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Abstract

Constrained Markov decision processes (CMDPs) are a common way to model
safety constraints in reinforcement learning. State-of-the-art methods for efficiently
solving CMDPs are based on primal-dual algorithms. For these algorithms, all
currently known regret bounds allow for error cancellations — one can compensate
for a constraint violation in one round with a strict constraint satisfaction in another.
This makes the online learning process unsafe since it only guarantees safety for
the final (mixture) policy but not during learning. As Efroni et al. (2020) pointed
out, it is an open question whether primal-dual algorithms can provably achieve
sublinear regret if we do not allow error cancellations. In this paper, we give the
first affirmative answer. We first generalize a result on last-iterate convergence of
regularized primal-dual schemes to CMDPs with multiple constraints. Building
upon this insight, we propose a model-based primal-dual algorithm to learn in an
unknown CMDP. We prove that our algorithm achieves sublinear regret without
error cancellations.

1 Introduction

Classical reinforcement learning (RL, Sutton and Barto, 2018) aims to solve sequential decision-
making problems under uncertainty. It involves learning a policy while interacting with an unknown
Markov decision process (MDP, Bellman, 1957). However, in many real-world situations, RL
algorithms need to solve the task while respecting certain safety constraints. For example, in
autonomous driving and drone navigation, we must avoid collisions and adhere to traffic rules to
ensure safe behavior (Brunke et al., 2022). Such safety requirements are commonly described by
constrained Markov decision processes (CMDPs, Altman, 1999). In CMDPs, the goal is to maximize
the expected cumulative reward while subject to multiple safety constraints, each modeled by a
different expected cumulative reward signal that needs to lie above a respective threshold. We
consider the finite-horizon setting, in which an algorithm chooses a policy in each episode, plays
it for one episode, and observes the random transitions, rewards, and constraint rewards along its
trajectory.

In the literature, there are three standard approaches for finding an optimal policy in a known CMDP:
linear programming (LP, Altman, 1999), primal-dual (Paternain et al., 2022), and dual algorithms
(Paternain et al., 2019). If the CMDP is unknown, a common approach to handle the uncertainty is the
classical paradigm of optimism in the face of uncertainty (Auer et al., 2008). In their influential paper,
Efroni et al. (2020) established comprehensive regret guarantees for all three types of optimistic
algorithms in the online setup. In practice, especially primal-dual algorithms are preferred due to
their high computational efficiency and flexibility for policy parameterization, thereby scaling to
high-dimensional problems (Chow et al., 2017; Achiam et al., 2017; Tessler et al., 2018). Thus, it is
important to rigorously understand the fundamental properties of this algorithm class. Indeed, there
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has been a large number of studies on primal-dual (and dual) approaches for CMDPs (Ding et al., 2020,
2022b; Liu et al., 2021a; Ding and Jovanovié, 2022; Ghosh et al., 2022; Ding and Lavaei, 2022; Qiu
et al., 2020; Liu et al., 2021b; Bai et al., 2022, to list just a few) since the work of Efroni et al. (2020).

However, unlike for LP-based algorithms, the known bounds for primal-dual (and dual) algorithms
suffer from the fundamental limitation pointed out by Efroni et al. (2020, Section 2.2): they concern
a weaker, less safe notion of regret. More precisely, the known guarantees bound the sum of
the suboptimalities and the sum of the constraint violations across episodes, where one episode
corresponds to one round of learning. However, a policy can have a negative constraint violation
(by being very safe but obtaining a lower return than an optimal safe policy) or a positive constraint
violation (by being unsafe but obtaining a higher return than an optimal safe policy). Thus, terms
from these two cases can cancel each other out when summing the violations across episodes, a
phenomenon referred to as error cancellations (Efroni et al., 2020). An algorithm with sublinear weak
regret may heavily violate safety constraints during learning. For example, if the policies alternate
between the two cases above in every other episode, the algorithm may even obtain zero regret despite
being unsafe every second episode. This weak notion of regret falls short of capturing safety in a
setup with no simulator and where the algorithm must adhere to constraints during learning. In fact,
these cancellations are not a weakness in the analysis but rather due to oscillations of the underlying
optimization method, which converges on average but not in the last-iterate (Efroni et al., 2020; Beck,
2017). Indeed, these oscillations are observed in practice (Stooke et al., 2020; Moskovitz et al., 2023).

We thus consider a stronger notion of regret that concerns the sum of the positive parts of the error
terms instead. This regret does not allow for error cancellations, and we refer to it as strong regret.
The results of this paper address the research question pointed out by Efroni et al. (2020):

Can we design an efficient primal-dual algorithm that achieves sublinear strong regret in an
unknown CMDP?

We provide the first affirmative answer for tabular finite-horizon CMDPs. Specifically, we introduce
a regularization framework inspired by the recent work of Ding et al. (2023) and derive guarantees
in the online setup for a primal-dual algorithm that arises from this formulation.

Contributions Our main contributions are the following:

* We first prove non-asymptotic policy last-iterate convergence (Definition 4.1) of a regularized
primal-dual scheme for CMDPs despite the inherent non-concavity, assuming access to
a value function oracle (Section 4). Our guarantee generalizes previous results for the
strictly easier problem of CMDPs with only a single constraint. This is the first analysis that
establishes last-iterate convergence of primal-dual algorithms in arbitrary CMDPs.

* Combining this regularized primal-dual scheme with optimistic exploration, we propose an
improved model-based primal-dual algorithm (Algorithm 1) for online learning in CMDPs
(Section 5). Our algorithm requires no prior knowledge of the CMDP and maintains
value-optimism for the regularized problem.

* Finally, we establish that our algorithm achieves sublinear strong regret when learning an
unknown CMDP (Section 5.2). This is the first primal-dual algorithm achieving a sublinear
regret guarantee without allowing error cancellations, providing the first answer to the open
question posed by Efroni et al. (2020).

The latter is relevant due to the efficiency and practical importance of primal-dual algorithms, which
are often preferred over LP-based algorithms in large-scale applications. Additionally, we provide
numerical evaluations of our algorithm in simple environments. We illustrate that it exhibits sublinear
regret when safety during learning is concerned, while the unregularized algorithm does not. We
conclude that error cancellations are not merely a hypothetical issue of existing algorithms but bear
practical relevance.

1.1 Related Work

Since Efroni et al. (2020) analyzed the vanilla primal-dual (and dual) algorithm, their analysis has been
extended in various works, both for the case of an unknown or known CMDP (Ding et al., 2020, 2022b;
Liu et al., 2021a; Ding and Jovanovié, 2022; Ghosh et al., 2022; Ding and Lavaei, 2022; Qiu et al.,
2020; Liu et al., 2021b; Bai et al., 2022). As Calvo-Fullana et al. (2023) pointed out, even the works as-



suming full knowledge of the CMDP only establish convergence of the averaged iterates. Hence, none
of the mentioned works provides a guarantee for the strong regret or is easily amendable to obtain one.

Very recently, Ding et al. (2023) were the first to provide a last-iterate convergence analysis for a
primal-dual algorithm in a known discounted infinite-horizon CMDP closely related to our algorithm.
However, their analysis is limited to the case of a single constraint, which is non-trivial to generalize
to multiple constraints (Section 4). Moreover, the authors left it as an open question whether the
algorithm can be generalized to achieve last-iterate convergence in the online setup, when the CMDP
is unknown (Section 5). In addition, our analysis holds for an algorithm with closed-form updates
(Equations (6) and (7)), while their algorithm involves Bregman projections for technical reasons
(Lemma 4.1).

Prior, Moskovitz et al. (2023) showed last-iterate convergence of a primal-dual scheme, but their
analysis concerns a hypothetical algorithm whose implicit updates do not allow efficient implementa-
tion. Li et al. (2021) provided a dual (not primal-dual) algorithm based on regularization like ours but
only proved convergence for a history-weighted mixture policy® in a known CMDP. Similarly, Ying
et al. (2022) derived a dual algorithm with last-iterate convergence but left it open whether an online
version is possible.

Miiller et al. (2023) were the first to prove a sublinear regret guarantee without error cancellations
for a dual algorithm in the online setup. However, their algorithm, which is based on the augmented
Lagrangian method, lacks the desired computational efficiency. Very recently, Ghosh et al. (2024)
proposed a different primal-dual algorithm to achieve sublinear strong regret, but their algorithm re-
quires an exponential runtime to enjoy this guarantee. We refer to Appendix B for further comparison
with prior results.

2 Problem Formulation

Notation For n € N, we use [n] to refer to the set of integers {1,...,n}. For a finite set X, we
denote the probability simplex over X as A (X) = {v € [0,1]"| > .y ve = 1}. Fora € R, we
set [a]+ := max{0,a} to be the positive part of a. ||b|| denotes the ¢3-norm of a vector b € R™.
O-notation refers to asymptotics up to poly-log factors.

Constrained MDPs A finite-horizon CMDP with state and action spaces S, A (with finite cardinal-
ities S and A) and horizon H > 0 is defined by a tuple M = (S, A, H,p, r, u, c). Every episode
consists of H steps and starts from an initial state s; € S.> At every step h, py(s’|s,a) denotes
the probability of transitioning to state s’ if the current state and action are s and a. Moreover,
rp: S x A — [0,1], (s,a) — ri(s,a) denotes the reward function at step h € [H]. Similarly,
up: S x A = [0,1)4, (5,a) = un(s,a) = (urn(s,a),...,urn(s,a))? € [0,1] refers to the T
constraint reward functions, and ¢ € [0, H]! are the respective thresholds ¢; for the i-th constraint
(i € [I]). The algorithm interacts with the CMDP by playing a policy = € II, where

0= {(771,...,7TH)

For any 7 € II, we consider the Markov process given by ay, ~ 7 (+|S1), Sht1 ~ Dr(+|Sh, an) for
h=1,...,H. For any function r": [H] x S x A = R, (h, s,a) — r}(s,a), every (s,h) € S x [H]
and 7 € II, consider the value functions

VhVs e S: mp(-s) € A(A) }

H

QF (s a) ==K, [Z 5 (Sheyans)

h'=h

Sp =8, ap = a} ) ﬂ,h(s) = <Q:',h(37 )y mh(+]8)).

For notational convenience, we drop the indices for the step and state if we refer to h = 1 and s; and
write V.7 = V7 (s1). In the CMDP setting, we are interested in solving the following optimization

problem:

max Viiost Vi >c¢ (Viell]), M
(S )

and we fix an optimal solution w* € II for Equation (1). Among all policies that are feasible with
respect to the I safety constraints V7. > c¢;, the goal is to find one that maximizes V™.

2By mixture policy we refer to a policy randomly drawn from all policy iterates.
31t is straightforward to extend this to any initial distribution .



We consider the stochastic reward setting, in which the algorithm observes rewards sampled from
random variables Ry,(s,a) € [0,1] and Uy (s,a) € [0,1]! such that E[R),(s,a)] = 74(s,a) and
E[U; n(s,a)] = u;n(s,a) for all ¢ € [I] when taking action a in state s at step h. Throughout, we
make the following assumption, which is standard in the context of CMDPs (Altman, 1999; Efroni
et al., 2020; Li et al., 2021; Ying et al., 2022; Ding et al., 2022c; Paternain et al., 2022; Ding et al.,
2023).

Assumption 2.1 (Slater policy). There exists & € Il and & € RL ) such that Vi > ¢ + & for all
i € [I]. Set the Slater gap

= := min &;.
icl] &
This assumption asserts that there exists a policy that strictly satisfies the constraints.

Problem Formulation The algorithm interacts with the unknown CMDP over a fixed number of
K > 0 episodes. Prior to every episode k € [K], the algorithm selects a policy 7 € II and plays it
for one run of the CMDP. The goal is to simultaneously minimize its two strong regrets:

R(Kr) = Y [V;f* — V:k} , (Objective)
ke[K] +

R(K;u) := max [e; — VJ“L_ . (Constraints)
€[] relK]

Only when a policy has a suboptimal objective or violates the constraints, this counts to the respective
regret. All existing works on primal-dual (and dual) algorithms (e.g., Liu et al., 2021b; Efroni et al.,
2020; Bai et al., 2022; Ding et al., 2022a,c) only prove sublinear guarantees on a weaker notion:

Ruweak (K1) 1= Z (Vf* — Vf’“) , Ruweak (K;u) 1= quelalx Z (Ci — VuT;k) .
ke[K] e ek

The weak regrets allow for the aforementioned error cancellations as positive and negative terms
count toward each of the regrets. Even if they are sublinear in K (in fact, even if they are zero), the
algorithm may continue compensating for a constraint violation in one episode with strict constraint
satisfaction in another. On the other hand, a sublinear bound on the stronger notion of regret
guarantees that the algorithm achieves a low constraint violation in most episodes (see Section 5.3).
This is crucial for many practical applications where we do not have access to a simulator, but we
have to learn our optimal policy in an online fashion. In the example of navigating an autonomous
vehicle or drone, one would want to avoid crossing the boundaries of a specified track in each episode
during learning. It is not helpful to compensate for crashing the vehicle into a wall by driving overly
safely in the next episode. However, from a theoretical perspective, it is strictly more challenging to
provide a guarantee for the strong regret than for the weaker notion.*

3 Primal-Dual Scheme

Vanilla Scheme Primal-dual algorithms arise from the equivalent Lagrangian formulation (Altman,
1999) of Equation (1):

max min L(m, A), 2
ﬂel%(Aeszo (m, ) 2

where
‘C(ﬂ—v >‘) = Vrﬂ + Z AZ(VJ; - Ci) = V:Jr)\T(ufolc)
i€[1]

is the Lagrangian. Paternain et al. (2019) showed that CMDPs exhibit strong duality, by which
Equation (2) is equivalent to finding a saddle point (7*, A*) of the Lagrangian. Primal-dual algorithms

*For practical purposes, one may consider the strong regret only for the constraint violations and the weak
one for the objective. We refer to Appendix G for a discussion of the differences. However, this relaxation does
not improve our theoretical results.



solve this saddle point problem via iterated play between two no-regret dynamics for 7 and A.
Typically, as considered by Efroni et al. (2020) in the regret minimization setting,

Tr1n(als) o< e n(als) exp (1Q7 o, (5,0)) ©
Ae+1 =projy (Ax —n(Vi* —¢)), 4

where proj, refers to the projection onto a predefined A = [0, Ajq2]?, which amounts to truncating
the coordinates. We refer to Equations (3) and (4) as vanilla primal-dual scheme. The mixture policy
of the iterates is guaranteed to converge to an optimal solution pair of the min-max problem. However,
the last iterate is not guaranteed to converge. Instead, the method oscillates around an optimal
solution, which results in the weak regret bounds of previous primal-dual algorithms (Section 6).

Regularized Scheme The key idea of the regularization is to induce strict concavity in the primal
variable (to be precise, in the state-action occupancy measure dj (s, a) := Px[s, = s, a5 = a] and
not in the policy) and strong convexity in the dual variable A. This enables us to establish convergence
to the unique solution of the regularized problem. We then show how to retrieve an error bound for
the original, unregularized problem by carefully choosing the amount of regularization.

