TEL AVIV UNIVERSITY

The Raymond & Beverly Sackler Faculty of Exact Sciences

The Blavatnik School of Computer Science

REGRET MINIMIZATION IN REINFORCEMENT
LEARNING

A thesis submitted toward the degree of
Doctor of Philosophy

by

Aviv Rosenberg

000

TELAVIV NU'0MIIN
UNIVERSITY 2ON'TN

August 2022






TEL AVIV UNIVERSITY

The Raymond & Beverly Sackler Faculty of Exact Sciences

The Blavatnik School of Computer Science

REGRET MINIMIZATION IN REINFORCEMENT
LEARNING

A thesis submitted toward the degree of
Doctor of Philosophy

by

Aviv Rosenberg

This research was carried out at Tel Aviv University
in the Blavatnik School of Computer Science
The Raymond & Beverly Sackler Faculty of Exact Sciences

under the supervision of Prof. Yishay Mansour

August 2022






Acknowledgments

I would like to thank my partner, parents, family, and friends for their love and support. 1
would like to attribute a special thanks to my advisor, Professor Yishay Mansour. Yishay is
the ultimate advisor and he has made my Ph.D. an unforgettable experience. His incredible
knowledge and inexhaustible creativity serve as a constant source of personal inspiration.
I enjoyed our joint work and I deeply appreciate your support in my research career (and
hopefully your future guidance). I also wish to express my deepest gratitude to all the
great students and researchers with whom I had the pleasure to collaborate during my
Ph.D. — Gal Chechik, Liyu Chen, Alon Cohen, Gal Dalal, Yonathan Efroni, Assaf Hallak,
Tiancheng Jin, Haim Kaplan, Tal Lancewicki, Haipeng Luo, Shie Mannor, and Lior Shani

— many thanks to all of you for giving me the opportunity to learn through our interaction.






Abstract

Reinforcement Learning (RL) studies the most basic question in Artificial Intelligence
(AI) — how can an agent learn to make good decisions through interaction with the envi-

ronment?

While RL has seen impressive empirical success in various settings, the performance
of RL algorithms changes dramatically between domains and they may even fail to learn
in certain environments. This could happen for many reasons but in this thesis we focus

on the following three fundamental reasons:

1. Exploration. Many popular algorithms rely on simple heuristics for exploration,
such as e-greedy. Therefore, they might fail in environments where it is hard to

reach certain areas of the state space.

2. Non-stationary. The most popular model in RL is the Markov Decision Process
(MDP), which is entirely stochastic and does not change over time. However, in
many real-world applications, the environment is not stationary and changes even

throughout the learning process. Many algorithms fail to adapt to these changes.

3. Inaccurate Model. The RL literature mostly studies MDPs with the finite-horizon,
discounted return or average-reward performance criteria. However, many scenar-
ios (such as navigation and routing) do not fit into these frameworks. Thus, many

algorithms are not able to capture them adequately.

This thesis provides new algorithms and theory for tackling all of these issues. Our
algorithms face the challenges of exploration in several environments, and therefore their
success is measured by the regret — the difference between the cumulative cost of the agent

through the learning process and the expected cost of the best policy in hindsight.

The thesis consists of two main lines of research: adversarial MDPs and Stochastic
Shortest Path (SSP). After studying both models, we also study a new model, adversarial
SSP, which combines them to construct a much more robust and general model.



Adversarial MDPs aim to tackle non-stationary. As opposed to standard MDPs that are
stochastic and do not change over time, in adversarial MDPs the cost function can change
arbitrarily (while still assuming a fixed stochastic transition function). This model is much
more general than standard MDPs since it allows for the costs to be chosen by an adversary,
instead of just being drawn from some unknown distribution. In this work we significantly
advance our understanding of adversarial MDPs. We present the first high-probability
regret bounds for adversarial MDPs with unknown transitions and full-information feed-
back, where the agent observes the entire cost function after it has changed. Moreover,
we present the first regret bounds for the much more realistic model of adversarial MDPs
with unknown transitions and bandit feedback, where the agent observes only the costs
that she suffers. Our algorithms are built on entropic regularization methodologies, which

are known to be highly effective in practice.

Stochastic shortest path (SSP) is one of the most basic models in reinforcement learn-
ing. It includes the discounted return model and the finite-horizon model as special cases.
In SSP the goal of the agent is to reach a predefined goal state in minimum expected cost.
This setting captures a wide variety of realistic scenarios, such as car navigation, game
playing and drone flying; i.e., tasks carried out in episodes that eventually terminate. In
this work we present the first near-optimal regret bounds for SSP. Then, we develop an
improved algorithm based on a reduction to the finite-horizon setting, and prove that it

attains optimal regret (up to logarithmic factors).
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1 Introduction

Reinforcement Learning (RL) is a branch of Machine Learning (ML) which studies se-
quential decision making under uncertainty. It provides a general framework for many
practical problems in Artificial Intelligence (Al). In the basic RL setup, an agent interacts
with an uncertain environment in order to perform a task by taking a sequence of actions.
More precisely, the agent needs to learn the optimal actions in order to maximize its long
term payoff, or equivalently, minimize its long term losses. Reinforcement Learning pro-

vides algorithmic tools to optimize the strategy of the agent.

There have been impressive empirical successes driven by Deep Learning (DL) that
demonstrate how Reinforcement Learning can solve challenging tasks. These include
playing a range of Atari video games [MKS™15], achieving human-level performance
in Go [SSST17] and many more. However, the potential applications of RL go be-
yond games. It is a natural framework for optimizing recommender systems [LCLS10,
CBC™19], but also for optimizing adaptive treatments in health-care [LNSL™12], dialog
systems [SLKWO02] and instruction schedules in intelligent tutoring systems [MLL " 14].

The framework adopted in reinforcement learning is that of Markov Decision Pro-
cesses (MDP) [Putl4]. In an MDP, also called an environment, there is an agent that
transitions between states by taking actions, and whose aim is to accumulate as little cost
as possible. Namely, the agent interacts with the environment with a sequence of actions
that allow the agent to visit different states and suffer costs. The objective is to accumulate
as little cost as possible — which can stand for financial loss, user dissatisfaction, energy
or time — and the plan or strategy to achieve this goal is called a policy. The “goodness”
of being in a particular state / position is represented by the value function, which is the

expected sum of future costs until the end of the interactions with the environment.



1.1 Regret Minimization in RL

The major focus of this dissertation is on the exploration problem, a fundamental dilemma
in RL that is absent in classical prediction-oriented machine learning. The exploration
problem arises whenever an RL agent needs to trade-off between exploiting the current
best policy and exploring uncertain policies. Playing an uncertain policy may temporarily
hurt the agent’s performance, yet this is crucial to find better actions to improve future
performance. In other words, the exploration problem refers to the process of consciously
taking potentially sub-optimal actions to learn more about the environment, and trade-off

a temporary decrease in performance for a potentially lower long-term accumulated cost.

A natural way to measure the agent’s performance is to look at the difference between
the expected costs accumulated by the agent throughout the learning process and those
accumulated by the best policy in hindsight, which we generally denote by 7*. This is
called the regret of the agent.

Throughout the dissertation, the regret will be our primary measure for the perfor-
mance of an agent; that is, we will seek to design agents capable of minimizing the re-
gret. We focus on two models that generalize standard MDPs: Adversarial MDPs and
Stochastic Shortest Path (SSP). These models tackle fundamental challenges that many

RL algorithms need to face in practice.

Adversarial MDPs aim to tackle non-stationarity, i.e., changes in the environment over
time. The most popular model in RL is the Markov Decision Process (MDP), which is en-
tirely stochastic and does not change over time. However, in many real-world applications,
the environment is not stationary and changes even throughout the learning process. Many
algorithms fail to adapt to these changes. As opposed to standard MDPs that are stochastic
and do not change over time, in adversarial MDPs the cost function can change arbitrar-
ily (while still assuming a fixed stochastic transition function). This model is much more
general than standard MDPs since it allows for the costs to be chosen by an adversary,
instead of just being drawn from some unknown distribution. In this work we significantly

advance our understanding of adversarial MDPs.

Stochastic shortest path (SSP) is one of the most basic models in reinforcement learn-
ing. It includes the discounted return model and the finite-horizon model as special cases.
Yet, the RL literature mostly studies MDPs with the finite-horizon, discounted return or
average-reward performance criteria, although many scenarios do not fit into these frame-
works. In SSP the goal of the agent is to reach a predefined goal state in minimum expected

cost. This setting captures a wide variety of realistic scenarios, such as car navigation,



game playing and drone flying; i.e., tasks carried out in episodes that eventually terminate.

In this work we present the first near-optimal regret bounds for SSP.

1.2 Our Contributions

1.2.1 Adversarial MDP with Full-Information Feedback

We present the first high-probability regret bounds for adversarial MDPs where the agent
does not know the transition function in advance and observes full-information feed-
back, i.e., the entire cost function is revealed after it changes. We bound the regret by
5(H 2S\/AK), where S is the number of states, A is the number of actions, H is the horizon

(i.e., episode length), and K is the number of episodes.

This improves upon the only previous regret bound for this setting [NGS12] by a factor
of /A (this regret bound only holds in expectation and not with high-probability). More-
over, it is larger than the currently best known lower bound of Q(m) [OVRI16,
JAZBIJ18] by a factor of only v/HS (and logarithmic factors).

Our algorithm UC-O-REPS is built on entropic regularization methodology, which is
known to be highly effective in practice. Our main technical contribution here is a novel
method to combine the “optimism in face of uncertainty” principle, which helps us es-
timate the unknown transition function, with the online mirror descent (OMD) method,
which is a popular framework for handling adversarial cost functions in online learning.
While a naive combination of these two methods yields a non-convex optimization prob-
lem (making the computational complexity of the algorithm not polynomial), our method
manages to use a convex optimization problem which can be solved efficiently. Moreover,
we present a novel analysis to our methods which splits the regret into two separate terms:
one for the error in the transition function estimation, and the other for the regret caused

by the unknown sequence of cost functions chosen by the adversary.

1.2.2 Adversarial MDP with Bandit Feedback

We propose the first algorithms for the adversarial MDPs with bandit feedback and an
unknown transition function. Our algorithms are based on our UC-O-REPS algorithm, that
assumes unknown transition function but full-information feedback. Our first algorithm,
“Bounded Bandit UC-O-REPS”, assumes that any state is reachable under any policy with
probability B > 0 and achieves a regret bound of O(H2Sv/AK /). Our second algorithm,



“Shifted Bandit UC-O-REPS”, removes this assumption and achieves a regret bound of
O(H2SA'4K3/4).

Here our technical contributions are as follows. First, we show that the UC-O-REPS
algorithm can be extended efficiently to pick only policies that reach all states with prob-
ability at least B. Second, we highlight the unique challenge that appears only when both
the transition function is unknown and the feedback is bandit (and not full-information): it
is not possible to construct an unbiased estimator to the cost function. Third, we provide
a novel analysis that bounds the error that our biased estimator introduces. Finally, we
propose a novel method to generalize the case that there is a positive lower on 3 to the

general case: through a perturbation of the confidence sets and the estimator.

1.2.3  Near-Optimal Regret for SSP

Our first result in the SSP model is the first near-optimal regret bound. We improve upon
the work of [TGV120], which is the only previous regret minimization algorithm specifi-
cally designed for SSP. First, we remove the dependency on cp;, and allow for zero costs
while maintaining regret of O(v/K). Second, we give a much simpler algorithm in which
the computation of the optimistic policy has a simple solution. Our main regret term is
5(B*S VAK ), where B, is an upper bound on the expected cost of the optimal policy (note
that B, < D). Moreover, we show that this is almost optimal by giving the first lower
bound for SSP. It scales as Q(B,\/SAK).

We obtain a major improvement in the regret bound through the use of confidence
sets that are based on Bernstein inequality [AOM17], that is highly sensitive to variance,
instead of Hoeffding inequality. In both our algorithm and the one of [TGV'20], the
regret scales with the square root of the total variance. When using Hoeffding-based
confidence sets, similarly to UCRL2 [JOA10], this variance is trivially bounded by Bf
at each step, which leads to a regret of 5(\/83_T ), where T is the number of time-
steps taken by the algorithm. However, the use of Bernstein inequalities enables us to
bound the total expected variance in a time interval, of roughly B, /cpin time-steps, by
an identical magnitude of O(B2). Therefore, the regret bound for our algorithm improves
upon the regret of [TGV120] by a factor of \/m, that is, 5(B*S\/ﬁ( ) compared to
O(D%/2s \/AK [cmin), where D is the diameter of the SSP.

Our technical contribution is as follows. To better explain our main Bernstein-based
algorithm, we start by assuming that the costs are lower bounded by cpi, and give an algo-

rithm based on Hoeffding inequalities that is simple to analyze and achieves a regret bound



of 5( i/ 25 /AK /cmin). Note that this bound is comparable to the one of [TGV20], yet

our algorithm and its analysis are significantly simpler and more intuitive. In addition, its
analysis contains many of the key ideas of the proof of the Bernstein-based algorithm, and
is much easier to follow. We subsequently present the Bernstein-based algorithm. This al-
gorithm is simpler than our first one mainly since picking the parameters of the optimistic
model is particularly easy. The analysis, however, is somewhat more delicate. Eventually,
we achieve our final regret bound by perturbing the instantaneous costs to be at least € > 0.
The additional cost due to this perturbation has a small effect since the dependency of our

regret On cpi, 18 additive and does not multiply any term depending on K.

1.2.4  Minimax Optimal Regret for SSP

Our first algorithm for regret minimization in SSP leaves a gap of /S between the upper
and lower bounds. Moreover, for simplicity, there we assumed that the cost function is
deterministic and known. Now we consider the case where the costs are i.i.d. and initially

unknown. We prove upper and lower bounds for this case, proving that the optimal regret
is of order ®(\/(B2 + B, )SAK).

Both our first algorithm and that of [TGV120] were based on a direct application of
the “Optimism in the Face of Uncertainty” principle to the SSP model, following the ideas
behind the UCRL2 algorithm [JOA10] for average-reward MDPs. Here we take a different
approach. We propose a novel black-box reduction to finite-horizon MDPs, showing that
the SSP problem is not harder than the finite-horizon setting assuming prior knowledge on
the expected time it takes for the optimal policy to reach the goal state. While the reduction
itself is simple, the analysis is highly nontrivial as one has to show that the goal state is

indeed reached in every episode without incurring excessive costs in the process.

The idea of reducing SSP to finite-horizon was previously used by [CLW21, CL21]
for SSP with adversarially changing costs. However, they run one finite-horizon episode
in every SSP episode and then simply try to reach the goal as fast as possible, while we
restart a new finite-horizon episode every H steps. This modification is what enables us to

obtain the optimal and improved dependence in the number of states.

In addition, we provide a new algorithm for regret minimization in finite-horizon
MDPs called ULCVI. We show that (for large enough number of episodes) its regret
depends polynomially on the expected cost of the optimal policy By, and only logarith-
mically on the horizon length H. This implies that the correct measure for the regret is the

expected cost of the optimal policy and not the length of the horizon. We note that regret



with logarithmic dependence in the horizon H was also obtained by [ZJD21], yet they
make a much stronger assumption: that the cumulative cost of every trajectory is bounded
by 1. In contrast, we only assume that the expected cost of the optimal policy is bounded

by some constant By, while other policies may suffer a cost of H.

Our reduction, when combined with our finite-horizon algorithm ULCVI, guarantees
SSP regret of O(1/(B2 + B4)SAK). This matches our first lower bound B, > 1 up to log-
arithmic factors. However, this lower bound does not hold for B, < 1 suggesting that this
is not the correct rate in this case. Indeed, we prove a tighter lower bound of Q(\/m )

for B, < 1, showing that our regret guarantees are minimax optimal in all cases.

1.2.5 Adversarial SSP

We present the adversarial SSP model that introduces adversarially changing costs to the
classical SSP model. Formally, the agent interacts with an SSP instance for K episodes,
and the cost function changes arbitrarily between episodes. The agent’s objective is to

reach the goal state in all episodes while minimizing its total expected cost.

As pointed out by [TGV'20], in the general SSP problem we face new challenges
that do not arise in the loop-free version (i.e., finite-horizon MDPs). Notably, it features
two possibly conflicting objectives — reaching the goal vs minimizing cost; and it requires
handling unbounded value functions and episode lengths. In the adversarial SSP model,
these difficulties are further amplified as the adversary might encourage the learner to use

“slow” policies and then punish her with large costs.

We propose the first algorithms for regret minimization in adversarial SSPs without
any restrictive assumptions (namely, loop-free assumption). While we leverage algorith-
mic and technical tools from both SSP and finite-horizon adversarial MDP, tackling the
general SSP problem in the presence of an adversary requires novel techniques and careful
analysis. Our algorithms are based on the popular online mirror descent (OMD) frame-
work for online convex optimization (OCO). However, naive application of OMD to SSP
cannot overcome the challenges mentioned above as we show, and we use carefully de-

signed mechanisms to establish our theoretical guarantees.

Our main contributions are as follows. First, we formalize the adversarial SSP model
and define the notion of learning and regret. Second, we establish an efficient implemen-
tation of OMD in the SSP model with known transitions and study the conditions under
which it guarantees near-optimal /K expected regret, showing that some modifications are

necessary. Then, we illustrate the challenge of obtaining regret bounds in high-probability



in adversarial SSPs, and present a novel method that allows OMD to obtain its regret with
high-probability. Finally, we tackle unknown transitions. We describe the crucial adapta-
tions that allow OMD to be combined with optimistic estimates of the transition function
and guarantee \/K regret when all costs are strictly positive, and K 3/4 regret in the general

case.

1.3 Prior Work

Regret Minimization in Stochastic MDP. The works of [JOA10, BT09] initiated the
study on regret minimization in MDPs. They prove regret bounds of O(H2Sv/AK), and
their algorithms use the “optimism in face of uncertainty” principle, which proves to be
highly useful in adversarial environments as well. Later, the works of [AOM17, ZB19,
EMGM19, DLWB19] managed to design improved algorithms, based on similar princi-
ples, that attain the optimal regret of 5(\/m{ ) (ignoring logarithmic factors). While
all previous algorithms are model-based, [JAZBJ18] presented an optimistic version of the
popular model-free algorithm Q-learning with similar regret guarantees. The lower bound
of Q(VH3SAK) is due to [JOA10, OVR16, JAZBJ18].

Regret Minimization in Adversarial MDP. The work of [EKMO09], which presented
the adversarial MDP model, assumes full knowledge of the transition function and full-
information feedback about the losses. They propose an algorithm, MDP-E, which uses
an experts algorithm in each state and achieves O(7+/T logA) regret, where 7 is a bound
on the mixing time of the MDP and 7 is the number of time steps. Another early work
in this setting, by [YMSO09], achieves an 5(T2/ 3) regret. In the bandit setting, but still
assuming full knowledge of the transition function, the work of [NGS10] achieves an
5(H 2\/AK /) regret, where a > 0 is a lower bound on the probability to reach some
state s under some policy 7. Later [NGSA14] eliminate the dependence on & but achieve
only 5([(2/ 3) regret. A later work, by [ZN13], proposed the O-REPS algorithm which
guarantees an 5(H V/SAK) regret. The setting where the transition function is unknown
is much more challenging and only one algorithm was previously presented for it, and
assumed full-information feedback. The FPOP algorithm [NGS12] achieves O(H2SAV/K)

regret.

SSP. Early work by [BT91] studied the problem of planning in SSPs, that is, comput-
ing the optimal strategy efficiently in a known SSP instance. They established that, under



certain assumptions, the optimal strategy is a deterministic stationary policy (a mapping
from states to actions) and can be computed efficiently using standard planning algorithms,
e.g., Value Iteration or Policy Iteration. The only regret minimization algorithm specifi-
cally designed for SSP is that of [TGV*20] that assumes that all costs are bounded away
from zero (i.e., there is a cpin > 0 such that all costs are in the range [cpin, 1]). They show
aregret bound that scales as 5(D3/ 28 \/M), where D is the minimum expected time
of reaching the goal state from any state. In addition, they show that the algorithm’s regret

is 5(1( 2/ 3) when the costs are arbitrary (namely, may be zero).

1.4 Organization

Chapter 2 covers some background on Markov decision processes and reinforcement learn-
ing. It defines formally all the models and notations used throughout this thesis, and

presents some fundamental algorithms and results.

Chapters 3 and 4 present our results on adversarial MDPs. They are based on the papers
[RM19a] and [RM19b], respectively. Chapter 3 considers the model of full-information
feedback, while Chapter 4 focuses on the model of bandit feedback.

Chapters 5 and 6 present our results on SSPs. They are based on the papers [RCMK20]
and [CEMR21], respectively. Chapter 5 presents the first near-optimal regret for SSP
and the first lower bound, while Chapter 6 presents an improved algorithm that achieves

optimal regret guarantees.

Chapter 7 presents our results on adversarial SSPs, and is based on the paper [RM21b].

1.5 Excluded Work

This dissertation contains my main lines of work. I have contributed to other works during

my PhD studies which are to varying extent beyond this scope. These works are:

* Yonathan Efroni, Lior Shani, Aviv Rosenberg, and Shie Mannor. Optimistic Pol-
icy Optimization with Bandit Feedback. In Proceedings of the 37th International
Conference on Machine Learning, ICML 2020.

* Aviv Rosenberg and Yishay Mansour. Oracle-Efficient Regret Minimization in Fac-
tored MDPs with Unknown Structure. In Advances in Neural Information Process-
ing Systems, NeurIPS 2021.



* Tal Lancewicki, Aviv Rosenberg and Yishay Mansour. Learning Adversarial Markov
Decision Processes with Delayed Feedback. In Proceedings of the 35th AAAI Con-
ference on Artificial Intelligence, AAAI 2022.

* Liyu Chen, Haipeng Luo and Aviv Rosenberg. Policy Optimization for Stochastic
Shortest Path. In Proceedings of the Conference on Learning Theory, COLT 2022.

 Tal Lancewicki, Aviv Rosenberg and Yishay Mansour. Cooperative Online Learn-
ing in Stochastic and Adversarial MDPs. In Proceedings of the 39th International
Conference on Machine Learning, ICML 2022.

* Tiancheng Jin, Tal Lancewicki, Haipeng Luo, Yishay Mansour and Aviv Rosen-
berg. Near-Optimal Regret for Adversarial MDP with Delayed Bandit Feedback. In
Advances in Neural Information Processing Systems, NeurlPS 2022.

* Aviv Rosenberg, Assaf Hallak, Shie Mannor, Gal Chechik and Gal Dalal. Planning
and Learning with Adaptive Lookahead. In Proceedings of the 36th AAAI Confer-
ence on Artificial Intelligence, AAAI 2023.



2 Model and Preliminaries

2.1 Finite-Horizon Markov Decision Processes

Markov Decision Processes (MDPs) [Putl4, Ber95] are one of the most important and
well-known frameworks for stochastic decision making. In this thesis, we supply results
on both finite-horizon MDPs which are defined as follows and goal-oriented MDPs, i.e.,
Stochastic Shortest Path (SSP), which are defined in the following section.

A finite-horizon MDP .# is defined by the tuple (.,.</ ,P,c,H). . and </ are finite
state and action spaces. Their sizes are denoted by || = S and |.<7| = A, respectively.
The parameter H represents the horizon, i.e., the length of the interaction. P = {P, :
X A — Ag}f: | 1s the transition model. It is a collection of H mappings from a state-
action pair (s,a) € . X &/ to a probability distribution over ., denoted by Ag. We denote
by P,(s" | s,a) the probability to transition to state s’ when taking action a in state s at the
h-th time step. ¢ = {cj, : ¥ x & — R}, is the reward model, which is bounded in [0, 1].

A policy m = {m, : ¥’ — AA}thl is a collection of H mappings from the state space
to a probability distribution over actions. We denote by m,(a | s) the probability to take
action a in state s at the A-th time step, when playing the policy 7. When the policy 7 is
deterministic, we often denote by 7, (s) the action a for which 7, (a | s) = 1. The expected
cost of policy 7 from an initial state s € .% in time step h, referred to as the value function,
is defined as follows:

H
Vi (s;e,P)=E Z cw(sw,ap) | sp=s,7,P|, (2.1)
W=h
where the expectations is taken w.r.t. to all existing randomness (the transition model and
the policy). When clear from context, we sometimes omit the notations of ¢ and P in the

value function, i.e., we use V*(s) or V/*(s;c). The following linear equations hold for the
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Algorithm 1 Value Function Computation
init: V7 ,(s) = OVSG .

forh=H ,H— .,1do
Vs € ., V”( ) — Za@zf my(als) (ch(s,a) + Yo Pu(s | s,a)Vh’ZLl( '))
end for

return: V7.

value function:

Vs €. Vhe [H], V(s Zﬂha| <chsa ZPhS | s,a)ViE (s )) (2.2)
ace/ s'es

Thus, computing the value function can be done in O(S?AH) time via dynamic program-

ming (see Algorithm 1).

In many cases we are not only interested in estimating the expected value of a policy,
but also want to optimize over it. That is, we want to find the optimal policy of an MDP.
It is well known that the optimal strategy is a deterministic policy that does not depend on
the initial state [Put14, Ber95]. We define it as the policy which minimizes the value V,*(s)
for every h € [H] and s € ., where [H] = {1,2,...,H}, and denote it by 7* = {m }i_,
The value of the optimal policy is called the optimal value function and denote by V*.

Concretely,

n* € argminV”
T

V* =minV"”.
T

It is well known that the optimal value function satisfies the Bellman equations [Put14]:

Vs e S Vhe [H], Vi (s) = mg;ch(s a)+ Z Pu(s' | s,a)Vi, (s), (2.3)
ses

and that the optimal policy can be extracted from the optimal value by

Vs € . Vh e [H], m,(s )Gargmg;ch(sa + Y Pu(s | s.a) Vi (5). 2.4
ses

Similarly to value computation, we can compute the optimal policy using the Value Itera-
tion (VI) algorithm (Algorithm 2) in O(S?AH) computational complexity.

11



Algorithm 2 Value Iteration
init: Vg, (s)=0Vsc.~.
forh=H,H—1,...,1do
Vse ., Vi(s) < mlna@z{ch(s a)+Yyer Pu(s | s,a)Vi  (s).
Vs € 7, mi(s) < argminge o7 cp(s,a) + Lyeo Pa(s" | 5,0) Vi (5).
end for
return: 7*,V*.

2.2 Stochastic Shortest Path

An instance of the stochastic shortest path (SSP) problem is a Markov decision process
(MDP) A4 = (.7, ,P,c,sinit,g) Where . is the state space and 7 is the action space.
The agent begins at the initial state sjpj;, and ends her interaction with .# by arriving
at the goal state g (where g & .%’). Whenever she plays action «a in state s, she pays a
cost ¢(s,a) € [0,1] and the next state s’ € .7 is chosen with probability P(s’ | s,a). To
simplify the presentation we avoid addressing the goal state g explicitly — we assume that
the probability of reaching the goal state by playing action a at state s is 1 — Yy o P(s" |

s,a).

We now review planning in a known SSP instance. Under certain assumptions that we
shall briefly discuss, the optimal behaviour of the agent, i.e., the policy that minimizes the
expected total cost of reaching the goal state from any state, is a stationary, deterministic
and proper policy. A stationary and deterministic policy 7 : . — &/ is a mapping that

selects action 7(s) whenever the agent is at state s. A proper policy is defined as follows.

Definition 2.2.1 (Proper and Improper Policies). A policy 7 is proper if playing 7 reaches
the goal state with probability 1 when starting from any state. A policy is improper if it is

not proper.

Any policy 7 induces a cost-to-go function V* : . — [0, 0| defined as:

V™(s) = lim E,r

Jim c(st,ar) | s1=>s],

IIMH

where the expectation is taken w.r.t the random sequence of states generated by playing
according to 7 when the initial state is s. For a proper policy 7, since the number of states
S is finite, it follows that V™ (s) is finite for all s € S. However, note that V”*(s) may be
finite even if 7 is improper. We additionally denote by 77 (s) the expected time it takes

for 7 to reach g starting at s; in particular, if 7 is proper then 77 (s) is finite for all s, and
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if 7 is improper there must exist some s such that 77 (s) = oo. In this work we assume the
following about the SSP model.

Assumption 2.2.1. There exists at least one proper policy.

With Assumption 2.2.1, we have the following important properties of proper policies.
In particular, the first result shows that a policy is proper if and only if its cost-to-go
function satisfies the Bellman equations. The second result proves that a policy is optimal
if and only if it satisfies the Bellman optimality criterion. Note that they assume that every
improper policy has high cost.
Lemma 2.2.2 ([BT91, Lemma 1]). Suppose that Assumption 2.2.1 holds and that for every
improper policy Tt there exists at least one state s € . such that v (§) =oo. Let T be any
policy, then
(i) If there exists V : ¥ — R such that V (s) > c(s,7(s)) + Lycr P(s" | 5,7(s))V (s')
forall s € .7, then w is proper. Moreover, it holds that V™ (s) <V (s), Vs € .7.
(ii) If T is proper then V™ is the unique solution to the equations V™ (s) = c(s,7(s)) +
Yyes P(s' | s,7(s))V(s') foralls € ..
Lemma 2.2.3 ([BT91, Proposition 2]). Under the conditions of Lemma 2.2.2 the optimal
policy ©* is stationary, deterministic, and proper. Moreover, a policy T is optimal if and

only if it satisfies the Bellman optimality equations for all s € . :

Vﬂ: T/t .
(s) = mg;c(s a)+ Y P(s'| s,a)V*(s), (2.5)
s'es
(s) eargmmc(s a)+ Y P(s'|s,a)V*(s).
ses

In this work we are not interested in approximating the optimal policy overall, but
rather the best proper policy. In this case the second requirement in the lemmas above,
that for every improper policy 7 there exists some state s € S such that V*(s) = oo, can
be circumvented in the following way [BY 13]. First, note that this requirement is trivially
satisfied when all instantaneous costs are strictly positive. Then, one can perturb the in-
stantaneous costs by adding a small positive cost € € [0, 1], i.e., the new cost function is
ce(s,a) = max{c(s,a),e}. After this perturbation, all proper policies remain proper, and
every improper policy has infinite cost-to-go from some state (as all costs are positive). In
the modified MDP, we apply Lemma 2.2.3 and obtain an optimal policy 7, that is station-
ary, deterministic and proper and has a cost-to-go function V. Taking the limit as € — 0,
we have that 7; — 7% and V; — V*, where 7* is the optimal proper policy in the original

model that is also stationary and deterministic, and V* denotes its cost-to-go function.
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Algorithm 3 Reinforcement Learning - Computational Model
fork=1,2,....,Kdo
Observe initial state s’]‘ = Sinit-
Pick a policy 7*.
forh=1,2,....H do
Observe current state s],;.
Pick action af ~ mf (- | sk).
if Stochastic MDP then
Observe and suffer cost C~ = ¢k (sk ak).
else if Adversarial MDP then

Observe and suffer cost C’g ~ ch(s];l, a’;l).
end if
Observe next state sk ~ Py(- | sh,a}).
end for

if Full-Information Feedback then
Observe cost function c*.
end if

end for

2.3 Adversarial Markov Decision Processes

In many real-world applications, unlike in MDPs, the environment changes over time and
even throughout the learning process. To address this issue, the adversarial MDP model
[EKMO9] was proposed. In this model, the cost function can change arbitrarily (while
still assuming a fixed stochastic transition function). Formally, there are K episodes of
interaction between the agent and the environment. The cost function in the k-th episode
is c¥, i.e., in finite-horizon adversarial MDPs ¢t = {cf : .% x &/ — [0,1]} and in adver-
sarial SSPs c* : .7 x @ — [0, 1]. The sequence of cost functions {c*}X_, is chosen by an

oblivious adversary before the interaction starts.

Importantly, the adversarial MDP model generalizes the standard MDP model. Con-
cretely, stochastic MDPs are a specific case of adversarial MDPs in which the cost ¢} (s, a)
is sampled i.i.d for each (k,s,a,h) € [K] x . x o/ x [H] from a distribution with expected

value cj,(s,a).

2.4 Reinforcement Learning

It is often the case that the exact model of an MDP is unknown, however, interaction

with the unknown model is possible. An optimal policy can be learned through inter-
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action with the unknown MDP based on samples. The field of Reinforcement Learning
(RL) [SB98] tackles the question of how to learn an optimal policy using samples. Re-
cently, RL witnessed remarkable empirical success, e.g., [MKS™15, LFDA16, SSS*17].
The empirical success acted as driving force to significant theoretical developments. Next

we survey the major advancements in the theory of regret analysis in RL.

In the RL problem, the agent needs to trade-off between exploration and exploitation.
That is, to control whether it needs to have a better estimate of the model or whether it can
act optimally with respect to (w.r.t.) the ‘empirical’ model. By generalizing techniques and
algorithms from Multi-Armed Bandit literature [LS20, S1i19] many RL algorithms were
suggested and analyzed in the last two decades [AJO09, KS02, BT02, AOM17, JAZBJ18].

Large portion of recent research was devoted to RL for the case the environment is an
unknown finite-horizon MDP. For stochastic MDPs, the considered computational model
assumes an episodic interaction, in which an RL agent interacts with the finite-horizon
MDP for H time steps. Then, the state is initialized to the initial state s;j,j;. For adversarial
MDPs, the interaction is similar but the cost function changes between episodes. In the
end of each episode, the agent observes either the entire cost function for full-information
feedback, or only the suffered costs for bandit feedback. See the full interaction in Algo-
rithm 3.

The common performance measure is the regret, which compares the cost suffered by
the agent with that suffered by the best fixed policy in hindsight. For stochastic MDPs, it

is defined as:

K K
k k
Rg =Y VI (sinits¢, P) = Vi (sinit) = Y VI (init) — Vi (Sinit),
k=1 k=1

and for adversarial MDPs:

K K K
k . k,m k,m*
Rk =Y V[ (sini;",P) — min Y VE(sinis ¢, P) = Y Vi (sinie) = Vi7" (Sinie)-

The definitions for SSP are slightly different and are described in the appropriate chapter.

In [OVR16] a lower bound of Q(\/m{ ) was established for RL in finite-horizon
MDPs. Note that this lower bound also applies to adversarial MDPs, as they are a more
general model. Furthermore, [ZB19] analyzed the EULER algorithm and established an
5(\/m ) ! upper bound, which shows the lower bound is tight.

'We omit poly-logarithmic factors in the O(-) notation.
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3 Learning Adversarial MDPs with Un-
known Transition Function and Full-

Information Feedback

This chapter is based on:

Aviv Rosenberg and Yishay Mansour. Online convex optimization in adversarial markov
decision processes. In Proceedings of the 36th International Conference on Machine
Learning, ICML 2019.

This chapter presents the first high probability regret bound for adversarial MDP with
unknown transitions. We start the chapter by introducing the concept of occupancy mea-
sures and reviewing the O-REPS algorithm [ZN13] for regret minimization in adversarial
MDP with known transitions. Then, we present an extension of occupancy measures to
the case where the transitions are unknown to the agent, and finally present our algorithm

and analyze its regret.

3.1 Occupancy Measures

It is beneficial to introduce the concept of occupancy measures on the state-action space

¥ x o/ x [H|. For a policy © we define the occupancy measure ¢g” as follows:
4 (5,a) = Prlsy = s, = a| 7.
It is easy to see that the occupancy measure of any policy 7 satisfies

Y gi(sa)=Y Y qi (s a)Pi(s|s a)V(s,h) € S x [H—1],
ac se S acd
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with ¢¥(s,a) = mi(a | s)l{s = sinic}. The set of all occupancy measures satisfying the
above equality in the MDP M will be denoted as A(.#). The policy 7 is said to generate
the occupancy measure g € A(Z) if my(a | s) = q(s,a)/q(s) holds for all (s,a,h) € . x
o/ x [H], where q(s) = Y ,c.7 q(s,a). It is clear that there exists a unique generating policy
for all measures in A(.#) and vice versa. The policy generating ¢ will be denoted as 79.
In what follows, we will redefine the task of the learner from having to select policies 7*
to having to select occupancy measures q”k € A() in each episode k. To see why this

notion simplifies the treatment of the problem, observe that:

M=

Vi (siniic) = E cn(sn,an) | $1 = Sinit, T, P

h

ZZZ (s,a)cp(s,a)
h=1se acd
",0).

1

def

/\

3.2 Reduction to Online Linear Optimization and the O-REPS Algorithm

Using the notation from the previous section, we can reformulate our original problem as
an instance of online linear optimization with decision space A(.#). Assuming that the

learner selects occupancy measure ¢* in episode k, the regret can be rewritten as:

K

K
RK:qéﬂ?X Zq—q, k;q—q v

The O-REPS algorithm [ZN13] is an instance of online linear optimization methods
usually referred to as Follow-the-Regularized-Leader (FTRL) or Online Mirror Descent
(OMD). Before describing the algorithm, some more definitions are in order. First, de-
fine KL(q || ¢’) as the unnormalized Kullback-Leibler divergence between two occupancy

measures g and ¢’

H
Lalld)= L ¥ ¥ asa)lon 2] () _ o (5,a) + g (s.a).
h=1sc.% acel qh (Saa)

Note that ¥, ; ,¢),(s,a) — gn(s,a) = 0, but adding these terms will help simplify some

of the derivations. Let R(q) define the unnormalized negative entropy of the occupancy
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measure ¢q:

Z’ Z Z qn(s,a)logqn(s,a) — qn(s,a).

1seS aco/

In the first episode, O-REPS chooses the uniform policy with 7} (a | s) = 1/A for all s
and a, and we let ¢! = q”]. Then, the algorithm proceeds as follows. After observing the
feedback from episode k, it selects the occupancy measure that solves the optimization

problem:

k+1 . k k

=arg min ,¢ )+ KL , 3.1
q gqu(%)mq ) (¢4 3.1
where 11 > 0 is a learning rate. This optimization can be reformulated as first solving the

unconstrained optimization problem and then projecting the result to A(.#), i.e.,

¢! = argminn{g,c") + KL(q | ¢

k1 G5l
—arg min KL

q g min (@l g™

The first step can be simply carried out by setting qk“(s,a) = q];l(s,a)e_ncﬁ(s’“). The
projection step can be performed using the following lemma.

Lemma 3.2.1 ([ZN13], Proposition 1). It holds that

BX (sa|v )

qj(s,a)e?
gy (s,a) = =L Z

for:
Bjy(s,a | v) = va(s) — ncj(s,a) ZPh s'|s,a)vpsa(s)

th s, a Bk (s,alv)

k _ : k
V= argmvmzh:logZh(v).

Minimizing the expression on the right-hand side of the last equation is an uncon-
strained convex optimization problem and can be solved efficiently. [ZN13] also show

that this algorithm achieves regret of 0 (H+/K) which optimal up to logarithmic factors.
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3.3 Extending Occupancy Measures to Unknown Transitions

When the transition function is unknown to the learner, we cannot compute the occupancy
measure of a policy 7 or the constraints that define the set of occupancy measures. A naive
solution could be to treat {P,(s" | 5,a) } (s a5 h)c.7 x.or x.7 x 1] @S additional variables in the
optimization problem solved by the O-REPS algorithm in each episode. However, this

leads to a non-convex optimization problem which cannot be solved efficiently.

Instead we propose to extend the definition of occupancy measures such that it contains
not only the policy, but also the transition function. Namely, we define the occupancy

measure g™ of the policy 7 and the transition function P as follows:

q;f’P(s,a,sl) =Pr [sh =s,a,=a,sp41 =S5 | 77:7P} )

We start with two basic properties that hold for every occupancy measure g. By stan-
dard flow constraints, it holds that in each episode the learner will go through every layer.

Therefore, forevery h=1,... ,H:

Y Y ¥ alsas)=1. 3.2)

seS acd s'eS

Moreover, the probability to enter a state when coming from the previous layer is exactly

the probability to visit that state. Thus, for every h =2,...,H and every s € .%:

Y ) an(sas) =Y Y ani(sa). (3.3)

acd s'e S acd s'eS

Notice that every occupancy measure g induces a transition function and a policy. We

denote them as P? and 77 respectively, and they can be computed as follows:

A 10 =
el =55

where g, (s,a) = Yyc.oqn(s,a,s’) and g5 (s) = Y ez gn(s,a). The following lemma char-

acterizes A(.#) and its proof is straightforward.

