,h) s":pp(s’|s,a)>0 Ty
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Z Vi(sh, an; e, p) | 81,75, p ] Z

(s,a;p)
;h) (s a)\/l.

By Lemma E.5, we have E[Zthth(sh,ah;wk,p) | sl,mﬁp] < Var (Z,{Ll Cin(Snyan) | sl,wk,p>. Since

S

Zle Ok n(sh,an) € [~CH,CH] almost surely, we have Var (Zthl Cen(sn,an) | s1, 7Tk7p) < C?H?. Furthermore, we
can bound the later term with Lemma E.2. Then it follows that
Term (I-a) = O(CVK H? x VN'SAH) = O(CVNSAH3K).

To bound Term (I-b), under the good event GG, we have |V}ff1(s’; Uiy ) = Egrepn (lsnoan) Vi1 (875 Ek,p)‘ < 2CH. By
Lemma E.2,

K H L B
Term (I-b) < 2 2 Z [1 | sl,ﬂk,p] — O (CH?S%4) .

Sh7ah)

Then we have
Term (I) = Term (I-a) + Term (I-b) = (C’VNSAH3K + CH?S5%A )

By Lemma E.4, we can bound Term (II) as
Term (II) = O(CH?3S?A).
Finally, we have

K
DIV (e, p) = V™ (L, 57)| < Term (1) + Term (II) = O(CVNSAH3K + CH®SA).

k=1
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