For 7 > 0, we define the regularized Lagrangian L, : TI x RT — R as

Lr(m,A) = L(m,X)+T <7—l(7r) + ;||)\|2> )

where H(m) = —E, [ZhH:l log (7 (an|sn))] is the entropy of a policy w. Then, consider the
following regularized CMDP problem:

in L-(m, ), 5

U ) ®

The domain of the dual variable A is now a compact set A := [0, )\maz]l , With Aae > HZ! to be

specified (crucially, we will choose it depending on the number of episodes K'). Thanks to strong
duality of the unregularized problem, any saddle point (7%, A\*) of £ satisfies ||A*|| < HE"! (e.g.,
Ying et al. (2022) for infinite horizon), which will allow us to constrain the dual variable as above.
We denote the regularized primal and dual optimizers as follows:
7wy = argmaxmin L,(m, A), A = argminmax L, (m, A).
well AEA AEA well

Regularization preserves strong duality (Appendix C), by which we are equivalently looking for a
saddle point (7%, AX) of the regularized Lagrangian £.. Ding et al. (2023) proposed to perform the
ascent-descent scheme in Equations (3) and (4) on £ rather than £ in the discounted infinite-horizon
setting given a value function oracle:

s 1,n(als) xmin(als) exp (nQT yry sy, 4(5:0)) ©)
A1 =proju (1 =n7) A, — (V" =), M
where ¥y (s, a) := —log(mk,n(als)). We refer to Equations (6) and (7) as regularized primal-

dual scheme. In fact, our scheme above is a simplification of Ding et al. (2023)’s algorithm, since
their policy update would read 741, (:|s) = arg mMax_ . |ocAA) (mn(-]s), Q:j-kfu—&-rwk,h(s’ ) =
%KL(ﬂh(~|s)||7rk,h(-\s)), where A(A) := {m(-|s) € A(A) | Va € A: 7(als) > e9/A} for some
€o > 01is a restricted probability simplex for technical reasons stemming from the analysis. While
this update can be performed via Bregman projections (Orabona, 2019) of the KL divergence onto

A(A), this requires solving a convex program at every iteration k of the scheme. In contrast, our
scheme admits a closed form of the policy update in Equation (6) due to our modified analysis (see
discussion of Lemma 4.1).

4 Last-Iterate Convergence

In this section, we prove last-iterate convergence of the regularized primal-dual scheme (Equations (6)
and (7)) with an exact value function oracle (e.g., via policy evaluation if the true model is known)
for an arbitrary number of constraints. We define last-iterate convergence as follows.



Definition 4.1 (Last-iterate convergence). A method producing policy iterates m, € Il (k =1,2,...)
is last-iterate convergent if
V-V 0 and ;- V™). =0 (Vie[l)

T
as k — oo.

The main technical challenges we overcome to show last-iterate convergence are: (a) to prove

ascent properties for the primal update (Equation (6)), which optimizes a nonconcave objective
. . Tk 3 .

with surrogate gradients () 3_ AT utripn, h(s, a) that are unbounded in general; and (b) to bound all

unregularized constraint violations of the last iterate 7, in the presence of more than one constraint.

We provide all proofs for this section in Appendix D.

Regularized Optimizers Our first step is to show that the iterates (7, A, ) converge to the regularized
optimizers (77, AX). Indeed, we formalize this by showing that the potential function

1
%:;ﬂﬁwﬂﬂm@+ﬂM—Mﬁ
approaches zero, if we choose the regularization parameter 7 and the step size 7 sufficiently small.
Here, KLy, 1,(s) := KL(7} 1, (+[s), 7,0 (-] s)) refers to the Kullback-Leibler divergence between the
optimal and the k-th policy, and Py refers to the probability distribution under policy 7.

Lemma 4.1 (Regularized convergence). Let 1,7 < 1 and Moy > HZL. The iterates in Equa-
tions (6) and (7) satisfy

By < (1 7)1 +0 (n771Chrn)
H3A1/2]2 exp (UH (1 + )\maml + log(A))) + I (H + T)\ma;p)2~

Despite the exponential term, we can control the factor C) . to be constant of order
poly(A, H,I,=71) by choosing n < (HMpmasIlog(A))~!. For the remaining part, 1 and
7 need to be traded off to have fast linear convergence (1 — 77)*®; and a small bias term
nT~1C, - A simultaneously. Ding et al. (2023) showed a similar result with a different constant
C),~ for their update rule that constrains the policies to the restricted probability simplex
A(A) == {mn(-]s) € A(A) |Va € A: my(als) > £0/A} by solving a convex problem in
every iteration. They introduce this restriction as their proof requires a uniform bound of

Q:iATunk h(s, a) and thus of 7¢y, j, = —7log(my 1 (s, a)), which may be unbounded outside
k C )

of A(A) Our modified proof overcomes this challenge by leveraging a mirror descent (MD) lemma
with local norms rather than the standard online MD lemma (Orabona, 2019). While the standard

norm of the regularized -values may be unbounded outside of A(A), we are able to bound their
local norms to arrive at Lemma 4.1, even though our policy updates (Equation (6)) are not restricted

to A(A) and thus closed-form. We refer to Appendix D for the proof.

where Cpy r n = A2,44

Unregularized Error Bounds While the bound in Lemma 4.1 depends on the choice of n < 1,7 < 1
and \,,q; > HZ71, we show that it is possible though not obvious to choose them (depending on
the desired approximation) such that ®; decays to zero. Prior to this, we show that this will allow us
to upper-bound both the constraint violation and the objective suboptimality in the original problem.

Lemma 4.2 (Error bounds). For any sequence (Ty) e[k
Ve V] <ER @)Y 4 H log(A),
+

max [¢; — V] | <HY2(284)? + TAmas + At (H*E™" + 7Hlog(A)) .

1€[I] maw

A similar result was provided by Ding et al. (2023) for the case of a single constraint (I = 1).
Generalizing this is technically challenging as the standard way of showing that approximate saddle
points have small constraint violation (Beck, 2017, Theorem 3.60) does not apply in the case of
regularized saddle points. Simultaneously, the technique of Ding et al. (2023, Corollary 1) leverages
the fact that only one constraint is present. We overcome this by choosing the domain A = [0, Apaz]”
larger than standard primal-dual algorithms, making it possible to extract bounds on the individual



constraint violations from the approximate saddle points. See Appendix D for the proof. This novel
approach yields the rather uncommon inverse dependency on the diameter of A in Lemma 4.2, which

needs to be chosen such that both terms 7\,,,4, and A}, are O(¢) to obtain an e-close solution.

Lemma 4.2 tells us that we can bound the objective suboptimality and all constraint violations by
controlling the terms o< (®;,)!/? via Lemma 4.1, and the remaining terms by appropriately choosing
the regularization and domain diameter, in terms of ¢.

Last-Iterate Convergence We are now ready to establish last-iterate convergence to the unregularized
optimal policy of the regularized primal-dual scheme.

Theorem 4.1 (Last-iterate convergence). Let ¢ € (0,1). Then, with appropriate choices of n o €5,

T X €2, Apax < €%, for k = Q(poly(A, H, I,=71) - £710) we have
Vi v, se e-vi]<e (ieln).

Here, we only highlight the explicit dependency on the desired approximation. The dependency on
the CMDP size is (low-degree) polynomial and detailed in Appendix D. The only problem-dependent
constant in this bound is the Slater gap =, which is shared by all primal-dual analyses of our
knowledge. While the provided rate is slow and may be improved in the future, all other known rates
of primal-dual algorithms for CMDPs with arbitrary constraints ( > 1) only hold for the averaged
and not the last iterate. More importantly, the technique leading to this result will allow us to achieve
sublinear strong regret in the following section.

5 Online Setup

Recall the regularized primal-dual scheme from Equations (6) and (7). In our online learning setup,
the true value functions are not known as we are learning the unknown CMDP. Thus, we are required
to explore the CMDP and respect safety during exploration. Replacing the value functions by
optimistic estimates (Shani et al., 2020; Auer et al., 2008) allows us to turn the primal-dual scheme
into an online learning algorithm for finite-horizon CMDPs (see Algorithm 1). Importantly, we
need to be optimistic with respect to the regularization term 77 (7) too, rather than just the classical
mixture value VTZ AT’ The main technical challenge is to incorporate the model uncertainty into our
primal-dual analysis from Section 4.

5.1 Optimistic Model
For all s,a,hand k € [K], let ng_1 4(s,a) := ;:11 Ly —s, al —ay count the number of times that

the state-action pair (s, a) has been visited at step h before episode k. Here, (sﬁl, aﬁl) denotes the
state-action pair visited at step h in episode . First, we compute the empirical averages of the reward
and transition probabilities as follows:

k—1
Zl:l Uil,h(s7 a)]l{5£L:37 aiL:a}
ng—1,n(s,a) V1

k—1
=1 RiL(& a’)]l{sﬁlzs7 al =a}
ng—1,n(s,a) V1

,Fk—l,h(sa a) = 3 7jk—l,i,h(’& a) = )
k—1 1
I=1 *{s!=s, al =a, sthrlzs’}

; ®)

Dr_1n(s s, a) =
Pk 1,h( s, a) nk_1,h(57a)vl

where a V b := max{a, b} and 1 4 is the indicator function of an event A. We consider optimistic
estimates

Trn(S, a) :=Tr_1,n(S,a) + br—11n(s,a),
Ui n (8, a) =Ug—1,n(s,a) + br—1.1(s,a), 9)
U (s,a) = —log(my,n(als)) + b_, (s, a)log(A),
Pe.n(s'|s,a) :=pr_14(s'|s,a),

where by 1 n(s,a) = bj,_; ,(s,a) +b7_; ,(s,a), and for any & € (0,1), we specify the correct
values for

br_1,n(s,a) =0 (\/log(SAHIK5 )> ) bz—l,h(&a) =0 (H\/S +log (SAH K )) ,

nk—1,n(s,a) V1 nk—_1.n(s,a) V1




Algorithm 1 Regularized Primal-Dual Algorithm with Optimistic Exploration

Require: A = [0, \,,02]7, stepsize 1 > 0, regularization parameter 7 > 0, number of episodes K,
initial policy 7y 5 (als) = 1/A (Vs,a,h), A\ :==0 € R!

fork=1,..., K do

Update 7y, 4k, P, ¥x via Equation (9).

Truncated policy evaluation (Algorithm 2) w.r.t. Z; (Equation (10)) and @:
) lgk ()3 Vi‘lfk ::EVAL(T(kv )‘k’a TA]W ﬁ/ﬁ 11&]6713]?)
Update primal variables for all h, s, a: w11 1 (als) «x m p(als) exp (77@2,5% (s, a)).

Update dual variables: Ay11 = proj, ((1 —nT)Ak — U(Vz‘fk — c))
Play 7, for one episode, update 7', Uy, gi, Pr. via Equation (8).

in Appendix E to obtain our regret guarantees with probability at least 1 — §. The optimistic model
guarantees that, with high probability, the obtained value functions overestimate the true ones and
simultaneously allows us to control the estimation error. While optimistic exploration is standard, we

here also take the entropy term in the objective into account via 1. Let
2k =T+ )\gﬁk + Tk (10)

be the optimistic reward function mimicking the w-dependency of the regularized Lagrangian at

(7, k). Consider the truncated value functions (h,s,a) = Q% , (s,a) and VF = V£ |(s1) that
we compute via truncated policy evaluation (by dynamic programming) of 7, with respect to the
optimistic model. We refer to Algorithm 2 in Appendix E, where we also establish the relevant

properties of the model.

Algorithm Combining the truncated policy estimation under our learned model with the regularized
primal-dual scheme (Equations (6) and (7)) yields Algorithm 1. The computational cost of the
algorithm amounts to evaluating a policy O(I) times per episode, which matches the complexity
of standard primal-dual algorithms and is more efficient than running dual or LP-based algorithms.
Projecting onto A is immediate since A is a product of intervals.

5.2 Regret Analysis

We now provide the key steps of our regret analysis, showing that Algorithm 1 indeed achieves
sublinear strong regret for both the constraint violations and the objective. We defer all proofs for
this section to Appendix F.

Lemma 5.1 (Regularized convergence). Let 1,7 < 1 and \pa. > HZ"1. With probability at least
1 — 6, the iterates of Algorithm 1 satisfy

Bry1 <(1—nr)kd, + O(nT—lcn,T,A + DAmaz (ISA1/2H2k1/2 + 153/2AH2) )

where Ci, 7  is the same constant as in Lemma 4.1.

Here, we use O-notation for asymptotics up to polylogarithmic factors in S, A, H, I, K,Z7!, and
d~'. This result is similar to our Lemma 4.1, but now we obtain an additional term corresponding to
the model uncertainty (estimation error), which we control when choosing the step size 7).

Regret Bound In a final step, we can leverage Lemma 4.2 to turn Lemma 5.1 into a sublinear regret
bound for Algorithm 1, when summing up the error terms and choosing 7, 7, and \,,qp > HZ"!
optimally depending on K given our bounds. This yields our main result.

Theorem 5.1 (Regret bound). Let 7 = K—Y/7, = (H*I)"'2K /7, \ppaw = HE 'K/,
Then with probability at least 1 — 9, Algorithm 1 obtains a strong regret of

R(K;r) < C.K"®, R(K;u) < C, K",
where C,., Cy, = poly(S, A, H,I,=7 ! log(1/§),log(K)) and K is the number of episodes.



Here, we only highlight the leading term in K. The dependency on the CMDP parameters is (low-
degree) polynomial and detailed in Appendix F. Again, = is the only problem-dependent constant
(and unavoidable). We remark that our proof of Theorem 5.1, in fact, shows last-iterate convergence
in the online setup, which is strictly stronger than a regret bound in general.

Our strong regret bound of O(K%93) is less tight than the O(K'/2) that the vanilla primal-dual
algorithm achieves for the weak regret, for which there exist well-known lower bounds (Jin et al.,
2018; Domingues et al., 2021). Nevertheless, Algorithm 1 is the first primal-dual algorithm for
CMDPs provably achieving sublinear strong regret. It is thus the first algorithm of its kind for which
we can guarantee that it cannot keep violating constraints indefinitely. While LP-based approaches
achieve strong regret of O(K'/2), most modern (deep) safe RL algorithms for CMDPs follow primal-
dual schemes (Chow et al., 2017; Tessler et al., 2018; Stooke et al., 2020). We believe that it might
be possible to tighten our analysis, although this will require novel ideas. Indeed, our numerical
evaluations show that the parameter choices in Theorem 5.1 are overly pessimistic.

5.3 Strong vs. Weak Regret and Safety at any Time

We allude to the strong regret several times by saying that a sublinear bound guarantees safety during
learning or in most episodes. As our algorithm does not guarantee safety in every episode, one may
wonder in which sense safety during learning is formally guaranteed by the strong regret compared
to the weak one. Indeed, this is an important theme in CMDPs. In an unknown CMDP, there is no
way to explore it without constraint violations unless further assumptions are made (as the constraint
rewards u; and transitions P are unknown, we cannot know that an action is unsafe without trying
at least once). However, this is a limitation of the CMDP model with exploration rather than our
algorithm. We can thus only argue about safety in most episodes.

(Strict) Safety in Most Episodes Unlike any previous primal-dual algorithm, our method guarantees
that for any fixed € > 0, the fraction of episodes in which our policy is not e-safe vanishes to 0 as the
number of episodes K grows. Not being e-safe here means to violate at least one constraint by at
least €. We make this formal in the following remark.

Remark 5.1. Fix e > 0 and suppose R(K;u) < O(K®) for some o € (0,1). Then there exist at
most O(K® /) episodes with a constraint violation of at least €. In other words, only a small fraction

O(K“~1/e) = o(1) of the iterates is not e-safe. In comparison, this is by no means guaranteed by a
sublinear bound on R eqr(K;1).