Lemma 3.3.1. For every q ={q;: & x & x . = [0,1]})¢p) it holds that q € A(A ) if
and only if (3.2) and (3.3) hold, and P1 = P (where P is the transition function of ).
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The regret is reformulated with occupancy measures similarly to the previous section,
but as we will see next, the extended occupancy measures will enable us to extend the

O-REPS algorithm to unknown transitions efficiently.

3.4 The UC-O-REPS Algorithm

Our algorithm “Upper Confidence Online Relative Entropy Policy Search” (UC-O-REPS)
is presented in Algorithms 4 and 5. It is inspired by the O-REPS algorithm [ZN13] in the
sense that it picks occupancy measures instead of policies. However, unlike our algorithm,
O-REPS assumes full knowledge of the transition function. To the best of our knowledge,
the only algorithm that handles unknown transition probabilities in adversarial MDPs is
FPOP [NGS12], which uses a Follow the Pertubed Leader method [KV03] in the space of
the policies.

Recall that the adversarial MDP has a stochastic element - the transition function, and

an adversarial element - the cost functions.

To handle the stochastic transition function we use the framework of epochs and con-
fidence sets, first introduced by the UCRL-2 algorithm [JOA10]. In this framework, the
algorithm maintains confidence sets that contain the actual MDP with high probability,
but also shrink as time progresses. We translated this method to the occupancy measures

space, and the full details can be found in Section 3.4.1.

The core of the algorithm is the way we choose the occupancy measure for each
episode from within the confidence set. This is done by the Online Mirror Descent method
[Shal2] for online linear optimization, since we deal with an arbitrary sequence of cost

functions. The full details of adapting OMD to our setting can be found in Section 3.4.2.

The combination of these two methods is done using an important principle in rein-
forcement learning - “optimism in face of uncertainty”. On the one hand, we keep confi-
dence sets to handle the uncertainty, but on the other hand, within these confidence sets, we
solve an OMD optimization problem optimistically (without thinking about the transition

function estimation).

3.4.1 Confidence Sets

Since the learner does not know the transition function, it has to estimate P from its ex-
perience. Using this estimate we define confidence sets, and choose occupancy measures

from within them. Notice that these occupancy measures might not be in A(.Z), i.e.,
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their induced transition function may differ from P. Nevertheless, we can still use them to

compute policies and execute those policies.

The algorithm proceeds in epochs of random length, and in the beginning of each
epoch the confidence set is updated. The first epoch E; starts at episode k = 1, and each
epoch E; ends when the number of visits at some state-action pair (s,a) is doubled. Let k;
denote the index of the first episode in epoch E;, and i(k) denote the index of the epoch that
includes episode k. Let N (s,a) and M, (s" | s,a) denote the number of times state-action
pair (s,a) was visited (in step /) and the number of times this event was followed by a

transition to s” up to episode k;, respectively. That is

) ki—1 . .
Ny (s,a) = I{s;l:s,a;l:a}
j=1
. ki—1 . . .
Mj(s' | s,a) =) {s{l:s,a;l:a,szﬂzs'}.
j=1

Our estimate P for the transition function in epoch E' is

M (s" | 5,a)

pi / a) = : :
(sl 5,0) max {1,N! (s,a) }

and we define our confidence set A(.# i) in epoch E' to include all the occupancy mea-
sures that their induced transition function is “close enough” to P'. More formally, given

a confidence parameter 6 > 0, we define:

KHSA
i) =[S
max{1,N,(s,a)}

and say that A(.#,i) consists of all g = {g), : & x & x ¥ — [0, 1] };,¢ [ for which (3.2)
and (3.3) hold, and

IBYC | 5.0) = Bi- | s.a)], < &(s.) (3.4)
for every (s,a,h) € & x o x [H|.

Notice that these confidence sets shrink as time progresses, but the following lemma
[JOA10, NGS12] shows that they still contain A(.#') with high probability.

Lemma 3.4.1. Forany 0 < 0 < 1,

KHSA
2S51n 5

max{1,N! (s,a)}

[Pa(- [ 5,a) = Pi(- | s,a) |, < \/
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holds with probability at least 1 — & simultaneously for all (s,a,h) € . x </ x [H] and all

epochs.

3.4.2 Optimization Problem

In order to choose the occupancy measure ¢* for episode k, the algorithm follows the OMD
method. The idea behind this method is to choose an occupancy measure that minimizes
the cost in episode k, while not straying too far from the previously chosen occupancy

measure. Formally, given a parameter 11 > 0,

k+1 - < k> k
=ar min , + KL ,
q gquW’i(k))n q,¢ (¢4

where KL(q || ¢¥) is the unnormalized KL divergence between two occupancy measures
defined as

T

/
a, s
L(g| q) = Z Y Y ) ansa, s)logm—qh(s,a,s')—l—q;l(s,a,s’).

=lsecSacd sc.s

We now proceed to show that this optimization problem can be solved efficiently. From
the theory of OMD it is known that we can split this problem as follows: we start by
solving the unconstrained problem, and then project the unconstrained minimizer into the

feasible set, namely,

Jir1 = argmqinn <q,c"> +KL(q || )

k+1 - k1
=ar min KL 3.5)
q g amn (qllg ).

s5,a)

The unconstrained problem can be solved by setting qk“ (

s,a,s’) = q];l(s,a,s')e’"clﬁ(
for every (s,a,s',h) € ¥ x & x ¥ x [H]. Theorem 3.4.2 shows that the second optimiza-
tion problem can be reduced to a convex optimization problem with only non-negativity
constraints (and no constraints about the relations between the variables), which can be

solved efficiently using iterative methods [BV04].

Theorem 3.4.2. It holds that

ql}cl(&avsl)e

Z;‘l(v“k7 e.ukvﬁk)

L B (s,a,s’|v“k,e”k"5k)
+1 A
qh (Sa a,s ) -

bl
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for:

Bﬁ(s,a,s’ |v,e) = en(s,a,s") +v(s,a,s") — nc];l(s,a) — ZP;:(S” | s,a)vp1(s,a,s")

S//

v (s,a,8") = W, (s,a,5") — ! (s,a,s")

ey (5,a,5') = 1 (s") — B(s) + ;(uh_ (s.a,8") + 1 (s,a,5")) gy (s" | 5,a)

16Pk s.a)lo IOHSAK 1010 10HSAK
8{;(S/|Sa):\/ (| ) g5 g S

nk(s,a)Vv1 nk(s,a)Vv 1
Zkve thsas B (s,a.5'[ve)
s,a,s’
k pk il k B
u*,B* =arg min Yy logZi(v!, et ?), (3.6)
ﬁ.,u>0h¥’1 il )

where P* = P%) and nk = NIk,

Proof. First of all we would like to reformulate optimization problem (3.5) as a con-
vex optimization problem. Notice that the target function is convex (since it is the KL-
divergence) and so are constraints (3.2), (3.3) of A(.#,i) (where i = i(k)). As for con-
straint (3.4), we will need to write it differently.

Let (s,a,h) € .¥ x o/ x [H], we can replace

)

—Pi(-|s,a)
H)Zyeth (s,a,y) "

< Sj;(s,a).

1

with S+ 1 constraints as follows. For each s’ € . we bound the difference in the
transition probability with a new variable € (s, a,s") and then we bound their sum with the

original bound €] (s,a). That is,

Qh(S,a,S/)
Yyer qn(s,a,y)

—Pi(s' | s,a0)| < g (s,a,s)

Z g (s,a,5') < €k (s,a).
ses

Now we can get rid of the denominator by multiplying the equation and then replacing

g, (s,a,s") with a different variable &,(s,a,s") = &,(s,a,5") Lye.» qu(s,a,y). Moreover, we

will discard the absolute value by replacing it with two linear constraints. The resulting
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Algorithm 4 UC-O-REPS Algorithm

Input: state space ., action space <7, number of episodes K, optimization parameter
7N and confidence parameter 6.
Initialization: i(1) < 1,k; « 1,7} (a|s) < 1/A,q}(s,a,s') < 1/(S?A),n}(s,a) «
0,N}(s,a) « 0,m}(s'|s,a) < 0,M} (s'|s,a) <~ 0 V(s,a,s',h).
fork=1,...,Kdo

Play policy 7% and observe trajectory {sk,ak}# .

Observe cost function cX.

Update epoch counters forh =1,...,H:

n;l(k) (s];l,alfl) — n;l(k) (s];l, alfl) +1

i(k) / k k k (k) k k k
mi (k| sk ak) — mi sk | shoak)+ 1

if 3(s,a,h) € ¥ x o/ x [H]. nifk) (s,a) > N;'l(k) (s,a) then
Start new epoch:

i(k+1)«—i(k)+1 ; ki(k+1) —k+1.

Initialize epoch counters V(s,a,s’, h):

n;l(kJr])(s,a) —0 m;fk+l)(s/ | s,a) < 0.

Update total counters V(s,a,s’, h):

N;}kﬂ) (s,a) < N;.l(k) (s,a)+ n;l(k) (s,a)

M;I(HI)(S’ | s,a) + M}il(k) (s' | s,a) +m2(k) (s' | s,a).

compute probability estimate V(s,a,s’, h):

M;l(k+])(s’ |s,a)

max { 1,N;;(k+1) (s, a)} '

P (s | 5,a)

else

Continue in the same epoch: i(k+ 1) < i(k).
end if
Compute policy for next episode:

¢, T« Comp-Policy(gF, PHD k).

end for
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Algorithm 5 Comp-Policy Procedure

Input: previous occupancy measure ¢*, transition function estimate P’ (k+1) and current
cost function cX.
Solve optimization problem (3.6):

H

k pk _ : k B

u*, B* =arg min Yy logZ;(v*, e ).
ﬁ,uzohg’l il )

Compute next occupancy measure V(s,a,s’, h):
k 1ok uk gk
CI’;E (s,a, S,)eBh(W,s [P e )
k k k Rk
Zf (v, et B

(]I;;Ll(s,a,sl) =

Compute next policy V(s,a,h):

k+1
k-l,—l(a | S) _ Zsley Qh (S7a7sl)

T = .
h s
Yioew Lycrd), (s,b,s")

constraints are:

qh(sva;sl) _p]i(sl ‘ S7a) Z (]h(S,(l,y) < 8h<S,a,S/)
yes

P;;(s' | s,a) Z an(s,a,y) —qn(s,a,s") < g,(s,a,s")
yes

Z g(s,a,s') < sf;(s,a) Z qn(s,a,s).

ses ses

This gives us a convex optimization problem with linear constraints. This problem
obtains strong duality because: (1) The target function is bounded from below because
KL-divergence is non-negative, (2) The target function and all constraints are convex, (3)

Slater condition holds (easy to check).

Thus we can use the method of Lagrange multipliers, and we are ensured that the
solution we get is optimal and finite. The full derivation can be found in the supplementary

material and yields the aforementioned result. O]
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3.5 Analysis

In this section we bound the regret of the UC-O-REPS algorithm, by combining ideas
from the regret analyses of OMD and UCRL-2. First we partition the regret into two
terms: R{EY - which includes the error that comes from the estimation of the unknown
transition function, and Ié?fl\é - which includes the error that comes from choosing sub-

optimal policies. Formally,
- k S k
Rx =Y VI (sini;c,P) —min Y V[ (sinii; ", P)
k=1 T k=1
- ik k ik k pk
= Y VI (sinic: ¢, P) = VI (sinic: ¢, P¥)
k=1
K

K
k .
+ YV (sinici c*, PY) — min Y VI (sinic: ¢, P)
k=1 k=1

def 5APP | HON
= RI? K +R1:K )
where P¥ = P7" and r = nqk.
Theorems 3.5.2 and 3.5.3 bound each of these terms, which yields our main result.

Theorem 3.5.1. Running UC-O-REPS in an adversarial MDP .# = (y, </ H,P, {ck}szl)
vields the following regret,

/ KHSA
RK§O<H25 AKlog = )

o PAPP
3.5.1 Bounding R{:}

The term R{4L is a result of the learner’s lack of knowledge about the environment’s dy-
namics. Since the dynamics are stochastic the learner estimates the transition probabilities
to build confidence sets. It then selects occupancy measures from within these confidence

sets, but they are not exactly occupancy measures of .7 .

In this section we bound the difference between the loss of the learner’s chosen policies
in ./# and the loss of these policies in the “optimistic” MDP (the one induced by the

occupancy measure g~).

The way the algorithm minimizes this difference is through shrinking of the confidence
sets. The following bound on I@‘l‘ﬁf is adapted from arguments in the regret analysis of

UCRL-2, and the proof can be found in the supplementary material.
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Theorem 3.5.2. Let # = (y ,o/ H,P, {ck}kK: 1) be an adversarial MDP. With probability
at least 1 — 28, UC-O-REPS obtains,

5 / KHSA
15(P§O<HZS AKlog = )

; bON
3.5.2 Bounding R’y

The term Ié?f}é is a result of the learner’s lack of knowledge about the cost functions. Since
the sequence of cost functions can be arbitrary, the learner handles it with tools from online

convex optimization.

In this section we ignore the fact that the occupancy measures chosen by the learner
are not exactly occupancy measures of .#, since this issue was already addressed in the

previous section bounding R{EF. Recall that

K
Rlojl\é = Z <qk_q7ck> )
k=1

for some occupancy measure g € A(.#') which is best in hindsight.

Now we can use arguments from online linear optimization. Specifically, the following

theorem is an adaptation of OMD regret analysis to our setting.

Theorem 3.5.3. Let A/ = (5” .o/ ,H,P,{c* }szl) be an adversarial MDP. With probability
at least 1 — 8, UC-O-REPS obtains the following for every q € A(A).

Y

. Hlog(HS?A
Rk <0 (nHK+ L)

and setting 1 =

Rf¥ <o (H, /Klog(HSZA)) .

Proof. By standard arguments of OMD regret analysis we have that

K 1
g KL(q || g
<qk_q7ck>§2<qk_qk+1’ck>+ (nH )‘
k=1

M=

k=1

However, these arguments assume that ¢* are chosen from within A(.#) so we need to
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show that they are still valid. From Lemma 3.4.1 we know that A(.#) C A(.# ,i) for every
i with probability at least 1 — 6. Therefore, by choosing approximate occupancy measures

we can only improve the regret so the arguments are indeed valid.

Using the exact form of gT! and the fact that ¢ > 1+ x, we get that

@y (s,a.8") = qy(s.a,8) = ngj(s,a,5") e (5,a),

and therefore

K K
Z < — gt ¢ > <n Z q’ﬁ(s,a,s’)c’fl(s,a)2
k=1 k=1hs.a,s'
K
<nY Y di(s,as)=nHK.
k=1hs.a,s'

For the second term, KL(g || ¢')/n, we use the fact that the unnormalized KL di-
vergence is the Bregman divergence associated with the unnormalized negative entropy,

defined as follows:

R(q)= ). an(s.a,s")logan(s,a,s") —qn(s.a,s’).

/
h,s.a,s

Now from standard arguments we obtain

KL(¢ 1 ¢') <R(q) —R(q")
Y YT X :
< qh s,a,s')log ————
h=1se7 acd s'c.s q4(5,a.5)
< Hlog(HS?A).
Putting these two bounds together completes the proof. 0
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4 Learning Adversarial MDPs with Un-
known Transition Function and Ban-
dit Feedback

This chapter is based on:

Aviv Rosenberg and Yishay Mansour. Online stochastic shortest path with bandit feed-
back and unknown transition function. In Advances in Neural Information Processing
Systems, NeurIPS 2019.

This chapter presents the first regret bounds for adversarial MDPs with unknown tran-

sition function and bandit feedback.

4.1 The O-REPS Algorithm for Bandit Feedback

Recall that under bandit feedback the agent observes only the costs that she suffers, as op-
posed to full-information feedback in which the entire cost function is revealed in the end
of the episode. Formally, in the end of episode k, instead of observing {ck (s, a) }(s.a,n)e.7 %o x[H]

we only observe {cﬁ(s’;l,a’,i)}he[m.

We start this chapter by reviewing the bandit version of the O-REPS algorithm when
the transition function is known to the learner. The algorithm is almost the same as the
one presented in the previous chapter, but with a single modification that we shall now

describe.

Notice that O-REPS uses the cost function cf when solving the optimization problem

in Equation (3.1). Now, that not the entire cost function is known, [ZN13] propose to
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estimate it with a standard importance sampling estimator, defined by:

k

ci(s,a .
. QE ;, 1fs];l:sanda’;l:a
l(s,a) = { 0 |

0, otherwise

They show that this estimator is unbiased. Moreover, they prove that combining O-
REPS with this importance sampling estimator yields optimal regret (up to logarithmic
factors) of O(H+/SAK).

4.2 Our Algorithms for Bandit Feedback with Unknown Transitions

We define B(.#) as the minimum probability to visit some state under the worst ex-
ploratory policy, i.e., B (.#) = ming minye ;) minge & qﬁ”(s). Moreover, we define pin (.4 )

as the minimal transition probability, that is, pyi,(.#) = miny g , ¢ Py(s" | 5,a).

Our first algorithm, "Bounded Bandit UC-O-REPS", is aimed for MDPs where there
is a known positive lower bound on 3 (.#). Our second algorithm, "Shifted Bandit UC-O-

REPS", works in general episodic adversarial MDPs and makes use of the first algorithm.

4.2.1 Bounded Bandit UC-O-REPS

The "Bounded Bandit UC-O-REPS" algorithm runs UC-O-REPS but with two crucial

changes.

Firstly, instead of using ¢* (which we do not have) we use ¢ which is our estimate of

c* defined as follows:

=

¢ (x,a)
(s,0)”

, otherwise

. ifsﬁ:sandafl:a
ép(x,a) =

=
=

=
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Notice that this is a biased estimator since P¥ may be different from P,

k
k[ Ak P,k Ch(s,a)
E [eh(s.)] = ™ (s.0)

4.1

P,k k
=q," (S)ﬂh(aIS)q

_ pat c’g(s, a)
=q," ( )P",T’
qy ()
where the notation E¥[-] means that we take the expectation conditioning on every thing

that happened before the beginning of episode k.

Secondly, because of the bandit feedback we want to ensure that our algorithm per-
forms enough exploration. For this purpose we constrain the confidence sets to con-
tain only occupancy measures that visit every state with probability of at least o, where
0 < o < 1 is a parameter. That is, we define our confidence set for epoch i as Ay (A i) =
A(A i) {q:qn(s) > a Vh,s}.

Thus our algorithm performs the following steps in each episode:

gt = argrlgnn<Q,6k> +KL(q | 4"

k+1 - k+1 . ~
1 _ qP T =arg min KL(q H qk+1)‘

7 AT

If Aq(A,i(t)) = 0, then ¢g**! is chosen to be an arbitrary occupancy measure. The
efficient implementation of this algorithm is similar to the one of the original UC-O-REPS
algorithm, and is described in details in the supplementary material (together with full

pseudo-code).

4.2.2  Shifted Bandit UC-O-REPS

The "Shifted Bandit UC-O-REPS" algorithm runs "Bounded Bandit UC-O-REPS" with
o= % (where 0 < p < 1 is a parameter) but it makes the following change in order to
handle the unknown f(.#) (which may be zero). It shifts the confidence sets by changing
the empirical transition function. That is, instead of using P' as the empirical transition

function for epoch i it uses P! which is defined as follows for every h=1,...,H and for
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every (s,a,s') € & x o x "

B | 5,0) = (1= p)Ri(s' | 5,0) + .
To sum up, the new confidence sets are denoted as Za(.//[ ,i) and they contain all occu-

pancy measures g " such that qf’”(s) > o for every (h,s), and for every (h,s,a),
1PA(- | 5,a) = P(- | s,a) |11 < g (s,a).

Clearly this algorithm can be implemented efficiently, given the efficient implementa-
tion of "Bounded Bandit UC-O-REPS" (full pseudo-code can be found in the supplemen-
tary material for completeness).

4.3 Regret Analysis - Bounded Bandit UC-O-REPS

In this case we assume that B(.#) > 0 and it is known to the learner (or some positive
lower bound on it). This assumption is quite strong but it holds if, for example, the mini-
mum transition probability is not zero, i.e., pin(-#) > 0. In this case B () > ppin(A ).

Notice that if we run "Bounded Bandit UC-O-REPS" with & = B(.#), then A(.#) =
Ao (M) = A(A)N{q:qn(s) > a Vh,s}. Therefore, using the proof of UC-O-REPS,

we have that all the confidence sets contain A(.#') with probability at least 1 — J.

Let g € A(A) = Aq(A), and partition the regret into two terms as follows,

k=1

Z gy = (Z(qp’”k —qu’”k,ck>> + <Z<qpk’”k—q,ck>> :
= k=1

The first term includes the error that comes from the estimation of the unknown transition
function and will be denoted as If"i‘f;f . The second term includes the error that comes from

. . o . . ’\ON
choosing sub-optimal policies and will be denoted as RY.y..

Sections 4.3.1 and 4.3.2 bound these two terms and give us the following regret bound.
Theorem 4.3.1. Let .# = (5/ .o/ H,P,{c* }szl) be an adversarial MDP, and assume that

B(4) > 0. Then, "Bounded Bandit UC-O-REPS" with o. = B(.#) obtains the following

regret bound:

EiRe] < 0 (H2S\/AKlog(KHSA)>

B(A)
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4.3.1 Bounding R?E(P

Recall that R?:’;(P is the difference between the loss of the learner’s chosen policies in .#Z
and the loss of these policies in the “optimistic” MDPs (the ones induced by the occupancy
measures ¢*). The algorithm minimizes this difference through shrinking of the confidence
sets. Notice that:

IA

K K K
N k k -k k k -k k k -k
RE =Y (""" —¢" ", <Y " =" " |l M e < Y Nd°™ =" |11
k=1 k=1

k=1

Since the algorithm uses the same framework of confidence sets as the original UC-O-
REPS (and all the confidence sets contain A(.#) with high probability), we can use the
following theorem from [RM19a] to bound this difference.

Theorem 4.3.2. Let {n"}X_ be policies and let {P*}X_, be transition functions such that
qu’”k € A(A ,i(k)) for every k. Then, when setting 6 = %

<0 (HZS\/AKlog(KHSA)> .

K

E|pAPP| < E Z” Pak Pk gk

K | < q qg "l
k=1

: pON
4.3.2 Bounding RY'y

Recall that Iélof}é is the regret for the performance of the online algorithm’s chosen oc-
cupancy measures. Notice that the learner performs the original UC-O-REPS algorithm
with respect to the sequence of loss functions {¢k }szl and the set of occupancy measures
Ag (A ). Therefore, we can use the regret analysis of the original algorithm to obtain the

following result (full proof in the supplementary material).

Lemma 4.3.3. Let # = (5/ ./ H,P,{ct le) be an adversarial MDP. Then, for every
q € Ay (A), "Bounded Bandit UC-O-REPS" obtains:

& Pk gk N
ElY ("7 —q,8)

k=1

HAK  Hlog(HSA
SO(na N 0g1(75))_

Now we show that the sequence of occupancy measures chosen by the algorithm per-
forms similarly on {¢*}X_ and {c*}X | in expectation, and therefore we can derive a
bound on Iélo:%.
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Lemma 4.34. Let ./ = (5/ ,</ H,P, {ck}szl) be an adversarial MDP. Then, for every
q € Ay (A), "Bounded Bandit UC-O-REPS" obtains:

[t o]

k=1

X

2
<0 (H S\/AKlog(KHSA)> |
o

. . . . k ok .
Proof. First we use the linearity of expectation and the fact that g = ¢ to obtain:

[ el g

From the law of total expectation we have,
E [

Now for every k we can use the definition of & and (4.1) to obtain,

M=

1

fhe-eo]

il aole

fre-oe o]

E [<q" g,k c’ﬂ] ‘ . 4.2)

£ (¢~ 0.t~ = ¥ (dhtssa) mwaw(ﬁ”wéﬁﬁ%—émm)

h,s,a Qh’ (S

Substituting this back into (4.2) we get,

ef -]

k=1

k Cksa
[zz@uz%mw#®ﬁﬁLﬁmﬂ‘

1h,s,a

K prt
Z Z ck(s,a) (q];l(s,a)—qh(s’a)) qy (Izk nkqh (s)

k=1h,s,a q, (S)

f ]qi’n (s) — qi 7r (s) k(s,a) (q/;l(s,a)—q}z(sva)>']

where the last inequality follows because qik’nk(s) >, 0 < Y,qk(s,a)ck(s,a) <1 and
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0 <Y, qn(s,a)ck(x,a) < 1. Finally, we use Theorem 4.3.2 to conclude that

|

ElY )

Lk=1h,s

>

kk
Zq (s,a,5") —qp ™ (s,a,5)

as

SQIH

[f q —q,& —c )]

1 X Pk mk /
< E|Y ¥ 1" (s.a5)—q) " (s,a,5)]
o L k=1h,s,a,s
T [ S H2S+\/AKlog(KHSA)
il DY Hl]SO( — '
_k:

]

Corollary 4.3.5. Let /4 = (5” ./ H,P{c le) be an adversarial MDP. Then, when
0

setting 1 = % and 0 = % "Bounded Bandit UC-O-REPS" obtains:

- [I?ON] <o (HZS\/AK:;g(KHSA)) |

4.4 Regret Analysis - Shifted Bandit UC-O-REPS

We remove the assumption that B (.#') > 0, and for this case will use the "Shifted Bandit
UC-O-REPS" algorithm. Notice that the key insight for the regret analysis of "Bounded
Bandit UC-O-REPS" is that by setting o = B(.#), we get that all the confidence sets
contain A(.#') with high probability The idea behind "Shifted Bandit UC-O-REPS" is to
work on an imaginary MDP _ that is close to .# but has the property B (. ) > 0.

The transition function for the MDP ./ = (7, ,H,p,{c"}X_,) is defined as follows
forevery h =1,...,H and for every (s,a,s') € ¥ X o X "

pu(s' [ 5,0) = (1= )RS | s,0) + .

This means that the minimal transition probability is positive, i.e., pmm(/Z/\S >R s > 0.
Therefore, B (.4 ) > & > 0 and we can run "Bounded Bandit UC-O-REPS" on ,/// The
problem is that our data is sampled from .#, but we need to build confidence sets that
contain A(//7) and not A(.#'). The following lemma shows that shifting the confidence
sets obtains this desired property: all the confidence sets contain A(,//Alj with probability
at least 1 — 9.

Lemma 4.4.1. If A(#) C A(A i), then A(A) C Ag(A ,i).
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Proof. Let g™ € A(,///) First of all, since B (.# ) > & = o we have that ¢}" (s) > o for
every h,s. Now, Since A(.#) C A(. ,i) we have that for every (h,s,a),

1P 5,0) = Pu(- [ s,a) |1 < & (s,a).
By the definition of P* and P* we have that,
IBL(- | s.a) = pa(- | 5,a) |1 ZZIEi(S’ |s,a) = (s’ | s,a)|
=LI1-pA( |s:0)+ ¢~ (=PIl [5.0) = ]
\ S
_p Z|Ph S | S,Cl) _Ph(sl | S,Cl)|
= (1=p)|IBy(- | s,a) = Biu(- | s,a) 1 < g}(s,a),

and therefore 7™ € Ay (. i) and A(/7) C Ag(AM ). O

Now we divide the regret into two parts: the regret of "Bounded Bandit UC-O-REPS"
in ./ and the difference in the performance of policies in .# and M. Formally, the regret
of any g = qg"'" € A(#) is partitioned as follows:

kak
7L ch)

Since ||Py(+|s,a) — pu(-]s,a)||1 < 2p for every (h,s,a), we can use [RM19b, Corollary
E.2] to bound the first and third terms as O(pH?K). The second term includes the regret

of "Bounded Bandit UC-O-REPS" in ./ so according to Theorem 4.3.1 we can bound
i as (HZS\ /AK log(KHSA) ) <H252 AK log(KHSA)

575 ) > . Thus we get the following regret

bound.

Theorem 4.4.2. Let .# = (5’ ./ ,H,P, {ck}szl) be an adversarial MDP. Then, "Shifted
Bandit UC-O-REPS" withp = S \4/ w obtains the following regret bound,

E[Rk] <O (H25A1/4K3/4 10g1/4(KHSA)> .

36



S Near-Optimal Regret
for Stochastic Shortest Path

This chapter is based on:

Aviv Rosenberg, Alon Cohen, Yishay Mansour and Haim Kaplan. Near-optimal regret
bounds for stochastic shortest path. In Proceedings of the 37th International Conference
on Machine Learning, ICML 2020.

This chapter presents the first lower bound and the first near-optimal regret bound for
stochastic shortest path (SSP). We start the chapter by describing the regret minimization
formulation in SSP, then we present the main results, and finally dive deeper into our

algorithms and lower bound.

5.1 Regret Minimization in SSP

For simplicity, in this chapter we assume that the costs are deterministic and known to the
learner. However, the transition probabilities P are fixed but unknown to the learner. The
learner interacts with the model in episodes: each episode starts at the initial state sjp;,
and ends when the learner reaches the goal state g (note that she might never reach the
goal state). Success is measured by the learner’s regret over K such episodes, that is the
difference between her total cost over the K episodes and the total expected cost of the

optimal proper policy:

K I*
Rg =Y Y c(sf,af) —K- min V*(sinit),
k=1i=1

€ proper

where I¥ is the time it takes the learner to complete episode k (which may be infinite),

Iproper 18 the set of all stationary, deterministic and proper policies (that is not empty by
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Assumption 2.2.1), and (s’-‘ ar

107

) is the i-th state-action pair at episode k. In the case that I*

is infinite for some k, we define Rg = oo.

We denote the optimal proper policy by 7%, i.e., V*(s) = argmingery,,,.. V" (s) for all
s € .. Moreover, let B, > 0 be an upper bound on the values of V* and let 7, > 0 be an
upper bound on the times 77, i.e., B, > max,c o V*(s) and T, > max,c o T™ (s).

5.2 Summary of Results

In Section 5.3 we present our Hoeffding-based algorithms (Algorithms 6 and 14) and their
analysis. While they achieve similar regret bounds to [TGV'20], their presentation is
important in order to lay the foundations for our Bernstein-based algorithm (Algorithm 7)
and its improved regret bound shown in Section 5.4. Finally, in Section 5.5 we give a

lower bound on the learner’s regret showing that Algorithm 7 is near-optimal.

The learner must reach the goal state otherwise she has infinite regret. Therefore, she
has to trade-off two objectives, one is to reach the goal state and the other is to minimize

the cost. Under the following assumption, the two objectives essentially coincide.

Assumption 5.2.1. All costs are positive, i.e., there exists cyin > 0 such that c(s,a) > cipin
forevery (s,a) € ./ x <.

This assumption allows us to upper bound the running time of the algorithm by its
total cost up to a factor of cr;iln. In particular, it guarantees that any policy that does not
reach the goal state has infinite cost, so any bounded regret algorithm has to reach the goal
state. We eventually relax Assumption 5.2.1 by a technique similar to that of [BY13]. We
add a small positive perturbation to the instantaneous costs and run our algorithms on the
model with the perturbed costs. This provides a regret bound that scales with the expected

running time of the optimal policy.

We now summarize our results. For ease of comparison, we first present our regret
bounds for both the Hoeffding and Bernstein-based algorithms when Assumption 5.2.1
holds, and subsequently show the regret bounds of both algorithms for the general case. In
order to simplify the presentation of our results, we assume that S > 2, A > 2 and K > S2A
throughout. In addition, we denote L = log(KB,SA/8cmin). The complete proofs of all

statements are found in Appendix C.

Positive costs. The following results hold when Assumption 5.2.1 holds (recall that we

always assume Assumption 2.2.1). In particular, when this assumption holds the optimal
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policy overall is proper (Theorem 2.2.3) hence the regret bounds below are with respect to
the best overall policy.

Theorem 5.2.2. Suppose that Assumption 5.2.1 holds. With probability at least 1 — 6 the
regret of Algorithm 14 is bounded as follows:

B3S2AK = B3S%A
Rk =0 e A ra ]
Cmin Coin

The main issue with the regret bound in Theorem 5.2.2 is that it scales with /K /cmin

—1
min*

which cannot be avoided regardless of how large K is with respect to ¢ This problem

is alleviated in Algorithm 7 that uses the tighter Bernstein-based confidence bounds.

Theorem 5.2.3. Assume that Assumption 5.2.1 holds. With probability at least 1 — 8 the
regret of Algorithm 7 is bounded as follows:

B3 4A2
Rk =0 <B*S\/AKL + 4 / LH) .
Cmin

Note that when K > B,S2A /cmin, the regret bound above scales as O(B,Sv/AK) thus

obtaining a near-optimal rate.

Arbitrary costs (i.e., ¢(s,a) € [0,1]). Recall that in this case we can no longer assume
that the optimal policy is proper. Therefore, the regret bounds below are with comparison
to the best proper policy. Assumption 5.2.1 can be easily alleviated by adding a small fixed
cost to the cost of all state-action pairs. Following the perturbation of the costs, we obtain
regret bounds from Theorems 5.2.2 and 5.2.3 with ¢y < € and B, <— B, + €75, and the
learner also suffers an additional cost of €T,K due to the misspecification of the model
caused by the perturbation. By picking € to balance these terms we get the following
corollaries (letting L = log(KB,T,SA/§)).

Corollary 5.2.4. Running Algorithm 14 using costs c¢(s,a) = max{c(s,a), €} defined for
£ = (S2A/K)'/3 gives the following regret bound with probability at least 1 — §:

Rg=0 (Tjsz/ SAVBKBL+ TjszAZZ) :
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Corollary 5.2.5. Running Algorithm 7 using costs ce(s,a) = max{c(s,a), €} defined for
£=5%A /K gives the following regret bound with probability at least 1 — §:

Rk = O (Bi/ 2SVAKL+T! 2S2AZ2> .

Moreover, when the algorithm knows B, and K > SZAT*Z, then choosing € = B, S2A /K
gives a near-optimal regret bound of 5(B*S VAK).

Lower bound. In Section 5.5 we show that Corollary 5.2.5 is nearly-tight using the

following theorem.

Theorem 5.2.6. There exists an SSP problem instance M = (-, ,P,c,Sinit,§) in which
V*(s) <Byforallse ./, S>2,A>16, B, >2, K > SA, and c(s,a) =1 forall s € /,a €

o/, such the expected regret of any learner after K episodes satisfies

B,V SAK.

>
ElRk] > 1024

5.3 Hoeffding-type Confidence Bounds

We start with a simpler case in which B, is known to the learner. In Section 5.3.2 we
alleviate this assumption with a penalty of an additional log-factor in the regret bound.

For now, we prove the following bound on the learner’s regret.

Theorem 5.3.1. Suppose that Assumption 5.2.1 holds. With probability at least 1 — J the
regret of Algorithm 6 is bounded as follows:

B3S2AK = B3S?A
Rg=0| | =——L+=2—L""].
Crmin Conin

Our algorithm follows the known concept of optimism in face of uncertainty. That is,

it maintains confidence sets that contain the true transition function with high probability
and picks an optimistic optimal policy—a policy that minimizes the expected cost over all
policies and all transition functions in the current confidence set. The computation of the
optimistic optimal policy can be done efficiently using Extended Value Iteration as shown
by [TGV'20]. Construct an augmented MDP whose states are S and its action set consists

of tuples (a, ﬁ) where a € .« and P is any transition function such that
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Algorithm 6 HOEFFDING-TYPE CONFIDENCE BOUNDS AND KNOWN B,

input: state space .7, action space .27, bound on cost-to-go of optimal policy B,, con-
fidence parameter 6.
initialization: V(s,a,s') € ¥ x & x ¥ : N(s,a,s') < 0,N(s,a) < 0, an arbitrary policy
7T, t< 1.
fork=1,2,...do
set §; <— Sinit-
while s; # g do
follow optimistic optimal policy: a, < 7(s;).
observe next state 5,11 ~ P(- | s,a;).
update: N(s;,a;,5;+1) < N(st,az,5.41) + 1, N(sy,ar) < N(sp,a;) + 1.

. ~ 5000B2S B,SA
i N(s1,(si41)) < 7+ log Seo OIS 1 =8 then
# start new interval

compute empirical transition function P as P(s'|s,a) = N(s,a,s")/Ny(s,a)
where N, (s,a) = max{N(s,a), 1}.
compute optimistic policy 77 by minimizing expected cost over transition func-
tions P that satisfy Equation (5.1).

end if

setr <1+ 1.

end while
end for

Slog(SANL (s,a)/9)
Ny (S7a)

|P(-|s,a) — P("|s,a)]|, SS\/ (5.1)

where P is the empirical estimate of P. It can be shown that the optimistic policy and
the optimistic model, i.e., those that minimize the expected total cost over all policies and
feasible transition functions, correspond to the optimal policy of the augmented MDP.

To ensure that the algorithm reaches the goal state in every episode, we define a state-

2
action pair (s,a) as known if the number of visits to this pair is at least 50220 B.S log 834 and

min OCmin

as unknown otherwise. We show with high probability the optimistic policy chosen by the

algorithm will be proper once all state-action pairs are known. However, when some pairs
are still unknown, our chosen policies may be improper. This implies that the strategy of
keeping the policy fixed throughout an episode, as done usually in episodic RL, will fail.
Consequently, our algorithm changes policies at the start of every episode and also every

time we reach an unknown state-action pair.

Formally, we split the time into intervals. The first interval begins at the first time step,

and every interval ends by reaching the goal state or a state s such that (s, 7Z(s)) is unknown
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(where 7 is the current policy followed by the learner). Recall that once all state-action
pairs are known, the optimistic policy will eventually reach the goal state. Therefore,
recomputing the optimistic policy at the end of every interval ensures that the algorithm
will eventually reach the goal state with high probability. Note that the total number of
intervals is at most the number of visits to an unknown state-action pair plus the number

of episodes.

Observation 5.3.2. The total number of intervals, M, is

B2S’A  B,SA
0<K+ — log )

c Scmin

min

5.3.1 Analysis

The proof of Theorem 5.3.1 begins by defining the “good event” in which our confidence
sets contain the true transition function and the total cost in every interval is bounded. This
in turn implies that all episodes end in finite time. We prove that the good event holds with

high probability.

Then, independently, we give a high-probability bound on the regret of the algorithm
when the good event holds. To do so, recall that at the beginning of every interval m,
the learner computes an optimistic policy by minimizing over all policies and over all
transition functions within the current confidence set. We denote the chosen policy by
™ and let P, be the minimizing transition function (i.e., the optimistic model). A key
observation is that by the definition of our confidence sets, P,, is such that there is always
some positive probability to transition to the goal state directly from any state-action. This
implies that all policies are proper in the optimistic model and that the cost-to-go function
of &' defined with respect to ﬁm, and denoted by ‘7’", is finite. By Theorem 2.2.2, the
following Bellman optimality equations hold for all s € .7,

V(s) = minc(s,a) + s/;yﬁm(s’ | s,a)V"(s"). (5.2)

High probability events. For every interval m, we let Q" denote the event that the con-
fidence set for interval m contains the true transition function P. Formally, let P,, denote
the empirical estimate of the transition function at the beginning of interval m, let Ny, (s, )
denote the number of visits to state-action pair (s,a) up to interval m (not including), and

let n,,(s,a) be the number of visits to (s,a) during interval m. Then we say that Q™ holds
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if for all (s,a) € . x o/, we have (N'(s,a) = max{1,N,(s,a)})

Slog(SAN"(s,a)/8)

N o) (5.3)

|WH&®—EAhMW1SS¢

In the following lemma we show that, with high probability, the events Q" hold and
that the total cost in each interval is bounded. Combining this with Observation 5.3.2 we

get that all episodes terminate within a finite number of steps, with high probability.