Hence, our algorithm is approximately safe in most episodes, while being safe in every episode is
not possible by design. This is a remarkable result since previous works on primal-dual algorithms
can only guarantee safety of the average policy and not in most of the episodes (such algorithms
can be fully unsafe in, e.g., half of the episodes). Furthermore, e-safety can be strengthened by a
simple reduction to ensure strict safety in most episodes. This is possible by increasing the true
constraint thresholds by a small shift of e = O(K (*~1)/2) to be more conservative and applying our
results. For the formal details of this reduction, see, e.g., Appendix C.4 in Ding et al. (2023). We thus
established that the fraction of unsafe episodes is vanishing (in terms of K).

6 Simulation

We perform numerical simulations of our algorithm and compare it to its unregularized counterpart
(Efroni et al., 2020). We find that the vanilla primal-dual algorithm can suffer linear strong regret
while our regularized counterpart does not, illustrating that error cancellations are not merely a
hypothetical issue. We provide further details in Appendix G.

Baselines and Environment We compare our regularized primal-dual algorithm (Algorithm 1) to
the vanilla primal-dual algorithm of Efroni et al. (2020), which corresponds to Equations (3) and (4)
with optimistic exploration. We test each algorithm for the same total number (6) of hyperparameter
configurations and report the best results for each. We consider a randomly generated CMDP with
deterministic rewards and unknown transitions. We draw the reward function r, constraint thresholds
¢, and transitions p uniformly at random. In order for oscillations (and thus error cancellations) to
occur, the objective must be conflicting with the constraints (Moskovitz et al., 2023), as they can
otherwise easily be satisfied. However, by concentration of measure, two random vectors in high
dimension are nearly orthogonal with high probability (Blum et al., 2020). Uniformly sampling the
constraints would thus not yield interesting CMDPs, which is why we invoke a negative correlation
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Figure 1: Constraint violation and objective suboptimality of the vanilla primal-dual algorithm (Efroni
et al., 2020, cf. Equations (3) and (4)) and our regularized version (Algorithm 1). We present the
values of the individual policies in each episode while learning the CMDP.

(a) Strong regrets (b) Weak regrets
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L P
| e | e
- s & e
&
L
I i N
Episode k Episode k Episode k Episode k
= Regularized Primal-Dual (ours) ====Vanilla Primal-Dual Regularized Primal-Dual (ours) ===« Vanilla Primal-Dual

Figure 2: Vanilla primal-dual algorithm and our regularized version (Algorithm 1). Figure 2a shows
the strong regret; Figure 2b shows the weak regret. The weak regret regarding the objective can be
negative when the iterates are superoptimal but unsafe on average. Y-axes differ across plots.

between reward and constraint function. We sample the constraint function as (1 — r) + 8¢, where
¢ € R”54 is Gaussian with zero mean and identity covariance matrix. We consider S = A = H = 5,
B = 0.1, and focus on the case of one constraint for visualization purposes.

Results The constraint violation and suboptimality of the iterates in each episode show the oscillatory
behavior of the vanilla primal-dual algorithm as opposed to ours (Figure 1). While the on-average
errors across episodes are sublinear, the vanilla algorithm keeps violating the constraints indefinitely
as the number of episodes grows. In comparison, the oscillations of the regularized method are
dampened, thus allowing it to converge to an optimal safe policy.

With respect to the weak regret, the vanilla algorithm performs better (Figure 2b, even constant for the
suboptimality). However, with respect to the strong regret, the regularized algorithm outperforms the
unregularized one, as it achieves sublinear regret without allowing for error cancellations (Figure 2a).
While the strong regrets for the vanilla algorithm may look sublinear, a second look at its iterates
(Figure 1) reveals that its regret will indeed grow linearly due to the persisting oscillations. This
confirms our key point that a sublinear bound on the weak regret is not informative whenever we do
not allow compensating for an unsafe episode with a safe one. The vanilla algorithm will suffer linear
strong regret even with a potentially better learning rate scheduling. We observed that the learning
rate influences the oscillation frequency: With a larger learning rate, the vanilla method oscillates
faster. However, changing the learning rate does not dampen the oscillation magnitude. Hence, the
strong regret is still linear. Indeed, we observe a change of magnitude only via the regularization
parameter rather than the learning rate.

7 Conclusion

In this paper, we gave the first answer to the open question of Efroni et al. (2020) whether primal-
dual algorithms can achieve sublinear strong regret in finite-horizon CMDPs. While our answer is
affirmative, it remains open in how far it is possible to lower the gap to the desired O(K 1/ 2) regret
bound. We hope that our first analysis inspires further research on truly no-regret learning in CMDPs,
including improvements in the analysis of our algorithm, incorporating function approximation,
algorithms for the infinite-horizon average reward setup, and showing provable benefits of related
approaches such as optimistic gradients.
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A Summary of Notation

The following table summarizes our general CMDP notation.

State space

Action space

# of constraints

Time horizon
Transition probability
Initial state

Slater gap of 7©

Number of episodes

S, with cardinality S

A, with cardinality A

I

H

pr(8'|s,a) = Plspy1 =8| sp = s,ap = al
s1 €8

E = min;e (V] — )

=

Objective reward
Constraint rewards
Constraint thresholds

Constraint functions

Random variable Ry (s,a) €
Random variable U; ;, (s, a) with E[U; 1, (s, a)] = u; 1 (s, a)
c € RI, with¢; € [0, H]

gin(s,a) =uin(s,a) — %

Policy

Value functions
(shorthand)
(vector-valued)
Q-values

Occupancy measures

7 € Il with (h, s,a) — m(als) (non-stationary)
™ H

VI n(s) =Ex[3 o p vh (swsan) | sn = s

Vi = Vr7'r,1(31)

Ve =(VE,... V)T eR!

’

I

QF 1(s,0) = Ex[)i_y i (swyan) | sn = s, an = a
d7(s,a) = Pr[sp = s,an, = a

a7 (s) = Pyls, = o

Lagrangian
Optimal policy

Dual optimizer

L(m,A) =V + e Vi, —a) =V yr,
T* € arg maxpen Milyep! L(m, )

A* € argminyegr maxren L£(m,A)

Confidence level
Objective regret

Constraint regret

1-46
R(K;T) = ZkE[K] [Vrﬂ* - Ver]_A,_
R(K;u) = maxie(r] e (k] [ei — Vlfk]+
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[0, 1], with E[Rp (s, a)] = rr(s, a)




The following table summarizes the notation specific to the algorithm.

Step size
Regularization parameter
Dual threshold

Dual domain

1 > 0 (hyperparameter)

7 > 0 (hyperparameter)
Amaz > 0 (hyperparameter)
A = [0, Amaa]”

Entropy
Regularized Lagrangian
Regularized optimal policy

Regularized dual optimizer

H(m) = —Ex |1, log(ma(anlsn))]

Lo(m,A) = VI + 3 e MV — i) + 7 (H(m) + 5A11%)

mF € arg maxy e minyep Lo (m, A)

Ar € argminyep maxren Lr(m, )

Auxiliary function

KL divergence

Potential function

Visitation counter

Averages

Exploration bonuses
Optimistic estimates
Regularized reward function

Success event

Vi n(s,a) = —log(my p(als))

KL(g: @) = e a(a)log (525 (@,0 € A (A)
KLk,n(s) = KL(77 , (¢[), T, (:]5))

KLi = 30, ¥, dj ()KL s (s)

®p =KL + 5 |A: = Mil” (k=1

k1 n(s,a) = 3, Ligt s al —a}
Tr—11(8,a), Uk—1n(8,a), Pr—1,1('|s,a)
br—1,n(s,a) = b2—1,h<57a) + biq,h(&a)

P g, Gie = Qi — €, Dres D

2o =1+ XN+ TP 2 = i+ AL + T

G

Truncated value functions

lefk,h(sa a) = ka,h(s»a) +2 )‘k’,ngk,i,h(sva)
+TQ2k7h(S7 a’)
VE () = (monls), Q5 (s,

B Extended Related Work
In this section, we review further related work and provide a technical comparison with prior works.

Constrained MDPs Efroni et al. (2020) provided the first regret analysis for LP-based (OPTLP),
primal-dual (OPTPRIMALDUAL), and dual algorithms (OPTDUAL). OPTLP achieves the optimal
strong regret of O(K v 2), yet most modern CMDP algorithms are based on primal-dual schemes
rather than LP. OPTPRIMALDUAL is akin to our Algorithm 1 but without regularization. It guarantees
a weak regret of O(K 1/2) but no bound on the strong regret, which is left as an open question that
we addressed in Section 5. The same holds regarding the guarantees for OPTDUAL, for which the
question about strong regret bounds is still unanswered.

Since Efroni et al. (2020) analyzed the vanilla primal-dual (and dual) algorithm, their analysis has
been extended in various works, both for the case of an unknown or known CMDP. Specifically, the
algorithms have been extended to natural policy gradient methods with policy parameterization (Ding
et al., 2020, 2022b; Liu et al., 2021a), function approximation in the linear MDP setup (Ding and
Jovanovié, 2022; Ghosh et al., 2022), CMDPs with time-varying characteristics (Ding and Lavaei,
2022; Qiu et al., 2020), and have even been shown to achieve bounded on-average constraint violation
(Liu et al., 2021b; Bai et al., 2022). However, all these works only established convergence of the
averaged iterates or a sublinear weak regret. In practice, recent works do show empirical success
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(using optimistic gradients (Moskovitz et al., 2023) and PID control (Stooke et al., 2020)) but without
the desired theoretical guarantees.

Comparison with Prior Results Ding et al. (2023) analyzed two algorithms, RPG-PD and OPG-PD,
for last-iterate convergence assuming a value function oracle. RPG-PD follows the same scheme
as our Equations (6) and (7). However, the analysis is tailored for a single constraint. It is not
straightforward (as far as we know) how Corollary 1 in Ding et al. (2023) can be extended to multiple
constraints (which we achieve in Section 4). Our Lemma 4.2 generalizes the analysis to deal with
multiple constraints. However this extensions leads to a worse iteration complexity in Theorem 4.1 of
O(e~19) rather than O(e~°). In addition to this, Ding et al. (2023)’s policy update differs from ours
in that it does not allow a closed-form solution but requires projection onto a restricted probability
simplex for technical reasons (see discussion of Lemma 4.1, providing an analysis for our closed-form
updates).

Moreover, Ding et al. (2023) left it as an open question whether the algorithm can be generalized to
achieve last-iterate convergence in the online setup, when the CMDP is unknown; we addressed this
point in Section 5.

The other algorithm of Ding et al. (2023), OPG-PD, is based on optimistic gradient updates and
requires the restrictive assumption that the optimal state-visitation distribution (i.e., occupancy
measure) is unique and introduces an extra problem-dependent constant. Moreover, it assumes a
uniform lower bound on the state-visitation frequency in the discounted infinite-horizon setting, an
assumption that cannot be guaranteed in the finite-horizon setting.

Moskovitz et al. (2023) showed last-iterate convergence of a primal-dual scheme using optimistic
gradient updates given a known CMDP, but their analysis concerns an algorithm operating over
occupancy measures rather than policies (different from the practical implementation). Its implicit
updates are constrained over the set of occupancy measures (i.e., the Bellman flow polytope), making
them at least as computationally expensive as solving the CMDP directly via an LP in the first place.

Calvo-Fullana et al. (2023) considered a rather different approach to overcome the problem that
CMDPs cannot be modeled by a single (mixture) reward weighted by Lagrange multipliers (sometimes
referred to as scalarization fallacy). They proposed a state-augmentation technique that addresses
this related problem without guaranteeing last-iterate convergence.

Ghosh et al. (2024) proposed a rather different model-free primal-dual algorithm for the lin-
ear MDP setting. Their algorithm achieves O(K 1/2) strong regret if it is allowed to take
Qa1 K5H+0-5100( A) ) computational steps in every episode. This is needed because their
algorithm searches for an optimal dual variable in each episode by making incremental steps of
n=1/(d" 1 K51 log(A)™), potentially until reaching /2 (see their Algorithm 1). In our work,
we focus on polynomial-time algorithms that achieve a strong regret guarantee.

Dual Algorithms Li et al. (2021) provided a dual (not primal-dual) algorithm based on the same
regularization scheme as ours but considered an accelerated dual update and only proved convergence
for a history-weighted mixture policy in a known CMDP. Similarly, Ying et al. (2022) derived a dual
(not primal-dual) algorithm with last-iterate convergence but left it open if a sample-based version
is possible. Moreover, their analysis covers the discounted infinite-horizon setting and requires a
uniform lower bound on the state-visitation frequency, an assumption that cannot be guaranteed in
the finite-horizon setting.

Constrained Bandits In the simpler bandit setup where there is only a single state, there are mainly
three setups in the literature: Knapsack bandits (Agrawal and Devanur, 2016; Badanidiyuru et al.,
2018) consider reward maximization over time as long a some global budget is not used up yet.
Conservative bandits (Wu et al., 2016; Kazerouni et al., 2017) concern algorithms whose cumulative
reward performs sufficiently well relative to some pre-defined baseline policy. Finally, there is a line
of research on stage-wise constrained bandits (Amani et al., 2019; Pacchiano et al., 2021), which
require algorithms that obtain a reward and a cost associated with an action, where the latter should
stay below a threshold in each round. While these settings may inspire related research in CMDPs,
they are rather different from ours: They consider hard thresholds in the single-state setup, while
exploration in CMDPs is generally stateful and commonly aims at simultaneous minimization of
reward and constraint regrets.
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C Properties of the Lagrangian Formulation

The results in this section are not novel by themselves, but we re-establish them here for finite-horizon
CMDPs for completeness. We refer to Appendix I for the relevant convex optimization background.
To view the CMDP as a convex optimization problem, we will express it via the common notion of
occupancy measures (Borkar, 1988).

Definition C.1. The state-action occupancy measure d” of a policy 7 for a CMDP M is defined as
dZ(S,CL) =E []l{sh,:s,ah:a} | 515D, 7T] = P[Sh =S,ap = a | 515D, 7T]a

fors €S, a € A h € [H]. We denote the stacked vector of these values as d™ € RHSA \ith the

element at index (h, s, a) being d}; (s, a). Similarly, we define

di(s) = Plsp = s | si;p, 7] = Y _ dji(s,a)

fors e S.

We can now define
Q(p) = {d" e RF54 | 7 e 11}

as the state-action occupancy measure polytope. Note that Q(p) is indeed a polytope (Puterman,
2014). Moreover, we have a surjective map 7 — d™ between I and Q(p), for which we can explicitly
compute an element in the pre-image of d € Q(p) via mp,(als) = dn(s,a)/ (>, dn(s,a’)).

We can stack the expected rewards rj,(s,a) and constraint rewards u; ,(s,a) in the same way
as d(s,a) to obtain vectors 7 € RHS4 and u; € R¥54. Note that we then have V" =
> s adr(s,a)rr(s,a) = rTd™ by linearity of expectation. Similarly, for all i € [I], we have

V.r = ul'd™. Moreover, if we stack U = (u;);e(r) € R7*#54 and ¢ = (¢;);¢;1) € R! as
’LL,{ C1
U .= Sl c:= ,
ul cr

we obtain V.7 = Ud™ € [0, H)! for the vector of the constraint value functions. We can thus write

™ € arg max VI ost Vi >¢  (Vie[l])
L ;

equivalently as

d” e arg max rId™ st Ud™ > ¢, 1D
d™eQ(p)

where > is understood element-wise. This is a linear program (LP). In particular, by compactness of
the state-action occupancy polytope, there exists an optimal solution 77* as we assume feasibility.

Lemma C.1 (Strong duality CMDP (Paternain et al., 2019)). We have

max min L(m,A) = min max L(m, A),
mell )‘GRI>0 AG]RI>U mwell

and both optima are attained.

Proof. Note that, under Assumption 2.1, we can view Equation (1) as the convex optimization
problem in Equation (11) over Q(p) that satisfies all parts of Assumption I.1 from Appendix I.2.
Indeed,

(a) X := Q(p) is a polytope and thus convex
(b) the objective f(-) := —r7(-) is affine and thus convex
(c) the constraints g;(-) := ¢; — u} (-) are affine and thus convex

(d) by Assumption 2.1, Equation (11) is feasible, and thus its optimum is attained (since the
domain is compact and the objective continuous)
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(e) a Slater point exists by Assumption 2.1, namely d™

(f) all dual problems have an optimal solution since the domain X is compact and the objective
() + AT g(-) is continuous,

where Q(p) € RTSA4, r € RHS4 and u; € RSAH are defined as above. The claim now readily
follows from Theorem I.1. O

Lemma C.2 (e.g., Ying et al. (2022)). We have |A*|, < £,

Proof. As in the proof of Lemma C.1, under Assumption 2.1, we can view the CMDP problem
as a convex optimization problem in the occupancy measure, in the same setup as Appendix 1.2.
Specifically, we have VT =rTd™ and V7 = Ud". Then, set X = Q(p), z = d~, f(-) = —rT(")
and g;(-) = ¢; — ul (). Plugglng this into Theorem 1.3 indeed yields

x Ve VT H
X < — T < =
minge (Vi —¢) = 2
O
Lemma C.3 (Saddle point CMDP). Let m € Il and A € RIzo- Then
L(m, X)) < L7, N) < L(7*, A).
Proof. By Lemma C.1, this immediately follows from Lemma 1.2 in Appendix I.1. O

Lemma C.4 (Strong duality regularized CMDP (Ding et al., 2023)). We have

max min L-(m,A) = min max L-(m,A),

and both primal and dual optimum are attained.

Proof. Forallm € I, A € A, we have
1
£r(m,X) <V ary 7 (H(7) 4 5 AT

:Z(Th( +Z)\zgzh ) (s, a)

s,a,h

~ " di(s,a)log (Zd d(;(z)a )> + % By

s,a,h

= L5(d, N,

where g; 5 (s,a) = u;;(s,a) — #¢; and where we used the definition of the occupancy measures
and the polytope @Q(p). Consider the problem

max min £2°°(d, A). (12)
deQ(p) AcA

For any 7 € II that is optimal for Equation (5), d™ is also optimal for Equation (12). Conversely,

for every d € Q(p) that is optimal for Equation (12), we have that any 7 given by 7 (a|s) :=
% for s with ), 4 dn(s,a) > 0, and arbitrary otherwise, is optimal for Equation (2).

Note that £2°° is continuous. We further claim that £2°¢ is 1-strongly convex in A € A and concave
ind € Q(p). Indeed, while the former claim is immediate, we can see the latter via the log-sum
inequality (e.g., Cover (1999, Theorem 2.7.1)) with n = 2: For non-negative a;, b;,

(5] m(E)e Ko (2)
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and equality if and only if a;/b; is the same for all 7. Only considering the nonlinear term in £ (A, -),
fordy,ds € Q(p) and a € (0, 1) we have

=3 (adyp(s.a) + (1 - )da(s.0) log ( ady p(s,a) + (1 — a)da (s, a) >

Yoo (adip(s,a’) + (1 — a)da n(s,a’))

s,a,h
_sza:h (o n(s,a) + (1 — a)da n(s,a)) log (Za/ sil,;lh((;;éi%;g)ff;;z)(s,a'))
> S;l —ady p(s,a)log (2%)
n saz:h (1 — a)dyp(s,a)log (ZS(_ Oé)d)zdi;(:(v a) ))
- a;}dl,h(sv a)log <m>
—(1-aq) %dzh(sva) log (%) .
dy,n(s,a) dz.n(s,0)

with equality if and only if S ) = S o (5.7 for all s, h. By Lemma I.1, we thus have

max min £2°°(d,\) = min max £2°°(d, \),
deQ(p) AEA AEA deQ(p)

and primal and dual optimizers exist. This implies the same for the original problem Equation (2) by
converting the occupancy measures back into policies via 7, (als) = di(s,a)/(>°, dn(s,a’)). O
Lemma C.5 (Saddle point regularized CMDP). Let m € Il and XA € A. Then

Lo (7, N2) < Lo (75, N0 < Lo (75, A).

Proof. By Lemma C.4, this follows from Lemma 1.2. [

Lemma C.6. Let w € Il and X € A. Then

Vianyrg = TH(T) S VT

x Toia2
(Ax)Tg = VT+)\T 5 HA” ’

where g = u — %c

Proof. Plugging the definition of £, into Lemma C.5 proves the claim, after using that H(7) > 0
and | A|* > 0. O

D Last-Iterate Convergence

In this section, we provide the proofs for all results in Section 4, resulting in the proof of last-iterate
convergence of the regularized primal-dual scheme (Equations (6) and (7)).

We first establish the convergence of the aforementioned potential function ®y.

Lemma 4.1 (Regularized convergence). Let 1,7 < 1 and Amaz > HE"'. The iterates in Equa-
tions (6) and (7) satisfy

Dpyq < (1- T]T)k(I)l +0 (777'7107777-,,\) ,

where Cy 7 = A’?TLLL.LHSAl/QIQ exp (NH (1 + AMnaad +10g(A))) + 1 (H + 7—)\7naw)2'
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Proof. We first decompose the k-th primal-dual gap as follows:

Lo (77, M) = L (T, A7) = Lo (77, M) = Lo (Thy Ai) + Lo (7, M) — Lo (T, A7) . (13)
(1) (i3)
‘We first bound term (i):
(1) =L (77, Ak) — Lo (Tk, Ak)
=V’ ;AT Vﬁxfg (as d (s,a) = d7 (s)mp(als), and cancel || Ax||*)
—7 > dy(s)my . (als) log(wh 4 (als)) +7 Y dy*(s)mk n(als) log(me n(als))
s,a,h s,a,h
—VH’)\T HW ::AEQHW (since Y (s, a) = —log(my n(als)))
+7 Z dp7 ()75 (als) log(mk,p(als)) — 7 Z dpF (s)mr,n(als) log(mg,k(als))
s,a,h s,a,h
= dy™ (s)m% (als) log(ns , (als)) + 7 > dik(s)m,n(als) log(my n(als))
s,a,h s,a,h
_VT-S-TATQ-S-TW Tf>\{9+"'wk
+7 Y dy (s)m} p(als) log (e p(als))
s,a,h
—7 " dy7 (s)7% p (als) log (7 (al))
s,a,h
*V;L\Tgwwk AT g
(a|8)>
-7y dy 7y p(als)lo
z,; Z alais) o8 (7Tk n(als)
*VTL\;fgwwk Vit gire, ~ Tzd 5)KLy,(s)
Vrﬁz\,{gwm Voiargiry, ~ KLk
7VT-;AT'U+TUJI¢ VTTAkTu""ka — 7KLy (asg=u— %c)
:Vsz - ‘/ZT:“ — 7KLy

=Y "di(s)
s,h

Note that for all s, h,

(Qt (5, w2 Cls) = mn(ls) ) = 7KLy

(by Lemma H.1)

(@7t (5 ). 2 Cls) —m(-|s>>

KL KL
<SSt 4 B mnals) exp (o0 Qg0 Cemmale
SKLk,h(s) — KLy 1,n(5) (Lemma E.11)
n
4 A2 exp (B (14 AT+ 7108(A)) (2 (14 Dhys + 71og(4)) + 202(64/¢))
KLy n(s) = KLgyia(s) | 11
= **Dnﬂ' A
n 2H "
with

Dn-,T,A =

HAY? exp (0H (1 + Amal + 7log(A))) (2H2 (1+ Dhnge + 7 log(A) + 272(64/62))
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and where we were able to apply Lemma 1.6 by Lemma 1.9 and since Q:fh(s, a) > 0. Hence,

Zd < T (5, 7 (l8) = T (| > Zd (KLk,h<S> _T]KLk+1,h(S) n ZI;D”’T’A>

KL — KL
KL m Kby 1y
n 2

Plugging in, we thus find

KL; — KL 1-— KL; — KL
(i) = VI — V7% — 7KL, g% + gDW,A KL, = L) nk Bl gDmA.
(14)
‘We now bound term (ii):
(i) =L (g, Ak) — L (Tk, A7)
=V . — VT 1 IARl? = = 2212 (cancel H ()
r+Alg r+(Ax)Tg k 9 T Tk
T *
—Z (Ak,i Ve + 5 ||>\zf||2 —3 1Az
s T * 2
—Zm VI = e+ TA) = 5 [ A = Xl
A= Aell? = A = Apaa|?
SH = ell” = 12 1l + 1 |V — c—|—7')\k.H2 (Lemma 1.8)
2n 2 k
A= Al = IAs = A
BLSEE LY el N LommaE.11)
n

with D\ = I(H + TAmaz)? and where we were able to apply Lemma 1.8 by Lemma 1.9. Plugging
in, we find

(i) =Y (M — M) (VIEE = e+ TAki) — 5 ||>\ - A7
A% = Xell* = I = Xall* m T 2
<= = =D A — = | Ak — XX
1— A= Aell? = I = A |
L VY Gy O VST )
2n 2 "
From Lemma C.3 (with m = 71, A = Ag), we have 0 < L. (7%, Ag) — L (7, AX). Moreover, recall
&y = KLy + L | Ax — A%|%, thus by Equations (14) and (15),

1
P41 =KLir1 + 5 [ A1 — A%

<= KL+ LD i)+ (1= g Py
(Equatlons (14) and (15))
<(1 =)@ + 0*(Dyrn + D p) — 0 ((0) + (id)) (Def. @)
<1 =n7)®k + 0*(Dyra + Dy ) = 0 (Lr (75, Ak) — Lo (7x, A7) (Equation (13))
<(1 = n7)®k + 1n*(Dy,ra + Di ). (as L, (72, M) — Lo (7, AL) > 0)
Finally, the claimed bound follows by noting that
Dyrn+ D7 p

=HAY? exp (nH (1 4 Apmaxd + 7log(A))) (2H2 (14 Ihpae + 7log(A))* + 27’2(64/62)) + I(H + TApmaz)?

<O (N2 H* AV exp (1H (14 Amas T +108(A))) + I(H + TAmaz)?)

as7 < land Ay > HE"1 > 1. O
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We can use the following result to turn the convergence of the potential function into an error bound.
We will then choose the optimal values for A4, 7, and 7.

Lemma 4.2 (Error bounds). For any sequence (Ty) e[k
Vit V]| <HY2(200)Y2 4 7H log(4),

max [¢; — VF] | <HY2(284)" + T Amas + A

1€[1] maw

(H?Z"' 4+ 7Hlog(A)) .

Proof. (1) We bound the objective optimality gap. First, decompose it as

‘/’TTF* . V:rk — mﬂ' _ VT‘ + ‘/7‘ Vrﬂ'k- . (16)
(@) (@)

We bound (ii) as follows:
(i5) =V — v
= Z d 77 p(als) — i n(als)) Qrh(s,a) (Lemma H.1)

s,ah

SHZd?(s) 721, (1s) = man (L),
s,h

<H Z dgi (8)4/2KLg 1 (s) (by Pinsker’s)
Z d $)KLg 1 () (by Jensen’s)
=H% 2\/2KLk.

We next bound term (i). By Lemma C.6 with 7 = 7* we have
VT H(rr) < Vi +Z>\ (Vgl v )

By Lemma C.6 with A = 0 we have
>

Moreover, V7T > 0 by feasibility and A7 ; > 0. Combing these inequalities, we find

(i) =V7 -V < TH(7}) < 7H log(A), (17)
which concludes the proof for the objective optimality gap.
(2) Let i € [I]. We now bound the i-th constraint violation. First, decompose it as
_ Vuﬂik — 7vg77‘rk- — 7vg7:: + VgZ: _ Vg7:k (18)
We first bound (iv). The same calculation as for the objective optimality gap (1) shows
(i) =Vgr — V™ < HY?\/2KL. (19)
We next bound term (iii). Recall A = [0, Ajpaz]’. Lemma C.6 with 7 = 7* and X € A as

_J0 G #0)
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yields

Vrﬂ* + Z )\:’,j Vt‘;;* S‘/T’T: + /\maxV(h + 2 )‘7271111: + TH(,]T:)

From Lemma C.3 (with m = %) we get
wr * * T
Vv ey (v ).
J
Adding the two previous inequalities and canceling terms, we get

0< SNV ShmadVor + 2A3m +30N (ng* - V;f) +rH(n),
j J

where the first inequality holds since 0 < V”_* by feasibility and AX > 0. Rearranging this shows

wr T * ™ wr *
Vi <ZAmar + 5— Z X (V' =V ) + ()
=Ix X (Ve - v H(rr —u—
2 maw + mam Z i + )\marT (TrT) (g - HC)
. , 1 \ -
<= Amaz + —— Al H + ——7H(7]) (Holder’s)
2 A"’n Amax
1 H?
S%)\mam + SV ( + TH(w )) (Lemma C.2)
1 H?
SZ)\maI + — (—. + TH 10g(A)> N
2 Amaz =

Finally, we are ready to prove last-iterate convergence by combining the previous two lemmas.
Theorem 4.1 (Last-iterate convergence). Let € € (0,1). Then, with appropriate choices of n o €5,

T X €2, Anaz < €%, for k = Q(poly(A, H, I,=71) - £710) we have
[V,?f - V,ﬁkL <e,  [a-Vi], <e (viel),
Proof. The bound follows from Lemma 4.1 and Lemma 4.2. We choose 7 = €2, n =
)

(H?Ilog(A))1Zeb, Apaw = Zet > Set A,(k) = [V — V], and Ay, (k
[—ngk]+.