Lemma 5.3.3. With probability at least 1 — 8 /2, for all intervals m simultaneously, we
have that Q™ holds and that Zthl c(si,a)') < 24B,log %’”, where H™ denotes the length
of interval m, s}’ is the observed state at time h of interval m and a)' = ®"(s]') is the

chosen action. This implies that the total number of steps of the algorithm is

KB B3S2A
T:O( L+ =5 Lﬁ.

. 3
Cmin Cnin

Proof sketch. The events Q" hold with high probability due to standard concentration
inequalities, and thus it remains to address the high probability bound on the total cost

within each interval.

This proof consists of three parts. In the first, we show that when Q" occurs we have
that V(s) < V*(s) < B, for all s € . due to the optimistic nature of the computation
of ™. In the second part, we postulate that had all state-action pairs been known, then
having Q™ hold implies that V" (s) < 2B, for all s € .. That is, when all state-action
pairs are known, not only ™ is proper in the true model, but its expected cumulative cost

is at most 2B,.

The third part of the proof deals with the general case when not all state-action pairs
are known. Fix some interval m. Since the interval ends when we reach an unknown
state-action, it must be that all but the first state-action pair visited during the interval are
known. For this unknown first state-action pair, it follows from the Bellman equations
(Equation (5.2)) and from Vm(s) < B, for all s € . that ™ never picks an action whose
instantaneous cost is larger than B,. Therefore, the cost of this first unknown state-action
pair is at most By, and we focus on bounding the total cost in the remaining time steps

with high probability.

To that end, we define the following modified MDP MX"OY = (§know 4 pknow ¢ g -

in which every state s € . such that (s, 7" (s)) is unknown is contracted to the goal state.
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Let PX"°% be the transition function induced in M¥™¥ by P, and let V'  be the cost-

know
to-go of " in MX"% w.r.t PX"%. Similarly, define PX™ as the transition function in-
duced in MX"°% by P,,, and ‘71?[110W as the cost-to-go of #” in MX"% w.r.t I%“OW. It is clear
that Vlfflow( s) < V™(s) for every s € .# from whence ?k’ﬁow(s) < B,. Moreover, since all
states s € . for which (s, " (s)) is unknown were contracted to the goal state, in M™%
all remaining states-action pairs are known. Therefore, by the second part of the proof,
v L(s) < 2B, for all s € .. Note that reaching the goal state in MX"¥ is equivalent
to reaching either the goal state or an unknown state-action pair in the true model hence
the latter argument shows that the total expected cost in doing so is at most 2B,. We fur-
ther obtain the high probability bound by a probabilistic amplification argument using the

Markov property of the MDP. [

Regret analysis. In what follows, instead of bounding Rg, we bound

m

c(spt,af ){Q"} — K - V*(Sinit),

Sy

Ry =

M=

-
I
_

1

where | is the indicator function. Note that according to Theorem 5.3.3, we have that
Rk = Rk with high probability.

The definition of Rg allows the analysis to disentangle two dependent probabilistic
events. The first is the intersection of the events Q™ which is dealt with in Theorem 5.3.3.
The second holds when, for a fixed policy, the costs suffered by the learner do not deviate

significantly from their expectation. In the following lemma we bound Rk.

Lemma 5.3.4. With probability at least 1 — 8 /2, we have

~ B3S’A  B,SA SAT )
Ry < 0< =2 Zlog +B ,/Tlog 4 B,y /Slog 220 (5, 4) )
2. Cmin© sam 1\/N’"sa

min
~~

(1) ( )

Here we only explain how to interpret the resulting bound. The term (1) bounds the
total cost spent in intervals that ended in unknown state-action pairs (it does not depend on
K). The term (2) is at most O(v/SAT) when Theorem 5.3.3 holds, and then the dominant
term in Lemma 5.3.4 becomes 5(B*S\/ﬁ ). Theorem 5.3.1 is finally obtained by applying

a union bound on Lemma 5.3.3 and Lemma 5.3.4, and using Theorem 5.3.3 to bound 7'.

44



5.3.2  Unknown Cost Bound

In this section we relax the assumption that B, is known to the learner. Instead, we keep
an estimate B that is initialized to cmin and doubles every time the cost in interval m (de-
noted as C,,) reaches 24B log %’". By Theorem 5.3.3, with high probability, B < 2B,. We
end an interval as before (once the goal state is reached or an unknown state-action pair
is reached), but also when B is doubled. The algorithm for this case is presented in Ap-
pendix C (Algorithm 14). Since B changes, every state-action pair can become known

once for every different value of B.

Observation 5.3.5. When B, is unknown to the learner, the number of times a state-action

pair can become known is at most 10g,(By/Cmin ). The number of intervals M is

B2S2A B,SA
O K+—=—log> ==— |.
min 6cmi”

Lemma 5.3.6. When B, is unknown, with probability at least 1 — 6 /2, for all intervals
m simultaneously, we have that Q™ holds and that Zthl c(sZ’,a’,f) < 24B,log 47’". This
implies that the total number of steps of the algorithm is

3¢2
T = O(KB*L+ B.S AL3>.

. 3
Cmin Cnin

The analysis follows that of Algorithm 6. In particular, Lemma 5.3.4 still holds (with
2B, instead of B,), and jointly with Lemma 5.3.6 imply Theorem 5.2.2.

5.4 Bernstein-type Confidence Bounds

Algorithm 6 has two drawbacks. The first one is the use of Hoeffding-style confidence
bounds which we improve with Bernstein-style confidence bounds. The second is the
number of times the optimistic optimal policy is computed. In this section we propose to
compute it in a way similar to UCRL2, i.e., once the number of visits to some state-action

pair is doubled. Note that this change also eliminates the need to know or to estimate B,.

The algorithm is presented in Algorithm 7. It consists of epochs. The first epoch starts
at the first time step, and each epoch ends once the number of visits to some state-action
pair is doubled. An optimistic policy is computed at the end of every epoch using (em-

pirical) Bernstein confidence bounds. In contrast to Algorithm 6, Algorithm 7 defines a
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Algorithm 7 BERNSTEIN-TYPE CONFIDENCE BOUNDS

input: state space .#, action space ./ and confidence parameter 6.
initialization: i « 1,7 < 1, arbitrary policy 7 , V(s,a,s’) : Ni(s,a,s’) < 0,N;(s,a) <+
0, ny(s,a,s’) + 0, ni(s,a) + 0.
fork=1,2,...do
set s; < Sinit-
while s; # g do
follow optimistic optimal policy: a; <— 7;(s;).
observe next state s, ~ P(- | s;,a;).
set: n;(s;,a;) < ni(s,ar) + 1, ni(se,ar,80401) < ni(se, ar, Se41) + 1.
if ni(st+17ﬁi(st+l)) < Ni(S[+1,ﬁi(St+1)) then
set 7 <— ¢+ 1 and continue.
end if
# start new epoch
set:  Niii(s,a,s") « Ni(s,a,s') + ni(s,a,s"), Niri(s,a) < Ni(s,a) + n;i(s,a),
nir1(s,a) < 0, ni11(s,a,s") < O forall (s,a,s') € & x o x .&.
compute empirical transition function P as P(s' | s,a) = N(s,a,s’) /Ny (s,a) for
every (s,a,s’) € &/ x @/ x ./ where N (s,a) = max{N(s,a),1}.
compute optimistic transition function P using Equation (5.4).
compute optimal policy 7 w.r.t P.
i< i+1,t+1t+1.
end while
end for

confidence range for each state, action, and next state, separately, around its empirical es-
timate (i.e., we use an L. “ball” rather than an L; “ball” around the empirical estimates).
This allows us to disentangle the computation of the optimistic policy from the compu-
tation of the optimistic model. Indeed, the computation of the optimistic model becomes
very easy: one simply has to maximize the probability of transition directly to the goal
state at every state-action pair which means minimizing the probability of transition to all
other states and setting them at the lowest possible value of their confidence range. This

results in the following formula for P(s' | s,a) for every (s,a,s') € . x o x .-

max{P(s|s,a) —28A(s,a) — 4\/13(s’|s, a)A(s,a),0}, (5.4)
where A(s,a) = 1og(SAN, (s,a)/8)/N4(s,a) and the remaining probability mass goes to

P(g | s,a). The optimistic policy is then the optimal policy in the SSP model defined by

the transition function P.
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5.4.1 Analysis

In this section we prove Theorem 5.2.3. We start by showing that our new confidence sets
contain P with high probability which implies that each episode ends in finite time with
high probability. Consequently, we are able to bound the regret through summation of our

confidence bounds.

We once again distinguish between known and unknown state-action pairs similarly to

Algorithm 6. A state-action pair (s,a) becomes known at the end of an epoch if the total

L SA
OCmin

(for some constant & > 0). Note that at the end of the epoch, the visit count of (s,a)

number of visits to (s,a) has passed o - %log at some time step during the epoch
may be strictly larger than « - %log gg—fﬁ but at most twice as much by the definition
of our algorithm. Furthermore, we split each epoch into intervals similar to what did in
Section 5.3. The first interval starts at the first time step and each interval ends once (1)
the total cost in the interval accumulates to at least B,; (2) an unknown state-action pair is
reached; (3) the current episode ends; or (4) the current epoch ends. We have the following

observation.

Observation 5.4.1. Let Cyy denote the cost of the learner after M intervals. Observe that
the total cost in each interval is at least B, unless the interval ends in the goal state, in an

unknown state-action pair or the epoch ends. Thus the total number of intervals satisfies

Cmin 6Cmin

C B,S?A_ B,SA
MSB—M+2SA10gT+K+0< = Zlog 22 )
*

and the total time satisfies T < Cpy/Cmin-

Recall that in the analysis of Algorithm 6 we show that once all state-action pairs are
known, the optimistic policies generated by the algorithm are proper in the true MDP. The
same holds true for Algorithm 7, yet we never prove this directly. Instead, our proof goes
as follows.! We prove that Cy, the cost accumulated by the learner during the first M
intervals, is at most K - V*(sii¢) + Bxv/M with high probability as long as no more than
K episodes have been completed during these M intervals. We notice that once all state-
action pairs are known, the total cost in each interval is at least B, (ignoring intervals
that end with the end of an epoch or an episode), which implies that the total number of
intervals M is bounded by Cys/B,. This allows us to get a bound on Cy, that is independent
of the number of intervals by solving the inequality Cyy < K - V*(sinit) +BsvM S K -
V*(Sinit) + v/Bx - Cy. From this, and since the instantaneous costs are strictly positive (by

' We neglect low order terms here.

47



Assumption 5.2.1), it must be that the learner eventually completes all K episodes; i.e.,
there must be a time from which Algorithm 7 generates only proper policies.

Notation. The epoch that interval m belongs to is denoted by i(m), other notations are as
in Section 5.3.1. Note that since the optimistic policy is computed at the end of an epoch
and not at the end of an interval, it follows that 7 = #im) and v = Vilm) The trajectory
visited in interval m is denoted by U™ = (sT',a[', ..., sFm,afm,Sfm ), Where aj' is the
action taken in s}, and H™ is the length of the interval. In addition, the concatenation of
the trajectories of the intervals up to and including interval m is denoted by U™, that is
— /

vm=up_Uum.

High probability events. Throughout the analysis we denote ST = SU{g}. For every
interval m we let Q" denote the event that the confidence set for epoch i = i(m) contains the
actual transition function P. Formally, if Q™ holds then for all (s,a,s') € .¥ x & x ./,
we have (denote N''(s,a) = max{1,N"(s,a)}, A} = A(s}},a}'))

|P(s'|s,a) — Py(s'|s,a)| < 28A) +44/Py(s'|s,a)AlL. (5.5)

In the following lemma we show that the events Q" hold with high probability.

Lemma 5.4.2. With probability at least 1 — 6 /2, Q™ holds for all intervals m simultane-

ously.

Regret analysis. In the following section, instead of bounding Ry, we bound Ry =

%:1 Zth ye(spay )l{Q"} — KV*(sini¢) for any number of intervals M. This implies The-
orem 5.2.3 by the following argument. Theorem 5.4.2 implies that Ry = Ry with high
probability for any number of intervals M (Ry, is the true regret within the first M inter-
vals). In particular, when M is the number of intervals in which the first K episodes elapse,

this implies Theorem 5.2.3 (we show that the learner indeed completes these K episodes).

To bound ﬁM, we use the next lemma to decompose ﬁM into two terms which we

bound independently.
Lemma 5.4.3. It holds that Ryy = YM_ | R) +YM | R2 — K - V*(sinis), where
Rl = (V"(sT) = V™ (spmy 1)) HQ™Y,  and
Hm
R2 = (Z V™ (sh1) — Z Pu(s' | sﬁ,af)V’"(s’)) {Q"}.

h=1 ses
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The lemma breaks down EM into two terms. The first term accounts for the number
of times in which the learner changes her policy in the middle of an episode which is at
most the number of epochs. The second term sums the errors between the cost-to-go of

the observed next state and its estimated expectation.

Indeed, YV, R} is related to the total number of epochs which is at most SAlog, T

due to the following lemma.

Lemma 5.4.4. It holds that Y| R}, < 2B,SAlog T + KV*(sini)-

The next lemma shows that Y¥_, R2 does not deviate from Y¥_ E[R2, | U™~] signif-

icantly.

Lemma 5.4.5. With probability at least 1 — 8 /4,

M . M _ _ SM
Y R <Y E[R,|U™] +3B*,/M10g7.

The key property of the lemma is that the deviations between 2%21 I?,a and its corre-

sponding expectation is of order v/M and do not scale with T

To prove the lemma, we recall that an interval ends at most at the first time step in
which the accumulated cost in the interval surpasses B,. We show in our analysis that
Vm(s) < V*(s) < B, for all s € . due to the optimistic computation of 7. Therefore, 7"
never picks an action whose instantaneous cost is more than B,. This implies that the total
cost within each interval is at most 2B,. Then, we use the Bellman equations to bound
ﬁ,zn by order of the total cost in the interval, and the lemma follows by an application of

Azuma’s concentration inequality.

Theorem 5.4.6 below bounds E [ﬁfn |U mfl} for every interval m by a sum of the con-

fidence bounds used in Algorithm 7.

Lemma 5.4.6. For every interval m,

Hm
E[R;, | 0™ '] < 16E [Z \/SVrAm{Q™} ‘ g
h=1

Hm
+272E [Z B.SAJ'I{Q™}
h=1

o, (5.6)

where V! is the empirical variance defined as V' =Y gc »+ P(s' | s}, a}}) (Gm(s’) — ,u;l")z,
and W' =Yoc o+ P(s' | s, dl)V"(s").

49



The next step is the part of our proof in which our analysis departs from that of Algo-
rithm 6. Note that when Q™ holds, V' < B2. Using this bound for each time step separately
will result in a bound similar to that of Theorem 5.2.2. However, this bound is loose due
to the following intuitive argument. Suppose that we replace V™ with the true cost-to-go
function of 7, V™, in the definition of V}'. Note that from the Bellman equations (Equa-
tion (2.5)) we have V"(s}) > V™ (s}, ;) in expectation on consecutive time steps & and
h+ 1 hence we surmise that in expectation V}' would also decrease on consecutive time
steps. A similar argument holds when in reality we use V™ because all-but-one of the
state-action pairs in the interval are known, and V™ is a “close enough” approximation
of V" on known state-action pairs since they have been sampled sufficiently many times.
Indeed, in Theorem 5.4.7 we use the technique of [AOM17] to show that (up to a constant)

B2 bounds the expected sum of the variances over the time steps of an interval.
Lemma 5.4.7. E[Y/", vii{Qm} | O™~ 1] < 44B2.
Armed with Theorem 5.4.7, we upper bound Y¥_, E[R% | U"'] by applying some

algebraic manipulation on Equation (5.6), and summing over all intervals which gives the

next lemma.

Lemma 5.4.8. With probability at least 1 — 8 /4,

M
, TSA
Y E[Ry 0™ <614B*\/MS2A1 og’ ——
m=1 6
TSA
+8160B,.5%Alog? 5

Theorem 5.2.3 is obtained by first applying a union bound on Theorems 5.4.2, 5.4.5
and 5.4.8, plugging in the bounds of Theorems 5.4.4, 5.4.5 and 5.4.8 into Theorem 5.4.3,
and bounding 7" and M using Observation 5.4.1. This results in a quadratic inequality in
v/Cyr and solving it yields the theorem.

5.5 Lower Bound

In this section we give an overview of the proof for Theorem 5.2.6. For clarity we restate

the theorem.

Theorem (restatement of Theorem 5.2.6). There exists an SSP problem instance M =
(S,A,P,c,sinit) in which V*(s) < B, forall s € ., S >2,A > 16, B, > 2, K > SA, and
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c(s,a) =1 for all s € .7, a € A, such the expected regret of any learner after K episodes
satisfies

B,V SAK.

>_
ElRk] > 1024

The proof of our lower bound takes similar steps to the one in [JOA10]. Note that one
cannot simply use a reduction to the average-cost setting in our case because the number
of steps taken by the algorithm is potentially unbounded, and not the same as the number

of steps taken by the optimal policy.

Still, our lower bound matches the one for finite-horizon MDPs of Q(\/m ), where
H is the horizon and T is the total number of time steps. Since the length of each episode
is H, we have that T = HK and the lower bound takes the form of Q(H+/SAK). In our
case, B, replaces the horizon H as an upper bound on the expected cost of the optimal

policy, and we get the same linear dependence in this parameter.

Before constructing an instance for which we can prove the general lower bound, we
consider a simpler instance that consists of only the initial state sjp;; and the goal state g.
The actions are all the same, except for one optimal action ¢* which is chosen uniformly
at random. While all actions (including a*) suffer a cost of 1, a* has a better probability
of transitioning to the goal state, that is, P(g | Sinit,@*) = 1/By compared to P(g | Sinit,a) =
(1 —€)/B, for all other actions a # a*.

Notice that the optimal policy 7* chooses a* and has an expected cost of exactly B,.
Therefore, the job of the learner is simply to identify a*. In the supplementary material we
show that the regret of the learner in this case must be Q(B,VAK).

Subsequently, we build our general hard instance by taking S copies of the aforemen-
tioned simple MDP and picking the initial state in every episode uniformly at random.
Since the copies are not connected in any way, the lower bound applies to each of them

separately. Notice that every state will be visited K /S times in expectation, so the expected

K
Q B,y /A— | = Q(B,VSAK).
(g J S) (B./5AR)

Interestingly enough, although playing proper policies was a major concern in the

regret will be

construction of our algorithms, the hard instance we have built does not have any improper

polices at all.
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6 Minimax Regret
for Stochastic Shortest Path

This chapter is based on:

Alon Cohen, Yonathan Efroni, Yishay Mansour and Aviv Rosenberg. Minimax re-
gret for stochastic shortest path. In Advances in Neural Information Processing Systems,
NeurlPS 2021.

This chapter presents the first minimax optimal regret bound for stochastic shortest
path (SSP). While the algorithms in Chapter 4 were based on a direct application of the
optimism in face of uncertainty principle, in this chapter we present algorithms based on

a reduction to RL in finite-horizon MDPs.

6.1 Summary of Results

In Section 6.2 we present a novel black-box reduction from SSP to finite-horizon MDPs
(Algorithm 8), that yields /K regret bounds when combined with a certain class of opti-
mistic algorithms for regret minimization in finite-horizon MDPs that we call admissible
(Definition 6.2.1). The regret analysis for the reduction is described in Section 6.3, and in
Section 6.4 we present an admissible algorithm for regret minimization in finite-horizon
MDPs called ULCVI. We show that it guarantees the following optimal regret in the finite-
horizon setting (stated formally in Theorem 6.4.1). Note that (for large enough number of
episodes) this bound depends only on the expected cost of the optimal policy and not on
the horizon H.

Theorem 6.1.1. Running ULCVI (Algorithm 9 in Section 6.4) in a finite-horizon MDP
guarantees, with probability at least 1 — d, a regret bound of

MHSA MHSA
0( (B2 + B,)SAM log 65 —|—H4B*1S2A10g3/zTS>,
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for any number of episodes M > 1 simultaneously.

Combining ULCVI with our reduction yields the following minimax optimal regret
bound for SSP.

Theorem 6.1.2. Running the reduction in Algorithm 8 with the finite-horizon regret mini-
mization algorithm ULCVI ensures, with probability at least 1 — 9,

KT, SA KT, SA
Rk =0 (, /(B? + B,)SAK log 3 + 1B, 25%Alog® %) .

Remark 1. An important observation is that this regret bound is meaningful even for small

K. Unlike finite-horizon MDPs, where linear regret is trivial, in SSP ensuring finite regret
is not easy. Our regret bound also implies that if we play for only one episode, i.e., we
are only interested in the time it takes to reach the goal state, then it will take us at most
O(T5B;252A) time steps to do so.

Remark 2. Note that our algorithm needs to know an upper bound on 7, in advance. How-
ever, if all costs are strictly positive (i.e., at least ¢y, > 0), then there is a trivial upper
bound of B, /cmin- In this case, our algorithm keeps an optimal regret bound for large
enough K, since the bound on 7, only appears in the additive factor. Some previous work
used a perturbation argument to generalize their results from the cp,j, case to general costs
[TGV ™20, RCMK20, RM21b]. In our case, it will not work since the dependence on
1/cmin in the additive term is too large. This may be an inherent shortcoming of using
finite-horizon reduction to solve SSPs, as it also appears in the works of [CLW21, CL21]

for the adversarial setting.

Remark 3. In practice, one can think of 7, as a parameter of the algorithm that controls
computational complexity and the number of steps to complete K episodes. By choosing
the parameter 7, = x for example, we can guarantee that the regret bound of Theorem 6.1.2
holds against the best proper policy with expected time to the goal of at most x (assuming
there exists one), and we can also guarantee that the total computational complexity of

the algorithm is O(xlogK) (see Remark 5). Furthermore, the algorithm will take at most

O(xK + poly(x,S,A)) steps to complete K episodes.

Remark 4. While the additive term in our regret bound is standard for most cases, it be-
comes large when B, is extremely small because of the dependence in B; . This was not an
issue in previous work [TGV 20, RCMK20] since they assumed that the costs are deter-
ministic and known. We believe that this dependence is an artifact of our analysis that may

be avoided with a more careful definition of @1 (see Definition 6.2.1) that depends on the
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actual cost in each state-action pair and not just B,. Nevertheless, the main focus of this
paper is on establishing that the minimax optimal regret for SSP is @)(\/m ),
and not on optimizing lower order terms. By that we also show that this is the minimax
optimal regret for finite-horizon which is independent of the horizon H (up to logarithmic
factors). Tightening the additive term and eliminating its dependence in B; ! is left as an

interesting future direction.

In Section D.4 we prove that our regret bound is indeed minimax optimal. To comple-
ment the Q(B,v/SAK) lower bound of [RCMK20] that assumes B, > 1, we provide the
following tighter lower bound for the case that B, < 1.

Theorem 6.1.3. Let B, < % There exists an SSP problem instance # = (.7 ,.</ , P, ¢, Sinir, &)
in whichV*(s) < By foralls € S, S >2, A >2, K> B,SA, such the expected regret of any

learner after K episodes satisfies

1
E[Rx] > 55 V/B.SAK.

6.2 A Black-Box Reduction from SSP to Finite-Horizon

Our algorithm takes as input an algorithm ALG for regret minimization in finite-horizon
MDPs, and uses it to perform a black-box reduction. The algorithm is depicted below as
Algorithm 8.

The algorithm breaks the individual time steps that comprise each of the K episodes
into intervals of H time steps. If the agent reaches the goal state before H time steps, we
simply assume that she stays in g until H time steps are elapsed. We see each interval as
one episode of a finite-horizon model M = (5/’\, o ,P,H,¢,¢ ), where T =S {g} and
Cr: . = Ris a set of terminal costs defined by ¢¢(s) = 8B, I{s # g}, where I{s # g} is
the indicator function that equals 1 if s # g and 0 otherwise. Moreover, P\, ¢ are the natural

extensions of P, c to the goal state. That is, é(s,a) = c(s,a)l{s # g} and

P(s'|s,a), s#g
P(s'|s,a) =<1, s=g,5 =g

0, s=g5 #8g

The horizon H (which we will set to be roughly T}) is chosen such that the optimal SSP
policy will reach the goal state in H time steps with high probability (recall that the ex-
pected hitting time of the optimal policy is bounded by 7). The additional terminal cost
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is there to encourage the agent to reach the goal state within H steps, which otherwise is

not necessarily optimal with respect to the planning horizon.

Algorithm 8 REDUCTION FROM SSP TO FINITE-HORIZON MDP

1: input: state sapce ., action space .7, initial state sj,;;, goal state g, confidence pa-
rameter d, number of episodes K, bound on the expected cost of the optimal policy
B, bound on the expected time of the optimal policy 7, and algorithm ALG for regret
minimization in finite-horizon MDPs.

2: initialize ALG with state space I =S U {g}, action space .o, horizon H =
87, log(8K), confidence parameter 8 /4, terminal costs ¢¢(s) = 8B, I{s # g} and bound
on the expected cost of the optimal policy 9B,.

3: initialize intervals counter m <— 0 and time steps counter 7 <— 1.
4: fork=1,...,K do
5: set §; <— Sinit-
6:  whiles; # g do
7: set m <— m+ 1, feed initial state s; to ALG and obtain policy " = {7} : R
YL
8: forh=1,...,Hdo
9: play action a; = 7} (s; ), suffer cost C; ~ c(s;,a;), and set s}’ = s;,a)' = a;,C}' =
G.
10: observe next state 5,1 ~ P(- | sy,a;) and set <t + 1.
11: if s; = g then
12: pad trajectory to be of length H and BREAK.
13: end if
14: end for
15: set 53,1 = St-
16: feed trajectory U™ = (s{',aY,.. ., s}, afy, 53, ;) and costs {CZ’}f:1 to ALG.
17:  end while
18: end for

The algorithm ALG is initialized with the state and action spaces as in the original SSP
instance, the horizon length H, a confidence parameter /4, a set of terminal costs ¢ and
a bound on the expected cost of the optimal policy in the finite-horizon model 9B,. At
the beginning of each interval, it takes as input an initial state and outputs a policy to be
used throughout the interval. In the end of the interval it receives the trajectory and costs

observed through the interval.
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Note that while Algorithm 8 may run any finite-horizon regret minimization algorithm,
in the analysis we require that ALG possesses some properties (that most optimistic algo-
rithms already have) in order to establish our regret bound. We specifically require ALG to
be an admissible algorithm—a model-based optimistic algorithm for regret minimization
in finite-horizon MDPs, e.g., UCBVI [AOM17] and EULER [ZB19]. Admissible algorithms

are defined formally as follows.

Definition 6.2.1. A model-based algorithm ALG for regret minimization in finite-horizon
MDPs is called admissible if, when running ALG with confidence parameter 0, there is a
good event that holds with probability at least 1 — 8, under which the following hold:

(i) ALG provides anytime regret guarantees without prior knowledge of the number of
episodes, and when the initial state of each episode is arbitrary. The regret bound
that ALG guarantees for M episodes is denoted by ,Q?ALG (M), for some non-decreasing
function @ALG.

(i) The policy 7™ that ALG picks in episode m is greedy with respect to an estimate of
the optimal policy’s Q-function.

(iii) The algorithm’s estimate V""" of V* (the cost-to-go function associated with the op-
timal finite-horizon policy) is optimistic, i.e., V}'(s) < \A/,:‘ (s) for every s € S and
h=1,.... H+1.

(iv) ALG computes V" using estimates & P™ of the cost function é and the transition
function ﬁ, respectively. There exists wyr¢ which is a function of H,S,A such that:
if state-action pair (s,a) was visited at least @prglog M}gSA times, then |¢}'(s,a) —
é(s,a)| < B./H and |P"(- | s,a) — P(- | s,a)|[; < 1/(9H).

Using an admissible algorithm in Algorithm 8 enables us to bound the total number of
intervals, thus ensuring that the agent reaches the goal state in almost every interval. This
is because, as ALG is optimistic, it will try to avoid the terminal cost (which is suffered in
all states except for g) by reaching the goal state. In addition, ALG will succeed in doing
so once it has a good enough estimation of the transition function. Armed with the notion
of admissibility, in the sequel we prove the following regret bound for any admissible
algorithm ALG. The proof of Theorem 6.1.2 is now given by combining Theorem 6.2.1
with the regret bound of ULCVI in Theorem 6.1.1.

Theorem 6.2.1. Let ALG be an admissible algorithm for regret minimization in finite-

horizon MDPs and denote its regret in M episodes by % 126(M). Then, running Algorithm 8
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with ALG ensures that, with probability at least 1 — 9,

~ KT.SAw
Ry < %ALG(4K+4 . 104SA(1)AL610g *TALG)

KT,.SAw KT,.SAw
+0 (\/(Bz +B,)Klog *TM + T, 04;¢SAlog? *TM) :

where @y is a quantity that depends on the algorithm ALG and on S,A,H.

Remark 5 (Computational complexity). Our reduction directly inherits the computational
complexity of the finite-horizon algorithm ALG in M episodes, where M ~ K + poly(S,A, T)
by Theorem 6.3.3. The computational complexity of ULCVI is O(HS?A%log(MH)), and
therefore our optimal regret for SSP is achieved in total computational complexity of

O(T.$3A%log? K34 which is only logarithmic in the number of episodes.

6.2.1 Unknown expected optimal cost

Inspired by techniques for estimation of the SSP-diameter in the adversarial SSP literature
[RM21b, CL21], in Section D.3 we show that our reduction does not need to know B, in
advance, but can instead estimate it on the fly.

We can obtain a reasonable estimate (up to a constant multiplicative factor) of the
cost-to-go from state s by running the Bernstein-SSP algorithm of [RCMK?20] for regret
minimization in SSPs (that does not need to know B,) with initial state s for roughly 7.25%A
episodes. Thus, we can apply our reduction while utilizing our first visits to each state in

order to estimate its cost-to-go.

We operate in phases where each phase ends when some state is visited at least 725%A
times, and all states that were not visited enough are treated as the goal state. Once we
reach a poorly visited state, we simply run an episode of the corresponding Bernstein-SSP
algorithm. Notice that this comes at a computational cost that is independent of the num-
ber of episodes K (since we use Bernstein-SSP for a small number of episodes), and in
Section D.3 we show that it achieves similar regret bounds with only an additional additive
factor of O(T2S?A).

6.3 Regret Analysis

In this section we prove Theorem 6.2.1. Below we give a high-level overview of the proofs

and defer the details to Section D.1. We start the analysis with a regret decomposition that
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states that the SSP regret can be bounded by the sum of two terms: the expected regret
of the finite-horizon algorithm, and the deviation of the actual cost in each interval from
its expected value. To that end, we use the notations: M for the total number of intervals,
um = (stal,...,syay,sg., ) for the trajectory visited in interval m, C}' for the cost
suffered in step / of interval m, 7™ for the policy chosen by ALG for interval m, and V;*(s)
for the expected finite-horizon cost when playing policy 7 starting from state s in time step
h.

Lemma 6.3.1. For H = 8T, log(8K), we have the following bound on the regret of Algo-
rithm 8:

i
T

M H
m=1 \h=1

The bound in Equation (6.1) is comprised of two summands and an additional con-
stant. The first summand is an upper bound on the expected finite-horizon regret which we
acquire by the admissibility of ALG (Definition 6.2.1). Note that this bound is in terms of
the number of intervals M (i.e., the number of finite-horizon episodes) which is a random
variable and not necessarily bounded. In what follows we show that, using the admissibil-
ity of ALG, we can actually bound M by the number of SSP episodes K plus a constant that
depends on wyr g, S,A, T; (but not on K). The second summand in Equation (6.1) relates to

the deviation of the total finite-horizon cost from its expected value.

The proof of Theorem 6.3.1 builds on two key ideas. The first is that, by setting H to
be O(T,logK), we ensure that the expected cost of the optimal policy in the SSP model
 is close to that in the finite-horizon model .#. The second idea is that if the agent does
not reach the goal state in a certain interval, then she must suffer the terminal cost in the
finite-horizon model. Therefore, although in a single episode there may be many intervals
in which the agent does not reach the goal state, we can upper bound the cost in these extra

intervals in .# by the corresponding terminal costs in .Z .

Next, we bound the deviation of the actual cost in each interval from its expected
value which appears as the second summand in Equation (6.1). The bound is due to the

following lemma.

Lemma 6.3.2. Assume that the reduction is performed using an admissible algorithm ALG.
Then, the following holds with probability at least 1 — 38/,

MKT,SA

M [ H

~m M
Z (Z Cil+¢p(shry) — VI (s’1")> :0<\/(B§+B*)Mlog§+Ha)ALGSAlog 5
m=1 \h=1
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The key observation here relies on the notion of unknown state-action pairs — pairs that
were not visited at least wyr ¢ times. After @y Vvisits to some state-action pair s,a, we have
a reasonable estimate of the next-state distribution P(- | s,a) therefore we can show that
the expected accumulated cost in an interval until reaching an unknown state-action pair or
the goal state is of order B,. Moreover, the second moment of this cost is of order Bi +B,.
Thus, using Freedman inequality, we bound the deviation by O(+/(B2+ B,)M), plus a
cost of O(H) for each “bad” interval in which we do not reach an unknown state-action

pair or the goal state (there are roughly wyr¢SA such intervals).

Lastly, we need to bound the number of intervals M to obtain a regret bound in terms

of K and not M (notice that M is a random variable that is not bounded a-priori).

Lemma 6.3.3. Assume that the reduction is performed using an admissible algorithm ALG.
Then, with probability at least 1 —38/8, M < 4K +4 - 104SA(0AL(;IOg(KT*SA(DAL(;/3>.

The proof shows that in every interval there is a constant probability to reach either the
goal state or an unknown state-action pair. Leveraging this observation with a concentra-

tion inequality, we can bound the number of intervals by O(K + @y cSAH).

We can now prove a bound on the regret of Algorithm 8 using any admissible algorithm
ALG.

Proof of Theorem 6.2.1. The regret bound of ALG, Theorems 6.3.2 and 6.3.3 all hold with

probability at least 1 — &, via a union bound. Using Theorems 6.3.1 and 6.3.2 we can write

7 M MKT,SA
Rg < Xprc(M) + 0(\/(B§+B*)Mlog§ + Hawy¢SAlog —*> +B,.

o

Finally, we use Theorem 6.3.3 to bound M by 4K +4 - 10*SAwyrclog(KT,SAwpc/S). O

6.4 ULCYVI: an admissible algorithm for finite-horizon MDPs

In this section we present the Upper Lower Confidence Value Iteration algorithm (ULCVI;
Algorithm 9) for regret minimization in finite-horizon MDPs. This result holds indepen-
dently of our SSP algorithm. Since the algorithm is similar to previous optimistic algo-
rithms for the finite-horizon setting, e.g., UCBVI [AOM17] and ORLC [DLWB19], we defer
the analysis to Section D.2 and focus on our technical novelty — bounding the regret in

terms of the optimal value function and not the horizon.
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In each episode m, the ULCVI algorithm maintains an optimistic lower bound V}'(s)
and a pessimistic upper bound V,:”(s) on the cost-to-go function of the optimal policy
Vi<(s), and acts greedily with respect to the optimistic estimates. These optimistic and
pessimistic estimates are computed based on the empirical transition function Fm_l(s’ |
s,a) and the empirical cost function ¢"~!(s,a) to which we add an exploration bonus
b (s,a) + b} (s,a), where b)) handles the approximation error in the transitions and b’

handles the approximation error in the costs. The bonuses are defined as follows,

——m—1
2Var, , (C)Ly SL
” _ o m 6.2

¢ (5:0) \/max{l,nm_l(sya)} " max{1,n"~!(s,a)} >

2Varpm1(.5.q) (Vi 1) L 62HB; 'SL B _
b" = ’ * m * Es. ym N ym !
p(5,) \/ max{1l,n"1(s,a)} * max{1,n"1(s,a)} * 16H2F ') Vi () =Vt ()

where L, = 3log(3SAHm/§) is a logarithmic factor and n"~!(s,a) is the number of visits
to (s,a) in the first m — 1 episodes. Furthermore, V_ar’s"a_ ! (C) is the empirical variance of the

observed costs in (s,a) in the first m — 1 episodes.! Lastly, the term Var -1 Cls.a) (Vi) 1s

Vi | from state-action pair (s,a), calculated via the em-
pirical transition model, i.e., Varpn-1(.s o)V} 1) = Epn1(5.0) [V}, | (s')?] —Epn-1 (Is.a) Ve (s>

the variance of the next state value

For improved computational complexity, we compute the optimistic policy only in
episodes in which the number of visits to some state-action pair was doubled. This en-
sures that the number of optimistic policy computations grows only logarithmically with
the number of episodes, i.e., it is bounded by 3SAlog(MH). Since each optimal policy
computation costs O(HS?A) in the finite-horizon MDP model, our algorithm enjoys a to-
tal computational complexity of O(HS3A?log(MH)).

For clarity, we keep the notation of the finite-horizon MDP as ////\ = (S, 4, 13, H,¢ ¢r),
and let B, = max \7; (s) where V7 is the value function of policy 7 (in the case of our SSP
reduction this parameter is simply 9B, by Theorem D.1.1). This implies that ¢/(s) < B,
for every s, and for simplicity, we assume that B, < H. Thus, the maximal total cost
in an episode is bounded by H + B, < 2H. In Section D.2 we prove the following high
probability regret bound.

Theorem 6.4.1. ULCVI (Algorithm 9) is admissible with the following guarantees:
(i) With probability at least 1 — 8, the regret bound of ULCVI is

= MHSA MHSA
%’ULCVI(M)=0< (B?+ B.)SAMlog 5 +H4B;‘SZAlog3/2T)

. . . 2
!'The empirical variance of n numbers ay, ..., a, is defined by %Z;’:l (a,- - %):';:1 a j) .
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for any number of episodes M > 1.
(ii) wyrcyr = O(H*B?S).

Our analysis resembles the one in [EMSM?21], and is adapted to the stationary MDP
setting (i.e., the transition function does not depend on the time step /), and to the setting
where we have costs instead of rewards, and terminal costs (which do not appear in pre-
vious work). By the definition of the algorithm and the regret bound in Theorem 6.4.1,
it is clear that properties (i)-(iii) in Definition 6.2.1 of admissible algorithms hold. For
property (iv), we use standard concentration inequalities and the definition of the bonuses

in Equation (6.2) in order to show it holds for @y cyr = O(H*B;2S).

To obtain a regret bound whose leading term depends on B, and not H, we start with
a standard regret analysis for optimistic algorithms that establishes the regret scales with

the square-root of the variance of the value functions of the agent’s policies, i.e.,

M H
ZyLcvi(M) S VSA Z ZVarp Comam (V') + H*BL ' S%4,
m=1h=1

up to logarithmic factors and lower order terms. This can be further bounded by the second

moment of the cumulative cost in each episode as follows,

H

2
M
Ayroyr(M) SVSA | Y E (Z CZ"+5f(S1"§+1)>
m=1

h=1

Um| +H*B,'5%A,

where U™ is the sequence of state-action pairs observed up to episode m. Leveraging our
techniques for the SSP reduction (but independently), we show that the second moment
of the cumulative cost until an unknown state-action pair is reached can be bounded by
O(B2 + B,). Therefore, we have at most O(H*B; 252A) episodes in which we bound the
second moment trivially by O(H?), and in the rest of the episodes we can bound it by
O(B2 + B,.). Together this yields the theorem as follows,

Zyrovi(M) S VA \/ (B2+B.)M+H?-H*B,>S?A < \/ (B} + B.)SAM + H'B; ' SA.

61



Algorithm 9 UPPER LOWER CONFIDENCE VALUE ITERATION (ULCVI)

1:

_
e

11:
12:
13:
14:
15:
16:
17:

18:
19:
20:
21:

22:
23:
24:
25:
26:
27:
28:

D A AR~

input: state space .7, action space .27, horizon H, confidence parameter &, terminal
costs ¢y and upper bound on the expected cost of the optimal policy B,.
initialize: n°(s,a) = 0,1n%(s,a,s') = 0,N%(s,a) = 0,N%(s,a,s') = 0 V(s,a,s").
initialize: C%(s,a) = 0,%(s,a) = 0,P°(s'|s,a) = l{s' = s} V(s,a,s).
initialize: PlanningTrigger = true.
form=1,2,... do
observe initial state s7'.
if PlanningTrigger = true then
set " 1(s,a) < N"(s,a),n" 1 (s,a,s") < N""1(s,a,s') ¥(s,a,s).
— m—1 / m—1
set P 1(s'|s,a) < %,E’"‘l(&@ +— W% V(s,a,s).
compute {7}"(s)}s, via OPTIMISTIC-PESSIMISTIC VALUE ITERATION (Algo-
rithm 10).
set PlanningTrigger <— false.
else
set "1 (s,a) < n"2(s,a),n"™ (s,a,s") < n"2(s,a,s') ¥(s,a,s)
set P"1(s'|s,a) < P"2(s'|s,a),d™ ' (s,a) «+ &"%(s,a) V(s,a,s).
set ' (s) <~ " !(s) foralls€ Sand h=1,...,H.
end if
set  N"(s,a) < N"l(s,a),N"(s,a,s'’) + N"l(s,a,s"),C"(s,a) <
C" 1(s,a) V(s,a,s").
forh=1,...,Hdo
pick action a} = 7" (s}').
suffer cost C}' ~ &(s}', a;') and observe next state s’ | ~ P(-| sphay).
update visits counters n"(sy,ay) <« n"(s),ay) + 1,n"(s),ay, sy )
n" (s ap, sy ) + 1.
update accumulated cost C"(s]",a)') <= C" (s}, a)') + C}".
it N (s7 @) > 20" (s, ) then
set PlanningTrigger < true.
end if
end for
Suffer terminal cost (s, ;).
end for
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Algorithm 10 OPTIMISTIC-PESSIMISTIC VALUE ITERATION

I: input: n"~1 P em=l e, B,

2: initialize VY] | (s) = Vi (s) = ¢f(s) forall s € .7
3: forh=H,H—1,...,1do

4: forseSdo

5 forac Ado
6: set the bonus b (s,a) = b{'(s,a) + b)) (s,a) defined in Equation (6.2).
7 compute optimistic and pessimistic Q-functions:

Q}i(s.a) =" (s,a) = by (5,@) + Epn-1 () (Vi1 (5)]
Oy (s,a) = &~ (s,a) + 0 (5,@) + Epn-1(4s ) Vi1 (5)]:
8: end for
m,'(s) € argmingeq Q7' (s, a).
10: Vi(s) = max{ Q'(s,77(5)),0 . Vj(s) = min{ O (s, 77" ()), H }.

11:  end for
12: end for
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7 Learning Adversarial
Stochastic Shortest Path

This chapter is based on:

Aviv Rosenberg and Yishay Mansour. Stochastic Shortest Path with Adversarially
Changing Costs. In Proceedings of the Thirtieth International Joint Conference on Artifi-
cial Intelligence, IJCAI 2021.

This chapter presents the first algorithms for regret minimization in adversarial SSPs.
We start by introducing the adversarial SSP model. Then, we present and analyze our

algorithms that handle both known and unknown transitions.

7.1 Problem Formulation

An adversarial SSP problem is defined by an MDP M = (., <7, P, sinit, ) and a sequence
{c*: .7 x o — [0,1]}X_, of cost functions. The learner interacts with .# in episodes,
where X is the cost function for episode k. However, it is revealed to the learner only
in the end of the episode. Formally, the learner starts each episode k at the initial state
s’f = sinit- In each step i of the episode, the learner observes its current state sf.‘, picks
an action a¥ and moves to the next state st, | sampled from P(- | sk,a¥). The episode
ends when the goal state g is reached, and then the learner observes c® and suffers cost

{k: 1 c*(s¥,a*) where I* is the length of the episode. Importantly, I¥ is a random variable

107

that might be infinite. This is the unique challenge of SSP compared to finite-horizon.

Under the additional assumption that every improper policy suffers infinite expected
cost from some state, [BT91] show that the optimal policy is stationary, deterministic and

proper; and that every proper policy 7 satisfies the following Bellman equations for every
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Vis)= Y n(als) (c(s,a)+ Y P(s| s,a)vﬂ(s/))

aca/ ses

T"(s) =1+ Z Z n(a|s)P(s" | s,a)T™(s). (7.1)

acd s'e.S

Learning Formulation. The learner’s goal is to minimize its total cost. Its performance
is measured by the regret — the difference between the learner’s total cost in K episodes

and the total expected cost of the best proper policy in hindsight:

K It K
kek k .
Rx = Z ZC (si,a;)— min Z Vi (Sinit)
k=1i=1 7 Mproper =
where V/" is the cost-to-go of policy 7 with respect to (w.r.t) cost function c*, and Iproper 18
the set of proper policies. If I* is infinite for some k, we define Rx = oo forcing the learner
to reach the goal in every episode. We also denote by 7* = argminzert,,ope, YK VE(sinit)

the best policy in hindsight.

Our analysis makes use of the Bellman equations, that hold under the conditions de-
scribed before Eq. (7.1). To make sure these are met, we assume that the costs are strictly

positive.

Assumption 7.1.1. All costs are positive, i.e., there exists cpi, > 0 such that ck(s, a) > Cmin
for every k and (s,a) € ./ X .

We can easily eliminate Assumption 7.1.1 by applying a perturbation to the instan-
taneous costs. That is, instead of ¢t we use the cost function &(s,a) = max{c*(s,a), &}
for some € > 0. This ensures that the effective minimal cost is ¢, = €, at the price of
introducing additional bias. Choosing € = @(K -l 4) ensures that all our algorithms obtain

regret bounds of O(K>/4) in the general case.

Occupancy Measures. Every policy 7 induces an occupancy measure g : .7 X &/ —
[0,00] such that g™ (s,a) is the expected number of times to visit state s and take action a

when playing according to 7, i.e.,

T
q"(s,a) = lim E[Z {s; =s,a, = a} | P,TT,51 = Sinit |,
T L&
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where I{-} is the indicator function. Note that for a proper policy 7, ¢"(s,a) is finite for

every (s,a). In fact, the correspondence between proper policies and finite occupancy mea-

sures is 1-to-1, and its inverse! for ¢ is given by 79(a | s) = qq(‘z’s‘)l) where g(s) =Y 4er q(s,a)

is the expected number of visits to s. The equivalence between policies and occupancy
measures is well-known for MDPs (see, e.g., [ZN13]), but also holds for SSPs by linear
programming formulation [Man60]. Notice that the expected cost of policy 7 is linear

w.rtg”, ie

Slmt [ZC S l |P T, S1 = Sinit
def
=Y Y q%(s,a)c"(s,a) = (g™, ).
seSacA

Thus, minimizing the expected regret can be written as an instance of online linear opti-

mization in the following manner,
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7.2 Known Transition Function

We start with the simpler (yet surprisingly challenging) case where P is known to the
learner. Recall that while the transition function is known, the costs change arbitrarily
between episodes. In Section 7.2.1 we establish the implementation of the OMD method

in SSP, and in Section 7.2.2 we use it to obtain a high probability regret bound.

7.2.1 Online Mirror Descent for SSP

Online mirror descent is a popular framework for OCO and its application to occupancy
measures yields the O-REPS algorithms [ZN13, RM19a, RM19b, JJL"20]. Usually these
algorithms operate w.r.t to the set of all occupancy measures (which corresponds to the

set of all policies), but a naive application of this kind fails in SSP because it does not

'If g(s) = 0 for some state s then the inverse mapping is not well-defined. However, since s will not
be reached, we can pick the action there arbitrarily. More precisely, the correspondence holds when
restricting to reachable states.
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guarantee that the learner plays proper policies. For example, in the first episode these
algorithms play the uniform policy which may suffer exponential cost.

Thus, we propose to apply OMD to the set A(.#)(T) — occupancy measures of policies
7 that reach the goal in expected time 77 (sjyi) < 7. This set is convex and has a compact
representation as we show shortly. Our algorithm SSP-O-REPS operates as follows. In the
beginning of episode , it picks an occupancy measure g from A(.# )(t) which minimizes
a trade-off between the current cost function and the distance to the previously chosen
occupancy measure. Then, it extracts the policy 7 = % and plays it through the episode.

Formally,

— 4T — 1
qr=gq* =arg min 1(q,c1)+KL(G || gr-1), (7.2)
min (g0 1) +KL(g | ge)
where KL(+||-) is the KL-divergence, and 11 > 0 is a learning rate. Computing gy is im-
plemented in two steps: first find the unconstrained minimizer and then project it into

A (7). ie.,

q = argngnn<q,Ck_1> +KL(q || gx—1) (7.3)
= ar min KL 7). (7.4)
g=arg min (a1 qx)

Eq. (7.3) has a closed form ¢ (s,a) = qi_1(s,a)e %154 and Eq. (7.4) can be formal-

ized as a constrained convex optimization problem with the following linear constraints:

vs. Y glsa)— ¥ Y q(s.a)P(slsa) = 1{s = simt)

acd ses ded
Y Y alsa) <, (7.5)
se.S acd

where we omitted non-negativity constraints. The first set of constraints are standard flow

constraints, while the novel constraint (7.5) ensures that 7™ (Sinit) < T.

Finally, we need to pick the parameter 7. While it needs to upper bound T% (sipi;) in or-
der to have g™ € A(.#)(t), we want it to be as small as possible to get tighter regret guar-
antees. To that end, define the SSP-diameter [TGV20] D = max,c o mingery, .. T7(s)
and pick T = D/cpin. The diameter can be computed efficiently by finding the optimal

proper

policy w.r.t the constant cost function c(s,a) = 1. We refer to this policy as the fast policy
#/, and it holds that D = max,cs T™ (s).

Indeed ¢* € A(.#)(D/cmin) because the total cost of the best policy in hindsight in
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K episodes is upper bounded by the total cost of any other policy, e.g., the fast policy
(which is at most DK), and is lower bounded by the expected time of 7£* times the minimal
cost, i.e., Vk”* (Sinit) > CminT™ (Sinit)- In the supplementary material we also show that this

choice of T cannot be smaller in general.

In the supplementary material we provide the full analysis of the algorithm yielding
the following regret bound in expectation. Moreover, we show that all the chosen policies

must be proper and therefore the goal is reached with probability 1 in all episodes.

Theorem 7.2.1. Under Assumption 5.2.1, the expected regret of SSP-O-REPS with known
transition function and N = C:)(\/LE) is

E[Rk] go( b KlogDSA> :6( = \/?>

Cmin Cmin

7.2.2 High Probability Regret Bound

To obtain high probability regret bounds, we must control the deviation between the
learner’s suffered cost and its expected value. While this is easily achievable in the finite-
horizon setting through an application of Azuma inequality, it appears a major challenge
in SSP since there is no finite upper bound on the learner’s cost. In fact, the supplemen-
tary material illustrates a simple example with 0 expected regret, but constant probability
to suffer large regret (linear in K). The idea here is that even though a policy has small
cost in expectation, there might be a tiny probability that it suffers huge cost (this cannot
happen in finite-horizon since the cost is always bounded by H). Finally, even an event

with tiny probability will happen at least once if there is a large number of episodes K.

Our strategy to control the deviation between the learner’s actual suffered cost and
its expected value is based on the observation that this quantity is closely related to the
expected time to reach the goal from any state. This is illustrated by the following lemma
whose proof is based on an adaptation of Azuma inequality to unbounded martingales
(Theorem E.12.5) which may be of independent interest.

Lemma 7.2.2. Assume that in each episode k the learner plays a strategy oy such that the

expected time to reach the goal from any state is at most T. Then, with probability at least
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K
Z ch(s{-‘,af) < Z E |:Z Ck(si'<7ai'€) | P7 Gkas]l( = Si”il:|
k=1i=1 k=1 “i=1

+0<‘L'\/K10g3 g)

Thus, bounding the regret in high probability boils down to guaranteeing that 7% (s) <
D/cpmin for all s € S and not just sy Unfortunately, these constraints admit a non-convex
set of occupancy measures. To bypass this issue we propose the SSP-O-REPS2 algorithm
that operates as follows: start every episode k by playing the policy 7, chosen by SSP-O-
REPS (i.e., Eq. (7.2)), but once we reach a state s whose expected time to the goal is too
long (i.e., T™(s) > D/cpin), switch to the fast policy 7/

Now the conditions of Lemma 7.2.2 are clearly met, so it remains to relate the expected
cost of our new strategy oy, to this of ;. The key novelty of our mid-episode policy switch
is the timing. The naive approach would be to perform the switch when the policy takes
too long, but then there is no way to bound the excess cost when compared to that of 7.
Performing the switch only once a “bad” state is reached ensures that the expected cost of
Oy can only be better than 7.

Theorem 7.2.3. Under Assumption 5.2.1, with probability 1 — 8, the regret of SSP-O-

REPS?2 with known transition function is

D KDSA\ ~/ D
RK§0< Klog® ):0( \/E>

Cmin acmin Cmin

7.3 Unknown Transition Function

A standard technique to deal with unknown transition function in adversarial MDPs is to
use optimistic estimates of P. We follow this approach but, as in the known transitions
case, crucial modifications are necessary to apply optimism and obtain regret guarantees.

In this section we describe our SSP-O-REPS3 algorithm for unknown transitions.

We start by describing the confidence sets and transition estimates used by the algo-
rithm. SSP-O-REPS3 proceeds in epochs and updates the confidence set at the begin-
ning of every epoch. The first epoch begins at the first time step, and an epoch ends
once an episode ends or the number of visits to some state-action pair is doubled. De-

note by N¢(s,a) the number of visits to (s,a) up to (and not including) epoch e, and by
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N¢(s,a,s’) the number of times this was followed by a transition to s’. Let N¢(s,a) =
max{N¢(s,a),1} and define the empirical transition function for epoch e by P.(s'|s,a) =
N¢(s,a,s")/N¢(s,a). Finally, define the confidence set for epoch e as the set of all transi-
tion functions P’ such that for every (s,a,s’) € & x o/ x (¥ U{g}),

P(s" | 5,0) = Pe(s” | 5,0)| < €(s' | 5,a),

where &,(s'|s,a) = 4+/P.(s'|s,a)A¢(s,a) +28A¢(s,a) is the confidence set radius for A¢(s,a) =

log(SAN (s, a)/8>
N¢ (s,a)

tain P with probability 1 — 6 for all epochs.

. By Bernstein inequality (see, e.g., [AOM17]), these confidence sets con-

Next, we extend our OMD implementation to the unknown transitions case. We follow
the elegant approach of [RM19a] that use occupancy measures that are extended to include

a transition function as well, that is,

" (s,a,5') = hm E[Zl{st—s ar=a,s; 11 =5},

where E[] is shorthand for E[- | P, 7,51 = sipi¢| here. Now an occupancy measure g corre-

sponds to a transition function-policy pair with the inverse mapping given by

q(s,a,s’)
q(s,a)

w(als) = 159D . pad | sa) = ,
where g(s,a) = Y.yc #u(q) 9(5,a,s") is the expected number of visits to (s,a) w.r.t P/ when
playing 9. We extend the set A(.#)(7) (which we cannot compute without knowing
P), and perform OMD on the set A/(\////) .(7) that changes through epochs. A/(\///l) (7) 1s
defined as the set of occupancy measures ¢ whose induced transition function P is in the
confidence set of epoch e and the expected time of 77 (w.r.t P?) from sjpj; to the goal is at
most 7. This set is again convex with a compact representation, and it admits the following
OMD update step,

Pl —arg  min  1{(g,ck—1) +KL(q || gx—1), (7.6)

GEA(A ) o1 ()

9k =4

where e(k) denotes the first epoch in episode k. Similarly to the known transitions case,

this update can be performed efficiently.

In contrast to the known transitions case, this version of OMD cannot even guarantee

bounded regret in expectation, because without knowledge of the transition function there
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is no guarantee that the chosen policies are even proper. Note that in the easier loop-free
SSP setting, this OMD version is enough to guarantee a high probability regret bound even
with unknown transitions. We now describe the mechanisms that need to be combined with

OMD to obtain our regret bound.

Similarly to Section 7.2.2, we must make sure that the learner does not take too much
time to reach the goal. The problem now is that we cannot compute its expected time
T™ since P is unknown. Instead, we use the expected time of m; w.r.t P, (denoted by Tk”")
which is an estimate of 7™, but not necessarily an optimistic one. Once a state s is reached
such that f"zr" (s) > D/cmin We want to switch to the fast policy 7/ which again cannot be
computed without knowing P. This policy is replaced with its optimistic estimate ?rZ ,
which we refer to as the optimistic fast policy. Together with the optimistic fast transition
function Igej , this policy minimizes the expected time to the goal out of all pairs of policies

and transition functions from the confidence set of epoch e.

If we were in the known transitions case, this would have been enough. So it seems that
it should also suffice with unknown transitions, if we recompute the optimistic fast policy
in the end of every epoch similarly to [RCMK?20]. However, in the adversarial setting this
approach fails for two main reasons. First, we cannot guarantee that f’k”" is a good enough
estimate of 77 in all states. Second, the learner’s policy is stochastic which means that
we cannot guarantee all actions are being explored enough (as opposed to [RCMK?20] that
only play deterministic policies since they do not tackle adversarial costs). To overcome
these challenges, we propose to force exploration in the following manner. Define a state
to be unknown until every action was played at least ® = a% log é)c—ifn times in this state
(for some constant & > 0), and known afterwards. When reaching an unknown state,
we play the least played action so far (forcing exploration), and only then switch to the
optimistic fast policy. The idea behind this forced exploration is inspired by [RCMK?20]
that show that once all states are known, the optimistic fast policy is proper with high

probability.

To summarize, SSP-O-REPS3 operates as follows. We start each episode k by playing
the policy m; computed in Eq. (7.6), and maintain confidence sets that are updated at the
beginning of every epoch. When we reach a state s such that fkﬂ" (8) > D/ cmin, wWe switch
to the optimistic fast policy. In addition, when an unknown state is reached we play the
least played action up to this point and then switch to the optimistic fast policy. Finally,
we also make the switch to the optimistic fast policy once the number of visits to some

state-action pair is doubled, at which point we also recompute it.

Theorem 7.3.1. Under Assumption 5.2.1, with probability 1 — 0, the regret of SSP-O-
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REPS3 with known SSP-diameter D is

~/ DS D?S2A ~/ DS
RK§O< VAK + = ):0( \/AK),

Cmin Conin Crmin

where the last equality holds for K > D*S?A / cfm.n.

Our analysis builds on ideas from [RCMK?20] that analyze optimistic algorithms in
SSP with stochastic costs. However, for the many reasons described in this paper and
because our algorithm is not optimistic, many novel technical adaptions are needed in
order to tackle the new challenges that arise when both the costs are adversarial and the

transition function is unknown.

Recall that the learner has two objectives in SSP: minimizing cost and reaching the

goal. When transitions were known, we used Lemma 7.2.2 to say that (with high proba-
bility) the goal is reached in every episode, and then we could simply focus on bounding
the regret. With unknown transitions, the argument for bounding the total time becomes
more involved. The idea is that (with high probability) the number of steps between policy
switches cannot be too long, as a consequence of our added mechanisms. To that end, we
split the time steps into intervals. The first interval begins at the first time step, and an in-
terval ends once (1) an episode ends, (2) an epoch ends, (3) an unknown state is reached, or
(4) a policy switch is made due to reaching a “bad” state. Intuitively, we bound the length
of every interval by 0 (D/cmin) with high probability, and then use fact that the number of
intervals is bounded by 0 (K+DS*A/ crznin) to bound the total time. Then, we show that the
regret of the learner can be bounded by the regret of OMD (analyzed in Section 7.2) plus
the square root of the total variance (times S2A). Finally, we obtain our regret bound by
noticing that the total variance is equal to the variance in each interval times the number
of intervals, and bounding the variance in an interval by O(D?/c2. ) .
Estimating the SSP-diameter. When the transition function is unknown, we cannot
compute the diameter D. However, a careful look at our algorithms shows that we use it
only twice. First, we pick T = D/cyi, as an upper bound on the expected time of the best
policy in hindsight. For this purpose it is enough to use % (Sinit) /¢min> and therefore we
shall dedicate the first L episodes to computing an estimate 5(sinit) of T”f(sinit) before
running SSP-O-REPS3. Second, D is used to make a switch when a “bad” or unknown
state s is reached, but again it is enough to use T”f(s) instead. Similarly, we use the first L
visits to s to estimate T”f(s) and then continue executing the algorithm with D(s) instead
of D.
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To compute D(s) we run the algorithm of [RCMK20] for regret minimization in SSP
with constant cost of 1 (since it measures time). By their regret bound, we can set L ~ /K
and suffer negligible additional regret. This is also enough to yield the two properties we
need in order to keep the same regret bound (with high probability): 5(s) 1S an upper
bound on 7' (s) for any s € S, and D(s) < O(D) (i.e., it is not too large).
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8 Conclusions and Future Work

In this thesis we provided new algorithms and theory for tackling fundamental issues that
hurt the performance of reinforcement learning algorithms in many real-world applica-
tions. We focused on three main issues: exploration, non-stationarity and inaccurate mod-
els. Our algorithms face these challenges in several environments, and their performance
is analyzed in terms of the regret — the difference between the cumulative cost of the agent

through the learning process and the expected cost of the best policy in hindsight.

We started by studying adversarial MDPs that model non-stationary environments
through adversarially changing costs. We presented the first high-probability regret bounds
for adversarial MDPs with unknown transitions and full-information feedback, and the first

regret bounds for the case of bandit feedback (and unknown transitions).

Then, we studied the stochastic shortest path model that captures a wide variety of
realistic scenarios and includes the discounted return model and the finite-horizon model
as special cases. We presented the first near-optimal regret bounds for SSP, and then
developed an improved algorithm based on a reduction to the finite-horizon setting that is

able to achieve optimal regret (up to logarithmic factors).

Finally, we also combined the two models and presented the adversarial MDP model.
This general model is able to better capture the challenges of applying RL to real-world
applications, and we provide the first regret minimization algorithms in this setting.

There are many interesting open questions left for future work. The most important
direction is extending our regret minimization algorithms to settings where the state space
is huge (even infinite) and function approximation must be used. While research has al-
ready begun for factored MDPs and linear function approximation [JYWJ20, ZBB*20,
ZI.LKB20, RM21a, VPSS22, MHWG22, CJL22], it is just the tip of the iceberg. For ad-
versarial MDPs, the prominent open question that remains is whether the minimax op-
timal regret scales with the number of states linearly or via square root. Another im-

portant question is whether policy optimization methods (that are highly successful in
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practice) are able to obtain optimal regret, or is it possible only with occupancy measure
based methods. This question was partly answered by [LWL21, CLR22], but it is still
unclear if these methods can be parameter-free in the SSP setting, for example. More
interesting future directions tackle best-of-both-worlds, delay, cooperation and privacy
[JL20, JHL21, LRM22b, JLL"22, LRM22a].
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A Supplementary Material for
Chapter 3

A.1 Proof of Theorem 3.4.2 Cont.

In the proof of Theorem 3.4.2 we showed that the following optimization problem

k+1 . ~k+1
= ar min KL
d gqu(.//l,i(k)) (61 H 9 )

can be reformulated as the following convex optimization problem (from now on we use k

instead of i):

minKL(q || #)
q
s.t. Z Z Z gn(s,a,s'y=1 VYh=1,....H
s€S acd s'eS
Z Z qn(s,a,s’) = Z Z gn-1(s,a,8) Vh=2,....H Vse€./
s'eS acd s'eS acof
an(s,a,s') — PE(s'|s,a) Z q(s,a,y) < e (s/]s,a) Z q(5,a,y) V(s,a,s',h) € .S x o x . x [H]|
yes ye
Pr(s|s,a) Z an(s,a,y) — qn(s,a,s") < ef(s']s,a) Z qn(s,a,y) V(s,a,s',h) € . x o x. x [H]|
ye& e

gn(s,a,s') >0 V(s,a,s' h) €. x o x.7 x[H].

Now we will derive the solution to this problem using Lagrange multipliers. First we
write the Lagrangian with A, B, u,u™, u~ as Lagrange multipliers. Notice that we omit

the non-negativity constraints, which we can justify since the solution will be non-negative
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anyway.

ZL(q) =KL(q || §) —|—Z7Lh<2 Z Z qh(s,a,s/)—l>

s€eS acd s'eS

+i 2. Bu(s) (Z Y, an(s.as)— Y zthsas>

h=2sc.¥ acd s'e.S acel s'e.S

XL Y ) Hy(sas) (qh<s,a,s’>—(e,§<s’\s,a>+Ph s.0)) ¥ anl say)

h=1sc. acdl €. yes&

+ZZZZuhsas( qn(s,a,s’) — (g}];(sl|s,a) |sa)2qhsay>.

h=1scS acd s'c.s yes&

Let (s,a,s',h) € ¥ x o/ x . x [H] and consider the derivative with respect to g, (s, a,s’).
We denote B (s) = 0 to avoid addressing the edge cases explicitly.

0L

3qh—(s,a,s ) IOth(S a,s ) —Iquk-H (S,Cl,S/) +Afh +ﬁh<s) _ﬁh—l—l(s/)
+ ;" (s,a,5") =, (s,a,s")

— Z (8,/;(s'|s,a) —I—p,/f(s/|s,a)> [,L;(s,a,y))

yes

_ Z <8h |s a (s/|s,a)> uh_(saa7y))'

ye

We define the following value function v and error function e parameterized by u and

B, and an estimated Bellman error.

Vi (s.a,8') =y (s.a.8) — i (s.a.5)
B

ey (s:a,5) = %(uh(s,a,y)+u;f(x,a,y))8§(s/ls,a)+l3h+1(5’)—ﬁh(8)

Bi(s,a,s' | v,e) = ep(s,a,s") +vi(s,a,s") —nck(s,a) Z PE(y | s,a)vii1(s,a,y).
yes

So the derivative becomes:

07 qn(s,a,s’) .
= o -*—)Lh—vlJ s,a,s) + P s,a W s,a,
dqn(s.as) L (5,0, W)t B0 s e (sa)

= loth(s7a7S ) loquﬂ(s,a,s/) +Ah - nCZ(sﬂa) —BZ(S,LI,S/ ‘ V“aeuﬁ)‘
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Setting the gradient to zero and using the explicit form of q’,j“ (s,a,s’) we obtain

a," (s.a,8") = @, (s.a,

_ ql;z (Sva7S/)e—ncﬁ(s,a)e—/lh—l—ncﬁ(s,a)—i—Bﬁ(s,a,s/\v“,e“vﬁ)

)e—lh +nck (s,a)+B (s,a,8' [V eHoB)

= C[ﬁ (S, a, S/)eflh‘i‘Bz(S’a’quu 7e”~ﬁ) .

We can use the first constraint to discover that A, is a normalizer forevery h=1,... H,

1.e.

1= Z Z Z ql;lJr](s,a,s/)

— k Iyt otB
(s,a,s’)e Ay +Bj (s,a,s"[vH eHP)

P YT Y b)),

I
g
g
g

) k )
so defining Z],j(v, €)=Y o Yaca ey qlfl(s, a, s’)eBh(W?S/'V’e) , we obtain

k IIpk ottsB
qﬁ(&a’sl)eBh(s?aJ [vH etP)

Zz(v.u , e#vﬁ)

qu—i_l(svaasl) =

Now to find B and . we consider the dual problem. Substituting ¢g“*! back into .Z we

obtain the following dual problem.

H
max min.Z(q) = max .Z(¢""") = max — ¥ logZf(v*,e*P) — 1+ ) gitl(s,a,s).
1

ﬁv“zo q ﬁnuzo ﬁ,lJZO h= ]’l,S,(l,S/

So after ignoring constants we observe that

) gl

H
B*, uk = arg migo ) log Zk (v*, eP).
h=1
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A.2 Proof of Theorem 3.5.2

We start with a value difference lemma [SERM?20]:

K
?I;(P - Z Vl S1n1t9c P mnén Z Vln(sinjt;ck,P)
k=1

I
mw
M=

.k pk k k
E[(Pu(- | shoah) = PEC| shoah) Vil (2¢h P)) | sf = sime, P

>~
I
—
=
I
—_

AN
M=
M=

E|IPu(s' | sha) = PEGs" | shoab) Vi (/568 PY) | of = s, P et

E
Il
—
=
Il
—
h\
<

CIh (s,a)|Pu(s’ | s}, af) — Pr(s' |Sh7ah)|vh+1(s c*, PY)

bl
Il
—_
=
Il
—_
©u

I
M=
M=z

a1

5
y
m
<

IA
=

=

M=

(s,@)||Pu(- | s, ay) —Pr (- | sk,ap)]|l1-

bl
Il
=
Il
©u
m
R
I
%Z

Now, we use the fact that the confidence sets contain P with probability 1 — § to obtain:

A K A k
ME<HY Y T L af (vamin{2.ef(s.0)
k=1h=1se acs/
K H KHSA
gHZ Z Z Z I{s} = s,a;, = a} min{2,&,(s,a)} + 10H/Klog 5
k=1h=1se acso/

.. KHSA & & I{sk =s5,a8 = a} KHSA
< 10H/Slo +10H\/ Klog ——,
- 75 kg’l Ll L max{1,Nf(s,a)} 75

h=1sc.¥acd

where the second inequality follows by Azuma inequality.

Finally, by [JOA10] we have that:

K

I e e e R 3D W MRV

k i
S sey aey Max{1,N; (s,a)} Zlse.s acet

< 3HV/SAK,

where the last inequality follows by Jensen inequality.
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B Supplementary Material for
Chapter 4

B.1 Efficient Implementation of ''Bounded Bandit UC-O-REPS"'

In each episode we need to perform (while maintaining confidence sets):

3! = argminn (¢,¢%) + KL(g || ¢" (B.1)

¢ '=arg min KL(g| 3. (B.2)

q€A (A i(k))

The confidence sets are maintained like in the original UC-O-REPS algorithm, and

step (B.1) can be easily solved by setting g:''(s,a,s') = q’,j(s,a,s’)e’”élﬁ(

$4) for every

(s,a,5',h) € ./ x o x . x [H]. Thus, we need to describe an efficient implementation to
step (B.2). This step can be reformulated as the following constrained convex optimization

problem (from now on we use k instead of i):

minKL(q | ")
q
st Y Y Y an(sas’)=1 Vh=1,....H
seS acd s'eS
Z Z gn(s,a,s’) = Z Z gn-1(s',a,s) Vh=2,....H Vs€.”
s'eS acet s'eS acl
an(s,a,s') — PE(s'|s,a) Z q(5,a,y) < e (s']s,a) Z q(s,a,y) Y(s,a,s',h) € S x o x.7 x [H]
yes ye
P,’f(s/|s,a) Z an(s,a,y) —qn(s,a,s") < 8§(s'|s,a) Z gn(s,a,y) V(s,a,s',h) € .S x .o x.7 x[H|
yes yes
Z Z gn(s,a,sY>a VYh=1,....H Vse€.”
seS acd

gn(s,a,s')y >0 VY(s,a,sh) €. xo x.7 x[H].
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Now we will derive the solution to this problem using Lagrange multipliers. First we
write the Lagrangian with A, B, u, u™, u™~, g as Lagrange multipliers. Notice that we omit
the non-negativity constraints, which we can justify since the solution will be non-negative

anyway.

f(fI)ZKL(CIquH)JrZM(Z Y Y qh(S,a,S’)—l>

h=1 seS acd s'c.S
H
+Zzﬁh (Z ZCIhSGS Zthlsas>
h=2sc” acel s'eS acel s

H

XL Y ) Hysas) (qh<s,a,s’>—( (s'ls,0) + B (5|5, a) thsay)

h=1seS acod s'c. yes&

XL Y ) Hy(sas) (—qh<s7a,s’>—(e£<s’|s,a> (s]s.4)) thsay>

h=1seSacod s'c.s yes

+ Z Z gn(s) (OC— Z Z qh(s,a,s')> .

h=1se.¥ s'eS acd

Let (s,a,s",h) € & x o/ x . x [H| and consider the derivative with respect to gy (s, a,s’).
We denote B (s) = 0 to avoid addressing the edge cases explicitly.

<L

_ _ ~k+1 ! _ ’
Idqn(s,a,s’) = loggn(s,a,s') ~logg, " (s,a,5") + A+ Pa(s) = Bur1(s)
+u}j_(s’a7sl> —/.Lh_(s,a,s’) —gh(s)

= ¥ (h6lsa) + B 1) i (s,0.9)

yes

= Y (e slsa) = BE)s.@) ) g (5,0.)).

yes

We define the following value function v and error function e parameterized by t and

B, and an estimated Bellman error.

v (s,a,s') = (s,a,8") — ! (s,a,s)

eﬁﬁ’g(s;a,SI) - Zy(“h(svaay) +H}jr(xaa7y)>8l]1((sl | Saa) +Bh+l(sl) _ﬁh(s) +gh(s>
ye

BX(s,a,s" | v,e) = ep(s,a,s") +vy(s,a,5') —nék(s,a) Z PE(y | s,a)vpp(s,a,y).
yes
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So the derivative becomes:

< qn(s,a,s’) L
= T +}ah—vu s,a,s' + P, s, a v s.a,
aqh(s,a,s/) ‘7]h<+1 (s,a7s/) h ( ) y;,y h (y | ) h—H( y)

= loggi(s,a,s') —1og " (s,a,5') + A — Méj(s,a) = By (s,a,s | V¥, e P %),

k—H(

Setting the gradient to zero and using the explicit form of §; ' (s,a,s’) we obtain

k+1 ~k-+1

q; ' (s,a,5') =G (s,a s’)e_’thF”CAﬁ(Sv“)+35§(svavs'\v“76“’[3’5')

_ qh( )e nék (s, a) — A+ ék(s,a)+BE (s.a,5 [ eH-B8)

=q, (s, a S/)ef)lthBh(s,a’sqvu7eu7ﬁ7g) .

We can use the first constraint to discover that A is a normalizer for every 4, i.e.,

ZZ quﬂsas

sc.Sacd s'e.S
B K (s,a,8 [vH eHoP-
= Z Z Z (]ﬁ(s,a,sl)e Ay By, (s,a,8'[vH et P:8)
Seyae,gfs/ey
k M olB,
elh - Z Z Z q];l(s,a,sl)eBh(s,a,s ‘V e g)7
Seyaeﬂs/ey

B (s.a.5'[v.e)

so defining Zf (v,€) = Ye o Yucw Lycr 4h(s.a,s')e , we obtain

k Ty H:B,
qi(s,ajs/)eBh(s,a,s [V etP:8)

Z;IZ(V“a elBg)

qI;z+1 (Sv a, S/) =

Now to find B and u we consider the dual problem. Substituting g“*! back into .Z we
obtain the following dual problem.

max min.Z(q)= max .Z(¢)

B.u>0,>0 ¢ B.u>0,e>0
= max Zlong vHetPey 1 4 ) gitl(s ,a,s')+ ) gn(s)
B.u=0,.>0 ;= h,s,a,s' hys

So after ignoring constants we observe that

k ,k _k : uou,
6 S U, = ar min E lo Z Ve, e Bs E S).
8 gﬁ >0g>0h g h ) h7sgh( )
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B.2 Pseudo-code for ''Bounded Bandit UC-O-REPS"'

Algorithm 11 Bounded Bandit UC-O-REPS Algorithm

Parameters: state space ., action space <7, number of episodes K, minimum reacha-

bility parameter ¢, optimization parameter 1] and confidence parameter 8.

Initialization: i(1) < 1,N\(s,a) « O,N}(s,a,s') < 0,n}(s,a) < 0,n}(s,a,s') +

0,7} (als) < 1/A,q}(s,a,s") < 1/(S?A) V(s,a,s', h).

fork=1,...,Kdo
Traverse trajectory Uk =

(s’l‘,a’f, s’l‘_l,a’ji) using policy 7*.

Observe costs ck Uk {ch sh,ah }h
Update in-epoch counters Vi = 1,.

iy (shea) n;f’” (shaf) +1
i(k k
skl shr) < il (shoaf sh) 1,
if 3(s,a,h) € ¥ x o/ x [H]. nil(k) (s,a) > N;;(k) (s,a) then
Start new epoch: i(k+ 1) < i(k) + 1.
Initialize epoch counters V(s,a,s’,h) € .¥ x & x ./ x [H]: n;l(k+l)(s,a) —
0 nh(k+1)(s,a,s’) +0.
Update total counters V(s,a,s',h) € ¥ x o/ x ./ X [H|:

N;.l(kH) (s,a) + N;;(k) (s,a)+ nil(k) (s,a)

i(k+1) (

N, s,a,s’) <—N;;(k)(s,a,sl) +nil(t)(s,a,s/).

N'(k+1)

Compute transition estimate (s, a,s',h): P, i(kt1) (s'|s,a) < —= ,Ei’?)’sl) .
max{1, N (s,a)}
else
Continue in the same epoch: i(k+ 1) < i(k).
end if

compute policy for next episode:
g R Comp—Policy(&”,@f,K,oc,n,5,qk,Pi(k+l),Ni(k+l),ck(Uk)).

end for
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Algorithm 12 Comp-Policy Procedure

Input: state space .#, action space .o/, number of episodes K, minimum reachability
parameter @, optimization parameter 711 and confidence parameter d, previous occu-
pancy measure ¢, transition function estimate P'® | visit counters N*®) and obtained
losses ck(U*).