[l

We first consider the suboptimality for the reward. Plugging Lemma 4.1 into Lemma 4.2 we find,

using va + b < y/a+ vband 1 + 2 < exp(z),

A (k) <H3?®1% exp (—nrk/2) (a)
/2 - /

+ H3? (;) o2, ()

+ 7H log(A). (©

For (b), note that, using the definitions of 77, 7, A\jqz (and taking /-, and 7 < 1)
OV \ maa HY? AY T exp (0H (1 + Aaad +10g(A)) /2) + T2 (H + TAmac)
Dmae HY?AYA T exp (2) + IV (H + T A maz)
L HPPZAYVAIE  exp (2) 4+ IV H + 1Y22HE e )
<5_1 . H5/2A1/4IE_1.
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Since
1/2
(ﬂ) = (H2Ilog(A))~V/2E1/2(6-2/2 — (2] 10g(A))~/251/2¢2,

.
we thus have

(b) = H3/? (g)m Cprn S H3TYV2AYAE"12 = poly(A, H,I,=7Y) - .
Similarly,
(c) = TH log(A) = Hlog(A)e>.
For (a), using the standard inequality e=* < 1 — /2 (if 0 < x < 1) with x := n7/2, we first find

exp(—n7l/2) < (1 — 777'/4)l
and hence,

x| =
]~

(a) = HY2@)* exp (—nrk/2) <HY?@)* - = 3" exp (—y71/2)

N
Il
-

k
1
1/2
<HY2®)/%. 2% (1 —nr/4)
=1
1 oo
1/2
<HY?@,/% -3 (1~ /4)
=1
=H329}/?. 14
knt
:H3/2<I>i/2l 4

k (H?Ilog(A))'=ebe?
1
—4H"21=" log(A) Efbi/%*g.
Furthermore, since 71 plays actions uniformly at random and Ay = 0, we have @}/ > < (Hlog(A) +

1IN2 Y2 < HY?1og(A)Y? + IV2 N pee = HY?log(A)Y/? + IY2H="1c71. Hence, the
calculation above shows

1
(a) <4H7/21271 1og(A)E(H1/2 log(A)Y/2 + 1Y2H="1e 1)e™® < poly(A, H,I,E 1)e

for k = Q(¢~19). Hence, summing up terms (a) to (c) and choosing k = Q(poly(A, H, I,Z~1)e~19)
yields the bound for the objective.

Next, we consider the regret for the constraints. Plugging Lemma 4.1 into Lemma 4.2 we find, using

\/a+b§\/&+\/g,

Ay, (k) SH?®)% exp (= /2) @)
M2 =~ 12 >
+ H3/2 (;) o2, )
1
+ T>\mar + )\ H2Eil (C’)
1
+ \ TH log(A). )
Note that terms (a’), (b’) are identical to (a), (b). Moreover, for (d’) we have
1
(d) = 7log(A) =EH ' log(A)e3.
)\max

Finally, for (c’), we have

1
() =T Amaz + H?*=7!
Amaw
=  HE'e7' 4+ H'Ze. H?=71
=H(1+Z")e.
Thus, summing up (a’) to (d’) and choosing k = Q(poly(A, H, I,Z~1)e~19) yields the bound for
the constraints. O
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E Properties of the Optimistic Model
In this section, we establish important properties of the model Algorithm 1 builds.

E.1 Building the Model

First, we describe the exact model and how we perform policy evaluation.

We follow Shani et al. (2020) for the optimistic exploration, but we also take the I constraint functions
u into account rather than just the reward function . We also need to pay special attention to the
auxiliary term .

Forall s,a,h and k € [K], let ng_11(s,a) := ;:11 Ly —s, al —ay count the number of times that

the state-action pair (s, a) has been visited at step h before episode k. Here, (sﬁl, aﬁl) denotes the
state-action pair visited at step h in episode . First, we compute the empirical averages of the reward
and transition probabilities as follows:

k—1
=1 R%(S, a’)l{sz:s, al =a}
ng—1,n(s,a) V1

k—1 771
=1 Uz"h(sv a’)]]'{551257 al =a}

ng—1,n(s,a) V1

Tr—1n(s,a) ==

7

Up—1,i,n(s,a) == (Vi € [1]),

g
1=1 “{s\=s, a} =a, siz,+1:5/}

ne—1n(s,a) V1

Dh—1,n(8'|s,a) ==

)

where a V b := max{a, b}. We consider optimistic estimates 7, @, P:
Prn(s,a) == Fr_1,1(s, @) + bp—1 (s, a),
Ukin(8,0) = tUg—1,n(s,a) +bp_1n(s,a) (Vie[I]),
Prn(8']s,a) = pr_1,n(5']s, ),
with the bonuses b1 (s, a) = b}, _, ,(s,a) + b} _, ;, (s, a) specified below. For 1, we take’
Vn(s,a) == Ypp(s,a) + by_1 (s, a)log(A).

For notational convenience, we write

2k S:’I"+)\£’U,+T1/Jk, 2k =T Jr)\f'&kJrTz/;k
for the reward function mimicking the 7w-dependency of the regularized Lagrangian at (7, Ag).

For any ¢ € (0, 1), we specify the correct bonuses to obtain our regret guarantees with probability at
least 1 — 4:

br—1,n(s,a) :=bj_y 1, (s,0) + by, (s, 0),

where

2SAH(I+1)K
, 3 log ( é, : ) » 25 + 2log (S41K)
bkfl,h(&a) = bk—1,h(37a) =H

ng—1,n(s,a) V1 7 ng—1,n(s,a) V1
For 1), recall

Vrn(s,a) == Ypp(s,a) + by_1 1, (s,a)log(A).
We define the truncated value functions®

ngk,h(sv a) ::Qék,h(& a’) + Z Ak,i@§k7i,h(87 a) + Tszyh(& a)7 (20)

VA 1(5) = (minCls). Q5 u(s:)) @

3In other words, there is no bonus for the function, only for the transitions. This is because ¥, is known in
episode £, and so the only uncertainty in the corresponding value function is due to estimating the transitions p.
Note that the extra log(A) factor corrects for the fact that 1, is not a function to [0, 1].

SImportantly, note that this is the definition of ka 1 (s, a), rather than running truncated policy evaluation
on zj.
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where we compute Q¥ , (s,a), QX (s, a), Q’; ,(8,a) via truncated policy evaluation with
o513 k>
respect to the estimated model, see Algorithm 2.

Algorithm 2 EVAL (Truncated Policy Evaluation)

Initialize V¥ 17,1 (s) = Vi, |y (s) = ng’HH(s) =0 (fors € S)
forh=H,...,1do
for (s,a) € S x Ado
Truncated DP step:

Q?k,h(& a) := min {H —h+1, P n(s,a) + <]5k,h('|57 a), ‘Zﬁi,h+1(')>}
Qb n(s,) i=min {H = A+ 1, @i (s,0) + (Brn(ls,0), Vi ()} (Vi€ [1])

@b, (s, @) = min {Yenls,0) + (H = h+1)1og(A), ben(s,0) + (prnCls,0), Vi ()}

Retrieve V -function:

Vﬁi,h(s) = <7rk,h( Qrk h >
Vi on(s) = (min (1), Qb (7)) (Vi € [1)
kah(s) = <7rk,h( ka A >

return Q¥ () == QF () + 3, MeiQ%, , () +7Q% (), and (Vi (s1,1))i

The main reason for truncating during the otherwise standard policy evaluation algorithm is the need
for a bonus-independent upper bound on the surrogate value functions so that Lemma E.10 holds.”
Clearly, the truncated value functions are all lower bounded by zero and upper bounded by the actual
value functions under the estimated model. Finally, note that these truncated value functions need not
correspond to the true value function of a policy in some MDP.

Recall the truncated value functions from Algorithm 2 in Appendix E.1. Note that due to the separate
definition of Q’ka’ (s, a) and the updates in Algorithm 2, forall s € S, h € [H],

VE u(s) = <7Tk,h('|5)7Q§k,h(57 -)> (by def.)
= <7Tk,h(-|8)7 Q?k,h(& a)+ Z Akz@ﬁkh(s, a) + TQZM(S, a)> (by def.)

:<7Tk,h('|) QF, (s, > Z/\’“<7T’“‘ )Q“k» (S’a)>

+T<7rk’h(-‘8)7Q¢ h(s,a)>
VE (s +Z>\;” . h —‘r—TVk L (5)- (22)

Similarly, by linearity of expectation
V() = Vis(s) + 2 MVl a(s) + 7V]E(9) (23)

for the true value functions.

E.2 Properties of the Model

We are now ready to establish the properties of the model. In particular, we will show that it is
optimistic with respect to the value function and prove bounds on the estimation error during the
learning procedure.

"In fact, truncation is only required for the update of 7, and for the update of X, we can use either truncated
or exact values.
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Success Event We will condition our regret analysis on a success event GG, which we formally
define below. Fix § > 0, and construct the estimated model as in Appendix E.1. G ensures that
(a) the optimistic reward estimates are in fact optimistic and (b) the true transitions are close to the
estimated ones, i.e.:

r S”q/w
u; <l g (V’L S [I]),
Ipn(lssa) = Pe—1,n(ls,a)lly H <b;_, ,(s,a)  (Vs,a,h),

for every episode k € [K|. Formally, with ¢’ := /3, define the failure events

Fl: = {Hs,a,h: |Th(5aa) - 7:]6_17}1(5,0,” > b;—l,h(sva)} )

F¢={3i,s,a,h: |u;n(s,a) — tp—1,n(s,a)| = bp_y 5(s,a)},

= {3s,a.h: IpnCls, @) = peoinCls @)l H > 0 (5,00}

1 T
Fp'=q¢3s,a,h: ng_1 n(s,a) < 3 ;dh] (s,a) — H log (
j

SAH
o ’

where de (s, a) refers to the occupancy measure (Appendix C), and

- (Gru(G)

K
FPi=J Y,

k=1

K
= By

k=1

We define the success event G as the complement of F” U FP U F™, i.e.

G:=FrUFPUF".

We now show that this event holds with high probability. The proof of this theorem relies on standard
concentration bounds (specifically, Hoeffding for the rewards and L1-concentration for the transitions)
and a union bound over all involved indices.

Lemma E.1 (Success event). Let § > 0 and define the bonuses accordingly. Suppose that for all
k € [K], in episode k, policy 7y, is played. Then P|G] > 1 — 0.

Proof. By Hoeffding’s for any possible realization of n;_1 5, (s, a) (and total probability), we have
P[FT] < ¢ after union bound over all indices s, a, h and all episodes k. For nx_1 (s,a) = 0 the
bound holds trivially.

By the L1 concentration bound of Weissman et al. (2003, Theorem 2.1), for any possible realization
of nk_1 (s, a) (and total probability), we have P[FP] < §’ after union bound over all indices s, a, h
and all episodes k. For ny_1 (s, a) = 0 the bound holds trivially.

By Dann et al. (2017, Corollary E.4), we also have P[F"] < ¢'.

We conclude by union bound over the three events. [

Decomposition via Extended Value Difference Lemma The following lemma allows us to
decompose the instantaneous regret into three terms that we will bound separately.
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Lemma E.2 (Decomposition via simulation lemma). We have the following decomposition:
Vi -V
=VF —vm (a)

+ZE [< Sen(sns ), 7 (lsn) — 7Tk,h<'|3h)>

8177T:ap:| (b)

+ZE [ Zon(Shyan) + zin(sh, an) + <ph('\8h,ah)7‘7zi,h+1(')> Sl,ﬂiyp] . (©

Proof. First, expand

2

VT v = (V- var) + (Vir = V).

Then apply Lemma H2 to 7 = 7y, 7/ = 7f and M = (S, A, pr, 2), M’ = (S, A, p, z;) to the
second term (after multiplying both sides by —1). O

General On-Policy Bounds The following two results are standard and will allow us to bound
the estimation errors during learning. Consider the setup in which policy 7, is derived based on the
previous episodes 1, ...,k — 1, and then played in episode k. Recall that for all s, a, h and k € [K],

ng—1,n(s,a) = ;:11 Ly —s, at —qy counts the visits of state-action pair (s, a) at step h before
episode k. We write < for asymptotic inequality up to polylogarithmic terms.

Note that in the following two lemmas, the exponent of H is different from the one in the referenced
proofs. This is because the referenced works consider the case of stationary transition probabilities,
whereas we consider non-stationary dynamics. See Shani et al. (2020, Lemmas 18, 19).

Lemma E.3 (Lemma 36, Efroni et al. (2020)). Suppose for all s, a, h, k € [K], we have

71'7 SAH
nk—1,1(S,a) Zd s,a) Hlog( 5 )
j<k

Then forall K' < K

K H
1 -
Y D E | Fi_1| < O(VSAH?K' + SAH),

- <
k'=1h=1 Nk —1 h(SfL ,Gi )

where Fy_1 is the o-algebra induced by all random variables up to and including episode k' — 1.
Proof. We refer to Efroni et al. (2019, Lemma 38) for a proof of the statement. O
Lemma E.4 (Lemma 37, Efroni et al. (2020)). Suppose for all s, a, h, k € [K], we have

ng—1,1(s, a) desa Hlog(SAH>.

FY;
J<k

Then forall K' < K

>3

[/ | Fer 1] < O(SAH?),
k'=1h=1 T 1h(8h7ah)

where Fy_1 is the o-algebra induced by all random variables up to and including episode k' — 1.

Proof. We refer to Zanette and Brunskill (2019, Lemma 13) for a proof of the statement. O
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Estimation Error (On-Policy Error Bounds) We next prove bounds on the estimation error
obtained while learning the model.

Lemma E.5 (Estimation error 7, @). Conditioned on G, for every K' € [K|, we have

i(f/ Vﬂ'k) SO( SQAH4K’+S3/2AH2),
=1
K/

(ka = V"k) <0 (\/S2AH4K’ + 53/2AH2) (Vi € [1)).

k=1

Proof. By Lemma H.2 (with m = 7’ = 7w and M = (S, A, Pk, 2k), M’ = (S, A, p, z1)), we have
according to the truncated policy evaluation (Algorithm 2),

Ve

Slvﬂ-kap]

| A

Vi, -

H .

Z [ b (Shyan) — ri(sn,an) — <ph('|5haah)7vfi,h+l(')>
;

2

{ Sh,ah)*rh(sh,ah) Sl,ﬂk,p}

+ ZE [<}5k w(:|Sn,an) —Ph('|8h7ah)v‘7fi,h+1(')>

slaﬂ-k7p:|

h=1
H
Z {Tk L (8hy an) + bg_1 p(Shsan) — ra(sn, an)

S1, 7Tk’7p:|

+ ZE [bZ_Lh(Sh,ah) + <23k:,h('|8h, an) — pr(:|sn,an), thﬂ()>
h=1

S1, 7Zk7p:| .
Since G occurs, we have Te—1.h(Sh,an) — Th(Sh,an) < b Sh,Qp ). Moreover,
) ’ ) k—1,h ’

(BenClsnan) = puClsn an), VA 1ipa())
V()]

< ||ﬁk,h('|8h7a'h) - ( |5ha ah)”l

<|[Pr.n(|sn; an) — pr(|sn, an)ll, H

SbZ—l,h(sh»ah)

by Holder’s, the truncation in the policy evaluation, and since G occurs. Plugging this into the
inequality above,

H

VT’: — V< Z]E |:2521’h(8h>ah)
h=1

S1, ﬂ-k7p:|

H
—+ Z E |:2b2—1,h(5h’ ah)

h=1

Slaﬂ—k7p:| .
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: 3 r < 1 D < HVS
Recalling the definition of by, ;(s,a) < — br_1n(s,a) < — = and

summing up, we thus find

K’ K' H 1
VA V™) SHVS E S1, 7k, D
; ( g ) ,;; \/ﬂkq,h(sh,ah)\/l
K H .
:H\/EZ Z E ‘ Fr—1 (play )
k=1h=1 \/nk_l,h(s’,j,a’;) V1
<HVS (\/SAHZK' + SAH) (Lemma E.3)
=VS2AHAK' + S3/? AH?

where we used that we play 7% in episode k and Lemma E.3, which applies since G occurs.