Compute cost function estimate:

==

cr(s,a)
(s,a)

q
0, otherwise

n , ifsk=sandaf =a
ép(s,a) =

=

Compute confidence set size parameter:

") (s.0) = ZSlog.@SSA '
max{l,N;l(k) (s,a)}

Define functions:

v (s,a,8') = (s,a,8") — ! (s,a,s)

e#’ﬁ’g(s,a,s/) - Zy(“;(s:a;y) +u;(x,a,y))8;f(s/ | S,Cl) +Bh+l<sl) _Bh<s) +gh(s)
ye

Blhc(s7a7sl | V,e) = €h(S,Cl,S,) +Vh(S,Cl,S/) _né]}cz(sva) - Z Plf(y | S,Cl)Vh+1(S,Cl,y)

yes
k /
Z’g(v,e) _ Z Z Z ql;l(s7a’sl)eBh(s7a7s [v,e)
seS acd s'e.S
Solve optimization problem:

H
k .k _k : k
LS g8 =arg min log ZK (v, eHPr8) — o s).
B u”,g gB,u>0,g>0;§’1 8Zy( ) hz;,gh( )

Compute next occupancy measure V(s,a,s',h) € % x o x & x [H]:

k N B (s,a,s'[vH etBs
k+1 o C]h(S,cl,S )e h( | )

/
s,a,s )=
a( ) ZK(vi et s)

Compute next policy V(s,a,h) € ¥ x o/ x [H]:

n.k—l—l(a ‘ S) . 25’65/’ qlh(_‘—l(Sﬂa?sl)
h e .
Zbe&zf Zs’Ey qﬁ+1<sabvsl)
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B.3 Pseudo-code for ''Shifted Bandit UC-O-REPS"'

Algorithm 13 Shifted Bandit UC-O-REPS Algorithm

Parameters: state space ., action space ./, number of episodes K, perturbation pa-
rameter p, optimization parameter 711 and confidence parameter 6.
Initialization: i(1) < 1,N\(s,a) « O,N}(s,a,s') < 0,n}(s,a) < 0,n}(s,a,s') +
0,7} (als) < 1/A,q}(s,a,s") < 1/(S?A) V(s,a,s', h).
fork=1,....Kdo
Traverse trajectory U* = (sk,ak, ... 5%, ak) using policy #*.
Observe costs cf(U¥) = {c];l(si,aﬁ)}le.
. i(k i(k
Update in-epoch counters Vh = 1,...,H: n;l( )(sl;l,alfl) — n;l( )((sﬁ,a’;) +
i(k i(k
l,n;l( )(s’;l,a’;l,sle) — nlh( )(sﬁ,az,s’;lH) +1. ‘
if 3(s,a,h) € ¥ x o/ x [H]. n;l(k) (s,a) > N;l(k) (s,a) then
Start new epoch: i(k+ 1) < i(k) + 1.
Initialize epoch counters V(s,a,s’,h) € .¥ X &/ x . x [H]: n;l(k+l)(s,a) —
0,n2<k+1)(s,a,s') +~ 0.
Update total counters V(s,a,s'.h) € ¥ x o x & x [H]: N;l(kH)(s,a) —
N;l(k) (s,a) +nlh(k) (s,a),N;l(kH)(s,a,s') — N;l(k) (s,a,s) —i—n;l([)(s,a,s’).
k+1)( i(k+1)

Nh
max{1,N.*"(5.a)}

(s,a,5)

Compute transition estimate V(s,a,s’, h): P;l( s'|s,a) +

Compute perturbed transition estimate V(s,a,s’, h):

R s.) = (1=p) B fs,a) + 5.
else
Continue in the same epoch: i(k+ 1) < i(k).
end if

Compute next episode policy:
ARREY Lanpa Comp—Policy(Y,%,K,%,T],5,qt,ﬁi(k+1),Ni(k+1),ck(Uk)).

end for
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C Supplementary Material for
Chapter 5

C.1 Algorithm

Algorithm 14 HOEFFDING-TYPE CONFIDENCE BOUNDS

input: state space .¥, action space .« and confidence parameter 6.
initialization: arbitrary policy 7, m < 1,B < Cmin,C) 0,V(s,a,s') € S x o x .7
N(s,a,s") < 0,N(s,a) < 0.
fork=1,2,...do
set § <— Sinit-
while s £ g do
follow optimistic optimal policy: a < #(s), and suffer cost: Cy, <— Cy, + ¢(s,a).
observe next state s’ ~ P(- | s,a).
update visit counters: N(s,a,s’) < N(s,a,s") + 1,N(s,a) + N(s,a)+ 1.
if N(s',7(s)) < 50?20?25 log (Sgcfﬁn ors’ =gorGC, > 24§log%’" then
if G,y > 24Blog %%nthen
update B, estimate: B < 2B.
end if

advance intervals counter: m <— m+ 1, and initialize suffered cost: C,, < O.

compute empirical transition function P for every (s,a,s") € . x o x . :

N(s,a,s)
max{N(s,a),1}"

P(s' | s,a) =

compute policy 7 that minimizes the expected cost w.r.t a transition function P,

such that for every (s,a): ||P(- | s,a) — P(- | s,a)l|, < 5\/S10g(§?ﬁ;;s)’a)/6).
end if
set s .
end while
end for
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C.2 Proofs

C.2.1 Proofs for Section 5.3.1
Proof of Theorem 5.3.3

Lemma (restatement of Theorem 5.3.3). With probability at least 1 — d/2, Q™ holds and
ZhHL c(si',a') < 24B,log %’" for all intervals m simultaneously. This implies that the total

number of steps of the algorithm is

log 7 log

Cmin oc min Chiin

T_O(KB* KB,SA BS?A ZKB*SA)

6Cmin

Lemma C.2.1. The event Q™ holds for all intervals m simultaneously with probability at
least 1 — 6 /4.

Proof. Fix a state s and an action a. Consider an infinite sequence {Z;} ; of draws from
the distribution P(- | s,a). By Theorem C.4.2 we get that for a prefix of length ¢ of this
sequence (that is {Z;}}_,)

p Slog(8,7!
IPC15,0) =Py, (I s,a)]|, <2 %

holds with probability 1 — &, where P{Zi}§:1 (| s,a) is the empirical distribution defined
by the draws {Z;}!_,. We repeat this argument for every prefix {Z;}}_, of {Z;} | and for
every state-action pair, with & = §/8SAf>. Then from the union bound we get that Q"
holds for all intervals m simultaneously with probability at least 1 — & /4. [

Lemma C.2.2. Let m be an interval. If Q™ holds then V™(s) < V*(s) < B, for every
se .

Proof. [TGV120] show that all the transition functions in the confidence set of Equa-
tion (5.3) can be combined into a single augmented MDP. The optimal policy of the aug-
mented MDP can be found efficiently, e.g., with Extended Value Iteration. The optimistic
policy is the optimal policy in the augmented MDP. It minimizes V" (s) over all policies
and feasible transition functions, for all states s € . simultaneously (following [BT91]).
Since Q™ holds, it follows that the real transition function is in the confidence set there-
fore it is also considered in the minimization. Thus V" (s) < V*(s) for all s € .. Finally,
V*(s) < B, by the definition of B,. O
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Lemma C.2.3. Let m be an interval and (s,a) be a known state-action pair. If Q™ holds
then

1Pu(- | s,a) = P(- | s,a) |1 <

Proof. By the definition of the confidence set

P, b 0 "(s,a)/d c(s,a
HPm( ’S,a)_Pm(‘ |S7a)H] SS\/SI g(?—rﬁ:,il; )/ ) = ;-é*)v

where the last inequality follows because log(x)/x is decreasing, and since (s,a) is known
N''(s,a) > 50003 S log S*SA Similarly, since Q™ holds we also have that

(s,4)
4B, ’

N'(s,a)

IPC50) = Pul- | s.0) 1 < 5\/S10g(SAsz<s,a>/a) _c

and the lemma follows by the triangle inequality. ]

Lemma C.2.4. Let & be a policy and P be a transition function. Denote the cost-to-go of
7t with respect to P by V. Assume that for every s € .7, 1% (s) < B, and that

B 5,2(6)) — P, 76D < “Op,

Then, 7 is proper (with respect to P), and it holds that Vﬁ(s) < 2B, for every s € .7.

Proof. Consider the Bellman equations of & with respect to transition function P at some
state s € . (see Theorem 2.2.2), defined as

V(s) =c(s,&(s) +ZPS|S7F())V(I)

ses
N+ Y P | 5,7(s)V(s)) (€.
ses
+ Y V) (P |5, 7 ()~ P | 5,7(s))

ses
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Notice that by our assumptions and using Holder inequality,

IN

Therefore, defining V' = 2V, then V'(s) > ¢(s, #(s)) + Lyc.s P(s' | 5,7(s))V'(s) for
all s € .. The statement now follows by Theorem 2.2.2. 0

Lemma C.2.5. Let @ be a proper policy such that for some v > 0, V*(s) < v for every
s € .. Then, the probability that the cost of T to reach the goal state from any state s is
more than m, is at most 2¢~"™/* for all m > 0. Note that a cost of at most m implies that

the number of steps is at most ™.
min

Proof. By Markov inequality, the probability that 7 accumulates cost of more than 2v
before reaching the goal state is at most 1/2. Iterating this argument, we get that the
probability that & accumulates cost of more than 2kv before reaching the goal state is at
most 2% for every integer k > 0. In general, for any m > 0, the probability that 7 suffers
a cost of more than m is at most 2~ "/2V) <2. Q—m/2v < Qe M4V O

For the next lemma we will need the following definitions. The trajectory visited in
interval m is denoted by U™ = (s, al', ..., Stm,dfm, Sgm_ ) Where aj is the action taken
in s3', and H™ is the length of the interval. In addition, the concatenation of the trajectories

in the intervals up to and including interval m is denoted by U™ = U U m

Lemma C.2.6. Let m be an interval. For all r > 0, we have that

Pr Zc sy ap ) {Q"} > r | 0" M < 3¢77/88
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Proof. Note that Q™ is determined given U™!, and suppose that Q™ holds otherwise
Y c(si,ai")1{Q™} is 0. Also assume that r > 8B, or else the statement holds trivially.

Define the MDP Mknow — (gknow A pknow o ¢ . in which every state s € .# such

that (s,7™(s)) is unknown is contracted into the goal state. Let Pk"% be the transition

function induced in M*"Y by P, and let Vinow b€ the cost-to-go of ™ in MKV ith

Pknow
m

respect to PX"%_ Similarly, define as the transition function induced in MX™Y by

, and Vk”flow as the cost-to-go of #™ in M*"Y with respect to ﬁ,]f,“‘)w. It is clear that
anow(s) < V’”( ) for every s € ., so by Theorem C.2.2, \N/k’:‘low(s) < B,. Moreover, since
all the states s € . for which (s, " (s)) is unknown were contracted to the goal state, we

can use Theorem C.2.3 to obtain for all s € .7Know.

H'PB’EHOW(_ | S’ﬁ.m(s))_Pknow |S 7 H]

VAN

1B [ 5,77 () = P | 5, 2" (5))]]
2B,

IN

(C.2)

We can apply Theorem C.2.4 in M¥"¥ and obtain that Vi w(8) < 2B, for every s €
Zkmow - Notice that reaching the goal state in M¥™V is equivalent to reaching the goal
state or an unknown state-action pair in M, and also recall that all state-action pairs in the

interval are known except for the first one. Thus, from Theorem C.2.5,

Prlz 4 sh 7ah I{-Qm} >r—B, | Um—l < 28_(7_3*)/83* < 3€—r/83*.

Since V™ < By, our algorithm will never select an action whose instantaneous cost is
larger than B,. Since the first state-action in the interval might not be known, its cost is at

most B,, and therefore

Hm H'n
Pr[Z c(spap ) {Q"} > r| om <Pr Z c(spap ) {Q"} > r—B, | gm1
h=1 h=2
S 36—}’/83*'

Proof of Theorem 5.3.3. From Theorem C.2.6, with probability at least 1 — & /16m?,

4
Z c(sy ,ah < 24B*10g7m,
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and by the union bound this holds for all intervals m simultaneously with probability at
least 1 — 8 /4. By Theorem C.2.1, with probability 1 — 8 /4, Q™ holds for all intervals m.
Combining these two facts again by a union bound, we get that both Q™ holds and the cost
of interval m is at most 24 B, log simultaneously to all intervals m with probability at
least 1 — /2.

If the cost of all intervals is bounded (and therefore so is the length of the interval), we

can use the bound on the number of intervals in Observation 5.3.2 to conclude that

B M B2S2A  B,SA
T:O( *1og—-(1<+ —log = >)

Cmin 6 min 5cmln

KB KB,SA B3S2A KB, SA
:0( “log ——— + 3 log? ——= )

Cmin oc ‘min Chin 0 Cmin

Proof of Theorem 5.3.4

Lemma (restatement of Theorem 5.3.4). With probability at least 1 — 6 /2, we have

~ 50003352A B,SA / SAT
Rk < 5—— log 1B, Tlog——I—lOB Slog —— ZZ (5, d)
Cryi Cmind 5.0 m— 1\/Nmsa

min

To analyze Rg, we begin by plugging in the Bellman optimality equation of Z""* with

respect to P,, into Rk. This allows us to decompose Ry into three terms as follows.

_ M H"
Rx =}, (Vm i) = Y, Puls’ | sy af)V™ (s )) HQ"} — K- V*(Sinit)
m=1h=1 ses
M H" , _
= Y ¥ (V65 = V" () ) HQ"Y = K-V (sim) (€3)
m=1h=1
M H"
+Y Y Y V) (PG s Pl | sia ) Q™Y (€4
m=1h=1s€.7
M [H" _ B
+Y ( Vs — Y P(s’|sz1,af)Vm(s')> Q") (C.5)
m=1 \h=1 s'es

Equation (C.3) is a bound on the cost suffered from switching policies each time we

visit an unknown state-action pair and is bounded by the following lemma.
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m [~ ~ 2
Lemma C.2.7. YM_ yH" (V’”(sf) — V’”(sZ:Ll)) {Q"} < B,SA - 502203*5 log g;ii +K-
V*(Sinit)-

min

Proof. Note that per interval Y1 (V" (s7) — v (sj 1)) is a telescopic sum which equals
V(ST — V(s . 1)- Furthermore, for every two consecutive intervals m,m -+ 1 one of
the following occurs:

(i) Ifinterval m ended in the goal state then Vm(sgm )= V™(g)=0and V" (s ml) =
ymtl (sinit)- Thus, using Theorem C.2.2 for the last inequality,

VI (s HQ Y =V (5 )HQ™Y = VP (sini Q™ T} <V (sini)-
This happens at most K times.
(i1) If interval m ended in an unknown state then

‘7m+l< m—|—1) {Qm—H} Vm(SHm_H) {Qm} < Vm—i—l( m—O—l) {Qm—H} < B,.

This happens at most SA - SOOOB S log 5= B, 54 t1mes.
[
Theorem C.2.8 bounds Equation (C.4) using techniques borrowed from [JOA10].
Lemma C.2.8. It holds that
AT n(s,a)

M H"
V(s ( s | s am) — B(s’ |sh,ah)>l{Qm}<10B* Slog
mZ::”; Z sam 1\/Nmsa

Proof. Using the definition of the confidence sets we obtain
M ~ ~
Y Y X V) (P siap) = Puls' | sfaf) ) HQ" <

M
<B. Y Y Y nuls,@)|P(|s,0) = Bul-| 5,0) |1 {Q"}

s€.¥ acAm=1
M Slog(SAN"'(s,a)/8)
< 10B, Z Z Z nm(s,a) N7 (s,a)
s€. acAm=1

SAT (s, a)
< 10B,/Slog —— =
i 6 sezyaGZAmZI \/Nm S, Cl
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where the first inequality follows from Holder inequality and Theorem C.2.2, and the
second because lgm and P are both in the confidence set of Equation (5.3) when Q™ holds.
The third inequality follows because N'(s,a) <T. O

Theorem C.2.9 bounds the term in Equation (C.5) using Azuma’s concentration in-

equality.
Lemma C.2.9. With probability at least 1 — § /2,
M [H" _ ~ 4T
Y XV i) = X PO sV | Q") < By [Tlog ™
m=1 \h=1 s'es
Proof. Consider the infinite sequence of random variables
X = < 5h+1 Z P( s’ | sy, & ))Gm(sl)> H{Q™},
s'es

where m is the interval containing time #, and /4 is the index of time step ¢ within interval
m. Notice that this is a martingale difference sequence, and |X;| < B, by Theorem C.2.2.
Now, we apply anytime Azuma’s inequality (Theorem C.4.1) to any prefix of the sequence
{X:};2,. Thus, with probability at least 1 — /2, for every T

! AT
Y X <B.\/Tlog—.
=1 6

Proof of Theorem 5.3.1

Theorem (restatement of Theorem 5.3.1). Suppose that Theorem 5.2.1 holds. With proba-
bility at least 1 — 6 the regret of Algorithm 6 is bounded as follows:

B3S2AK . KB,SA B3S’A KB, SA
Rk =0 = log —"— + —5 log/? =22 ).
Cmin 8 Cmin Chin OCmin

Lemma C.2.10. Assume that the number of steps in every interval is is at most zc“i log %’"
Then for every s € . and a € A,
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Proof. We claim that, by the assumption of the lemma, for every interval m we have that
ny(s,a) < N''(s,a). Indeed, if (s,a) is unknown then nm(s a) = 1 and since N''(s,a) > 1
the claim follows. If (s,a) is known then N''(s,a) > SOOOB S

log 6*SA and by our assump-

mm

tion the length of the interval, and in particular n,,(s,a), is at most % log %’". Our state-
ment then follows by [JOA10, Lemma 19]. ]

Proof of Theorem 5.3.1. With probability at least 1 — &, both Theorems C.2.9 and 5.3.3
hold. Theorem 5.3.3 states that the length of every interval is at most ch‘ilog %’", and
Theorem C.2.10 obtains

y Yy Z % <3 Y \/Nupi(s,a) <3VSAT, (C.6)

s€.¥ acAm=1 (s,a)eS xof

where the last inequality follows from Jensen’s inequality and the fact that

Z Ny+1(s,a) <T.
s,a)eS x o

Next, we sum the bounds of Theorems C.2.7 to C.2.9 and use Equation (C.6) to obtain

B3S2A B,SA SAT AT
Rk < 5000 log == +30B,S\/ATlog —— + B,/ T log —.

mm

To finish the proof use Theorem 5.3.3 to bound 7. []

C.2.2 Proofs for Section 5.4.1
Proof of Theorem 5.4.2

Lemma (restatement of Theorem 5.4.2). With probability at least 1 — §/2, Q™ holds for

all intervals m simultaneously.

Proof. Fix a triplet (s,a,s') € . x &/ x .#*. Consider an infinite sequence (Z;)7, of
draws from the distribution P(- | s,a) and let X; = I{Z; = s'}. We apply Equation (C.18)
of Theorem C.4.3 with § = # to a prefix of length ¢ of the sequence (X;);> ;. Then
divide Equation (C.18) by ¢ and obtain that, after simplifying using the assumptions that
S > 2 and A > 2, Equation (5.5) holds with probability 1 — &;,. We repeat this argument
for every prefix (Z;)!_, of (Z;)3, and for every state-action-state triplet. Then from the
union bound we get that Q" holds for all intervals m simultaneously with probability at
least 1 — /2. O
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Proof of Theorem 5.4.3

Lemma (restatement of Theorem 5.4.3). It holds that

M [ H"
=) (Z V™ (sy) Sh+1)> HQ"} — K -V*(Sinit)

+ 2_:1 (hz:lvm(slfﬁ»l) - Z ﬁm(sl ’ szn’a;ln)";m(sl)> |{Qm}

ses

Lemma C.2.11. Let m be an interval. If Q™ holds then & satisfies the Bellman equations

in the optimistic model:

V() = )N+ Y Puls | 5,7 (s))V"(s)), Vse.7.
ses

Proof. Note that the Bellman equations hold in the optimistic model since as we defined
this model, there is a nonzero probability of transition to the goal state by any action from
every state. Thus in the optimistic model every policy is a proper policy and in particular
Theorem 2.2.3 holds. ]

Proof of Theorem 5.4.3. By Theorem C.2.11, we can use the Bellman equations in the
optimistic model to have the following interpretation of the costs for every interval m and

time A:
c(sy,ap ){Q"} = (V’" sp) ZyP s | s am\Vm (s ))I{Qm}
- (?m@z")—?'%s;?“ )I{Qm ( (51) — ;yé-(s'rsz",am?m(s’))l{ﬂm}.
(C.7)

We now write Ryy =Y M_ vH" ¢ c(si,al ) I{Q™} — K - V*(sinit), and substitute for each cost
using Equation (C.7) to get the lemma. [

Proof of Theorem 5.4.4

Lemma (restatement of Theorem 5.4.4). It holds that

m

T

(Y V(s —vm(si) ) {Q™} — K - VX (sinit) < 2B, SAlogT.

M=

1

T
L

3
I
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Lemma C.2.12. Let m be an interval. If Q™ holds then V" (s) < V*(s) < B, for every
seS.

Proof. Denote by P the transition function computed by Algorithm 7 at the beginning of
epoch i(m), and by V the cost-to-go with respect to P. We claim that for every proper
policy 7 and state s € .%, V*(s) < V™(s). Then, the lemma follows easily since V"(s) <
VT (s) < V¥ (s) < B,.

Indeed, let s € . and consider the Bellman equations of 7 with respect to P:

Vi(s)=c(s,m(s)) + Z P(s' | s,m(s))VE(s') > c(s,m(s)) + Z P(s" | s,m(s))V*(s),

s'es s'es

where the inequality follows because P(s' | s,a) < P(s' | s,a) for every (s,a,s’) € . x
o/ x .. This holds since P is in the confidence set of Equation (5.5) (as Q" holds), and
by the way Pis computed in Algorithm 7. Therefore, by Theorem 2.2.2 we obtain that
V7™(s) > V7™(s) for every s € . as required. O

Proof of Theorem 5.4.4. For every two consecutive intervals m,m + 1, denoting i = i(m),

we have one of the following:

(i) If interval m ended in the goal state then V(") (s, ) = V(") (g) = 0. Moreover, it
holds that Vi("+1) (smF1y = yilm+1) (5 ). Therefore, by Theorem C.2.12,

‘7i(m+1)( m+l) {Qm+1} Vl (Szm+])|{Qm} _ ‘7i(m+1)<sinit>l{gm+l} < V*(Sinit)-
This happens at most K times.

(i1) If interval m ended in an unknown state-action pair or since the cost reached B,, and

m+1 __

we stay in the same epoch, then i(m) = i(m+1) =iand s{""" = 5% ;. Thus

‘N/i(m+1)( m+1)|{Qm+l} Vl (S%m+1)|{gm}:

= VIS — V(s Q) = 0,

(i11) If interval m ended by doubling the visit count to some state-action pair, then we

start a new epoch. Thus by Theorem C.2.12,

% (m—H)( ) {Qm—i-l} Vl (Sln_}m+l>|{gm} < ‘7i+1( m+1)|{Qm+l} < B,,
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This happens at most 2SAlog T times.

To conclude, we have

M H™
Y ( Y Vi (smy —vimgn )) H{Q"} — KV*(sinit) < KV* (init) + 2BxSAlog T — KV*(sini)
m=1 \h=1

=2B,SAlogT.

Proof of Theorem 5.4.5

Lemma (restatement of Theorem 5.4.5). With probability at least 1 — & /4, the following
holds for all M = 1,2, ... simultaneously.

M H™ _ _ "
Y (vaszul)— Y. Buls'| s':,amvw) Q")
m=1 \h=1 ses

M H™ » .
<) E[(}EW(%O— Y. Buls' | sy, a)V" (s ))l{ﬂ’"} o

ses

/ 8M
+3B,\/Mlog — 5

Proof. Consider the following martingale difference sequence (X”)>_, defined by

H™ _ _ _
Xm= Y () — X Bals' | s V() Q).
h=1 ses

The Bellman optimality equations of & with respect to P,, (Theorem C.2.11) obtain

Hln
e = | (P20 P+ X el | < 38,
<2B,

where the inequality follows from Theorem C.2.12 and the fact that the total cost within
each interval at most 2B, by construction. Therefore, we use anytime Azuma’s inequality
(Theorem C.4.1) to obtain that with probability at least 1 — & /4:

M M 1 8M
X" < Xm umn— 3B,/ M1
R Z:: | | +3B,\/Mlog — 5

m=
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Proof of Theorem 5.4.6

Lemma (restatement of Theorem 5.4.6). For every interval m and time h, denote A}’ =

log(SAN'' (s} ,a}) / ©)
N (sl . Then,

E [(Z Vi (sit) = Y Puls’| SZ",aZ)Vm(S')) ey o

h=1 s'es
H™ _
<16-E|Y \/svrAmi{Q"} ‘ gm-!
h=1

where V' is the empirical variance defined as

Um—l

Y

Hm
+272-E [Z B.SATI{Q™}
h=1

2
Vi= ¥ P<s’|s2",a21><?"’<s’>— )3 P<s"|sz",azf>vm<s”>) .
sest e

The next lemma gives a different interpretation to the confidence bounds of Equa-

tion (5.5), and will be useful in the proofs that follow.

Lemma C.2.13. Denote A}' =10g(SAN''(s,a)/0)/N'(s,a). When Q™ holds we have for
any (s,a,s') € & x o x S*:

|P(s' | 5,a) — Pu(s | 5,a)| < 81/P(s' | 5,a)AT" + 136A]".

Proof. Since Q™ holds we have for all (s,a,s") € . x & x ./ that
Pu(s' | s,a) — P(s" | s,a) <44/ Pu(s' | s,a)Al" +28A}.

This is a quadratic inequality in /B, (s’ | s,a). Using the fact that x> < a - x + b implies
x<a+vbwitha=4,/AT and b = P(s' | s,a) +28A"", we have

VPl | 5,0) <4y /AT + \/P(s’ | 5,a) +28A7 < \/P(s' | 5,a) + 10, /A",

where we used the inequality \/x+y < \/x+ ,/y that holds for any x > 0 and y > 0.
Substituting back into Equation (5.5) obtains

|P(s" | s,a) — Pu(s' | s,a)| < 44/P(s" | s,a)Al" + 68A)".
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From a similar argument

|Bu(s' | 5,a) — Pu(s' | 5,a)| < 4/P(s' | 5,a)A] + 6BAJ".

Using the triangle inequality finishes the proof. [

Proof of Theorem 5.4.6. Denote X" = (Zh le(sh+1) Yyeo Pu(s'| sﬁ,a}’;’)?m(s’)) 1{Q"},
and Z}' = (V’"(sh+l) —Yyes P(s' | s a) myym (s ’))1{Q™}. Think of the interval as an in-
finite stochastic process, and note that, conditioned on gm-1, (Z}’l”);;l is a martingale
difference sequence w.r.t (U h);f:l, where U" is the trajectory of the learner from the be-
ginning of the interval and up to and including time 4. This holds since, by conditioning
on U1, Q™ is determined and is independent of the randomness generated during the

interval. Note that H™ is a stopping time with respect to (Z;");>_, which is bounded by

2B, /cmin. Hence by the optional stopping theorem E[Y/", Zr | U™ =0, which gets us
B 'Hm _ ~ _ B
el |07 ) =€ | X (7765~ L Fald )76 i@y |0
_hzl ses
—E szwm " +E Z Y (P(s | spap) — Puls" | sp,ap)) V(s {Q"} | O
=lses
—E Z Y (P | siadt) = Puls' | sp. ) V(s QY | 07
=lses

Furthermore, we have

Hln
[ZZ (s" | syt sa) = Pu(s" | s @) V™ (s {Q"} [ O™

1se.?
= ) ) )
_E|Y ¥ (P<s’|s2’,az">—Pm<s/|szaaz1>) (vm<s'>— Y P’ sz’,amV'"(s”))l{Qm}|U'"—1
| h=1s'e7+ s'est

S - R 2 ]
<E|S8 Z Z APP(s" | 5], a)) (Vm(s’) — Z P(s" | sﬁ,aZ’)V’"(s”)) 1{Q"} | gm-!

h=1s'es+ she s+

|{.Qm} | Um—l

1362 Y, Ay

=lsest

Vi) = Y P(s" | sV (s")

s"e S+

Hln
E[16 ) \/SVIAM{Q™} +2728B, A I{Q"} | O™,
h=1

where the first equality follows since V"*(g) = 0, and P(- | si,ay') and P | i ay') are
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probability distributions over S* whence Yrc o+ P(s” | s, a")V"™(s") does not depend
on 5. The first inequality follows from Theorem C.2.13, and the second inequality from
Jensen’s inequality, Theorem C.2.12, |ST| < 28, and the definition of Vit O

Proof of Theorem 5.4.7

Lemma (restatement of Theorem 5.4.7). For any interval m, E[Y1 vr{Q™} | Om~1] <
44B3.

Lemma C.2.14. Let m be an interval and (s,a) be a known state-action pair. If Q™ holds
then for every s' € /"

~ ’ l Cmin'P(S/’saa) Cmin
|Pm(s ’S,a)—P(S |S7a)‘§8\/ SB* +4SB*

Proof. By Theorem C.2.13 we have that

(s s.a)—P(s | s.a P(s' | 5,a)log(SAN (s,a)/8)  136log(SAN"(s,a)/5)
s = rl ”Sg\/ N{(s.a) * N7(s,a)

which gives the required bound because log(x) /x is decreasing, and (s,a) is a known state-
action pair so N''(s,a) > 30000 - % log SB;—S‘,L‘. O

Proof of Theorem 5.4.7. Note that the first state-action pair in the subinterval, (s]',a’"),
might be unknown and that all state-action pairs that appear afterwards are known. Thus,

we bound

—E +E

HWL
ve{Qmy | om!
h=2

Hm
E[Z v gm! vi{Q"y [ o
h=1

The first summand is trivially bounded by B2 (Theorem C.2.12). We now upper bound
E[X”, vin{Q™} | 0"']. Denote Z* = (V™(s}, ) — Lycsr P(s | s a) V™ (s))) 1{Q"},
and think of the interval as an infinite stochastic process. Note that, conditioned on U™ !,
(Z?):: | is a martingale difference sequence w.r.t (U h);l":l , where U" is the trajectory of
the learner from the beginning of the interval and up to time 4 and including. This holds
since, by conditioning on U™~!, Q™ is determined and is independent of the randomness

generated during the interval. Note that H™ is a stopping time with respect to (Z}")_,
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which is bounded by 2B, /cyin- Therefore, applying Theorem C.2.15 found below obtains

2
HITI HITI
E|Y vi{emy ot =g || Yz} | |0 (C.8)
h=2 h=2
We now proceed by bounding | Y1", Z;"| when Q™ occurs. Therefore,
Hm Hl‘ﬂ _ _
Y | = L V(i) — ) PG s ap)vi(s)
h=2 h=2 s'e.
Hl‘ﬂ _ _
<| Y V)~ V) (€9)
h=2
H" B B
+ ZV’"(S’;:)— Z Pu(s' | i aiyV™(s") (C.10)
h=2 s'es
H" B B B
Y X (P s =Bl sia) ) (V) = Y Pl sy (sh).
h=2s5'c. 7+ s'eS+
(C.11)

where Equation (C.11) is given as P(- | s}',a}) and P | si',aj') are probability distribu-

tions over ST, Y e o+ P(s” | s',al")V"™(s") is constant w.r.t s/, and V"(g) = 0.

We now bound each of the three terms above individually. Equation (C.9) is a tele-
scopic sum that is at most B, on Q" (Theorem C.2.12). For Equation (C.10), we use the
Bellman equations for 7™ on the optimistic model defined by the transitions P,, (Theo-
rem C.2.11) thus it is at most Zf;nzc(sﬁ,a?) < 2B, (see text following Theorem 5.4.5).
For Equation (C.11), recall that all states-action pairs at times h = 2,..., H" are known by
definition of H". Hence by Theorem C.2.14,

y (vm(s’>— Y P(s" sZ’,aZ)V”Ts”)) <ﬁm(s/|s’;,1,a21)—P(s/|s;,”,aZ1))

sle s+ s'e s+ ‘

~ ~ 2
Sy \/ coinP(5 | 57-) (776')— g P | ) V(")
N 8s’€y+ SB.
+ Y V) - X P e V)
sle S+ * s'e S+ 3
<B, by Theorem C.2.12
1 [cmin- V]! c(s),al! ] )
< ) ml; h 4 ( h2 h), (by Jensen’s inequality, cmin < c(s}',a}f'), [ST] < 25)
*
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and again by Jensen’s inequality and that the total cost throughout the interval is at most
2B,, we have on Q"

H’” m . m Hm \m H™
c c(s),a 1 c 1
Z min (hyh)g_ ™M Z min ° h chh,ah
2 ) ~~ /= B
SzB*/Cmin B \—,_/
<2B,
(Jensen’s inequality)

1 Hlﬂ

_ m

<7 hzzv + B,.

Plugging these bounds back into Equation (C.8) gets us

2
H™ H™
_ 1 _
E VI{Q™ | O™ <E|| 4B+~ (2} vr{Qn g1
Lgh{} _[(*4};,1{})

1
< 3233+ZE

H™ _
Y vrien) \ g1,
h=2

where the last inequality is by the elementary inequality (a + b)? < 2(a® + b?). Rearrang-
ing gets us E [Zf;nz Vi{Qm} | O™~ < 43B2, and the lemma follows. O

Lemma C.2.15. Let (X;);7, be a martingale difference sequence adapted to the filtration
(F)y Let Yy = (X' X)? =Y EX? | Zi—1]. Then (Y,)>_, is a martingale, and in
particular if T is a stopping time such that T < ¢ almost surely, then E[Y;] = 0.

Proof. We first show that (¥,)°>_, is a martingale. Indeed,

n=1

ElY, | #.1]=E (ix,) iE 1] | Fn- 1]

=1

n—1 2 n—1 n
Xt —2 ZX; 0—|—E Z Xzyj[ 1
=1

(E[Xn | t/nfl] — O)
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We would now like to show that E[Y;| = E[Y;] = 0 using the optional stopping theorem.
The latter holds since T < ¢ almost surely and E[Y|] = E[X? — E[X? | %]] = 0. O

Proof of Theorem 5.4.8

Lemma (restatement of Theorem 5.4.8). With probability at least 1 — & /4,

M e —
Z [Z Z S | Sh ,Clh (s’ ] sﬁ)gﬁ))vm(sfﬂ{gm} ‘ gm-1

1s'es

TSA TSA
< 614B, \/ MS?Alog? % +8160B,5*Alog? %.

Proof. Recall the following definitions:
log(SAN"! (s}!,a}')/6)

PN

2
vie=Y P(s|spdy) (f/m(s/)— Y P sg,amfﬂ"(s”)> .
S//

se s+ eSSt

From Theorem 5.4.6 we have that

[Z Y, (P | i) = Buls' | s, af)) V" () 1{Q) | 07

lses

Hm
§E[16\/§Z VIAMI{ Q™Y + 272B SAPI{Q"} | O
h=1

Moreover, by applying the Cauchy-Schwartz inequality twice, we get that

H™ H™ H™
E[Z viAm{Qmy | gm ! gE[ Y vir{Qny- ZAZ’I{Q’"}‘I_]”’_'
h=1 \h:l h=1
[ H™ B Hm )
<, E[ Y Ap{Qmy (Om-1 - |E| Y vi{Qm) | Ot
| h=1 \ h=1
H™ ]
<7B,,|E ZAZH{Q’"}‘U’"—l : (Theorem 5.4.7)
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We sum over all intervals to obtain

M m D <7 —
Z [Z Z S ‘Sh 7ah P (S/ | s;ln,a’;:))vm(slﬂ{gm} | Um—l

m=1 1ses

m=1 h=1

M H™
<112B, Y} SE[ZA’”I{Q’"} | gm-1
h=

M H™
+272B.S Y E [ZA’”I{Q’"} | gm!

m=1

M H™
<112B,,|MS Y E[ZA’"I{Q’"}]U'" !
h=1

M H™
+272B,S Y E[ZA’"I{Q’"} |gmt
h=1

m=1 m=1

where the last inequality follows from Jensen’s inequality. We finish the proof using The-
orem C.2.16 below. O

Lemma C.2.16. With probability at least 1 — 8 /4, the following holds for M = 1,2, ...

simultaneously.

M m

TSA
Y E ZA’”I{Q’”HU’” ! <0(SA1 g2T>.
m=1 h=1

Proof. Define the infinite sequence of random variables: X" = Y 1" AmI{Q’”} for which
|X™| < 3log(SA/d) due to Theorem C.2.17 below. We apply Equation (C.19) of Theo-
rem C.4.4 to obtain with probability at least 1 — d /4, for all M = 1,2, ... simultaneously

M - M SA &M
m m—1 m
EIE[X |U }<2 EIX +1210g(—6)10g( 5 )

Now, we bound the sum over X" by rewriting it as a sum over epochs:

log(SAN' (s}, aj, )/5) SAT

M M H™
X" <
mz::1 _W;; NI(sy',ay') 5 Z

s€.S acAi= l

where E is the last epoch. Finally, from Theorem C.2.18 below we have that for every
(s,a) € S x o,

ni(s,a)
N (s,a)

<2logNg+1(s,a) <2logT.

M-

We now plugin the resulting bound for Z%:l X" and simplify the acquired expression by
using M <T. [

(SA/S).

Lemma C.2.17. For any interval m,
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Proof. Note that all state-action pairs (s}',a)') (except the first one (s7',a]")) are known.
Hence, for h > 2, N''(s}",aj') > 30000 % log 5;—‘%. Therefore, since log(x)/x is decreas-
ing and since S > 2 and A > 2 by assumption,

B log(SAN™ (s, a") / 8) _ log(SANY (s}, ') /) B log(SAN™ (s, a") / 8)

< -
L M) NTra) AT Nipan)
CminH™
<log(SA/8) +
*
<log(SA/8)+2 (H™ < 2B= by definition.)

< 3log(SA/9S).

]

Lemma C.2.18. For any sequence of integers zy, ..., 2, with0 < z;; < Z;_; := max{1l, ): = z,}
and Zy = 1, it holds that

n %
Z — < 2logZ,.
k:lZ

Proof. We use the inequality x < 2log(1+ x) for every 0 < x < 1 to obtain

i -<2 i og<1—|——> zzilo A 5 ¥ log - —2log [] 25 =2l0gZ
P B2 2 Zj—1 k=1 Zj—1 =t Lk i=1Zk-1 "

O
Proof of Theorem 5.2.3

Theorem (restatement of Theorem 5.2.3). Assume that Theorem 5.2.1 holds. With proba-
bility at least 1 — & the regret of Algorithm 7 is bounded as follows:

KB, SA B354A2 KB, SA
Rk = O B.SVAKlog —"— 4 | == log? ——=— ).
oc min Cmin oc min

Proof. Let Cy denote the cost of the learner after M intervals. First, with probability at
least 1 — 8, we have Theorems 5.4.2, 5.4.5 and 5.4.8 via a union bound. Now, as Q" holds
for all intervals, we have Ry = Ry for any number of intervals M. Plugging in the bounds
of Theorems 5.4.4, 5.4.5 and 5.4.8 into Theorem 5.4.3, we have that for any number of

intervals M:

TSA TSA
Cy=0 (K -V*(Sinit) + By \/ MS?Alog? — B,S*Alog? T) .
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We now plug in the bounds on M and T from Theorem 5.4.1 into the bound above.
First, we plug in the bound on M. As long as the K episodes have not elapsed we have that
M < O(CM /Bx+K+2SAlogT + B.5A log x5A ) This gets after using the subadditivity

Cmin OCmin

of the square root to simplify the resulting expression,

TSA
CM =0 (K . V*(Sinit) +B*\/KSZA 10g2 T

TSA B3S4A2 TB,SA
4—\/B*CMSZA10g2 +\/ - log* —= >

0 Cmin Cmin0

From which, by solving for Cy (using that x < a\/x+ b implies x < (a4 v/b)? for
a > 0and b > 0), and simplifying the resulting expression by applying V*(sini¢) < By and
our assumptions that K > S2A, 8 >2,A>2, we get that

TSA
Cy = 0((\/B*S2Alog2%

TSA B3S§4A2 TB,SA\?>
+ K- V*(Sinit) +B*\/KSZA ]Og2 + \/ * 10g4 al ) >

0 Cmin CminO
TSA
=0 (B*SZA log? ——
0
TSA TSA B3S4A2 TB,SA
+ \/B*SZA log? —— - | K - V*(sinit) + By \/KSZA log? + X log* —=
o) 0 Cmin Cmin®
. ,TSA  |B3S*A2 ,TB,SA
+ K - V*(Sinit) + Bxy | KS?Alog + log
0 Cmin Cmin0
, . TSA TSA | BY?S*A2  , TB,SA
= 0| B.S*Alog> —=— + B,/ K'/45343/2]og? + log*
0 0 1/2 Cmin0
min
. ,TSA  [|B3S*A2 ,TB,SA
+ K-V (sinit) + Bay | KS?Alog> —— + log
0 Cmin Cmin0
. ,TSA  [B3S*A2  ,TB.SA
= O| K-V*(sinit) + Bx\/ KS2Alog® —— + log . (C.12)
0 Cmin Cmin0

Note that in particular, by simplifying the bound above, we have Cy; = O <\/ B3S*A%KT/ cmin6) :
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Next we combine this with the fact, stated in Theorem 5.4.1 that T < Cyy /cpin. Isolating T

getsT =0 (B z:;A;K > , and plugging this bound back into Equation (C.12) and simplifying
gets us
KB,SA B3§%A? KB,SA
Cy=0 (K “V*(sinit) + B*S\/AKlog2 ik x log4 X ) .
CminO Cmin Cmin0

Finally, we note that the bound above holds for any number of intervals M as long as
K episodes do not elapse. As the instantaneous costs in the model are positive, this means
that the learner must eventually finish the K episodes from which we derive the bound for

Rk claimed by the theroem. 0

C.3 Lower Bound

In this section we prove Theorem 5.2.6. At first glance, it is tempting to try and use the
lower bound of [JOA10, Theorem 5] on the regret suffered against learning average-reward
MDPs by reducing any problem instance from an average-reward MDP to an instance of
SSP. However, it is unclear to us if such a reduction is possible, and if it is, how to perform

it.| We consequently prove the theorem here directly.

By Yao’s minimax principle, in order to derive a lower bound on the learner’s regret,
it suffices to show a distribution over MDP instances that forces any deterministic learner
to suffer a regret of Q(B,+/SAK) in expectation.