The proof for u; (¢ € [I]) is identical. O

Lemma E.6 (Estimation error ¢)). Conditioned on G, for every K' € [K], we have

i (Vlfk - VJ:) <0 (\/m+ 53/2AH2> .
k=1

Proof. By Lemma H.2 (withm = 7’ = 71, and M = (S, A, p, 2k ), M' = (S, A, p, z)), we have
according to the truncated policy evaluation,

‘%‘i - Vrﬂk
"
:hZE [sz,h(sh,ah) — Yk,n(Sh, an) — <ph('|shaah)v ka7h+1(‘)> Slﬂfk,]?}
=1
H ~
<> E [wk,h(é‘h,ah) — Yr,n(Sh, an) Sl,ﬁk,p}
h=1
"
+ ZE {<ﬁk,h('|5haah) *ph('|5h,,ah)7Vl/lfk7h+1(')> Sl,ﬂmp}
h=1
H
=Y E [%,h(sh, an) = Yrn(sn, an) | s1, Wkap}
h=1
"
+) E [bzl,h(s}uah)lOg(A) + <ﬁk,h('|8h,ah) —ph('|3h;ah),V$k7h+1(')> Sl,ﬂk,p] ,

h=1

Since G occurs, we have
A Sk
(B Clsns an) = paClsnsan), VE ()

<|1Pk,n(-[8hs an) — pa(-[sn, an)ll; vahhﬂ(‘)uoo
<|1Pr,n(|sh, an) — pr(-|sh, an)ll, H log(A)
szfl’h(shaah) log(A)

by Holder’s, the truncation in the policy evaluation, and since G occurs. Plugging this into the
inequality above,

H
ka a VJ: < ZE [Qbiul(sha ar)log(A)
h=1

Slvﬂ-kap]

and the rest of the proof follows exactly as in the proof of Lemma E.5, with an extra log(A) factor. [J
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The following lemma allows us to control the total estimation error (a) from the optimistic model.
Roughly speaking, it guarantees that the estimates are not too optimistic.

Lemma E.7 (Estimation error with regularization). Conditioned on G, for every K' € [K|, we have

(fr <1
K/

S (VE - Vi) S @+ Dnae) (VSTAHTK + 53/241H2)

k=1

Proof. By Equations (20), (22) and (23), conditioned on G,

K’ R
> (v -vz)
=1
K’ 1 K’ K’
=3 (V=) - a3 (Vi - vir) 4 30 (V- i)
k=1 =1 k=1 k=1

A

(14 oo +7) (\/S2AH4K’ + 53/ 2AH2) ,

and 7 < 1. The last inequality holds due to Lemmas E.5 and E.6. O

Per-State Optimism In the following, we show per-state optimism for the optimistic model.

Lemma E.8 (State optimism #, &). Conditioned on the success event G, for all s,a, h, and k € [K],

_Qlfck,h(sa Cl) + Th(8> a) + <ph("8a (1), ‘A/?ﬁi,h+1(')> <0,

~Qb, n(5.0) + unin(s,0) + (pulls,0). VE_a()) 0 (i€ [1])

Proof. For 7, by Algorithm 2 we have

Q?’k,h(sv a)

=min {H = h+1, n(s,0) + (B Cls, @), V() )
=min {H —h+1,

Fk—lyh(sa a) + b;—l,h(sa a) + <pk,h('|57 a)v Vfi,h+1(')> + bZ—l,h(Sv CL)}

> min {1, Tr—1,n(s,a) + bz_l_’h(s, a)}

+ min {H —h, <;[)k7h(-|s,a), ‘A/,nih+1()> + b£_17h(s,a)} ,
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where we used min {a + b, ¢ + d} > min {a, ¢} + min {b, d}. Thus
= Qk n(s,a) +mls,0) + (puCls. @), Vi ()
< —min {1, 7_1n(s,a) + bi_1 5 (s,a)} +ri(s,a)
—min {H = b, (penCls,a), VA 1 ()) + 8y (.00} + (palCls, @), V2 ()

=—min {1 —ry(s,a), Fe_1,n(s,a) — rn(s,a) + by ,(s,a)}

— min {H —h-— <Ph('|87 a), Vflz,h+1(')> )
(prntls.a) = 15,00, Vs () + ¥y (o000 |

=max { rh(s,a) =1, —=Tr—1,n(s,a) + (s, a) — by_q ,(s,a) }
(@) (b)
e { (=) + (pn(15,:0). V)
(e)
- <]5k,h('\57 a) — pu(-|s, a), ‘A/;i,h+1(')> — by ,(s0) }
(d)

Now, for each of the four terms appearing in the maxima, conditioned on GG, we have
(a) =rn(s,a) —1 <0
by boundedness of the reward functions,
(b) = =Tkn(s,a) +ru(s,a) = by (s,a) <0

since GG occurs,
(e) = ~(H = ) + (pu(C15,), Vi pa () < ~(H = h)+ 1 (H = (h+ 1) + 1) =0
by Holder’s and the truncation of our evaluation procedure, and finally
(d) = = (Bl @) = palls,0), VE i ()) = 0y 4 (5,0)
<pr.n(ls,a) =pu(ls,a)lly - (H = (h+1) +1) = b _y ), (s,a)

< ”ﬁk,h("sva) _ph('|sva)”1 -H— b§_1,h(5»a) <0

by Holder’s, the truncation of our evaluation procedure, since py = pr—_1, and since G occurs. We
are thus taking the minimum of non-positive terms, which shows

Qb (s,0) + 7 (s,0) + (pal:ls,a), V2 0 ()) <0,
The proof for 4y, ; (¢ € [I]) is identical. O

Lemma E.9 (State optimism 1&). Conditioned on the success event G, for all s,a, h, and k € [K],

7Q7]Zk»h(s’ a) + wkvh(57a) + <ph('|5ﬂ a), Vt/ljk,h+1(.)> <0.

Proof. For Uy, 1 (s,a) = Pp.n(s,a) + by 4(s,a)log(A), from Algorithm 2 we have
2 (s.a)
= min {2 (5,a) + (H — h+ 1) log(A), Prn(s,0) + (Prnls,a), VE L ())}
=k,n(s, a)
o+ win { (H — b+ 1)1og(A), B_, (s, )10 (A) + (prnlls, ), VE i ()}
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Thus

= Q% 4 (5,0) + Yenls,a) + (pulls,0), VE ()

= — min {(H —h+1)log(A), by_, ,,(s,a)log(A) + <]3k7h('|3a a), ka,h+1(~>>}
+ (puCls.a), VE ()

= — min {(H —h+1)log(A) — <ph(.|3,a), ka’h+1(-)> ;
(s, ou(A) 4 (s ) = s, T, 0) ]

=+ max{ —(H —h+1)log(A) + <ph('|57 a), ka,h+1(')>’

=:(a)

) 08) - (alsnd) = mCln ) VE 0 0)

=:(b)

For (a), first note that by the truncation in the policy evaluation (Algorithm 2)
VE () = (mrna (), @51 (5,7)) (by definition)
<D menra(als) - Yrni (s, 0)

+ Z T ht1(als) - (H — (h+1) + 1) log(A) (truncated update)

<log(4) + Y mens(als) - (H — h) log(A)

<(H-h+ 1{; log(A). (24)
Hence

(a) == (H = h+ 1) og(A) + (pn([s, ), VE ()

<—(H—-h+1)log(A)+ (H — h+1)log(A)
=0

by Holder’s and Equation (24). For (b),

(b) == b (,0)log(A) — (BenCls, @) = plls,0), VE ()

< b0, (5, @) log(4) + [ (s, @) — pu(-ls, @)l - (H — b+ 1) log(4)
< — by n(s,a)10g(A) + ||, (|s,a) — pu(-]s,a)|l, - H log(A)
<0
by Holder’s, and since py, = pr—1 and G occurs. O]

Finally, the following lemma shows that we can discard term (c) in Lemma E.2. It guarantees that for
every state, an optimistic Bellman-type inequality holds.

Lemma E.10 (State optimism 2). Conditioned on the success event G,

Qb (5, ) + zn(s, @) + (puCls, @), VE i ()) < 0.
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Proof. By Equations (20) and (22), conditioned on G,
— @k n(5,0) + 2n(s, @) + (puCls, @), VE 10 ()
== Qb (5,0) + rinls,0) + (pul-ls,0), V2 a ()

Z Ak (- Ui h(S, a) + ug i n(s,a) + <Ph('|37 a), ka,h+1()>)

T (_ Gon(5:0) + V(s ) + <ph('|8,a),‘7$k7h+l(.)>)

<0,
where the last inequality holds due to Lemmas E.8 and E.9 and since all A, ; > 0. O
Value Function Bounds In the following, we bound the regularized value functions, which allows
us to apply descent properties of the regularized primal-dual algorithm. Recall that g = u — ﬁc

Lemma E.11 (Value function bounds). For any s, a, h, we have
0< Q:_"C_Azu+7wk7h(s, a) < —7log(min(als)) + H(1 + I Apes + 71og(A)) (25)

Moreover, for any s, a, h,
Tk 2
Zﬂ-k h CL| exp (nQT+)\Tu+ka h(57 (I)) QT"I‘)\kTu-i-ka:h(s’ CL)

<VAexp (nH (1 + AnazI + 7log(A))) (2H2 (14 Ihpae + 7log(A))* + 272(64/62))
and
Vg™ + k| VT (H + mAma)

Proof. We prove the first inequality. Non-negativity is immediate. Moreover, for all s, a,

Qs (s,a) + Z Mei@F (s,0) + 7QT 1 (s,a)

T, J—
Qr-}:—ATu—&-ka ,h( a) =

<|Qri(s )+ ZA;H

o h(sa‘—&—T’Qw hsa)‘

H
<H + DanaaH + 7B, | > = log(m e (ans|sw)) | sn = s, a5, = a] :
h'=h
We finish by bounding
H
Eﬂ-k Z —log(ﬂkyh/ (ah/|sh/)) Sp = S,ap = CL‘|
h'=h
H
— log(mk,n(als)) + Ex, Z —log(mk,n (ans|sn)) | an = a, sp, = s]
h'=h+1
H
= —log(min(als)) + Eny | Y —log(mn (anlsn) | sher ~ pr(ls, a)]
h'=h+1
— log(m.n(als) Z > T T o Cleay e (8 )Z — 7 (a'|8") log (g (a']8))
=h+1 s’
IOg(Wk n(als) Z Z 8h+1~ph( [s,a), h’( )log(A)
h'=h+1 s’
= — log(my n(als)) + Z log(A)
h'=h+1

— log(mk,n(als)) + H log(A),
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where we used the standard bound on the entropy in the third to last step, and we are considering
unnormalized occupancy measures throughout.

For the second inequality, first note that (using (a + b)? < 2a? + 2b%)

Q:—T—Afu—&-rwk h(s, a)2 < 2H® (1 + I Amaz + 7 IOg(A))Q +277 10g2 <

=:C
Moreover, using Equation (25) we have
T n(als) exp (nQ:i)‘gu+wk’h(s, a))
<mrn(als) ™7 exp (NH (1 + Apaxd + 71og(A)))
=:Cy
We thus find, if n7 < 1/4 < 1/2 (which is easily satisfied since we choose 7, 7 small),

Zwkyh(a|s) exp (nQ:j-A}fu+ka,h(s’ a)) -C1

<> menlals) T Cy - O

S Zwkyh(a|s)1/2 . OQ . Cl

1/2
< (Z wk,h(a|s)> (Acz-c2)'?

:\/201027

where the last inequality is Cauchy-Schwarz, and

1
Tk . 2 2
;Wk’h(a|s)eXp (nQT“‘fwwk,h(s’a)) 27" log <7rk.,h(a|5)>

1
< Zwk,h(ab)l_’” - Cy - 27% log? ()
a

mk,n(als)

1
< Zﬂk,h(a|3)l/2 -Cy - 2727Tk(a|& h)1/4 log2 <7rkh(a|s)>

< Zﬂk7h(a|s)1/2 - Co - 272 (64/%)

<VAC, - 27%(64/¢?),

where we used the fact that ¢/ log?(1/q) < 64/e? for ¢ € (0,1), and Cauchy-Schwarz in the same
manner as before. Adding up the previous two terms and plugging in the definitions of the constants
yields the second inequality.

For the third inequality, we find (recalling that g (s, a) € [~1,1]1)
Vg™ 7] < [[VG [+ 7 A
<VIH + 7V1mas,
concluding the proof. O

Lemma E.12 (Truncated value function bounds). For all s, a, h, we have

0< ngk’h(s, a) < —7log(mi n(als)) + H(l + I\pes + 71og(A)) (26)
and

> mnlals)exp (nQ%, u(s,a)) Q5 4(s,a)?

<VAexp (PH (14 Amasl + 7log(A))) (2H2 (14 Thpas + 7log(A))? + 272(64/62))
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and

Hka — C+T>\kH < \/T(H+T)\7nax)

Proof. Since the truncated value functions are bounded between 0 and the true value functions, the
statement follows from Lemma E.11. O

F Regret Analysis

In this section, we provide all proofs of the result from Section 5, leading to a regret bound of the
regularized primal-dual algorithm (Algorithm 1).

We write < for asymptotic inequality up to polylogarithmic terms. First, we note that the primal-dual
updates indeed correspond to mirror descent updates.

Observation F.1. The closed-form expressions in Algorithm I are solutions to

max (Z m(als)QE, a(s,a) - 1KL(?Th('|S)JFk,h('S))) ;
acA g

7 (-|s)€A(A)

N 1
. T k 2
IAHEIRI()\ (Vﬂkfc+7)\k)+%||)\*>\k“ );

respectively.

This means that both the primal and dual variables are updated via mirror descent with different
regularizers. Hence, we can make use of the descent lemmas for online mirror descent (we refer to
Lemmas .5 and 1.8 in Appendix 1.3). However, the value functions that serve as (surrogate) gradients
are only estimates. Thus, the convergence proof for the potential function @, that measures the
distance from (7, A) to (7%, A%) needs to take the estimation errors into account.

Lemma 5.1 (Regularized convergence). Let 1,7 < 1 and \ppap > HZ"1. With probability at least
1 — 9, the iterates of Algorithm 1 satisfy

Bryr <(1—nr)Fd, + O(v;T—lcn,T,A + Nmaz (ISA1/2H2k1/2 + 153/2AH2) )

where C,, 7  is the same constant as in Lemma 4.1.

Proof. Condition on G, which occurs with probability at least 1 — § by Lemma E.1. We first
decompose the k-th primal-dual gap as follows:

Lo (75, Ak) = Lo (T, NS) = Lo (77, Ag) — Lo (T, k) + Lo (T, Ap) — Lo (mr, AT) . (27)
(1) (i1)
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We first bound term (i):

(i) =L (77, Ak) — Lo (T, Ar)
—VHT)‘]\Tg Vg‘)‘;{g (as df (s, a) = d7 (s)mn(als), and cancel || Ax||*)
—7 Y dy ()7 (als) log(mr (als) + 7 D di ()7, (als) log(m i (als))
s,a,h s,a,h
_‘/;“;A{g+7'¢k TTAEQ+T¢1¢ (since P (s, a) = —log(my n(als)))
+7 > dp(s)mh(als) log(min(als) — 7> di*(s)mkn(als) log (k. (als))
s,a,h s,a,h
—7 Y dy ()7 (als) log(m (als)) + 7 D dit ()7, (als) log(m 1 (als))
s,a,h s,a,h
_Vrfxfgwwk rf)\fg+'rwk
+7 Y dy (s)7 p(als) log(m,n(als))
s,a,h
—7 3 di ()7 wlals) log (s 4 (als))
s,a,h
_VT-‘:ATQ-FT?/H@ T’-‘fkfy-‘rﬂ/%
(GIS))
-7 d 77 p(als)lo
2 4 2 mlals) g(m( )
_VTJ:AT gtrdn r+>\£g+np -7 Z dy” ()KL, (s)
_VrJATgwwk Viiargery, ~ "KLk
Ry ™ _ 1
Vr+>\Tu+ka Vr-ﬁA}fu+7wk — 7KLy (asg=u— 5o
:VZk’ - VF — 7KLy,

Now by Lemma E.2, we have

Vz,J VE
=V -V @)
+ ZE |:< 2k h Sh? )3 'rh( |Sh) — Tk h( |5h)> Slaﬂ:ap] (b)

+ ZE [ %o n(Shyan) + 2k n(Sh, an) + <ph("3haah)vvg7,?jh+1(')> 81,7T:7P} ©

We leave term (a) as is and will sum over k later. For term (b), note that for all s, A,

(@, s, '>,w:.h<‘|s> —mealls))
<KLk,h( 5) — KLgy1,1(

; + 7 Zwk n(als) exp( e.n (8, )) CAQiAC}w,l((S,cz)2 (Lemma 1.6)
KL — KL 1
< e (5) " k+1.4(5) ZH A (Lemma E.12)
with

Diyrin = HAY2exp (nH (14 Apas T + 7108(A))) (2H (1 + Dhnas + 7log(A))° + 27%(64/¢?))
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and where we were able to apply Lemma 1.6 by Observation F.1 and since Q’;k »(s,a) > 0. Hence,

ZEK b s )i Clsn) = mnClsn) ) sm:,p} Zd $) (@5, (5.0, 7 (1) = mn(ls) )

- KLk p(s) —KLgt1,n(s) n1
<N dy(s) ( : ; - + 5P

KL; — KL
:M + gDY],T,A'

Term (c) is < 0 by Lemma E.10, which applies since G occurs. Plugging in, we thus find

(i) =Vir — VI — 7KLy

- KLy — KLg41

<(VE -V + + 5Dy +0 - 7KL

~ (1 — ’I7T)KL]€ — KLk+1 ’I7

=(Vi - Vi) + p 2Dnra- (28)
We now bound term (ii):
(’LZ) Zﬁ-,—(ﬂ'k, )\k) - [:7—(7Tk, )\:)
g g T 2 T 2
_Vrfxfg Vrf(»)T = ||/\;€|| - = ||)\*H (cancel H (7))
=300 AL+ Il = S

)
:Z(A'ﬂ AV = et k) = 5 12 = A7

%

=Y O = AV — i+ TAk) @)
> ki = M)V =V ) ()
T *
P

To bound (a), we note that
> ki = ALVl =i+ 7Aks)

A= Al = A = A | - 2
SH T R k1] +QHVukk—C+7'AkH (Lemma L.8)

2n

A= Al = A = Apsa)?
SH T k” 2” T k+1|| + 2D7-A’ (LemmaEIZ)
n

with DT Aa=1 (H + TAmaz)? and where we were able to apply Lemma 1.8 by Observation F.1. We
can bound (b) via

DOk = XV = Vi) €3 A |V, = Vi
Plugging in, we find
17 * Tl T .
(i) :zi:()‘k,i — XLV = et ) = 7 A = AL
DS VY e DR V1 o i

= o oD A+kaaz Vi = V| = 1A= X
A=) I = Xl A = X, -
o 277 +51)7',A4>ZAM,ax V’[Lk.i *Vutk . (29)
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Before proceeding, note that conditioned on GG, we have
Vi = Vi >0,
v — v >0,
by Lemmas E.8 and E.10, respectively. Hence, we can treat these differences and their absolute
values interchangeably in what follows.

From Lemma C.3 (with 7 = 7, A = Ag), we have 0 < L. (7%, Ax) — L (7, AL). Moreover, recall
®, =KL, + % IAx — X;||2, thus by Equations (28) and (29),
1 *
D1 =KLpr1 + 5 [[ A — Az))?
2

<(1 —n7)KLg + 773D,]7T,A + 77(‘72]2 = V7E) —n(i) (Equations (28) and (29))
. -
. ”T)w + DL+ 0> A |V, = V| = i)
<(1 = n7)®s, + 177 (Dyrp + D7 p)
Fn(VE VI 40 A Vil = Vi (Def. @y)
—n(() + (i)
<(1 = n7)@% +1°(Dyra + D )
7k Tk Tk T
+ 77(V2k - Vzkk) + n Z )‘ma:r ﬂkk7 - Vuik
0 (L (75 AR) = Lo (7, AL)) (Equation (27))
S(l - nT)(I)k + UQ(DYI,T,A + D-/r,A) (as Lr(ﬂ-:7 )‘k) - ‘CT(T‘-ka )‘:—) > 0)
Crk Tl rk T
+ U(Vék - Vzkk) +n Z Amag Vﬁk,i - Vuik .
i
By induction and geometric series bound we find
k
By S(L—nr)* @1+ Y (1= )0’ (Dy i + D) )
E'=1
k: A~ A
+ Z (1 _ nT)k—H—k <77(VZ]Z’ — VZTIZI/C/) + 772 Amaz V{fk,l — VuTzk/ )
k=1 i
k 1 2 /
<(1—n7)"®; + 777_71 (Dyra + D7 o)
k A A
0y ((VJL —VIE)+ Y A | Vi, = ViIw )
k=1 i

<(1 =) @1+ LDy + DL y)

+0 (12 + Dnae) + Do) (VSTAHE + 82 417) ),

where we used Lemmas E.5 and E.7 (which apply since G occurs) in the final step. Finally, noting that
Dy + D’T7A < O(Cy,7,a) (see Theorem 4.1) and invoking A4, > 1 concludes the proof. L]

Invoking Lemma 4.2, we can leverage the convergence of the potential function to show a sublinear
regret bound for Algorithm 1.

Theorem 5.1 (Regret bound). Let 7 = K—V7, 5 = (H*I)'EK %7, Appaw = HE'K'/14,
Then with probability at least 1 — §, Algorithm 1 obtains a strong regret of

R(K;r) < C,K*%, R(K;u) < C,K™%,
where C,., C,, = poly(S, A, H,I,Z71 log(1/6),log(K)) and K is the number of episodes.
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Proof. The bound follows from Lemma 5.1 and Lemma 4.2.
Set A, (k) := [V — V7], and Ay, (k) := [~V] . Condition on the success event G, which
happens with probability at least 1 — § by Lemma E.1.

We first consider the regret for the reward. Plugging Lemma 5.1 into Lemma 4.2 we find, using

\/a+b§\/&+\/5and1+x§exp(x),

A (k) SH*?®)? exp (—nTk/2) (@)
eae (1)l )
+ H3/? (ﬁAmamISA1/2H2k1/2) i (©)
+ H3/? (nxmaxs?’/ 2AH2> i @
+ 7H log(A). (e)

We first show that we can ignore terms (b), (d), and (e) since they are o( K ~'3/14). For (b), note that,
using the definitions of 7, 7, A\ (and taking /-, and 7 < 1)

Cr2 \ Cmaa HY 2 AYAT - exp (H (1 + Amao ] +10g(A)))/2) + 1'% (H + TAmas)
H
SAmaz HY?AVAT - exp ((HI)15K5/7 <1 + KV + log(A))> +1Y/? (H + HE*K*VM)

Smae HY2 AT - exp(2) + T2 (H - HE—lK—1/14)
<[B3/2 pAB/ATE-1R/14
Since

(ﬂ)l/Q _ (H2I)_1/251/2K(_5/7+1/7)/2 — (HQI)_l/QEl/QK_2/7,
T

we thus have

1/2
(b) = H3/? (ﬂ) CL2, < poly(A, H,I,E " )K3/1,
. i,

Hence, when summing (b) over k = 1, ..., K, it only contributes o( K ~3/14) to the regret. Similarly,
(d) — F73/2 (nAmaIS:s/zAHzf/g < H3/? (53/2AH2)1/2 K-(9/2/14
(e) =rHlog(A) = K~ Y7 Hlog(A).
Hence, when summing (d) and (e) over k = 1, ..., K, they only contribute o( K ~3/1) to the regret.
We now turn to terms (a) and (c). For (a), using the standard inequality e™* < 1 —2/2 (if 0 < z < 1)
with z := n7/2, we first find

exp(—nTk/2) < (1 —nr/4)F

and hence, (after summing (a) over k =1,..., K)
K K
ST HY 201 exp (—yrk/2) <HY @123 (1 - gr/4)"
k=1 k=1
<HY®y/2 Y (1 —nr/a)*
k=1
4
:H3/2<I>1/2—
nT
4
1/2
:H3/2<I>1/

(HQI)—laK—5/7K—1/7
—— 1/2
—AHTPTE 1912 1214,
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Furthermore, since 71 plays actions uniformly at random and A; = 0, we have (I>}/ > < (Hlog(A) +
1IN )Y < HY?1og(A)Y/2 + I'V2 N0, = HY?1og(A)Y/2 + IV2HE-1K1/14. Hence, the

maaq
calculation above shows

(a) <4HT/2[=1 (H1/2 log(A)1/2 +Il/2HE—1K1/14) K12/14
S4H4IE?1 10g(A)1/2K12/14 + 4H9/2157211/2K13/14.
For (c), we find (after summing over k = 1,..., K)
K 1/2 K 1/2
S Y2 (nAmMISAl/2H2k1/2) =S B3 ((HQI)‘1EK‘5/7HE‘1K1/14ISA1/2H21<:1/2>
k=1 k=1

<K -H*? ((H2I)_1EK‘5/7HE‘1K1/14ISA1/2H2K1/2)1/2
_g3/2 ((H2])715H571]SA1/2H2)1/2 FLH(=5/T+1/14+1/2) /2
— [3/2 (SA1/2H> 1/2 K18/14

—H281/2 A1/4 r13/14

Hence, summing up terms (a) to (e) over k = 1,..., K indeed yields the bound for the objective
(using 13/14 ~ 0.93):

R(K;r) S (H9/215—211/2 + H251/2A1/4) K09,

Next, we consider the regret for the constraints. Plugging Lemma 5.1 into Lemma 4.2 we find, using

Va+b < a+ Vo,
Ay, (k) SH320V? exp (—yrk/2) @)
32 (M) /2 1/2 s
+ 12 (1) o, (b")
1/2
1 H3/2 (n/\maxlsAl/Qszl/z) ©)
1/2
+ B2 (n/\maxSWZAHQ) )
1
+ TAmag + —— H?E1 ()
>\7na.’c
+ TH log(A). )
>\ma:c

Note that terms (a’), (b’), (¢’), (d’) are identical to (a), (b), (c), (d). Summed up, they thus correspond
to the same regret as the one for the reward. Moreover, for (f’) we have

1 o _
(f) = 3——log(A) ==H " log(A) K/,

max

and thus, we can ignore (f) when summing from k£ = 1, ..., K. Finally, for (¢’), we have

1
(6/) :T/\rrmw + H2571

>\maz

:K—1/7 . HE—1K1/14 +H—1EK—1/14 'H2E_1
—H(1+2 HK~/14,

Thus, summing up (a’) to (f*) from k& = 1 to K yields the regret for the constraints (using 13/14 ~
0.93):

R(K;u) S (HYPIET212 4 H282 A0 H(1 4+ 271)) K%,
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G Examples and Simulation

In this section, we expand on the description provided in Section 6.

G.1 Examples

In this section, we provide examples to highlight crucial differences between the strong regret R and
the weak regret Ryeak-

A Minimal Example Consider the case in which an agent repeatedly has the option between three
different investment strategies (01, 02, 03). Each of them yields a respective reward (r1,7r2,73) =
(1/5,1,3/5). There is an initial cost (uy, us,us) = (9/10,1/10,5/10) associated with each option,
which must not exceed the budget ¢ = 1/2 of the agent. If the budget is exceeded, the agent will be
in debt, and a larger debt is associated with a higher risk. Clearly, we can model this scenario as an
optimization problem max e ((3)) 2 ;s Tils» Subject to 3,y x;7; < ¢, where x describes the
distribution of investments in the respective strategies. We can equivalently model this problem as a
CMDP with one state s1, horizon H = 1 and three actions .4 = [3] (i.e., a constrained bandit), in
which 71 (s1,a) = 14, u1(s1,a) =1 — u, (a € [3]) and ¢ = 1 — ¢. Here, 0y is highly profitable but
too risky, o9 is less profitable but safe, and o3 is a compromise between both. Note that R(K, u)
now measures the total amount of debt the algorithm accumulated during K episodes. A strategy
A that always plays o3 will have a total debt of 0 since o3 does not violate the constraint. On the
other hand, a strategy B that plays o; and o9 in an alternating fashion will have a total debt of K/5,
which is linear in K, despite having a weak regret of 0 due to the aforementioned cancellations. Both
strategies, A and B, have the same accumulated objective. This simple example, which does not even
require an unknown environment, illustrates why weak regret cannot be the right notion of safety
during learning. We point to Calvo-Fullana et al. (2023); Moskovitz et al. (2023); Stooke et al. (2020)
for other examples exhibiting similar behavior.

A Slight Relaxation For practical purposes, one may consider the strong regret only for the
constraint violations and the weak one for the objective. The reasoning behind this possible relaxation
is that we may tolerate superoptimal performance with respect to the reward (when the algorithm
violates the constraints) while we still do not tolerate additive negative constraint violations (as
discussed). For example, an agent maximizing a wealth function may be allowed to obtain a higher
return than any safe method, adding a negative term to the objective regret. In this case, we may
want to allow compensating suboptimal returns by superoptimal ones, while we do not want to allow
compensating unsafe strategies by strictly safe ones. However, this relaxation does not improve our
theoretical results in their current form. It remains open whether, under this relaxation, stronger
results are possible to obtain.

We argue that despite the possible relaxation, it is sensible to require the strong regret for both the
violation and the objective, as done in this paper, which is also what Efroni et al. (2020) referred to.
Indeed, one can think of settings in which one gets paid out the return of an episode only up until
the limit that would be attainable subject to the constraints. For instance, if there is an illegal set of
options, the controller of the environment may decide to pay out only so much as attainable when
they are not being used (but may not know whether the illegal actions have, in fact, been used). In
other words, the return is Wj, = min{ V™, V™" }. Hence, per-episode regret would be

VI =Wy =V —min{V, VI = [V =V,

T

which is exactly the strong regret of the episode.

G.2 Experiment Details

In this section, we report all details of the parameters, environments, and hardware used for our
simulations.

Comparison with Guarantee With the theoretically derived stepsize 7, regularization 7, and explo-
ration from Theorem 5.1, we need many episodes to observe a benefit, due to the slowly vanishing gap
between regularized and unregularized problem. Setting hyperparameters empirically, we observe a
better regret than the theory suggests. Therefore, the plots in this section refer to the empirical choice.

Hyperparameters For the vanilla algorithms, we run for K = 4000 episodes for each step size
n € {0.05,0.075,0.1,0.125,0.15, 0.2}, which we observed to be a reasonable range across CMDPs
when fixing the number of episodes. Similarly, for the regularized algorithms, we perform the
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same parameter search across all pairs of step size € {0.05,0.1, 0.2} and regularization parameter
7 € {0.01,0.02}, totaling a number of six hyperparameter configurations as well. We always set
Amaz = 6, which did not play a role in our simulations as long as it was chosen sufficiently large.
We use exploration bonuses 0.08 - 1y, (s, a)_l/ 2. For each hyperparameter configuration, we sample
n = 5 independent runs with K episodes, obtain the regret curves and plot their average. For each
algorithm, we then report the result for the best hyperparameter configuration in hindsight (with
respect to the strong regrets).