To simplify our arguments, let us first consider the following simpler problem before
considering the problem in its full generality. Think of a simple MDP with two states: the
initial state and a goal state. The set of actions A has a special action @* chosen uniformly at
random a-priori. Upon choosing the special action, the learner transitions to the goal state
with probability =~ 1/B, and remains at sj,; with the remaining probability. Concretely
P(g | a*) = 1/B, and P(sjny | a*) = 1 — 1/By, and for any other action a # a* we have
P(g|a) = (1—¢€)/B, and P(siit | a) = 1 — (1 — €) /B, for some € € (0,1/8).> The costs
of all actions equal 1; i.e., ¢(sinit,a) = 1 for all a € A. Clearly, the optimal policy constantly

plays a* and therefore V*(siyit) = Bx.

Fix any deterministic learning algorithm, we shall now quantify the regret of the

learner during a single episode in terms of the number of times that it chooses a*. Let

'Even though a reduction in the reverse direction is fairly straight-forward in the unit-cost case [TGV*20].
2 For ease of notation and since there is only one state other than g, we do not write this state as the origin
state in the definition of the transition function.
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Ny, denote the number of steps that the learner spends in si,;; during episode k, and let N;f
be the number of times the learner plays a* at sj,;; during the episode. Note that Ny is also
the total cost that the learning algorithm suffered during episode k. We have the following

lemma.

Lemma C.3.1. E [Nk} — V*(Sl'm',) =¢-E [Nk —N]ﬂ .

Proof. Let us denote by s1,s2,... and ay,ay,... the sequences of states and actions ob-

served by the learner during the episode. We have,

[ee]

E[N = Z Pr(s; = Sinit)

r=1

=1+ Z Pr[s; = Sinit|
=2

=1+ Y Prls; = Sinic | S—1 = Sinit- @1 = @] Pr[s;_1 = Sinii, -1 = @]
=2

+ ¥ Prs; = Sinit | S1—1 = Sinit, @r—1 7 @ | Prs—1 = Sinit, @—1 # a”|
t=2

- 1 i 1-¢
=1+ Z (1 - ZT) PI‘[S,,I = Sinit, dr—1 = Cl*] + Z <1 - B ) PI'[St,1 = Sinit, Ar—1 7& a*]

=2 * t=2 *

1) & l-¢)\ & .
=14+(1-— Z Pr[s; = Sini,ar = a* |+ | 1 — Z Prs; = Sinit, @ # a”]
B t=1 B t=1

* *

14 (1 —i>E[N,j] + (1 _ 1B_8>E[Nk—1v,j].

B* *

Rearranging using V*(sinit) = By gives the Lemma’s statement. O

By Theorem C.3.1 the overall regret of the learner over K episodes is: E[Rg| = € -
E[N—N*], where N = Y& | Ny and N* = Y& | N;. In words, the regret of the learner is €

times the expected number of visits to sjpi; in which the learner did not play a*.

In the remainder of the proof we lower bound N in expectation and upper bound the
expected value of N*. To upper bound N*, we use standard techniques from lower bounds
of multi-armed bandits [ACBFS02] that bound the total variation distance between the
distribution of the sequence of states traversed by the learner in the original MDP and that
generated in a “uniform MDP” in which all actions are identical. However, we cannot
apply this argument directly since it requires N* to be bounded almost surely, yet here N*
depends on the total length of all K episodes which is unbounded in general. We fix this
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issue by looking only on the first 7" steps (where T is to be determined) and showing that

the regret is large even in these T steps.

Formally, we view the run of the K episodes as a continuous process in which when
the learner reaches the goal state we transfer it to sj,j¢ (at no cost) and let it restart from
there. Furthermore, we cap the learning process to consist of exactly 7" steps as follows.
If the K episodes are completed before 7" steps are elapsed, the learner remains in g (un-
til completing T steps) without suffering any additional cost, and otherwise we stop the
learner after T steps before it completes its K episodes. In this capped process, we denote
the number of visits in sjpj by N_ and the number of times the learner played a* in sjpj; by
N*. We have

E[Rk] > &- (E[N_] —E[N*]). (C.13)

The number of visits to sj,j; under this capping is lower bounded by the following

lemma.

Lemma C.3.2. For any deterministic learner, if T > 2KB, then we have that E[N_} >
KB, /4.

Proof. If the capped learner finished its K episodes then N_ = N. Otherwise, it visits
the goal state less than K times and therefore N > T — K. Hence E [N_} >E [min{T —
K,N}| > Y& | E[min{T /K —1,N}]. Since T > 2KB,, the lemma will follow if we show
that N > B, with probability at least 1/4. We lower bound the probability that Ny, > B, by
the probability of staying at siy; for By steps and picking a* in the first B, — 1 steps. Indeed,
using (1 —1/x)*"! > 1/e forx > 1, we get that Pr[N, > B,] > (1— BL*)BF1 > 1. O

We now introduce an additional distribution of the transitions which call Pry,ir. Prynis
is identical to Pr as defined above, except that P(g | a) = (1 — €) /B, for all actions a. We
denote expectations over Pryyir by Eynir. The following lemma uses standard lower bound
techniques used for multi-armed bandits (see, e.g., [JOA10, Theorem 13]) to bound the
difference in the expectation of N* when the learner plays in Pr compared to when it plays

in Prunif.

Lemma C.3.3. For any deterministic learner we have that E[N*] < E,if[N*] + €T \/E.ny[N*]/B.

Proof. Fix any deterministic learner. Let us denote by s the sequence of states observed

by the learner up to time 7 and including. Now, as N* < T and the fact that N* is a function
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of sT) E [Nﬂ < Eunif [Nﬂ +T- TV(Prunif[s(T)],Pr[s(T>]). Pinsker’s inequality yields

TV(Pr[s(7)], Pr(s ) < \/ SKL(Pr[s(T)] | Prls(T]). (C.14)
Next, the chain rule of the KL divergence obtains
T
KL(Pr[s"] || Prs Z KL(Pr [s¢ | s"= V]| Prfs, | s“~D]).

unif umf

Observe that at any time, since the learning algorithm is deterministic, the learner

chooses an action given st=1 regardless of whether st=1

Prynis. Thus, the KL (Prypi¢[s; | s(’*l)] || Prs; | s(’*l)]) is zero if a, 1 # ay, and otherwise

was generated under Pr or under

KL(Pr [s [ s“~V] || Prfsy | s771]) =

Pr 1 1 = Sini _1 = *
- Z P.f[st |5171:Sinit7a171:a*]10g umf[sr’& L= Jinit: &1 a]

Seyumf PI‘[S; | St—1 = Sinit, Ar—1 = a*]
1—¢ 1—¢ £
= -log(1—¢€ 1— 1 1
2
< 1 (using log(1 +x) < x for all x > 0)
-

Plugging the above back into Equation (C.14) and using B, > 2 gives the lemma. []

In the following result, we combine the lemma above with standard techniques from
lower bounds of multi-armed bandits (see [JOA10, Thm. 5] for example).

Theorem C.3.4. Suppose that B, > 2, € € (0, ) and A > 16. For the problem described

above we have that
1 2K
E[Rk] > €KB, (§ —2¢4/ K) )

Proof of Theorem C.3.4. Note that as under Pry,;f the transition distributions are identical

for all actions, we have that

Z Eunif [N } - Eumf[ Z Ni] = Eunif [N—} <T. (C.15)

acAla*=a acA|a*=a

Suppose that a* is sampled uniformly at random before the game starts. Denote the

probability and expectation with respect to the distribution induced by a specific choice of
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a* = a by Pr, and E, respectively. Then for T = 2KB,,

1
E[Rk] = T Y Eu[Rk]
acA
1
> Y EJN_—N*] (Equation (C.13))
acA
1 KB Eunif|V*
> — * — Eumif[N*] — €T EunirNZ) (Theorems C.3.2 and C.3.3)
A acAla,=a 4 B,
KB 1 I 1
> 4* - Z Eumf[ 7] eT IT Z Z Eumf[N ]
acAla,=a * acAla,=a
(Jensen’s inequality)
KB, T T
> = Yo BA (Equation (C.15))
KB* ZKB* 2KB*
= — —2eKB
( 4 A “\ AB, )
_ ¢KB | ) ) 2K
T4 A A
The theorem follows from A > 16 and by rearranging. U

Proof of Theorem 5.2.6. Consider the following MDP. Let S be the set of states disre-
garding g. The initial state is sampled uniformly at random from S. Each s € .% has
its own special action a}. The transition distributions are defined P(g | a},s) = 1/B,,
P(s|al,s)=1—1/B,, and P(g| a,s) = (1 —¢€)/By, P(s | a,s) =1 — (1 — &) /B, for any
other action a € A\{da}}.

Note that for each s € .7, the learner is faced with a simple problem as the one de-
scribed above from which it cannot learn about from other states s’ # s. Therefore, we can
apply Theorem C.3.4 for each s € . separately and lower bound the learner’s expected
regret the sum of the regrets suffered at each s € ., which would depend on the number
of times s € .7 is drawn as the initial state. Since the states are chosen uniformly at ran-
dom there are many states (constant fraction) that are chosen ®(K /S) times. Summing the
regret bounds of Theorem C.3.4 over only these states and choosing € appropriately gives
the sought-after bound.
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Denote by K the number of episodes that start in each state s € .7.

1 2K KB
eKsB*<——2£ S) = x

8

—2¢2B, ZE K./, (C.16)
seﬂ

ERk]> Y} E

se. 8 A

Taking expectation over the initial states and applying Cauchy-Schwartz inequality gives

253/2<2¢—\/1<2 Z¢—,/1<]2+v

se€s ses ses
[K \/ 2K
<K
s€<5” S

where we have used the expectation and variance formulas of the Binomial distribution.

The lower bound is now given by applying the inequality above in Equation (C.16) and

choosing € = &;/AS/K. O

C.4 Concentration inequalities

Theorem C.4.1 (Anytime Azuma). Let (X,);_, be a martingale difference sequence with
respect to the filtration (F,);,_, such that |X,| < B almost surely. Then with probability at

least 1 — 0,
2n
i SB\/nlogE, Vn > 1.

Theorem C.4.2 ((WOST03]). Let p(-) be a distribution over m elements, and let p,(-)
be the empirical distribution defined by t iid samples from p(-). Then, with probability at
least 1 — 0,

i=1

mlog%
et

17:(:) =p()]|, <2
Theorem C.4.3 (Anytime Bernstein). Let (X,);_, be a sequence of i.i.d. random variables

with expectation |L. Suppose that 0 < X, < B almost surely. Then with probability at least
1 — 6, the following holds for all n > 1 simultaneously:

(X;— ) gz,/Bunlog%"JrBlog%”. (C.17)
(X;—p)| <2 BiX-lo 2 7Blog 2" (C.18)
1 ‘LL —_ P 1 g 6 g 6 * *
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Proof. Fix some n > 1. By Bernstein’s concentration inequality (see for example, [CBLO6,
Corollary A.3]), we have with probability at least 1 — 2%2 that Equation (C.17) holds. By
a union bound, the inequality holds with probability at least 1 — o for all n > 1 simultane-

ously.

To show Equation (C.18), note that in particular we have

u / 2n 2n
-n— ) X; <2y/Bunlog—+ Blog —
nu“ n l:ZI 1= .UJ’Z Og 6 + Og 5

2n
that is a quadratic inequality in y. This implies that \/t < 4/ %Z?:1Xi + 34/ Blof ° . Plug-

ging this inequality back into the RHS of Equation (C.17) gets us Equation (C.18). [

Lemma C.4.4. Let (X,)_, be a sequence of random variables with expectation adapted
to the filtration (%) _,. Suppose that 0 < X,, < B almost surely. Then with probability at
least 1 — &, the following holds for all n > 1 simultaneously:

n n 2n
EX; | Zi1] <2} Xi+4Blog = (C.19)
i=1 i=1

1

Proof. For all n > 1, we have

(€ <1—x+% forall x > 0)

X, X
E[eXn/B\,%_l]gE[l——Jr X ‘0‘,,_1}

B 2B2
E[Xn | yn—l] E[Xn ’ yn—l]
<1-— X, <B
< B + B (X, <B)
or
- % < ENIFB (< o forall )

Hence, fix some n > 1, then

E lexpGg y (%E[Xi | Fi] —x,))

i=1

17 /1 1/1
—Elexp( =Y (EX; | Zii] =X ) ) -E|exp( = ( E[X, | Zot] =X ) | Zn
exp( 5 X (36061 7] ) lexp<3<2[ il ) | 7 1”

<1. (by repeating the last argument inductively.)
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Therefore,

1 & /1 2n?
— ZEIX: | % =X -
exp(B._l(2 (Xi | Zi-1] ,))> 5

Pr i lE[X-L?- 1] =X >2Blog% <Pr
“~ 2 1 1— 1 6 —

<Elexp( 1Y (Lem |7 -x 0
eX — — . s J— . - —_—
> p B = 3 i i—1 i 2
(Markov inequality)
< 0
~ 2n?’
Hence the above holds for all » > 1 via a union bound which provides the lemma. O]
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D Supplementary Material for
Chapter 6

D.1 Proofs for Section 6.3

D.1.1 Proof of Lemma 6.3.1

In this section we relate the SSP regret and the finite-horizon regret, which relies on The-
orems D.1.1 and D.1.2 below that compare the cost-to-go function in the SSP .# to the
value function in the finite-horizon /Z[ To that end, we define a cost-to-go function with
respect to the finite-horizon MDP ./ as: VF(s)=E (X5 _c(swyaw) | sp = s], for any de-
terministic finite-horizon policy 7 : . x [H| — 7.

Lemma D.1.1. Let 7 be a stationary policy. For every s € 7 and h = 1,....,H+1it holds

that
VZ(s) <V™(s)+ 8B, Pr[syy1 # g | sp = s, P, 7.
Proof.
AN H ~ A~
VE(s) = Z Z Prlsy =" | s, =s,P, 7] é(s', n(s’)) + Z Prisyi1 =5 | s, =s,P, 7| éf(s’)
W=hgez" ses
H ~
= Z Z Prisyy =" | sp=s,P,mt| c(s',m(s")) + 8B, Prlsyi1 # g | sp=s,P, 7|
W=hs'e”
< Z Z Prisy =5 | s =s,P,m) c(s',w(s")) + 8By Prlsy1 # g | sp = s,P, 7]
W=hs'es

= V7™(s)+8B, Prisy, #g | sp =s,P, 7).

Lemma D.1.2. For every s € 7. it holds that V*(s) > \7]”* (5)— %.
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Proof. The probability that 7* does not reach the goal in H steps is at most 1/(8K) due to
[CLW21, Lemma 7]. Plugging that into Theorem D.1.1 yields the desired result. [

Proof of Theorem 6.3.1. Consider the first interval of the first episode. If it ends in the
goal state then
H
ZCI Z Cy+2er(g) = Y, Cut+2r(siin)-
h=1 h=1
If the agent did not reach g in the first interval, then the agent also suffered the 8B, terminal
cost and thus

Il
ZCI ZCh+Cf(SH+1 + ) C} —&5(shy11)

h=1 i=H+1
H I
=Y Ci+¢p(syy)+ Y, Cl =8B,
h=1 i=H+1
LA 1 L 1 o/
<Y Co+erGspi)+ Y, G =V (syi),
h=1 i=H+1

where the last inequality follows by combining Theorem D.1.2 with our assumption that
V*(s) < By.

Repeating this argument iteratively we get, for every episode k,

It It

. B
Y CF =V (sim) < Y CF =V (s]) + f*
= i=1

H

X . B

< Z ZC}'Z"+cf(s1’Z}+1)—V1” (s’f’)+?*
meM; h=1

H
- ¥ (ZCZ"+6f<sﬁ+1>—?”"’<sﬁ">>+ 3 (v’f( 7=V ] >)+%,

meM; \h=1 meMy,

where M is the set of intervals that are contained in episode k, and the first inequality

follows from Theorem D.1.2. Summing over all episodes obtains
0 < A M m B*
Re< Y | Y G es(si) =V (1) ) + X (V7 61) =V 1) ) + -
m=1 \h=1 o

Notice that the second summand in the bound above is exactly the expected finite-horizon
regret over the M intervals. We finish the proof of the lemma by using the regret guarantees
of ALG (Definition 6.2.1). O
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D.1.2  Proof of Lemma 6.3.2

In this section we bound the deviation of the actual cost in each interval from its expected
value. To do that, we apply Theorem D.1.3 below to bound the second moment of the
cumulative cost in an interval up until an unknown state-action pair or the goal state were
reached. Here U denotes the union of all information prior to the m'” interval together
with the first state of the m'” interval (more formally, {U™},,>1 is a filtration). Moreover,
we denote by 4, the last time step before an unknown state-action pair or the goal state

were reached in interval m (or H if they were not reached).

Lemma D.1.3. Let m be an interval and assume that the reduction is performed using an
admissible algorithm ALG. If the good event of ALG holds until the beginning of interval m,
then the agent reaches the goal state or an unknown state-action pair with probability at
least % Moreover, denote by C" = 22’21 Gt + ¢ (st 1) Whm = H} the cumulative cost in
the interval until time hy,. Then, E[(C™)? | U™] <2-10°B2 +4B,.

Proof. The result is given by bounding the total expected cost suffered by the agent in
another MDP (defined below) where all unknown state-action pairs are contracted with
the goal state. The cost in this MDP is exactly C" by definition.

Let ' be the optimistic policy chosen by the algorithm for interval m. Consider the
following finite-horizon MDP //Am = (ﬁA,ﬁm,H ,C,Cr) that contracts unknown state-

action pairs with the goal:

0, (s', " 1 (s")) is unknown;
PM(s' | s,a) = P(s' | s,a), s' # gand (s, m" | (s)) is known;

1 _aney/T\{g}P;ln(s” | s,a), s’ =8

Denote by V" the cost-to-go function of 7™ in the finite-horizon MDP A" Further,
let P be the transition function induced by P™ in the MDP 7™ similarly to P", and
V™ the cost-to-go function of " with respect to P'™ (and with cost function &"). Notice
that 7™ can only reach the goal state quicker in A™ than in ////\, so that ?,;"(s) < Vi(s) <
Vh”* (s) for any s € 7. By the value difference lemma (see, e.g., [SERM20]), for every s,h

126



such that (s, 7}"(s)) is known,
Vh —|— Z E|: c(Sw, ah/ 5’,?,(sh/,ah/) ‘ Sp = S,ﬁm,ﬂ'm:|

+ Z E[(ﬁ}ln}( ‘ Sh’7ah’) _ﬁ;l;?% ‘ Sh’7ah’)) vm ’ Sh :S,i)\m,ﬂ'm]
W=h

< ‘7 ( )+H max |C(S, 71';7(5‘))—5%(S,7TZ,1(5))|+H“VmHOO max H

(5,77 (5)) (s (5)

known known

7 Cls, i (s)) = By (s, 0 (9))

—
=

a) «
SVF () +H max_|e(s. 1} (s)) — b5, a}(s))|

(5,75 (5))

known
+H|VF (s )||oo( Iirtla(x))HP( |5, 74 () — P" (-]s, 7 () 1
kné)wn

-~

<V (s )+H( ma(X))IC(S Ty (8)) — G (s, 7 (5)) | + OH B * max IP(-|s, 77 () — P (- |s, 7 (5)) |1,
) ,/ S,TC hl
known known

where the last inequality follows by optimism and since ‘7,1”* (s) < 9B, (Theorem D.1.1),

and (a) follows because

1B (-1s,a) = P Cls,a)llhi = Y, [B(s')s,a) — P (s'|s, a)| + | Py (gls,a) — P (gls, a)]
(" (s')
known
= Y |P(s)s,a)— P"(s]s,a) Y P(s|s.a)+P(g|s,a) — P"(s|s,a) — P"(g]s,a)
(Slvn}ranr[ (S/)) (slvn];n+1 (S ))
known unknown

< [P(-[s,a) = P"(:|s,a) 1.

Thus V" (s) < ‘7”*( ) + 2B, since the number of visits to each known state-action pair

MHSA and by property (iv) of admissible algorithms (Definition 6.2.1).

is at least wyrglog ===
Also note that V" (s (s) § 11B, by Theorem D.1.1, and for 2 = 1 in particular we use Theo-

rem D.1.2 to obtain V{"(s) < 4B,.

By Markov inequality, the probability that the agent suffers a cost of more than 8B, in
,////7” 1S at most % Notice that all costs are non-negative and there is a terminal cost of 8B,
in all states but the goal, therefore the agent cannot suffer a cost of less than 8B, unless
she reaches the goal. So the probability to reach the goal is at least % Moreover, note that
the probability to reach the goal in MM s equal to the probability to reach the goal or an

unknown state-action pair in .Z .

Similarly, we notice that E[(C™)? | U] = E[(C)3], where C is the cumulative cost in
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///17", and we override notation by denoting C= Zle Ch+¢f(sH+1). We have that,

o a 2
E[(6>2]:E (Z Ch+éf(SH+1)) ]

L \n=1

h=1

- 2
—E (Zlch+é(sH,aH)+@f(SH+1)> ]

+2E +E[(Cy — é(su,an))?].

h=1

H—-1
( Z Ch+¢(sy,an) +5f(SH+1)> (Cn — é(susanm))

The second summand is zero since the realization of Cy is independent of all other ran-

domness given sy. Also, since Cy € [0, 1], the third summand satisfies
E[(Ch — é(sn,an))’] < E[(Ch)’] < E[Ch] = E[é(sn,an)].

Thus we arrived at

+E[5(SH,aH)],
h=1

H-1 2
E[(@)2] < E[( Z Ch+¢é(sy,an) +€f(sH+1)>

and iterating this argument yields

()

Here, the second summand equals Vlm(sl) which is at most 4B,.

+E

\\Mm
M=

h=1

2
sh,ah -I—Cf SH+1)> 6(sh,ah)].

Next, for the first summand, we split the time steps into Q blocks as follows. We
denote by ¢, the first time step in which we accumulated a total cost of at least 11B, (or
H + 1 if it did not occur), by £, the first time step in which we accumulated a total cost
of at least 11B, after #;, and so on up until 7o = H + 1. Then, the first block consists of
time steps o = 1,...,¢; — 1, the second block consists of time steps #,...,f> — 1, and so
on. Since V;"(s) < 11B, we must have ¢(sp,ap) < 11B, forall h =1,...,H and thus in
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every such block the total cost is between 11B, and 22B,. Thus,

(&

2 2
H
C(sp,an) + ¢y SH+1)> ] >E Zé(shaah)+éf(SH+l)]

\\Mm

_ 2
—E . Z é(sp,ap) +5f(SH+1)]
> E[11B,0]” = 121BE[Q],

by Jensen’s inequality. On the other hand,

2
ST
<2 (

|\

2
&(snyan) +Ef(sH41) — V" (s1) +V1’"(S1)> ]

=
™=

+2V{"(s1)°

M=

2
E(snan) +Ef(sHr1) — Vf”(Sl))

1

O—11i11-1 2
<2E Z Z E(snyan) = V" (se) + Vi (51,y) +32B2
(a) 0-1 [ti1—1 2 )
D4E[ Y (Y cloman) — V)V (s1) | | +328
i=0 h=t;

< 4E[Q- (33B,)%] +32B2 < 4356B2E[Q] + 32B2.

For (a) we used the fact that E[Zt’+1 ! &(snyan) — Vi (s1;,) + Vi, (s1,,,)] = 0 using the Bell-
man optimality equations and condltloned on all past randomness up until time ¢;,, and
the fact that #,1 is a (bounded) stopping time by the optional stopping theorem, in the

following manner,

fiy1—1 fip1 1
E| Y &(snan) =V (St1)+‘/l‘+1(slz+1)] =E| ) @(Sh,ah)—Vf(Sh)ﬂLVﬁl(ShH)]
h=t; L h=t;

tl+1 1
=E Z E[ é(sp,ap) V}T(Sh)+vﬁ1(sh+l)|517---75h]]

tl+1 1
=E| Y éloman) +E|Viti (i) | ] —v,:"<sh>] =0.
_h:li

Thus, we have 121B2E[Q]? < 4356B2E[Q] +32B2, and solving for E[Q] we obtain E[Q] <
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37, so

<2-10°B?,

" 2
[(Z E(sp,an) + ¢ SH+1)>

and therefore

an

H 2
E[(é\)z] <E [(Z 5(8/1,61;1) +6f(SH+1 )
h=1

&(spyap, ] <2-10°B% +4B,.
u

Proof of Theorem 6.3.2. Recall that h,, is the last time step before an unknown state-action
pair or the goal state were reached (or H if they were not reached) in interval m, and let
Q" be the event that the good event of algorithm ALG holds up to the beginning of interval

m. We start by decomposing the sum as follows

m=1 \h=1

M hy o
Z (Z Cit + (s 41) —ViT (5] )>|{Q’"}= Y <Z Ci +cr (g ) {hm = H} =V (ST))HQ’"}

T Z( )3 C?+6f(s%+1>l{hm#H}>I{Q'"}.

m=1 \h=hpm+1

The second term is trivially bounded by (H + 8B,)SAwyilog MHSA since every state-

ALHSA

action pair becomes known after wyr¢log visits. Next, since

I _
—E| Y O ter(sho)l b = HY | 0" [H{Q")

=1
<V (sTHHQ"™},

i
E (l;lc%cf(sml)l{hm:m)

the first term is bounded by Z —1 X" where

hm hm
X" = (Zchm"’cf(SZH)l{hm:H}_E[Z Gy +cr(sp){h
h=1 h=1

is a martingale difference sequence bounded by H + 8B, with probability 1. For any

fixed M = m, by Freedman’s inequality (Theorem D.5.1, we have with probability at least
)
1= 8m(m+1)°
log(8nm(m+1)/9)
n

y X" <

m'=1

i Uﬂl]+
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for any 1 € (0,1/(H 4 8B,)). By Theorem D.1.3, for some universal constant & > 0, that

m

Y. E[(x™)* | 0] < am(B} +B.),
m'=1
and setting 7 = min{ log(é";i"?)lrzl/ 8), s ) obtains

& ool ) m m
y x" < 0( (B2+B.)mlog s + (H+B*)log§>.
m'=1
Taking a union bound on all values of m = 1,2,... that the inequality above holds for
all such values of m simultaneously with probability at least 1 — /8. In particular, with

probability at least 1 — § /8, we have

M
Z X"m < 0(\/(B£+B*)M10g% +(H+B*)log%/[>,

m=1

The proof is concluded via a union bound—both Freedman inequality and the good
event of ALG hold with probability at least 1 — %6, and this implies that I{Q"} =1 for

every m. O

D.1.3 Proof of Lemma 6.3.3

In this section we bound the number of intervals M with high probability for any admis-
sible algorithm. To that end, we first define the notion of unknown state-action pairs. A
state-action pair is defined as unknown if the number of times it was visited is at most

wyrclog M%SA (and otherwise known).

Proof of Theorem 6.3.3. Let Q™ be the event that the good event of algorithm ALG holds
up to the beginning of interval m, and define X to be 1 if an unknown state-action pair or
the goal state were reached during interval m (and O otherwise). Notice that E[X"1{Q"} |
U™ =E[X™ | U™I{Q"} > 1{Q™} /2 by Theorem D.1.3. Moreover, note that every state-
action pair becomes known after wyr¢log M%SA visits and therefore Z%IZIX’”I{Q’"} <

%ZIX " < K4 SAwpglog MgSA. By Theorem D.5.2, which is a consequence of Freed-

man’s inequality for bounded positive random variables, we have with probability at least
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1-— % for all M > 1 simultaneously

M M

_ M MHSA
Y EXM{Q"} 0™ <2 ) X"I{Q"} + 108log = < 2K+ 110SAwpglog —=—.
m=1 m=1

Using a union bound, this inequality and the good event of ALG both hold with probability
at least 1 — %6 . Then, I{Q™} =1 for all m, and therefore

MHSA
5

M
E < 2K+ 110SAwyr¢log

Using the fact that x < alog(bx) 4+ ¢ — x < 6alog(abc) + ¢ for a,b,c > 1, this implies

KT, SAwy1

M < 4K +4-10*SAwyclog =
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D.2 Proofs for Section 6.4

Since all the proofs in this section refer to the finite-horizon setting (without a connection
to SSP), we use the simpler notations .# = (./,.«/,P,H,c,cy) for the MDP, V/(s) for
the value function of policy 7, and B, > max,V;(s) for the upper bound on the value

function of the optimal policy.

We define a state-action pair (s,a) to be known if it was visited at least a«H*B; %S
times (for some universal constant o > 0 to be determined later), and otherwise unknown.
In addition, we denote by 4, the last time step before an unknown state-action pair was

reached (or H if they were not reached).

D.2.1 The good event, optimism and pessimism

Throughout this section we use the notation a V 1 defined as max{a, 1}. In addition, we
define the logarithmic factor L,, = 3log(6SAHm/3§). Define the following events:

E‘(m) = {V(s,a) : |Em_1(s,a) —c(s,a)| < b’c"(s,a)}

EY(m) = {‘v’(s,a) : ‘ WS Var; 4(c

=1 sa)\/l}

_ 2P(s L 2L
EP(m) = Vsas : |P(s'|s,a) — P (s/]s,a)| < (}s,@)Ln + = }

n(s,a)v1l " I(s,a) V1

2varP(~\s,a) (Vh*+1 )Lm S5B,L,,

EPV (m) = V(s,a,h): |(P"'(]s,a) — P( Vi | <
(s,a, (-Is,a) = P(-Is,a)) - Viyy | < \/ n"=1(s,a)V 1 " 1(s,a) V1

pv2

/—/H

12B2L,,
v S a, h \/stlrp |Sa h+1 \/Vaer 1 \sa)( h+1)‘ m}

2VaTP<.‘s,a)(V],T+1)Lm + 5By Ly
N sa T T (sapvi”

which is the intersection of the above events, is the one used in [EMSM?21]. The following

For brevity, we denote bgvl’ p(s,a) = This good event,

lemma establishes that the good event holds with high probability. The proof is supplied
in [EMSM21, Lemma 13] by applying standard concentration results.

Lemma D.2.1 (The First Good Event). Let Gy = My;>1 E€(m) Nyy>1 E<Y(m) Niy>1 EP (m) Ny>1
EPYY(m) Nyy>1 EPV?(m) be the basic good event. It holds that Pr(Gy) > 1 — 8.

Under the first good event, we can prove that the value is optimistic using standard

techniques.

133



Lemma D.2.2 (Upper Value Function is Optimistic, Lower Value Function is Pessimistic).
Conditioned on the first good event Gy, it holds that VI'(s) < V;*(s) < V" (s) < V/"(s) for
everym=12,...,s€ Sandh=1,... H+ 1.

Proof. Since V;'(s) < V/*(s) for any policy 7, we only need to prove the leftmost and

rightmost inequalities of the claim. We prove this result via induction.

Base case, the claim holds for # = H + 1. Since we assume the terminal costs are

known, for any s € .7,

m

Vi1 (s) = Vi (s) = Vg (s) = Vi (s) = e (s).
Induction step, prove for /1 € [H] assuming the claim holds for all 7+ 1 </ < H + 1.

Leftmost inequality, optimism. Let a*(s) € argmin,cq Q5 (s,a), then

Vi (s) = ViH(s) = Qj(s,a”(s)) —max{minQZ(s,a),O}. (D.1)

acA

Assume that min, Q_’;f(s, a) > 0 (otherwise, the inequality is satisfied). Then,

(D.1) > Qj(s,a*(s)) —Qf(s,a*(s))
= c(s,a"(s)) =" (s,a" () + B! (s,a" (5)) + b}y (5,07 (5))
+(P=P" (| 5,a7(5) Virpr + Epnot s ar ) Vil (8) = Vil (5)]
>0 Inductic;rrl hypothesis

> b (5,0 (5)) + B (s,a%(5)), (D2)
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where the last relation holds since the events M, EP"! (m) and N, E¢(m) hold. We now

analyze this term.

(D.2) = —by 4(s,a"(s)) + by, (s,a"(s))
W \/ 2Varp(.js.a*(5)) (Vi1 ) Lom 5B,L,,

- = 1(s,a*(s)V1  nmI(s,a*(s)) V1

2var13m71('|5»a*(5))(KZ-H)L’” 17TH*B, 'Ly, B, x /
+\/ T sV (e )T aee e e Vi () = Vi ()

> /2Ly, \/VarP('Is,a*(s))(Vh*ﬂ)_\/VMP 1 (s ) (Vi)
> /2L, VT ()1

b * 13H3B. 'L
+ 1Bt Vi ) = Vil )+ o 2
- * 13H2L
= _T;IZEP'“_I('\W) [Vh+1(sl) —Khmﬂ(s/)} o nm=1(s, a* (Sn;) V1
B* * / / 13H3B—1Lm
+ ez B (s Vi1 () = Vil ()] + m =

where (a) holds by plugging the definition of the bonuses bl’;‘th and b} (recall Equa-
tion (6.2)), as § > 1 by assumption, and by the induction hypothesis (Vﬁl (s) > Vi (s)).
(b) holds by Lemma D.2.11 while setting @ = 16H?B; ! and bounding (5+ «/2)B, <
13H?. Combining all the above we conclude the proof of the rightmost inequality since
Vii(s)=V7'(s) > (D.1) > (D.2) > 0.

Rightmost inequality, pessimism. The following relations hold.
VE" (s) = V() = OF (s, 2! (s)) — min{ O} (s, n}"(5)), H }. (D.3)
Assume that 07'(s, " (s)) < H (otherwise, the claim holds). Then,

(D.3) = OF (s, 7" (s)) — Op(s, T (s))
= (s, 7" (s)) — " (s, 7 (5)) — b (s, Tf (5)) — B (s, f ()

+(P=P" (- | 5,7 ())- Vi +Ef’m*1(~\s,7r;l"(s))[Yh7fl (s") —Vﬁl(slﬂ

<0 Induction hypothesis

< by (s, 7y () + (P =P 1) (- | 5,73 (5)) - Vi (D.4)
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We now focus on the last term. Observe that

(P=P" 1) (- |5, m"(s)) - Vil =
=(P—P" ) |5,7(5) - Viis + (P=P" N [ 5,7 (5)) - (VE = Vi)
< b (s, m(s)) + (P=P N s, m(s) - (VA = Vi) (OwEP"! (m) holds)

36H’B; 'SL,, B, .
< bt (87 (5)) + T (s, () V 1 + 32 B (s (s) [(Vh—H = Vig)(s )]

/\
\_/

() 36H>B; 'SL,, B, . /
< bpvl h(s7 Efrln(s)) + l’lmil(S, 71'2”(5)) V1 + 32H?2 E[_’m_l(-|s,7t;l"(s)) [(V}?j-l _—;’ln-i—l)(s )]

(2 2Varp(. (s zn(s)) (Vi 1)Lm 41H3B'SL,,

nmfl(s’yr]’f(s))\/l nmfl(s,ﬂf;ln(s))\/l
B,
3o

Epnt(gsmnisy [(Vim i1 = Vi) ()]

where (a) holds by applying Theorem D.2.13 while setting & = 32H*B;!,C; =2,C, =2
and bounding 2C; + aSC; /2 < 36H?B; 'S (assumption holds since N,,E? (m) holds), (b)

holds by the induction hypothesis, and (¢) holds by plugging in ", ,. Plugging this back

pvl.h°
into (D.4) and plugging the explicit form of the bonus b;”(s, a) we get

\/Var,smfl(.hﬂzn(s))(Kﬂ]) - \/Varp(.w;ln(s))(vh*#)
(D.4) < —/2L,,
\/nm—l (5, 2" (s)) V 1

21H3B'SL,, B, _
- nm_l(s,ﬂ;l*"(s))\/l Sar o s Vi () = Vil ()

B, . , 21H?B; 'L,
< 30H2 Epn- (e ls,m(s)) [Vh+1(s )= Vi (s )} + m

5. i ho 21H?B;'SL,
= oS Clsampon Vi ) = Vi 6] = s oy

=0,

where the last inequality holds by Lemma D.2.11 while setting o = 32H?B;! and bound-
ing (5+ a/2)B, < 21H3B;!. Combining all the above we concludes the proof as

V' (s) = V"(s) < (D.3) < (D.4) < 0.

]

Finally, using similar techniques to [EMSM?21], we can prove an additional high prob-
ability bounds which hold alongside the basic good event G;.
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Lemma D.2.3 (The Good Event). Let G| be the event defined in Theorem D.2.1, and define

the following random variables.

Y = Vi (si) — Vi (i)
Y, = Varp(gn g (Vi)

2
H
' = (Z C(S?,aZ)JrCf(S%l))

h=1

. 2
Y= (Z c(shap )+ cp(spyr) Him =H}>

h=1
T
Yt =Y clsisap) + (i) {hm =H}.
h=1
The second good event is the intersection of two events Gy = EOF N EVar 0 ESecl q ESec2
E* defined as follows.

M M
EOP:{Vhe[H],lez ZE[Yl"jh|U,T]§68H2LM+(1+—) Z }

m=1
M H M H
EV”:{Vle ZZ 16H Ly 42 ZZ Yzh]U’"}

M
ESecl — {vM >1: Y EY"| 0™ <68H Ly +2 Z vy }

m=1 m=1

ESec2 _ {VM >1: Z Yi" < 16H4LM—|-2 Z E[Yin ‘ Um]}

m=1 m=1

M M
ECoS — {VMz 1: Y v"<8HLy+2 Y E[¥| U’"]}.

Then, the good event G = G NGy holds with probability at least 1 — J.

Proof. Event EOF. Fix h and M. We start by defining the random variable W = {V/"(s)—
Vi'(s) > 0 VYh € [H],s € &}. Observe that ¥;" is U} measurable and also notice that
W™ is U™ measurable, as both 7" and V," are U"-measurable. Finally, define ym =
wy". Importantly, notice that Y™ € [0,2H] almost surely, by definition of W™ and since
V/"(s),V7'(s) € [0,2H] by the update rule. Thus, using Theorem D.5.2 with C =2H > 1,

we get

M M
1 i 2HM(M +1
Y E[F| O] < (1+—>ZY}7’+68H210g%,
4H ) =

m=1
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with probability greater than 1 — &, and since W™ is U™-measurable, we can write

M M HM (M
2 E[y|0"] < (1+4—> ) WY+ 68H log =& (D.5)

m=1

Importantly, notice that under Gy, it holds that W” = 1 (by Theorem D.2.2). Therefore,
applying the union bound and setting 6 = 6 /(2HM (M + 1)) we get

»
K
S
D)
o
"

;-U
)

IN
M=

il
ﬁMz |§|M8 EM&; \§|M8

>
I

—_

—_

;-U
)

I
M=

M 1) & 2HM(M +1)
EY™0" > (1+-— Y +68H*log ————— > NG
(L oman> (1) E s G o
M 2HM (M + 1
{ W™E[Y' O] > (H——)Z ’"Y,’l"+68Hzlog$ NG

M
L 5
M M
Y WTEY"|0)) > <1+—) Z "y 4+ 68H?1 g%>

m=1

;-U
—

IN
M=

m=1
m=1 — o

>
Il

—_

—_

o
(M+1)

IN
M=

=5/2,

T
N
m

where the first relation is by a union bound, the second relation follows because W™ = 1

under Gy, and the last relation is by (D.5). Finally, we have

Pr(G) < Pr(G,NG;) +2Pr(Gy) <

| &

25
+5 =3

Replacing § — §/5 implies that Pr(EOP N G;) < %

Event EV*, Fix h € [H]. Observe that Y, o 18 U™ measurable and that 0 < Yy, < 4H". 2
Applying the second statement of Theorem D.5.2 we get that

M§

M
Z?s

_ 1
E[Y;|0"] + 16H* log <.

1

m

By taking union bound, as in the proof of the first statement of the lemma on all € [H]
and summing over h € [H|, we get that with probability at least 1 — §/10 for all M > 1 it
holds that
M H M H
Y Y v <2y Y ENI0™ + 16H Ly.
m=1h=1 m=1h=1

Event E5°!, Observe that Y}" is U™ measurable and that 0 < ¥J* <4H 2. Applying the
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first statement of Theorem D.5.2 we get that

M
) 1
Ely"0™ <2} Y™+ 50H*1og —.
Y5 U™ < Z 3 + g s

1 m=1

(NS

m

By taking union bound we get that with probability at least 1 — & /10 the event holds.
Event E5¢2, Observe that Y{" is U™ measurable and that 0 < Y;" <4H 2. Applying the
second statement of Theorem D.5.2 we get that

M M 1
Z y/r<2 Z E[yy" |U’”+16H210gg

By taking union bound we get that with probability at least 1 — & /10 the event holds.

Event E°'. Observe that Y" is U™ measurable and that 0 < Y$" <2H. Applying the

second statement of Theorem D.5.2 we get that

Mi

u 1
Z Y’"]Um]+8Hlog6

m=1

By taking union bound we get that with probability at least 1 — & /10 the event holds.

Combining all the above. We bound the probability of G as follows:

Pr(G) < Pr(G;)+Pr(EOP NG, ) +Pr(EVa) 4 Pr(ESecl) +Pr(ESec?) 4 Pr(Eos) <

D.2.2 ULCVI is admissible

By the definition of the algorithm and its regret bound in Theorem 6.4.1, it is clear that
properties 1,2,3 of the admissible algorithm definition hold. Thus, it remains to show prop-
erty 4 by bounding wyy cvr. In order to show that wyr cyr = O(H*B;2S), we need to show
that if the number of visits to (s,a) is at least «H*B;2Slog @ (for a large enough uni-
versal constant o > 0) then ||P(- | s,a) — B(- | s,a)|1 <1/(18H) and |c(s,a) — &, (s,a)| <
B,/H (under the good event), where P, ¢ are the estimations used by the algorithm to
compute its optimistic Q-function (i.e., these are the empirical transition estimate and the

empirical cost estimate plus the bonus).
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Indeed, by event Ny,;~0E?(m),

IP(- [ s,a) = P(- | s,a)|l = |P(- | s,a) = P(: | s,0)]|1
3 2 3 2
_ ZSIOg 16M5HS A N ZSlOg 16M5HS A
- n(s,a) n(s,a)
o 4B N 1682 o
~ VaH?  aH* ~ 18H’

for a > 5800, where the first inequality holds by Jensen inequality and since event N,,,~oE” (m)

holds. By the definition of the exploration bonuses we have

lc(s,a) — (s, a)| < |c(s,a) —E(s,a)|+be(s,a) +bp(s,a)

2B2 log% N 72H3B; 'Slog % N B.omaxy Vii1(s") = Vg (s)
n(s,a) n(s,a) 16H?

12B2 | 800B. B, _B.

SVamrt am TT6H - H

<3

for o¢ > 5800.

Finally, note that although our algorithm does not update the policy in the beginning
of every episode (only when the number of visits to some state-action pair is doubled), this

only implies that the constant & needs to be doubled.

D.2.3  Proof of Theorem 6.4.1

As in the proof of UCBVI, before establishing the proof of Theorem 6.4.1 we establish the
following key lemma that bounds the on-policy errors at time step / by the on-policy errors
at time step £+ 1 and additional additive terms. Given this result, the analysis follows with

relative ease.

Lemma D.2.4 (ULCBVI, Key Recursion Bound). Conditioning on the good event G, the
following bound holds for all h € [H)|.

1=

M 3 1 M mm
_ 310H’B; 'SL,, V(s a
,;"(sﬁ)—zzl(sg)§68H2LM+Z e, . + Y 4vL, i 4y)
(spap) Vv m—1 \/

(s alt) vl

VaI-P (-|spait) h—:ll) 1 2u
+ Z 2+/2L,, \/ . + <1+—) Z (Vﬁl(S?+1)—ZT+1(S?+1))-

\/n’" L ap) vl 2H) .=
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Proof. We bound each of the terms in the sum as follows.

Vit (si) = Vi (si) = 268 (sif @) + 265 (it @) + Epm-rgn gy Vi1 (551) = Vi (570)]
—2bm(sh,ah)+2bz1(sﬁ,a’;f)
+Epjman Vit 1 (5h1) = Vi ()] + (P = P)Clsitsai) - (Vi = Vi)
< 207" sy ap) + 26y (sp apy)

8H2SL,y
(s alt) vl

1 o o
I+ ﬁ) Er Isi i) Vika (i) = Vi (i),
(D.6)

where the last relation holds by Theorem D.2.13 which upper bounds

_ _ SH?SL 1 _
i
(P =P)(-Isi,ay) - (Vi = Vi) < nm—l(sﬁ,a;’:f)\/l + EEP(-|s;,”,a;,")[Vﬁ1(SZ1+1) = Vil (i)

by setting o = 4H,C; = C, = 2 and bounding HL,,(2C; + aSC; /2) < 8H?SL,, (the as-
sumption of the lemma holds since the event N, E”(m) holds). Taking the sum over
m € [M] we get that

M M M
Z Vh Sh S Z Sh?‘lh + Z 2bm Sh,ah)
m=1 m=1 m=1

M 8H2SL,,

+
m—1
a (s ap)

—I— Z (1 + _) Ep(fsy ,aZ")[Vﬁl(s?H) — ViG]

(D.7)

The first sum is bounded in Theorem D.2.5 by

M 2¢(st, al") Ly, M 10L,
h “h m
Z (%) Z_"\/n \/1+an 1(shm,a;l”)\/1’

m— 1
m=1 Sh7ah)

and the second sum is bounded in Theorem D.2.6 by

\/ Varp( g (Vi)
\/nmfl(sf,af) V1

M 3 1
139H°B, " SLy, —
: P(sh’ah) = 1nm ](Shvah \/1 Z

Mxs

m
-t }
t3n Ep1sram Vi (i) = Vil (i)

m=1
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Plugging this into (D.7) and rearranging the terms we get

e f (s}, a)) L N % > /3L \/Varp Clgran (Vi)
m=1 \/n’" Lt al) vl m=1 \/n’" Ly am v

M 3p—1
286H°B, 'SL,, 1 _
ﬁ;MHW,UW+O+gﬁgfm%mm&wm—mM%m

1
< 68H Ly + f 2v2L,, f 286H°B; 'SL,,

m=1 \/nmfl(sg,ahm) V1 m=l ! (s ap) V1

imi

\/VEer h 7ah hﬁ"nl) 1 M 71 m m m
+ Z 2y/2Ly, + (1 +—> Y V(i) = Vi (i),
\/nm Hspal) v M) 5=

where the last inequality follows since the second good event holds. 0

Proof of Theorem 6.4.1. Start by conditioning on the good event which holds with proba-
bility greater than 1 — 8. Applying the optimism-pessimism of the upper and lower value

function we get

V(ST (D.8)

HME

M
Z —Vi(sT)

Iteratively applying Theorem D.2.4 and bounding the exponential growth by (1 + %)w <

e < 3, the following upper bound on the cumulative regret is obtained.

M H 3p—1
930H3B!SL
D.8) < 204H°B; 'L X _m
( ) M+Z an_](SZZ,aZL)\/l

m=1h=
M H 12. /¢ Sm,am \/L Varp |Sm m ( h+1)
by Y 2Vl h)’"+9zz NGE)
m=1h=1 \/nm_l(sﬁ,af)\/l m=1h= nm=1(si all)

We now bound each of the three sums in Equation (D.9). We bound the first sum in
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Equation (D.9) via standard analysis as follows:

M H 3p-1
H B, 'SL,,
ZZ I( §H3B 1SLMZZ T
et A P (s A ) V me i1 Sh’ah)\/l
— H3B_'SLy, ZZZh 1|{S;;—S“h—a}
5 n=1(s,a)Vv1
3p—1 m=1( |{Sh s,a, =a} 4p—1a2
<H’B, SLMZZI{n (s,a) > H}=" +2H*B,'S*ALy

n"1(s;a)Vv1

m=1s,a

< 3H’B_'S?ALylog(MH) +2H*B, ' S?ALy,,

where the last inequality is by Theorem D.2.12 that bounds Y, ; , {n"~ (s,a) > H} L :Z,L{sl”(v :)6311_&} <

3SAlog(MH).

The second sum in Equation (D.9) is bounded as follows.

c(sy,a )Ly, c(sp,a) )Ly

{n" (s a") > H} +2HSALy

393

AVt [ (s a) v At e (s a) v

(a) M H M H nmfl § g
gm\ch@g,ag). y 3 =

+2HSALy

(b)
< +VLy

\ £

M H
<V/3SALy Z Y c(spral) +cp(sh., ) +2HSALy

_
=
I
—_

MHSA
< 0<\/B*SAMLM+H3 1524 10g3/2 T>'

where (a) is by Cauchy-Schwartz, (b) is by Theorem D.2.12, and the last inequality is by
Theorem D.2.7. The third sum in Equation (D.9) is bounded in Theorem D.2.8 by

M H \/LmvarP( smamy (Vi) M H \/VarP(~\sm,a y(ViED)
2 ) " <VLu ) ) —
m=1h=1 (st all) m=1h=1 nm=1(st a))

(L, increasing in m)

MHSA

< VLn- 0<\/B§SAMlog(MH) +H'B; ' *Alog —

). (Lemma D.2.8)

O
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D.2.4 Bounds on the cumulative bonuses

Lemma D.2.5 (Bound on the Cumulative Cost Function Bonus). Conditioning on the good
event the following bound holds for all h € [H].

2¢(s), al")L M 10L,,

M M
L i < b \/ P VT A TV

Proof. By definition of b and since the event N, E<"(m) holds, we have

Y ) = Y |t (O L
= ’ =\ (st ap) v e (s ap) VL
- i”: \/ 2Vargn g (¢)Lm N 2L, |Varsm an(c) — Vargzn ;mJ,l(c)‘ 5L,
=\ (s a)) v (s alt) vl (s alt) vl
- i”: \/ 2Vargn gn(c)Lin 10L,,
=\ s ar) v e (s at) v

where the first inequality holds since vVa+b < VA + y/ |b|. Finally, notice that for ev-
ery (s,a) € .¥ x o/ the variance of the cost is bounded by the second moment, which is

bounded by the expected value c¢(s,a) since the random cost value is bounded in [0,1]. [

Lemma D.2.6 (Bound on the Cumulative Transition Model Bonus). Conditioning on the
good event the following bound holds for all h € [H].

\/nmfl(sf,a’;f) Al

1 ¥ _
+ 77 2 Ercispran Vit (5hn) = Vil (7))
m=1

ME

M 139H3B; lSL
sh,ah Z | Z /2L,

m=1 m=1 (sh ’ ah

Proof. First, by applying Lemma D.2.13 with oo = 8H,C; = C, = 2 and HL,,(2C; +
aSC /2) < 12H?SL,,, we have

Epni(s.a) Vi1 (s) = Vit 1 ()] = Ep s (Vi1 (8) = Vit ()] + (P" ' = P) (- | s,a) - (Vi = V)

o ) / / 12H?SL,,
< gEpetsa Vi () = Vi (DI + T

(D.10)
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Thus, the bonus 5! (s,a) can be upper bounded as follows.

var pm— 1(Js,a) Vh+1)L 1 _ 62H3B;'SL
m _ ‘rm / _Vm / e Pk PEm
b (s,a) < \/_\/ n1(s;a)Vv1 16HEPm71(‘|Sv“)[ h+1<s) —h+1(s ) n1(s,a)Vv1

Vaer 1 |S a h+1)L 9 _ / / 74H3B:1SLm
: \/_\/ =1 (s,a)V 1 + 1agr ECa Vit () = Vi (s )Hnm—l(s,a)vr
(D.11)

We bound the first term of (ID.11) to establish the lemma. It holds that

N ¢ Varpn-1(sa) (Viter) _ T \/ Varpn-i([s.0) (Vi) = \/ Varp (5. (Viiy 1)
A\ T s @)V 1 )
(0
\/ Varp(js.a)(Vis1) = \/ Varp(.(s.q) (Vi 1)
n"1(s,a) V1
(i1
V2L [Varp s (V)

n"1(s,a) V1

>

++/2Ly,

-

7

+

Term (i) is bounded by Theorem D.2.11 (by setting & = 32H and (5 + &/2)B, < 21H?),

T \/VarP’”l |sa)( \/VarP |sa)( h+1)< 1 E. [V* (s') —y™m (S/)}—i- 21H°L,
nm- l(s a)V1 =32f P (e Ll i n"=1(s,a)

Following the same steps as in (D.10), we get

* 12HSL
Ercisa) Vi ) = Vil (D] + o 5

oo \©

Epm—l(.\w) [V};—l(sl) __hm+1(s/)} <

and thus,
9 33H2SL,,

(1) < SsegzErtisa) Vi1 () = Vit ()] + n=1(s,a) V1’
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Term (ii) is bounded as follows.

\/V3rP 1sa) Vi = Vith)

(ii) < (By Lemma D.5.3)

n"1(s,a) V1

¢EP (s [V () = ViEL ()?)

n"1(s,a) V1
\/ZHEP |sa)[< h+1( ) Vhﬂ-:ir-nl( /))] m

0 %A / . v / 2H

nm=1(s.a)Vv1 O=Vi) =V () =28

1 - . 32H?
< 64—HEP(-|s,a)[(Vh+1( )= Vi ()] + W'

(ab < éaz + %bz for ¢ = 64H)

Thus, applying V" > VF" > V;* > V" (Lemma D.2.2) in the bounds of (i) and (ii) we get

139H3B1SL,,  V2Lm \/Varp (lsa)(ViE1)

1 _
m < m(s"y — V(s
b (s,a) < 8HEP('|S’a)[(Vh (s) = VR () + n"=1(s,a) V1 n1(s;a)Vv1

Y

and summing over m concludes the proof. [

Lemma D.2.7 (Bound on Cost Term). Conditioning on the good event, it holds that

M H

MHSA
Y Y. clsfail) +erl (s41:1) < O(B.M + H*B 25 log ).
m=1h=1

0

Proof. Denote by h,, the last time step before reaching an unknown state-action pair (or

H if it was not reached). By the event E“°" we have

M H M H
Y ) c(siay) +ep(sh) = Zl< Y c(s’,?,ahm)+cf(sf+1)l{hm#H})

m=1h=1 h=hpy+1

M hm
+ Z (Z c(sy,ap) +cr(sp ) hm :H}>

m=1 \h=1

MHSA &
§20€HSB:252A1 Z <Z Sh,ah +Cf Sh+1)|{hm—H}>
5p—2c2 HSA g E m
< 100H’B, “S“Alog Z Z c(spap) +cr(sp OH{hm=H} | U
MHSA
< 0<H53;252A10g = +B*M>,
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where the second inequality follows since every state-action pair becomes known after the
number of visits is aH*B;2Slog A%, and the last one by Theorem D.2.10. ]

Lemma D.2.8 (Bound on Variance Term). Conditioning on the good event, it holds that

m

M H Varp( ‘sm am) (V/’l 1) MHSA
y ¥ / o < 0(\/335AM10g(MH)+H3B;1S3/2Alog )
m=1h=1 nm=1(s al)

Proof. Applying Cauchy-Schwartz inequality we get

M H Varp (s a h”fl) M H VafP(-\sm,am)(Vth)
gy § g e

1 \/nm_l(sh,ah)\/l m=lh=l \/nm_l(sZ’,af)\/l

\

H{n™ (s ") > H} +2H?SA

NS

M H
. - 2
lhzlvarP(~sZ'7aZI)(Vh75r1) Z Z mfl(sg,ahm) V1 |{nm l(sz17az1) > H}+2H SA

H
Y Varp(gn on (ViE')\/3SAlog(MH) +2H?SA (Lemma D.2.12)

h=

IA
_—
1=

m

+ 16H3Ly;+/3SAlog(MH) +2H*SA

H
Z Varp(.|szl7azl)(vhﬁn1) o

g\sz

m=1 =
(Event E V2 holds)
M H _
<3, Y E| Y Varp( g (V) | U™ | \/SAlog(MH)
m=1 =1
177/ SAH? log(MH)Ly +2HSA (Vatb<Ja+vb)

Um|+/SAlog(MH)
h=1

2
(a) d c m ,m m T
=3 ZE ZC(Sh>ah)+cf(Sh+1)_V1 (s1)
m=1

+7\/SAH? log(MH)) Ly, + 2H>SA

Um| /SAlog(MH) +9H>SALy

MI;SA)’

(b) M el ’
<3 | Y E[[ X clspar)+ep(sp,))
m=1

h=1

< 0(\/B§SAMlog(MH) +H3B'53?Alog

where (a) is by law of total variance [AOM17], see Lemma D.2.14, (b) is because the

variance is bounded by the second moment, and the last inequality is by Theorem D.2.9.
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D.2.5 Bounds on the second moment

Lemma D.2.9. Conditioning on the good event, it holds that

MféSA)

2
M H
Y E Y clpa)+epsy) ] |07 < 0<BZM+H63;2S2Alog
m=1 h=1
Proof. Denote by h,, the last time step before reaching an unknown state-action pair (or

H if it was not reached). By the event ES¢‘! we have

T

2
H
<Z Sh7a/’l +Cf(sh+1)> +62H4LM

\®)
\iME

2
E (Z c(syap) +Cf(Sﬁ+1)>

=1

M=

1

=

2
H
) c(sf,ahm)—l—cf-(sﬁl)l{hm#H}) +62H* Ly
h=hy,+1

|
< N
X <
N

e 2
4 Z‘I<Z c(sysap) +ep(spi)l {hm—H})

60w, MHSA M [n ?
< 300aH’B,"S"Alog—c— +4 Yo X ey ap) +cp(sy ) ) hm = H}
m=1 \h=1
HSA M hm 2 _
< 400aH®B2S?Alog +4 Z E|| Y clsihap) +ep(sy ) hm=H} | | O™
h=1
MHSA
< 0(H6B;252Alog = +BEM>,

where the third inequality follows since every state-action pair becomes known after the
number of visits is aH*B, 2Slog Y54 the forth inequality by event ES¢2, and the last
one by Theorem D.2.10. U

Lemma D.2.10. Let m be an episode and hy,, be the last time step before an unknown
state-action pair was reached (or H if they were not reached). Further, denote by C" =
Zh’” c(syap) +cp(sty ) hm = H} the cumulative cost in the episode until time hy.
Then, under the good event, E[C™ | U™] < 3B, and E[(C™)? | U™] < 2-10*B2.

Proof. Consider the following finite-horizon MDP .#™" = (SU{g},A,P",H,c", c;c”) that

contracts unknown state-action pairs with a new goal state, i.e., ¢"'(s,a) = c(s,a)l{s # g}

148



and 7 (s) = cs(s)l{s # g} and

0, (s',my" , (s')) is unknown;
P(s' | s,a) =< P(s' | 5,q), s' # g and (s',m" | (s)) is known;
1-YpesrP(s" |5,a0), s'=g.
Denote by V" the cost-to-go function of 7 in the MDP .#Z". Moreover, we slightly abuse
notation to let P be the transition function induced by 2”~! in the MDP .#™ similarly
to P, and V" the cost-to-go function of 7" with respect to P! (and cost function

an = gn—1 — b — bZ’). By the value difference lemma (see, e.g., [SERM20]), for every
s,h such that (s, ;" (s)) is known,

Vi (s s)+ Z E[ (spryap) —Ep(spyan) | sn :s,Pm,n'm]

+ Z E|:(P;Z/1( | sh/,ah/) —I’;hn}( | sh/,ah/)) _‘7m | Sy = S,Pm,ﬂ'm]

W=h
<Vi'(s)+H max |c(s, i (s)) — & (s, ()| + HI[V™ | max [P (-]s, 75t (s)) — Py (-]s, 77 ()]
(577.[/1/(5)) (S77th/(s)
known known

<VP(s)+H max |e(s.7f}(s)) — Ep(s,70(s))
(s, (s))

known

+2H||V" | max IIP( |5 7 (5)) = P~ (-Is, 3 (s)) s

§,TC h’ K
known

<Vy (s)+H max |c(s,my(s))—C(s, my(s))|+2HB, max HP( |5, 7 (s)) — P~ (s i (s) I,
(s, 7'5,1/(?)) (s, h/(s
known known

where the last inequality follows by optimism and since V;(s) < B,. Thus, by Sec-

tion D.2.2 (since all state-action pairs in .#"™ are known), we have that V" (s) < V;*(s) +

2B, < 3B,. Notice that C™ is exactly the cost in the MDP .#™, so E[C™ | U™] < 3B,.

Similarly, we notice that E[(C™)2 | U™ = E[(C)?], where C is the cumulative cost
in .#Z™, and we override notation by denoting C = Zle c(sn,an) +cr(sp+1). We split
the time steps into Q blocks as follows. We denote by #; the first time step in which we
accumulated a total cost of at least 3B, (or H + 1 if it did not occur), by > the first time step
in which we accumulated a total cost of at least 3B, after 1, and so on up until 1o = H + 1.
Then, the first block consists of time steps 7o = 1,...,¢; — 1, the second block consists of

time steps #1,...,2 — 1, and so on. Since V;"(s) < 3B, we must have c(sp,a;,) < 3B, for
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alh=1,....
i 2
Z c(sp,an) +cr(sgi1) >E
h=1 =

:EZ

> E[3B*Q]

by Jensen’s inequality. On the other hand,

H 2 H
E [(Z c(sp,ap) +cf(sH+1)> ] = E[(Z c(sp,ap
h=1 h=1

2
c(sn,an) +cr(sur1) — Vf"(Sl))

M=

SZE(

h=1

M

<2E

—
~—

h=t;

i4EL§)

c(sn,an) +cr(sh+1)

Q—1t41—1 2
Z c(snan) = Vi (s;) + Vi (s

0-1 (ti1—1 2
Z C(Sh,ah) V (sz)+‘/t+](stt+l)

< 4E[Q- (9B,)?*] + 18B> < 324B2E[Q] + 18B2.

H and thus in every such block the total cost is between 3B, and 6B,. Thus

2

2
c(sp,an) + Cf<sH+1)]

= 9Bi [0]%,

2
) +cr(susr) = Vi"(s1) +V{"(S1)> ]

—|—2V1m(sl)2

+ 1882

+ 1882

For (a) we used the fact that E[Zt’“_ c(sp,an) — Vi, (s;) + Vi, (s1,,, )] = O using the Bell-
man optimality equations and conditioned on all past randomness up until time #;, and the

fact that #;11 is a stopping time, in the following manner.

fiy1—1 (11 —1
E[ Y C(Sh7ah)_VIT(SG>+VIZ1(SG+1)] =E C(Sh»ah)—V;:"(Sh)JrVﬁl(ShH)]
h=t; L h=t;
[l+1 1 7
“E| L E |c(snan) = Vi (s1) + Virty (sn41) | 31
-li+1*1 7
—E| Y cloman) +E[ Vi (sner) [ si] = Vi(sn)
L h=ti _
Thus, we have
9B2E[Q]* < 324BE[Q] + 18B2,
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and solving for E[Q] we obtain E[Q] < 37, so

M=z

2
E[(C™)?*| 0™ :EK @(sh,ah)+@f(sﬂ+1)> ] <2-10*B2.

h=1

Lemma D.2.11 (Variance Difference is Upper Bounded by Value Difference). Assume
that the value at time step h+ 1 is optimistic, i.e., V' (s) <V (s) for all s € 7. Con-
ditioning on the event N, EP"?(m) it holds for all (s,a) € ¥ x </ that

‘\/Varpmfl(.‘s’a) (K}T—H) - \/Varp(.‘w) (Vh*ﬂ)‘ < 1 E [V* ( /) v /)}
—Epn-1(5a §)— X §
1 (sa) v 1 B

(5 + (X/Z)B*Lm
" (s,a)Vv1’

v/ 2Ly,

for any o0 > 0.

Proof. Conditioning on NM,,EP"?(m), the following relations hold.

’ \/ Varpn-i(js.a) (Vi) — \/ Varpjs.q) (Viﬂ)) < ‘ \/ Varpn-i(.j5.a) (Vi) — \/ Varpn-i.[s.a) (Viﬂ))

_ 12BiLm

n1(s,a) V1
< \/V3rpm—l(.‘s7a)(vl’;|<+1 Vi) + #ﬁ:;ﬂ\/l
< \/Eﬁm—l [(Viia () = V3 ()] + %
< \/B*Eﬁm—l Vi () = Vi ()] + %7

where the second inequality is by Theorem D.5.3, and the last relation holds since V',  (s'),V}". | (s') €
[0, B] (the first, by model assumption, and the second, by the update rule) and since
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Vi1 (s") > Vi | (s') by the assumption the value is optimistic. Thus,

‘\/Vél.rpm—l(.b’a) (KZZ-]) - \/Varp('|s»“)(v}:<+1)’ <

/2Ly,

nm_l (Sa a) }
" 2B*Lm
< VB Vi ) =Y 0O s T
V24B,L,,
nm_l (S, Cl) \VA |
1 . (5 + (X/Z)B*Lm
S aEPm—l [Vh+l(s/) _—Zl-f‘l(S/)] + nmil(s,a) V 1 ’
where the last inequality is by Young’s inequality, ab < éaz + %b2, ]

D.2.6  Useful results for reinforcement learning analysis

Lemma D.2.12 (Cumulative Visitation Bound for Stationary MDP, e.g., [EMM21], Lemma
23). It holds that

M H {5 = m __
Y Y H{n"(s,a0) > H}Zh:lnif}i G :Sc\ljll a} < 3SAlog(MH).
m=1 s,a ’

Proof. Recall that we recompute the optimistic policy only in the end of episodes in which
the number of visits to some state-action pair was doubled. In this proof we refer to a
sequence of consecutive episodes in which we did not perform a recomputation of the
optimistic policy by the name of epoch. Let E be the number of epochs and note that E <
SAlog(MH) because the number of visits to each state-action pair (s,a) can be doubled at
most log(MH) times. Next, denote by 7i°(s,a) the number of visits to (s,a) until the end

of epoch e and by N¢(s,a) the number of visits to (s,a) during epoch e. The following
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relations hold for any fixed (s, a) pair.

M H {s"=s,a"=a
Z |{nm 1 S a >H}Zh:1 { h “h } _
= n1(s,a) V1

{7 (s,a) >H}L“Esac)l)
N¢(s,a) 7(s,a)
i¢(s,a) i¢=1(s,a)

Il
M=

o
I
—_

{7 (s,a) > H}

Il
M=

e=1
E NG s.a
<3 ; {ﬁe—l(s,a) > H}]f\l]e((s,’a))
i(s,a) — i€~ (s,a)

{7 (s,a) > H}

|I
Mm

ne(s,a)
{1 (s,a) > H}log(%)

<3t (s,a) > HY(logii® (s,a) —log(H))
<3log(ii” (s,a) V1),

o
Il
—

<3

Mm

o
I
—_

~e—1
where the first inequality follows since ﬁ:l Es( a)) < znﬁe_(ls(’salj)LH < 3 for #°"!(s,a) > H,

and the second inequality follows by the inequality % <logj fora > b > 0. Applying

Jensen’s inequality we conclude the proof:

ZZI{nm Y(s,a) > H} =" et Mokt = 5, = aj §3Zlog(ﬁE(s,a)\/1)

ol nm1(s,.a)Vv1
< 3SAlog (ZﬁE (s,a))

s,a

< 3SAlog(MH).

Lemma D.2.13 (Transition Difference to Next State Expectation, [EMSM21], Lemma
28). Let Y € RS be a vector such that 0 < Y (s) < 2H for all s € .#. Let P, and P, be
two transition models and n € RSA. Let AP(- | s,a) € RS and AP(s'|s,a) = Py(s/|s,a) —

Py(s'|s,a). Assume that

Clepl (s’|s,a) C2Lm
n(s,a) V1 n(s,a)Vv1’

V(s,a,s") € .S x o x . he|H|: |AP(s']s,a)| < \/
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for some C1,Cy > 0. Then, for any o > 0.

HLm(2C2 + aSCq /2)
n(s,a) V1

1
AP( ] 5,) Y] < —Ep 10 [V ()] +

Lemma D.2.14 (Law of Total Variance, e.g., [AOMI17]). For any 7 the following holds.

H

2
H
E ZVarp(.‘Sh’ah)(Vhﬂl) ’ 717] =E <Z C(Shvah)‘f‘cf(sH-i-l)_Vln(sl)> ||
h=1

h=1
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D.3 Extending the reduction to unknown B,

In this section we assume B, > 1 to simplify presentation, but the results work similarly for
B, < 1. To handle unknown B,, we leverage techniques from the adversarial SSP literature
[RM21b, CL21] for learning the diameter of an SSP problem. Recall that the SSP-diameter
D [TGV™'20] is defined as D = maxgc o ming.s_,4 T™(s). So to compute D we can find the
optimal policy with respect to the constant cost function ¢ (s,a) = 1, and compute its cost-
to-go function. [RM21b] utilize this observation to estimate the SSP-diameter. They show
that one can estimate the expected time from a state s to the goal state g by running the
Bernstein-SSP algorithm of [RCMK20] with unit costs for L = O(D2S2A) episodes and

setting the estimator to be the average cost per episode times 10.

Inspired by their approach, we use the Bernstein-SSP algorithm on the the actual
costs, in order to estimate the expected cost of the optimal policy. Although Bernstein-SSP
suffers from sub-optimal regret, we run it only for a small number of episodes and there-
fore we will only suffer from a slightly larger additive factors in our regret bound, but keep

minimax optimal regret for large enough K.

By similar proofs to Lemmas 26 and 27 from [RM21b, Appendix J], we can show
that the cost-to-go from state s can be estimated up to a constant multiplicative factor by
running Bernstein-SSP for L = 5(T*2S2A) episodes. This is demonstrated in the follow-
ing lemma, where the upper bound follows from the regret guarantees of Bernstein-SSP
and the lower bound follows from concentration arguments (and noticing that the regret is

minimized by playing the optimal policy, but even then it is not zero).

Lemma D.3.1. Ler s € .7 and L > 2400T2S*Alog? L;SA. Run Bernstein-SSP with
initial state s for L episodes and denote by B, the average cost per episode times 10. Then,
with probability 1 — 9,

* ~

V™ (5) < By < O(B,.).

Thus, we use the first L visits to each state in order to estimate its cost-to-go. A state
which was visited at least L times will be called B,-known, and otherwise B,-unknown
(not to be confused with our previous definition of known state-action pair). To that end,
we split the total time steps into E epochs. In epoch e, we apply our reduction to a virtual
MDP .#°¢ that is identical to .# in B,-known states, but turns B,-unknown states into
zero-cost sinks (like the goal state). For every state s € .’ we maintain a Bernstein-SSP
algorithm %;. Every time we reach a B,-unknown state s, we run an episode of %, until

the goal is reached.
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Note that in the virtual MDP .#Z¢ we can compute an upper bound on the optimal cost-
to-go using our estimates. Epoch e ends once some B,-unknown state s is visited L times
and thus becomes B,-known. Therefore the number of epochs E is bounded by S. The
important change, introduced by [CL21], is to not completely initialize our finite-horizon
algorithm ALG in the beginning of a new epoch as this leads to an extra S factor in the
regret. Instead, algorithm ALG inherits the experience (i.e., visit counters and accumulated

costs) of the previous epoch in B,-known states.

The reduction without knowledge of B, is presented in Algorithm 15, and next we

prove that it maintains the same regret bound up to a slightly larger additive factor.

Theorem D.3.2. Let ALG be an admissible algorithm for regret minimization in finite-
horizon MDPs and denote its regret in M episodes by :%A”A 1¢(M). Then, running Algo-
rithm 15 with ALG ensures that, with probability at least 1 — 20,

~ KT.SA®w KT.SA
Ri < Zarc (4K+ 4-10*SAwy;¢log *T“"' +4-10*T2S’Alog’ T)
KT.SAw KT.SAw KT.SA
+0 (B* \/ Klog *T“” + T, 416SA log? *T“” + T3S Alogt %) ,

where Wyr¢ is a quantity that depends on the algorithm ALG and on S,A,H.

Using the reduction with the ULCVI algorithm, we can again obtain optimal regret for
SSP.

Theorem D.3.3. Running the reduction in Algorithm 15 with the finite-horizon regret min-

imization algorithm ULCVI ensures, with probability at least 1 — 20,

KT,SA KT,SA
Rk =0 (B*\/SAKlog % +T75%Alog® K154 | T3S%Alog

, KT, SA
5 =27,

0
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Algorithm 15 REDUCTION FROM SSP TO FINITE-HORIZON MDP WITH UNKNOWN B,

1:

11:
12:

13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

26:
27:
28:
29:

input: state space .7, action space .7, initial state sj,j;, goal state g, confidence pa-
rameter 8, number of episodes K, bound on the expected time of the optimal policy

T, and algorithm ALG for regret minimization in finite-horizon MDPs.

. initialize a Bernstein-SSP algorithm %, with initial state s and confidence parameter

0/S forevery s € ..

set L = 10*725%A log? %*SA, Yklnown = {sinit} and Ny(s) = LI{s = sinit} for every
se /.
run %y, . for L episodes and set Esmh to be the average cost per episode times 10.

. initialize ALG with state space S =S U {g}, action space </, horizon H =

8T, 1log(8K), confidence parameter %, terminal costs ¢7(s) = 8l{s = sinit}gsimt and

bound on the expected cost of the optimal policy 9B, . .
initialize intervals counter m < 0, time steps counter 7 <— 1 and epochs counter e <— 1.
fork=L+1,...,Kdo
set Sy <— Sinit-
while s, # g do
set m <— m+ 1, feed initial state s; to ALG and obtain policy " = {m" : SN
eV
forh=1,...,H do
play action a; = 7} (s;), suffer cost C; ~ c(s,a;), and set s = s;,a) = a;,C}' =
G.
observe next state ;1 ~ P(- | st,a;) and set <t + 1.
ifs;,=gors; & Y]Jnown then
pad trajectory to be of length H and BREAK.
end if
end for
set sy, 1 = st
feed trajectory U™ = (s{',al,.. ., s}, af;, 5%, ;) and costs {C,Z”}{l”:1 to ALG.
if s, /¢ own then
set Nr(s;) < N¢(s;) + 1 and run an episode of Z,.
if N¢(s;) = L then
sete+e+land A8 -+ Ao Uls).
set Es, to be the average cost per episode of %y, times 10.
reinitialize ALG by updating the terminal costs as Cr(s) = 8l{s €
o own § MaXge e Bs, updating the bound on the expected cost of the op-
timal policy 9maxse #e By and deleting the history of ALG only in state
St.
end if
end if
end while 157
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D.3.1 Proof of Theorem D.3.2

We follow the analysis of the known B, case under the event that Theorem D.3.1 holds
for all states (which happens with probability at least 1 — §), i.e., yr (5) < B, < O(B,)
for every s € .. We start by decomposing the regret similarly to Theorem 6.3.1. Note
that now there is an additional term that comes from the regret of the S Bernstein-SSP

algorithms that are used to estimate B,.

Lemma D.3.4. For H = 8T, 10g(8K), we have the following bound on the regret of Algo-
rithm 15:

7 o i m | A (JN onmt o m 2 3 3 KT.SA
Ry < ZueM)+ Y | Y Ci'+¢5(sfi0) = VT (1) | + O T7B.S Alog —5 )
m=1 \h=1

(D.12)
where M is the total number of intervals.

Remark 6. Note that now each interval is considered in the context of the current epoch,
i.e., the current B,-known states. The finite-horizon cost-to-go V™ is with respect to the
MDP of B,-known states. Moreover, for interval m that ends in a B,-unknown state, the
last state in the trajectory s | will be a B,-unknown state and the length of the interval

may be shorter than H (just like intervals that end in the goal state).

Proof. Every interval ends either in the goal state, in a B,-known state or in a B,-unknown
state. The first two cases are similar to the proof of Theorem 6.3.1 because our estimates
B, in all B,-known states s are upper bounds on % (s). Importantly, we do not initialize
ALG in the end of an epoch and this allows us to get its regret bound without an extra
S factor. The reason is that ALG is an admissible (and thus optimistic) algorithm, so it
operates based on the observations it collected. Another important note is that the cost in
the virtual MDP .Z¢ is always bounded by the cost in the actual MDP .Z .

We now focus on the last case. Recall that if interval m ends in a B,-unknown state s,
then the terminal cost is 0 and we run an episode of the Bernstein-SSP algorithm ;.
Thus, the excess cost of running Bernstein-SSP algorithms is bounded by S times the

Bernstein-SSP regret plus SB,L, i.e., we can bound it as follows
KT, SA KT, SA
SB,L+0 (Bi/ 252\/ALlog % + 7253 A 10g? %) .

To finish the proof we plug in the definition of L. 0
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Next, we bound the number of intervals. Again, we get a similar bound to Theo-
rem 6.3.3 but with an additional term for all the intervals that ended in a B,-unknown state

(there are at most SL such intervals).

Lemma D.3.5. Assume that the reduction is performed using an admissible algorithm
ALG. Then, with probability at least 1 —38/3,

KT, SAw KT, SA

M<4 (K+ 10*SAw,¢log *T“‘" +10*T2S5%Alog? %) .

Proof. The proof is based on the claim that in every interval there is a probability of at

least 1/2 that the agent reaches either the goal state, an unknown state-action pair or a

B,-unknown state. This is proved similarly to Theorem D.1.3 since we can look at the

MDP of B,-known states, and then the claim of Theorem D.1.3 is equivalent to reaching

either the goal state, an unknown state-action pair or a B,-unknown state.

With this claim the proof follows easily by following the proof of Theorem 6.3.3. We
simply define X" to be 1 if an unknown state-action pair or the goal or a B,-unknown state

were reached during interval m (and O otherwise). Then, we have

MHSA
0

M
Y X" <K+ SAwyclog +SL,

m=1
which implies the Lemma following the same argument based on Freedman’s inequality.
O

Finally, we bound the deviation of the actual cost in each interval from its expected
value. The proof is exactly the same as Theorem 6.3.2. The second moment of the accu-
mulated cost until reaching the goal, an unknown state-action pair or a B,-unknown state
is of order Bi, and therefore in almost all intervals (except for a finite number) the accumu-
lated cost will be of order B, with high probability (in other intervals the cost is trivially
bounded by H + O(B,)).

Lemma D.3.6. Assume that the reduction is performed using an admissible algorithm
ALG. Then, the following holds with probability at least 1 —33/s,

KT,SA
+0 <(H +B,)T*S*Alog? —) :

0
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The proof of the theorem is finished by combining Theorems D.3.4 to D.3.6 together
with the guarantees of the admissible algorithm ALG and Theorem D.3.1, similarly to The-

orem 6.2.1.
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D.4 Lower bound

In this section we prove Theorem 6.1.3 which lower bounds the expected regret of any
learning algorithm for the case B, < 1. It complements the lower bound found in [RCMK?20)]
for the case B, > 1.

By Yao’s minimax principle, in order to derive a lower bound on the learner’s regret,
it suffices to show a distribution over MDP instances that forces any deterministic learner
to suffer a regret of Q(1/B,SAK) in expectation.

To construct this distribution, we follow [RCMK?20] with a few modifications. We
initially consider the simpler setting with two states: an initial state and the goal state.
We now embed a hard MAB instance into our problem where the optimal action has an
expected cost of B,. To that end, consider a distribution over MDPs where a special action
a* is chosen a-priori uniformly at random. Then, all actions lead to the goal state g with
probability 1. The cost Cy(sinit, @*) chosen at episode & is 1 w.p. B, and 0 otherwise. The
cost of any other action a # a* is 1 w.p. B, + € and 0 otherwise, where € € (0,1/8) is
a constant to be determined. Thus the optimal policy will always play a* and we have
V*(Sinit) = B

Fix any deterministic learning algorithm, we shall now quantify the regret of the
learner in terms of the number of times that it plays a*. Indeed, we have that the opti-
mal cost is By, and the learner loses € in the regret each time she plays an action other than

a*. Therefore,
E[Rk] > €- (K —E[N]),

where N is the number of times a* was chosen in sjy;;.

We now introduce an additional distribution of the costs which denote by Prypis. Prypif
is identical to the distribution over the costs defined above, and denoted by Pr, except that
Pr[C(Sinit, @) = 1] = B, + € for all actions a € A regardless of the choice of a*. We denote
expectations over Pry,ir by Eynir, and expectations over Pr by E. The following lemma
uses standard lower bound techniques used for multi-armed bandits (see, e.g., [JOA10,
Theorem 13]) to bound the difference in the expectation of N when the learner plays in Pr

compared to when it plays in Pryp;s.