Environment As described, we sample the rewards r uniformly at random and the constraints as
¢ = (1 —r) 4+ ¢, for a Gaussian vector ) € RS54 and 3 = 0.1. We sample an environment with
S = A = H = 5 according to the procedure above. Throughout seeds (and other CMDP sizes),
this led to CMDPs in which the oscillations of the iterates and error cancellations can be observed.
As argued, sampling constraints and rewards fully independently does not provide CMDPs that are
interesting test beds. Indeed, unlike in random CMDPs, in real-life situations, we often observe goals
that are explicitly conflicting with safety constraints, as otherwise, there is no need to encode them
via a CMDP. For instance, consider a vehicle that aims to arrive fast but not go over the speed limit or
cross the sidewalk. The latter would be the fastest option, but it conflicts with the constraint. In other
words, the constraint and the reward function are negatively correlated.

All simulations were performed on a MacBook Pro 2.8 GHz Quad-Core Intel Core i7. We provide
the code in the supplementary material. For all experiments, we set the seed to 123.

H Difference Lemmas
In the following, we recap the well-known performance difference and value difference lemma.

Lemma H.1 (Performance difference lemma). Forall m,7’' € lland allr': S x A — R, we have

H
VI =V =Ex | >N Q ulsnra) (malalsh) — w7, (alsn))

h=1 a
H
=>"3"d5(5) > QF (s, a) (mulals) — m(als))
h=1 s a
H
=D dr(s)QE 4 (5,) mu(cls) — mh(]s))
h=1 s

Proof. See Cai et al. (2020, Lemma 3.2) for the first equality. The second equality follows since
we consider unnormalized occupancy measures. The third equality holds by definition of the inner
product. O

From Shani et al. (2020, Lemma 1):
Lemma H.2 (Extended value difference lemma (aka simulation lemma)). Let 7, 7’ be policies and
M = (8, A,p,r), M' = (S, A,p',r") be MDPs. Let Q¥ (s, a) be an approximation of the value
function Q7' (s, a). Let VM(s) := < IM (s, ),7rh(|s)> Then

VM(Sl, 1) - V’i/}iﬂ-/(sl)

T

WA
517p77T:|

H
—3 R [ (0 ) )
h=1

LY E [@%h,ah) —75,(5.0) = (i, (snsan), VLA ()

h=1

WA
Slap77T:|7

/ ’
where V1 { (s1) is the value function of 7" in M’

Note that Q need not correspond to a true value function under some model.
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I Convex Optimization Background

In this section, we review fundamental results from the optimization literature. All of these results
are standard, and we include them for completeness. They are not novel by themselves nor specific to
the sections in which we make use of them.

I.1 Convex Min-Max Optimization

While the following results from min-max optimization are commonly used, we establish them here
for our setup (both for completeness and due to the lack of a unifying resource for our case).

Setup Let X C R4, ) C R% be (nonempty) compact convex sets and let f: X x J — Rbea
continuous and convex-concave function. Set f: X — R, f(z) := maxyey f(z,y),and f: Y = R,

f(y) := mingex f(x,y), which both exist by continuity of f on a compact domain.

Lemma I.1 (Existence minimax points). We have

wng I;leaX flzy) = jlelg min f(x,y), (30)

and the maximum and minimum are attained, i.e., there exist x* € X, y* € Y such that

f(e*) = inf max f(=,y), (31)
) = sup min f(z,y). (32)

Proof. The first equality holds due to Sion’s Minimax Theorem (Sion, 1958). Note that the second
part of the lemma is not immediate from Sion-like statements.

We shall prove that f is continuous. By compactness of X, this implies the existence of x*. By
symmetry, this also settles the existence of y* (by repeating the argument for — f). Thus, let x € X
and consider a sequence (), in X such that x;, — . We aim to show that f(x) — f(z), which
would conclude the proof.

Lety € argmax,/cy f(z,y), which exists by continuity. Then, for every k we have
flax) = max f(zx,y') 2 f(2,y) = f(@,y).
Taking lim infj, on both sides yields

liminf f(z4) > f(2,y) = f(2). (33)

Assume by contradiction that limsup, f(zx) > f(z). Then we can pick § > 0 such
that limsupy, f(zx) > f(z) + 6. Thus we can pick a subsequence x,) and Yy, €
arg max, cy f(2n(k),y’) such that for all k,

Ff(@n) = f(@)+6/2 > f(z,ynm)) +6/2. (34)

Since Y is compact, by further picking a subsequence if needed, we can WLOG assume that there
exists § € ) such that y,,(y — 9. Then by Equation (34),

F@nys Uney) =F @) = F, ynry) +6/2.

Taking k — oo and using continuity of f yields the contradiction f (x,9) > f(z,9) + /2. We
therefore must have lim sup,, f(z) < f(z) < liminfy f(x), proving f(:vk) f(z). Thus, fis
indeed continuous. O

General Setup The statements in this paragraph all concern the following more general setup
(dropping convex-concavity and boundedness of the domain). As we showed in the previous
paragraph, all assertions made here hold in the continuous, convex-concave compactly constrained
setup.

Let X C R%, ) C R% be (nonempty) closed sets and let f: X x ) — R be a continuous
function. Consider f: X — R U {£oo}, f(z) := maxycy f(z,y) and f: Y — R U {Fo0},

f(y) = mingex f(z,y).
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Lemma 1.2 (Min-max to saddle point). Let

z* € argminmax f(x
g min max f(z,y),

% .
€ arg max min x
(0 & max min f(z,y),

and assume f(z*) = f(y*). Then (z*,y*) is a saddle point, i.e., forall x € X, y € Y, we have
f@*y) < f@y) < fla,y7).
Proof. We have

fl@*,y) < g}g)y<f(w*,y’) = f(z") = f{(y") = min f@'y*) < fla*,y%),

proving the first inequality, and for the second, we have
fla,y) = min f(2',y%) = f(y") = f(2*) = max f(z*,y') > f(2",y").
z’'eX y'ey

Note that this proof does not require convexity or compactness.

O

Lemma 1.3 (Saddle point to min-max). Ler (z*,y*) be a saddle point, i.e., forall x € X, y € ), we

have
f@*y) < fla*,y%) < f@,y7).
Then
¥ e i ),
x arggg;(lgleaﬁ( fz,y)

* .
€ arg max min x .
Y g max min f(x,y)

Proof. We first note that the assertion implies max, f(z*,y") < mingcx f(2',y*). Hence

f(z*) = max f(z*,y') < min f(z',y*) < min max f(z',v'),
f(@%) = max f(z%,y") < min f( y),x,exy,eyf( y)
showing the claim for x*. For y*, we note that similarly,

f(y") = min [ y) > 5}g§f(x*,y’) > glgigggnelg f@'y'),

concluding the proof.

Note that this proof does not require convexity or compactness.

Lemma 1.4 (Invariance of saddle points). Let

z* € argminmax f(x
g min max f(z,y),

* .
€ arg max min x
Y g max min f(z,y),

and assume f(z*) = f(y*). Consider closed sets X' C X, V' C Y. If (z*,y*) € X' x V', then

z* € arg min max f(x
g min max f(z,y),

" .
€ arg max min x .
y gmax min f(z,y)

Proof. By Lemma 1.2 (which applies since f(z*) = f(y*)), (z*,y*) is a saddle point for the

minmax problem with domain X x ). Thus, since@* € Y C Y, we have f(z*,y*)
maxyey f(z*,y) = maxyey f(z*,y). Moreover, since X' C X and y* € )’, we have f(z*,y*)
mingex f(z,y*) < mingear f(z,y*) < mingerr maxyey f(z,y). Hence max,cy f(a*,y)
min, e y» maxyey f(x,y), proving

z* € arg min max f(z,v).
g min max f(z,y)

The proof for y* follows by repeating the argument for — f.

Note that this proof does not require convexity or compactness.
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I.2 Constrained Convex Optimization

We state some well-known results from constrained convex optimization that will be useful. The
results are standard, and we refer, for example, to the work by Beck (2017).

Consider the (primal) optimization problem

ffi=min f(z)
st. g(z) <0 (35)
reX

with the following assumptions.

Assumption 1.1 (Assumption 8.41, Beck (2017)). In Equation (35),
(a) X C R" is convex
(b) f:R™ — Ris convex
(c) g(-) == (91(),-- -, gm ()T with g;: R" — R convex

(d) Equation (35) has a finite optimal value f*, which is attained by exactly the elements of
X*£0

(e) There exists & € X such that g(T) < 0

(f) Forall A € RZ, mingex (f(z) + AT g(z)) has an optimal solution

In this setup, we define the dual objective as
g(A) := min (f(z) + A" g(x))
where £: R" x R™ — R, L(z;\) := f(z) + ATg(x) is the Lagrangian of the problem in Equa-
tion (35). The dual problem is then defined as
¢* :=max ¢q(})
st. A>0.
In this setup, we have the following results connecting the primal and the dual problem.

Theorem I.1 (Theorem A.1, Beck (2017)). Under Assumption 1.1, strong duality holds in the
following sense: We have

f* — q*
and the optimal solution of the dual problem is attained, with the set of optimal solutions A* # ().
Proof. Proposition 6.4.4 of Bertsekas et al. (2003) gives a proof of the more general Theorem A.1 of
Beck (2017). We remark that if we assume affine constraints g and X being a polytope, then we can
drop assumption (e) (Beck, 2017, Theorem A.1). O
Theorem L.2. Suppose Assumption I.1 holds. Let x* € X*, \* € A* and x € X. Then
fla) = fz") + (\)Tg(x) > 0.

Proof. We have

fla) =f(x) + () g(z) — (A)Tg(x)
>q(\*) — (\)"g(x) (definition of ¢(-))
=f(z*) — (\)Tg(z) (since by Theorem L.1, ¢* = f*)
and rearranging this proves the claim. Again, we see that we can drop assumption (e) if we consider
affine constraints g and a polytope X. O

Theorem 1.3. Under Assumption L1, for all \* € A* and T as in (e), we have
f@)—f

min; e ) (—gi(7))

AT < AT <
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Proof. The first relation holds since A* > 0. We show the second relation as follows (cf. Beck (2017,
Theorem 8.42)). We have

f(z") =q(A*) (Theorem L.1)
<f(@)+ \)Tg(2) (definition of ¢(-))
<f(z )+||/\ [l max]gz( z) (since A* > 0)
=f(@) = [[A"[[x min (—g;(7))
i€[m]

and rearranging this proves the claim. We remark that for this theorem, we do need assumption (e),
even in the affine case. O

1.3 Online Mirror Descent

Setup In the following, we consider a convex set X C R and a non-empty closed convex set
V C X.Lety: X — R be proper, closed, and strictly convex on V. Let By,: X x int (X) — Rbe

the Bregman divergence associated with 1. Define ||z|| , := V2T Az. Assume that
lim (Vo + My — )7 (s~ ) = 00 (¥ € bdry(X), y € int (X)), o (36)
5
V Cint(X). (37)

Consider the following descent lemma using local norms.

Lemma 1.5 (MD descent lemma, Orabona (2019) Lemma 6.16). Suppose 1) is twice differentiable,
with positive definite Hessian in the interior of its domain. Assume

1
- . T _
€ —By(z, ), 38
T € argmin g x—|—n W (Z, ) (38)
1
e ing’ 7 + —By(, 39
&' € argming a:+n (T, ) 39)

exist. Then, for all x* € V, there exist z on the line segment® between x and x', and %' on the line
segment between x and T such that

2
* * * n : 2 2
ng” (@ — ) < By(a*,2) = By(w*,2') + T min { gl gz -1 - N9 0ozt } -

We get the following descent lemma for exponentiated Q-ascent.

Lemma L6. Let V := A ([d]), and g € R%, =: X. Then & := argmaxzex g* T — 7KL(.’L‘ x) and

argmaxzey g T — %KL(E, x) exist and are unique. Moreover, if g only has non-negative entries,
then for all x* € V we have

KL(z*,x) — KL(z*,2') gi
< ; 2 2

Proof. Note that the negative entropy v (x) = . x; log(x;) is strictly convex and twice differen-
tiable and satisfies Equation (36), as a short calculation reveals. Moreover, for p,q € V, we have
By (p,q) = KL(p, q¢) (Orabona, 2019, Example 6.4). Existence and uniqueness are discussed in
Orabona (2019).

Maximizing g* 7 — - KL(Z, x) is equivalent to minimizing (—g)” 7+ - KL(Z, z), allowing us to apply
Lemma L.5. Note that for z € RL,, V¢(2) = diag(1/21,...,1/za). Thus, [[—gll g2y
>, zig?. Moreover, we have &; = x exp (—n(—g;)) > z; (Orabona, 2019), since g; > 0, and thus

8The line segment between two vectors is the convex hull of the set containing those two vectors.
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by Lemma 1.5, we can pick 2’ < Z (componentwise) such that
9" (@ = 2) =(=9)" (z — a")

SKL(:U*,:E) KL(z*,z') 7722
n

<

KL(z*, ) — KL(z*, ') i
xlgl .
; Z

O

Lemma 1.7 (MD descent lemma, cf. Orabona (2019) Lemma 6.9). Letx € V, g € R?, and n > 0.
Assume further that 1) is ji-strongly convex w.r.t. some norm ||-||ga in V. Then,

1
!/ . T — _
= -B 40
¢’ = argming x—i—n (T, ) (40)
exists and is unique. Moreover, for all x* € V, the following inequality holds:
2
* * * n
ng" (x —a*) < By(a*, @) — By(a*,a') + % lgll?

where ||-||, is the dual norm associated with ||-||ga.

We can deduce the descent lemma for projected gradient descent.

Lemma L.8 (Descent lemma PGD). Letx € V, g € R?, and n > 0. Then x’ := arg mingcy z7 g +

% |z — x||? exists and is unique. Moreover, for all z* € V we have

lo* —|)* — [la* — /||
n

Tz —a*) <

n 2
g + Ligl?.
Proof. Note that w( ) =3 Hx||2 is 1-strongly convex w.r.t. the L2 norm. Moreover, for a,b € V,
we have By (a,b) = 1 |la — b||* (Orabona, 2019, Example 6.4). Since the L2 norm is its own dual
norm, applying Lemma 1.7 to the minimization of g7z + 2n |z — z|)? yields the claim. O

Finally, the following lemma shows that the updates of the algorithms indeed fall into the category of

(online) mirror descent.

Lemma 1.9 (Orabona (2019)). Consider a compact set Y C R withy € Y, and let x € A ([d)) for
some d € Z>1. Then, the closed-form expressions

T; €Xp (ng‘) .
(i € [d]),
Zile[d] xi exp (nxy7)
y' = projy (y —ng),

/
xi:xi:

are the unique solutions to

_T _
max I g— —KL(Z,x),
zeA([d]) g n (& 2)

1
. T e 2
ming g+ s, g =yl”,
respectively.

Proof. For the primal variable, the derivation of exponentiated gradient is standard, see, e.g., Orabona
(2019, Section 6.6).

For the dual variable, the derivation of projected gradient descent simply follows from the first-order
optimality criterion and convexity of the objective. O
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