Lemma D.4.1. Suppose that B, < % Denote by Prypita, Eunitar Pra, Eq the distributions

and expectations defined above conditioned on a* = a. For any deterministic learner we

have that E4[N| < Eunira[N] + €K \/Eunifa[N] /B
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Proof. Fix any deterministic learner. Let us denote by Cc® the sequence of costs observed
by the learner up to episode k and including. Now, as N < K and the fact that N is a
deterministic function of C(K), E,[N] < Eunita[N] + K - TV(Prunif?a[C(K)],Pr[C(K)])7 and

Pinsker’s inequality yields

TV( Pr [0, pr[ctF)]) < \/%KL( Pr [C(K] || Pr[C(I]). (D.13)

unif,a unif,a
Next, the chain rule of the KL divergence obtains

KL( Pr [CX)] || Pric™)))

unif,a

Pr [CW]-KL( Pr [Ci(sinic,ax) | CM] || PrlCi(sinic,ar) | CV]),
) unif,a unif,a a
where q; is the action chosen by the learner at episode k. (Recall that after which the

model transition to the goal state and the episode ends.)

Observe that at any episode, since the learning algorithm is deterministic, the learner
chooses an action given C (k) regardless of whether C ) was generated under Pr or under
Prunit o~ Thus, the KL(Pryyit o [Ci (Sinit, k) | C0] || Pra[Ch(sinit, ax) | C¥)]) is zero if ay # a,
and otherwise

KL( Pr [Ce(sinic;ar) | €M || Pr[Ce(simitsar) | ™))

unif,a

E £
— (B, +¢)] (1 —) 1-B,—¢)l (1— )
(Byx+€)log +B* +( «—€)log B,

e2

< 5 /1 p \
- B*(l _B*>

where we used that log(1 +x) < x for all x > —1, and since we assume B, < % and € < %
that imply —&/(1 — By) > —}l > —1. Plugging the above back into Equation (D.13) and

using B, < % gives the lemma. 0

In the following result, we combine the lemma above with standard techniques from

lower bounds of multi-armed bandits (see [ACBFS02] for example).

Theorem D.4.2. Suppose that B, < %, € € (0, %) and A > 2. For the problem described
above we have that
E[Rk] > €K ! £ K
Ki==2\2"%VaB, )
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Proof of Theorem D.4.2. Note that as under Pry,ir the cost distributions of all actions are
identical. Denote by N, the number of times that the learner chooses action a in sjpj.

Therefore,

=K. (D.14)

Y Eunita[N] = ) Eunif[Na] = Eunir [Z N,

acA acA acA

Recall that a* is sampled uniformly at random before the game starts. Then,

ElR] = 5 X EulRe]

acA

> K- Y EN]

acA
1
>Kk-- Y% (Eunifﬂ IN] + €K/ Eunit.aN] /B*> (Theorem D.4.1)
acA
>K—IZE- [N] +eK ! Y Eunital[N] J ’s i lity)
> Y\ unif g B, unif @ ensen’s inequality
acA acA
K | K
=K-— 1 +eK A_B*’ (Equation (D.14))
The theorem follows from A > 2 and by rearranging. ]

Proof of Theorem 6.1.3. Consider the following MDP. Let . be the set of states disre-
garding g. The initial state is sampled uniformly at random from .. Each s € .% has
its own special action aj. All actions transition to the goal state with probability 1. The
cost Ci(s,a) of action a # aj in episode k and state s is 1 with probability B, + € and O

otherwise. The cost of Cy(s,a}) is 1 with probability B, and 0 otherwise.

Note that for each s € ., the learner is faced with a simple problem as the one de-
scribed above from which it cannot learn about from other states s’ # s. Therefore, we can
apply Theorem D.4.2 for each s € .% separately and lower bound the learner’s expected
regret the sum of the regrets suffered at each s € ., which would depend on the number
of times s € .7 is drawn as the initial state. Since the states are chosen uniformly at ran-
dom there are many states (constant fraction) that are chosen ®(K/S) times. Summing the
regret bounds of Theorem D.4.2 over only these states and choosing € appropriately gives
the sought-after bound.

Denote by K the number of episodes that start in each state s € ..

1 K eK 1 3/2
E[Rk] > E{SKS ——¢ } = —¢%/ E[K:'7]. (D.15)
ezy (2 AB*> 2 AB, ezy
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Applying Cauchy-Schwartz inequality gives

Y EK) < ¥ VEKIVEK? = ¥ VERIEIK? + Varlk,

se seS seS
K |K? K 1 2K
=L ysVsrs(i-g) x5
se S S

where we have used the expectation and variance formulas of the Binomial distribution.

The lower bound is now given by applying the inequality above in Equation (D.15) and

choosing € = %\/B*AS/K. O
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D.5 General useful results

Lemma D.5.1 (Freedman’s Inequality). Let {X; };>1 be a real valued martingale difference
sequence adapted to a filtration {F },~o. If |X;| <R a.s. then for any n € (0,1/R),T €N
it holds with probability at least 1 — &,

L L 10g(1/5)
EX?|F_ |+ =1,
z:zi Z |Fi—1] .

Lemma D.5.2 (Consequences of Freedman’s Inequality for Bounded and Positive Se-
quence of Random Variables, e.g., [EMSM21], Lemma 27). Let {Y; },>1 be a real valued
sequence of random variables adapted to a filtration {E}IZO' Assume that for all t > 1 it
holds that 0 <Y; < C a.s., and T € N. Then, each of the following inequalities hold with
probability at least 1 — 8.

T

1 1
Y E[Y|F, 1 Y v, +2(2C 1)%1
~ z|11 (+2C> 1t+ +) Og3

T T 1
) Y Z [Y;|F—1]+4Clog <
=1 =1 )

Lemma D.5.3 (Standard Deviation Difference, e.g., [ZB19]). Let V1,V, : S — R be fixed
mappings. Let P(s) be a probability measure over the state space. Then, \/Var(V}) —
V/ Var(Va) < /Var(V; — Va).
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E Supplementary Material for
Chapter 7

E.1 Examples that illustrate some challenges in adversarial SSPs

E.1.1 Naive application of OMD fails in SSP

In general, the first policy that OMD picks is the one that maximizes the entropy, which is
the uniform policy, i.e., 7%(a | s) = 1/A for every (s,a) € . x 7. Next we show that, in
SSP, this might result in exponential cost of AS already in the first episode. In the finite-
horizon setting, this is not a concern because the cost in a single episode is always bounded
by H, while in SSP it can be infinite.

Consider the following MDP .# = (.7, </ , P, sinit, g) With the state space . = {1,...,S}.
In every state i there is one action a(i) (picked uniformly at random in advance) such that
P(i+1|i,a(i)) = 1, while the other actions return the agent to the initial state sj;; = 1,
i.e., P(1|i,a) =1 for every a # a(i). Finally, the cost function (for the first episode in
which OMD picks %) is simply ¢(s,a) = 1 for every (s,a) € ¥ x o .

Clearly the best policy in this case is to pick a(i) in state i and then the total cost is §
(the SSP-diameter in this example is also §). However, the uniform policy picks this action
only with probability 1/A which yields exponential expected time to reach the goal (and

therefore exponential cost). To see that consider the Bellman equations for 7“:

u 1 u 1 Uu
%4 (i):1+Z'Vﬂ (i+1)+(1_Z)'Vﬂ (1) Vi=1,...,85—1

" 1 1 u
VES)=14+—-0+(1—-)-V*(1).
()= 1450+ (1- ) V¥(1)
Solving these equations gives V™' (sipi) = V™ (1) = % > AS.
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E.1.2 The expected time of the best policy in hindsight might be Q(D/cpin)

The following example shows that the expected time of the best policy in hindsight might

be Q(D/cmin), and therefore there is no better apriori choice for 7.

Consider the MDP .# = ({Sinit}, {a1,a2}, P, Sinit, &) that has only one state (other than
the goal) and two actions.

Playing action a; transitions to the goal with probability 1/D and back to s, with
probability 1 —1/D, i.e., P(Sinit | Sinit,a1) = 1 — 1/D and P(g | Sinit,a1) = 1/D. Therefore,
the expected time of the policy that plays a; is D and so the SSP-diameter is also bounded
by D.

Playing action a; transitions to the goal with probability 2c¢.;, /D and back to si,; with
probability 1 — ZCmin/D, 1.e., P<Sinit | Sinit,az) =1- 2Cmin/D and P(g | Sinit,az) = ZCmin/D-
Therefore, the expected time of the policy that plays a; is P/2¢pin.-

Apriori there is no way to tell if a; or ap will be the best policy in hindsight. For
example, if ¢(sinit,@1) = 1 and ¢(Sinit, @2) = cmin then a; is better, and if ¢(sinir,a1) = 1 and
¢(Sinit; @2) = 3cmin then a; is better. Thus, the smallest possible choice for 7 in this case is
D/2¢min = (D /Cmin)-

E.1.3 A bound on the expected regret does not guarantee a high probability regret bound
in SSP

In most online learning problems, algorithms that guarantee bounded regret in expecta-
tion also guarantee bounded regret with high probability. The way to show this (in most
problems) is by Azuma inequality for bounded martingales. However, the SSP problem is
unique in the sense that guaranteeing bounded regret in expectation is significantly easier
than guaranteeing bounded regret with high probability. This is illustrated by the follow-
ing simple example in which there exists a policy with 0 expected regret, but linear regret
with constant probability of at least 1/30.

Consider the MDP .# = ({sinit, 51}, {a@1,a2}, P, sinit,€) that has only two states (other
than the goal) and two actions. In state sj,j; playing action a; simply transitions to the goal,
i.e., P(g | Sinit;@1) = 1. In this state playing action a; transitions to the goal with probability
p=1-— % and transitions to state s; with probability 1 — p, i.e., P(g | Sinit,@2) = p
and P(s; | sinit,a2) = 1 — p. Moreover, in state 51 both actions have the same effect. They
transition to the goal with probability 1/10k and remain in state s; with probability 1 —1/10k,

ie., P(g|s1,a;) =1/10k and P(s; | s1,a;) = 1 —1/10k for i = 1,2.
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Now consider the simple case where the cost function is the same for all episodes.
Playing action a; always suffers a cost of 1, i.e., ¢(sinit,@1) = ¢(s1,a1) = 1. Playing action
ay suffers cost of ¢y in sipie but cost of 1 in sy, i.e., ¢(Sinit,@2) = cmin and c(sy,a2) = 1.
There are only two policies: 7; plays action a; in state sjpit, and 7> plays a;. Notice that

both policies have the same expected cost since clearly V7 (i) = 1 and

1 —cm
Vm(sinit) :cmin+p~0+(1 —p)~10K:Cmin+TI?m'IOK: 1.

Moreover, both have similar expected time since clearly 77 (sipi) = 1 and

1_ .
T (sinie) = 1+ p-04+(1—p)- 10K = 1+ 103?‘“-101{:2—(:@1]32.

Thus, playing policy 7 in all episodes has optimal expected regret of O since

E[Rx] = E[lgl\/@(smit) _ 1] - E[ki; 1 1} —0.

However, we now show that with probability at least 1/2 the actual regret is linear.
Define the event Ej — in episode k the agent’s cost was at most 2K. Now define E =
ﬂszl E} as the event that E; occurs for all episodes. Notice that if £ does not occur than
the regret is linear in K since in some episode k the cost was at least 2K while the overall
cost of 7 in all episodes is just K. The following lemma proves that event E; occurs with

probability at most 1 — 1/26x and therefore event E indeed occurs with probability at most
(1—1/26K)K < e71/26 < 29/3,

Lemma E.1.1. For every k= 1,...,K it holds that Pr[E}] < 1 — 1/2¢k.

Proof. Recall that E}, is the event that the actual cost of the learner in episode & is bounded

by 2K. The probability of that is the probability to transition to the goal from sj,;; or to
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transition to s; and stay there for at most 2K steps. Thus,

2K 1 ) 1
Pr|E| < 1— 1——) —
rE] < p+( p);( ox) Tok
1_Cmm — Cmin 1
=1-
10K 1OOK2 Z 1OK
<1— I — cmin 1_cmin' 1_(1 1(%K)2K+1
- 10K 100K? 1/10k
I —cCmin = 1—Cmin 1 2K+1
—1— (1
10K 10K ( 10K) )
Sl_I_Cmin_i_1_Cmin'l§1_1 lenS _ 1 :
10K 10K 5 13K 26K

where the third inequality holds for large enough K since (1 — 3z )X !

last inequality holds for ¢pin < 1/2.

169

—>e‘1/5, and the

]



E.2 Implementation details for SSP-O-REPS

E.2.1 Computing gy

Before describing the algorithm, some more definitions are in order. First, define KL(q || ¢')

as the unnormalized Kullback-Leibler divergence between two occupancy measures g and
/

q:

KL )= ¥ T qls.a)tog 259 ¢ g/(s.a) — g(s.a).
se.¥ aco q (S>a)

Furthermore, let R(g) define the unnormalized negative entropy of the occupancy measure
q:

R(g)= Y., Y qls,a)logq(s,a) —q(s,a).

seS acd

SSP-O-REPS chooses its occupancy measures as follows:

M = arg min R(q)

n=4a GEAM)(Dcin)

= g™+ =ar min MY+ KL :
Qi1 =4 gq@((%)(D/Cmin)n(q ) (q 1 )

As shown by [ZN13], each of these steps can be split into an unconstrained minimiza-

tion step, and a projection step. Thus, g can be computed as follows:

) = argminR(q)
q

q = arg min KL(q || 4}),
s By 141)

where ¢/ has a closed-from solution ¢} (s,a) = 1 for every s € . and a € <. Similarly,

qi+1 1s computed as follows forevery k =1,..., K —1:

Tpp1 = argrrlgnn<q,ck> +KL(q || qx)

Jk+1 = arg min KL(q || gjs1):
- GEAM)(D/cnin) ki

where again g, ; has a closed-from solution g , (s,a) = gk (s, a)e’”"k(sv“) forevery s € .7
and a € &7 .

Therefore, we just need to show that the projection step can be computed efficiently

(the implementation follows [ZN13]). We start by formulating the projection step as a
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constrained convex optimization problem:

min  KL(q | Qs1)

s.t. qua Z ZP |s',d)q(s',a") = 1{s = sinit} Vs €.
ace/ seSdeodd
Y Y als,a) < —
se€S acd Cmin
q(s,a) >0 V(s,a) € S x o

To solve the problem, consider the Lagrangian:

Z(q,4,v) =KL(q || gj11) +/1<Z ) als,a) - D. )

se€. acd Cmin
+Z (Z ZP |s',d )q(s',a) + 1{s = sinic} — qua)
se.s seS deod acsd
=KL(g I g ))+ Y, Y als,a) <7L+ Y P(s' | s,a)v(s") —v(s ))
se€.S acd ses
D
+V(Sinit) — A p—

where A and {v(s)}sc o are Lagrange multipliers. Differentiating the Lagrangian with

respect to any ¢(s,a), we get

—8$(q,7t,\/) =logq(s,a) —logqy (s,a) + A + Z P(s" | s,a)v(s) —v(s).
dq(s;a) Jes

Hence, setting the gradient to zero, we obtain the formula for g1 (s,a):

Qi1 (5,0) = gy 1 (s,a)e Ly PElsav(s)+v(s)

_ qk(s7a)e—l—nck(s,a)—z,s/ey P(s|s,a)v(s")+v(s)

= qi(s,a)e MBsD), (E.1)

where the second equality follows from the formula of ¢}, , (s,a), and setting co(s,a) =

0 and go(s,a) = 1 for every s € . and a € o/. The last equality follows by defining
BY(5,a) = v(s) — 1c(5,@) — Ly P(5' | s,0)0(5).

We now need to compute the value of A and v at the optimum. To that end, we write
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the dual problem Z(A,v) = min, % (q,A,v) by substituting g back into .

D
2.v)=Y, Y dii(s,0)= Y, Y quri(s,a) +v(sinie) — A —
s€. acd se€. acd Cmin
=Y Y i (s,a)e B Ly(i) — +Y Y gi(sa)
se€.S acd Cmm se€.S acd

Now we obtain A and v by maximizing the dual. Equivalently, we can minimize the

negation of the dual (and ignore the term s & Yy o7 9441 (5,a)), that is:

_ v D
Ak+1,Vk+1 = arg min Z Z qk(s,a)e A+B)(s.a) +A :
A>O’ seyaemf Cmin

— V(Sinit)-

This is a convex optimization problem with only non-negativity constraints (and no con-
straints about the relations between the variables), which can be solved efficiently using

iterative methods like gradient descent.

E.2.2 Computing the SSP-diameter and the fast policy

The fast policy 7t/ is a deterministic stationary policy that minimizes the time to the goal
state from all states simultaneously (its existence is similar to regular MDPs, for a detailed
proof see [BT91]). Thus, 7t/ is the optimal policy w.r.t the constant cost function c(s,a) =
1 forevery s € . anda € &7

Finding the optimal policy of an SSP instance is known as the planning problem. By
[BTI1], this problem can be solved efficiently using Linear Programming (LP), Value
Iteration (VI) or Policy Iteration (PI).

The SSP-diameter D is an upper bound on the expected time it takes to reach the goal
from some state, and therefore D = max,c o T™ (s). Thus, in order to compute 7/ and D

we need to perform the following steps:
1. Compute the optimal policy &/ w.r.t the constant cost function c(s,a) = 1.

2. Compute T”f(s) for every s € . by solving the linear Bellman equations:

T”f )=1+Y Y nl(a|s)P(s |s,a)T”f(s') Vs e .7
acgl s'eS

3. Set D = maxyc o yacal (s).
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E.3 Pseudo-code for SSP-O-REPS

Algorithm 16 SSP-O-REPS
Input: state space .#, action space <7, transition function P, minimal cost ¢y, Opti-
mization parameter 7).
Initialization:
Compute the SSP-diameter D (see Section E.2.2).
Set go(s,a) =1 and cy(s,a) = 0 for every (s,a) € S x .
fork=1,2,...do
Compute Ay, vy as follows (using, e.g., gradient descent):

v D
My Vi = arg m1n Z Z qi—1(s,a)e —A+B_(sa) 4y
Vse.S acot Cmin

where B} (s,a) = v(s) —ncX(s,a) — Lyc s P(s' | s,a)v(s).
Compute g as follows for every (s,a) € .7 x -

— v(Sinit),

qk(s, a) = gi—1 (S, a)e—lk'f‘BZ]il (s,a) )

Compute 7 as follows for every (s,a) € . X o

qi(s,a)
mlals)= Yoo ai(s,d')

Set S]{ — Sinit» 1 < 1.
while s # ¢ do
Play action according to 7, i.e., a¥ ~ m(- | s¥).
Observe next state s¥, | ~ P(- | s¥,al), i+ i+1.
end while
Set I* «—i—1.
Observe cost function c* and suffer cost 25;1
end for

().
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E.4 Proofs for Section 7.2.1

Lemma E.4.1. It holds that g% € A(#)(-2-).

Cmin

Proof. Denote by n/ the fast policy, i.e., n/ = arg MiN e oper T7™(sinit). By definition of
the SSP-diameter we have that 7% (Sinit) < D. Now, recall that * is the best policy in
hindsight and therefore

K .
Y 7% (i) <D, (E.2)

where the second inequality follows because c*(s,a) < 1.

However, we also have that c*(s,a) > ¢pin and therefore Vk”* (Sinit) > CminT ™ (Sinit)-

Thus, combining with Equation (E.2), we obtain

* 1 & .
CminTﬂ (Sinit) < E Z Vkﬂ (sinit) <D.
k=1

This finishes the proof since T (Sinit) < 2. O

Cmin
E.4.1 Proof of Theorem 7.2.1
Lemma E.4.2. Let © > 1. For every g € A(#)(7) it holds that R(q) < tlogT.

Proof.

R(q) = Zqualogqsa Zqua

se€. acd se€. acd
<Y Y q(s,a)logq(s,a)
s€. acd
s,a
=Y Y ataloe ™Y L ¥ Y gs,a)loge
s€S acd T s aco
< Z Z q(s,a)logt < tlogTt,
se€S acd

where the first two inequalities follow from non-positivity, and the last one from the defi-
nition of A(.Z)(7). O

Lemma E.4.3. Let T > 1. For every q € A(#)(7) it holds that —R(gq) < t(1 +1og(SA)).
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Proof. Similarly to Theorem E.4.2 we have that

—R(q) = — Z qua log +Z qua Z Zq(s,a)logr

seS acd seS aco se€S acd
qls,a
<-1Y) Z (T’ )+r§rlog(SA)+r,
se.S acd

where the first inequality follows because the last term is non-positive and from the def-
inition of A(.Z)(7), and the last inequality follows from properties of Shannon’s en-

tropy. [

Proof of Theorem 7.2.1. We start with a fundamental inequality of OMD (see, e.g., [ZN13])
that holds for every g € A(.#)(D/cmin) (by Theorem E.4.1 it also holds for ¢™"),

>§

KL(¢™ | q1)

K
Z qk — € Z Qk+17 + T (E.3)

For the first term we use the exact form of ¢, 1 and the inequality ¢* > 1+ x to obtain

o1 (5,0) = gi(s,@)e 10D > g (s,a) — ngi(s,a)c*(s,a).

We substitute this back and obtain

>

K K
Z<6]k—q;<+1, Z Z Z qk S, Cl Z Z Z Qk(s7a>
k=1 k=1s€ aco/ k=1s€S acol
K D
Z smlt < TIK (E4)
: len

where the last inequality follows from the definition of A(.Z)(D/cmin)-

Next we use Theorems E.4.2 and E.4.3 to bound the second term of Equation (E.3).
Recall that g; minimizes R in A(.#)(D/cmin), this implies that (VR(q1),q™ —q1) > 0
because otherwise we could decrease R by taking small step in the direction ¢* — g.

Thus we obtain

KL(¢™ || g1) =R(¢™ ) —R(q1) — (VR(q1),4" —q1) <R(¢" ) —R(q1)

D D D 3D DSA
< log + (1+1log(SA)) < log . (E.5)
Cmin Cmin  Cmin Cmin Cmin
N : : : : 3log 222
By substituting Equations (E.4) and (E.5) into Equation (E.3) and choosing n =/ —x™i*,
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we obtain,

K
x D 3D DSA 2D DSA
Y la—q" ") <nk—+ log—— < 3Klog —.
=1 Cmin  CminT] Cmin Cmin Cmin
This finishes the proof since
K *
E[RK] =E Z<qk _qn: ,Ck> .
k=1

E.4.2 SSP-O-REPS picks proper policies

(E.6)

For every policy m; chosen by SSP-O-REPS it holds that 7™ (sipi) < D/cpin. If there

exists some state s € . such that 77%(s) = oo, then the probability to reach it must be zero,

since otherwise 77 (sipi) = 0. Thus there exists B > 0 such that if s is reachable from

Sinit Using 7 then T7%(s) < B. By Theorem E.6.1, this implies that the goal state will be

reached in every episode with probability 1. Thus, all policies chosen by SSP-O-REPS are

proper.
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E.5 Pseudo-code for SSP-O-REPS2

Algorithm 17 SSP-O-REPS2

Input: state space .#, action space <7, transition function P, minimal cost ¢y, Opti-
mization parameter 7).
Initialization:
Compute the SSP-diameter D and the fast policy 7/ (see Section E.2.2).
Set go(s,a) =1 and cy(s,a) = 0 for every (s,a) € ¥ x .
fork=1,2,...do
Compute Ay, vy as follows (using, e.g., gradient descent):

v D
My Vi = arg m1n Z Z qi—1(s,a)e —A+B_(sa) 4y
Vse.S acot Cmin

where B} (s,a) = v(s) —ncX(s,a) — Lyc s P(s' | s,a)v(s).
Compute gy as follows for every (s,a) € ¥ x & qi(s,a) = qr—1(s,a)e

Compute 7 as follows for every (s,a) € .7 x o/: m(a|s) = %
€

Set T™(s) < % for every s € . such that g™ (s) =Y ,c.., ¢™(s,a) = 0.
Compute 77 by solving the following linear equations (the Bellman equations):

— v(Sinit),

72’k+BZk,] (Sva) .

T™(s)=1+ Y Y mla|s)P(s'|s5,a)T™(s') Vse{ses: Y q¢™(s,a)>0}.
acel s'eS acadl

Set Sllc — Sinit» I < 1.
. k D
while s # g and T™(s¥) < o—do

Play action according to 7, i.e., af ~ (- | sf‘)

Observe next state s¥, | ~ P(- | s¥,a), i+ i+1.
end while
while sf # gdo

Play action according to 7/, i.e., a¥ ~ 7/ (- | s¥).

Observe next state s¥, | ~ P(- | sk k) i+ i+1.
end while

. . k
Set I¥ < i — 1, observe cost function c* and suffer cost Z§: k(s ’; ) ’J‘)
end for
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E.6 Proofs for Section 7.2.2

E.6.1 Proof of Theorem 7.2.2

Lemma E.6.1. Let 0 be a strategy such that the expected time of reaching the goal state
when starting at state s is at most T for every s € .. Then, the probability that © takes

more than m steps to reach the goal state is at most Qe i,

Proof. By Markov inequality, the probability that o takes more than 27 steps before reach-
ing the goal state is at most 1/2. Tterating this argument, we get that the probability that
o takes more than 2k7 steps before reaching the goal state is at most 2~ for every integer
k > 0. In general, for any m > 0, the probability that o takes more than m steps before

m

reaching the goal state is at most 27l <2075 <2, [

Proof of Theorem 7.2.2. Define

Ik

Ik

= ch(sf,af) —E [Z ck(sl ,al) | P, Gk,slf = Sinit | -
i=1 i=1

This is a martingale difference sequence, and in order to use Theorem E.12.5 we need to

show that Pr[|X;| > m] < 2e~ 4 for every k =1,2,... and m > 0. This follows immediately

from Theorem E.6.1 since the total cost is bounded by the total time.

By Theorem E.12.5, Zszle <447./K log3 4K with probability 1 — 8, which gives

the Lemma’s statement. ]

E.6.2 Proof of Theorem 7.2.3

Lemma E.6.2. Forevery k= 1,...,K it holds that

13

[ZC 1) | P.og,st = Szmti| <E [ZC ,ay) | P, sk = sinit| = V™ (Sinie)-
i=1

Proof. Until a state s € . with T™(s) > D/cpip is reached, the strategy oy is the same as
the policy m;. If such a state is reached then V™ (s) > cyyinT™(s) > cmm% = D, where
the first inequality is because all costs are bounded from below by cpin. On the other hand,

V”‘f(s) < T”f(s) < D, where the last inequality follows by the definition of the fast policy
and the SSP-diameter. Therefore, V' (5) < V7(s). O
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Lemma E.6.3. For every k = 1,... K, the strategy oy of the learner ensures that the

expected time to the goal state from any initial state is at most D/ cpip.

Proof. Lets € .. If T™(s) > D/cmin, then we play the fast policy 7/ when we start in s.

Thus, the expected time to the goal when starting in s will be at most D.

If T™(s) < D/cmin, then the expected time to the goal when starting in s will also be
at most D /cpin since playing oy only decreases the expected time. ]

Proof of Theorem 7.2.3. We decompose the regret into two terms as follows,

K I K
RK—ZZC Si, z Z Slnlt

I*

«
—ZZc )= LLE [Z (55,8) | P05t = i

+ Z E [Z Ck ) | P, kasl Slmt] Z Vk Slnlt
k=1 i=1

The first term accounts for the deviations in the performance of the learner’s strategies

from their expected value, and is bounded with high probability using Theorem 7.2.2.

The second term is the difference between the expected performance of the learner’s

strategies and the best policy in hindsight. Using Theorem E.6.2, we can bound it as

follows,
K I . . K
Z E[ZC (S a; ) |P O, S| —Slmt} Z Vk Slmt) < Z Slmt Z Vk Smlt
k=1 ti=l k=1 k=1
K *
=Y (™ —q" ")
k=1
2D DSA
< 3Klog
Cmin Cmm

where the last inequality follows from Equation (E.6), and the equality follows because

Vk Sll’llt Z Z q S a ): <q7r’ck>.

se€S acd
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E.7 Implementation details for SSP-O-REPS3

E.7.1 Computing qy

After extending the occupancy measures, we must extend our additional definitions. De-
fine KL(q || ¢’) as the unnormalized Kullback-Leibler divergence between two occupancy
measures g and ¢’

KLgl)= L ¥ T alsas)os

a,s
7—’/ —|—q/(s,a,s/) _Q(S7aas/)7
seS acd e S+ (s,a,s )

where . = . U{g}. Furthermore, let R(q) define the unnormalized negative entropy

of the occupancy measure g:

R(q) = Z Z Z q(s,a,s")logq(s,a,s") —q(s,a,s").

seSacd s'e. S+

SSP-O-REPS3 chooses its occupancy measures as follows:

@1 =¢"™ =arg __min  R(q)
qEA(A ) o(1)(D/Cmin)
Gey1 =g =arg _ min n{q,¢") + KL(q || qx)-

qu(<///)e(k+l) (D/Cmin)

As shown in [RM19a], each of these steps can be split into an unconstrained mini-

mization step, and a projection step. Thus, g; can be computed as follows:
¢y = argminR(q)
q

g =arg __ min KL(q || 4}),
GEA(AM ) (1) (D/Cmin)

where ¢} has a closed-from solution ¢/ (s,a,s’) = 1 for every (s,a,s’) € ¥ x o x /.

Similarly, g is computed as follows for every k=1,..., K —1:

Gjy1 = argmqinn<q,ck> +KL(q || qx)

Q41 =arg ___min KL(q || g41);
GEAA) 4(111) (D/Cmin)

. . k
where again ¢, , has a closed-from solution g;_, , (s,a,s") = gi(s,a,s")e™° (@) for every
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(s,a,s") €S x o x ST,

Therefore, we just need to show that the projection step can be computed efficiently
(the implementation follows [RM19a, JJL20]). We start by formulating the projection

step as a constrained convex optimization problem (where e = e(k+ 1)):

min  KL(q | Qi)

s.t. Z Z q(s,a,s’) — Z Z q(s',d ,s) = s = spit} Vs e .S
acd s'e S+ seS ded
q(s,a,s'") < (Po(s' | s,a) + &.(s' | 5,a)) Z q(s,a,s") V(s,a,s)€.S x o x ST
s"e ST
q(s,a,s") > (P(s' | s,a) — €.(s' | 5,a)) Z q(s,a,s")  V(s,a,s') € S x o x St
shes+
D
Y Y Y dlsas)<—
seSacd s'est Cmin
q(s,a,s') >0 V(s,a,s') € .S x o x ST

To solve the problem, consider the Lagrangian:

seS acd e S+ min )

g(q,x,v,m:KL(qnq;HH%(Z Y X q@v“’S’)—cD

+ Z v(s) ( Z Z q(s’,d',s) + s = sinic} — Z Z q(s,a,s’))

s€s ses ad e acd s'e S+

+ Z Z Z ut(s,a,s’)

seS acd s'e. S+

+Z Z Z u(s,a,s")

seS acd s'e. S+

=KL(q || r1) + v(Sinit) — A

q(s,a,s") — (Po(s' | s,a) + &(s'" | s,a)) Z +q(s,a,s”))

e

/N

(P.(s' | 5,0) — €.(5" | 5,a)) Z q(s,a,s") —q(s,a,s'))

shes+

S—

Cmin

+Y Y ) alsas) (l +v(s") —v(s)+ut(s,a,5") —u (s,a,s)

s€SL acd s'e. S+
— Y P(s"|s,a)(uT(s,a,5") — pu (s,a,5"))

she s+

- ¥ al s,a><u+<s,a,s">+u‘<~““’sﬂ)))

shes+

where A, {V(s)}sey’ {.u+<saauS/)}(s,a,s’)e,V><<<27><<5”7L and {.u7<svauS/)}(s,a,s’)eﬁ/’><<<2%><,§”7L are
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Lagrange multipliers, and we set v(g) = 0 for convenience. Differentiating the Lagrangian
with respect to any g(s,a,s’), we get

9L (q,A,v, ) q(s,a,s) / )
3 /vy -1 ) 2 B I N ,
dq(s,a,s") qu;<+1(s,a,s’)+ +v(s)=v(s)+u"(s,a,s)—pu (s,a,s)
- Z Ise(s//|S,a)(u+(s,a,s")—u*(&a,s”))
s//€y+
- Y el |sa)(ut(s,as")+u (s,a,5")).
s//€y+

Next we define

B/t,’u (Svaasl) = V(S) - v(sl) + .ui(saaasl) - “+(S7aasl) - nck(sva)
+ Z Pe(k-l—l)(sll | S,Cl)(ﬂ+(s,a,sll) _.u_(saa7sll))

she s+

+ Y epn)" [s,0)(uT(s,a,5") + 1 (s,a,5")). (E.7)

e S+

Hence, setting the gradient to zero, we obtain the formula for gz {(s,a):

N =g N —A+nck(s.a)+BM s,a,s’

= gu(s,a,s e B (as), (E.8)

where the last equality follows from the formula of ¢,  (s,a,s’), and setting co(s,a) =0
and qo(s,a,s’) = 1 for every (s,a,s') € ¥ x o/ x /.

We now need to compute the value of A, v, u at the optimum. To that end, we write the
dual problem Z(A,v,t) = min, .Z(q,A,v, |1) by substituting g back into £

D
-@()‘7‘}7“) - Z Z Z q;g-l,-l(Saaasl) - Z Z Z Qk+1(s,a,sl)+V<Sinit) _A‘ ]
s€eS acd e S+ s€.S acd s'e. S+ Cmin
v, / D
= — Z Z Z Qk(S,a,s/)e*)lnLBk“(S,a,s)—|—v(sinit)_A + Z Z Z C[;H_I(S,a,sl).
s€S acd s'e. S+ Cmin s€Sacd s'e. S+

Now we obtain A, v, by maximizing the dual. Equivalently, we can minimize the

negation of the dual (and ignore the term Y ic o Y ye oy Yye. st Gy (5,a,5)), that is:

v, ’ D
M1 Vie1, Merr =arg. min Yy )" ai(s,a,s')e B as) g

— V(Sinit)-
AZ0wu>0 (0 oy et Cmin
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This is a convex optimization problem with only non-negativity constraints (and no con-
straints about the relations between the variables), which can be solved efficiently using

iterative methods like gradient descent.

E.7.2 Computing the optimistic fast policy

The optimistic fast policy ﬁg is a deterministic stationary policy that together with the

optimistic fast transition function from the confidence set of epoch e, minimizes the time
to the goal state from all states simultaneously out of all pairs of policies and transition
functions from the confidence set. Essentially, this is the optimal pair of policy and transi-

tion function from the confidence set w.r.t the constant cost function c(s,a) = 1 for every
s€e S andac .

The existence of the optimistic fast policy is proven in [TGV20], and there they also
show that it can be computed efficiently with Extended Value Iteration. In [RCMK20],
the authors compute the following optimistic fast transition function for every (s,a,s’) €

XA XL

P/(s' | s,a) = max {O,Pe(s/ | s,a) —28A°(s,a) —4\/pe(s’ | s,a)Ae(s,a)} :
f

where the remaining probability mass goes to P/ (g]|s,a). Then, T is computed by finding
the fast policy w.r.t IB;f (see Section E.2.2).

While this method is simpler and more efficient than Extended Value Iteration, the
authors do not prove that this is indeed the optimistic fast policy. However, this policy
is sufficient for their analysis and for our analysis as well. For simplicity, throughout the
analysis we assume that ?f{ is the optimistic fast policy, but every step of the proof works

with this computation as well.
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E.8 Pseudo-code for SSP-O-REPS3

Algorithm 18 SSP-O-REPS3

Input: state space ., action space .2/, minimal cost ¢y, Optimization parameter N
and confidence parameter J.
Initialization:
Obtain SSP-diameter D from user or estimate it (see Section E.10).
Set qo(s,a,s’) =1 and c(s,a) = 0 for every (s,a,s') € & x o x /.
Set e «+ 0 and V(s,a,s"): N%(s,a) < 0,N%(s,a,s') < 0,n%(s,a) < 0,n°(s,a,s’) < 0.
fork=1,2,...do
e < e+ 1, start new epoch (Algorithm 19), set s’f < Sinit, 1 < 1.

qa ok Tk D k k DS DSA
while s; 7 g and T, (s;) < ;= and Va.n®(s;,a) + N°(s;,a) > aﬁlog 5o do
k

Play according to 7, i.e., af ~ (- | s¥), and observe next state s¥, | ~ P(- | s§,af).
Update counters: n°(s¥,a¥) < n®(s¥,a¥) + l,ne(sf,af.‘,siﬁrl) — ne(sf.‘,af,siﬁrl) + 1.
i i+1.
if ne(sf_l,af_l) > Ne(sf_l,af_l) then
e < e+ 1, start new epoch (Algorithm 19), and BREAK.
end if
end while
while si-‘ # g do
if Ja € o7 .n°(sk,a) + N¢(s¥,a) < a%log(ﬁ_—iﬁl then

Play the least played action a¥ = argmin,c ., n¢(s¥,a) + N¢(s, a).
else
Play according to 77 , i.e., ak ~ 7 (| sK).
end if
Observe next state s¥, | ~ P(- | sf,a}).
Update counters: n°(s,af) < n(s¥,af) + 1n*(st,af sk ) < n°(sk,af, sk ) + 1.
i< i+1.
if n(si_y,ai_) > N°(sf_,af_,) then
e < e+ 1, start new epoch (Algorithm 19).
end if
end while

. . k
Set I* < i — 1, observe cost function c* and suffer cost 2521 ck (s’]‘., alj‘- ).
end for
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Algorithm 19 START NEW EPOCH

Update counters for every (s,a,s’) € ./ x o x ./
N¢(s,a) < N°"Y(s,a) +n°"(s,a) ; n(s,a) <0
Né(s,a,s") < N (s,a,s") +n°"(s,a,s") ; n(s,a,s') <0
Update confidence set for every (s,a,s') € .7 x o x .7 :

N¢(s,a,s")

Pe(s' | 5,0) = N¢ (s,a)
+ 9

(s | s,a) = 4\/Pe(s’ | s,a)A¢(s,a)+28A(s,a),
e _ log(SANS (s,a)/6)
where A°(s,a) = W
if e is the first epoch of episode k then
Compute Ag, v, W as follows (using, e.g., gradient descent):

v, ’ D
A, Vi, W = arg  min Z Z Z Qk—l(S,a,s’)e*lwkfl(‘““"‘)+)L

A‘ZO?vnuZOSE!y aedsley+ len

—V(Sinit),

where BZ’“ (s,a,s") is defined in Equation (E.7).
Compute gy as follows for every (s,a,s') € . x o/ x S+

VoM
Qk(s,a,sl) — Qk—l (S,a7sl)eilk+Bkkflk(svavs/).

Compute 7, and P as follows for every (s,a,s’) € &/ X o x ./

Qk(sv a, S/)

rals) = Yoot qi(s,a,s)
k Yoreorqi(s,a,s’)

= ’ P / =
Z’ ,Z’ s+ Yk s,a’,s’ k(s ’S7a)
aed bs'es+4d

Set T"k”" (s) ﬁ for every s € . such that ¥ ,c .y Y vc.o+ qi(s,a,s") = 0.

Compute T"k”" by solving the following linear equations:

Tkﬂ"(s): 1+ Z Z ﬂk(a\s)Pk(sl|s,a)if"(sl) Vse{se.s: Z Z qi(s,a,s’) >0}.

acdl s'eS acel s'e S+
else
Compute the optimistic fast policy ﬁ{ (see Section E.7.2).
end if
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E.9 Analysis of SSP-O-REPS3 (proofs for Section 7.3)

E.9.1 Overview

Our analysis follows the framework of [RCMK?20] for analyzing optimism in SSPs, but
makes the crucial adaptations needed to handle the adversarial environment.

We have two objectives: bounding the number of steps 7 taken by the algorithm (to
show that we reach the goal in every episode) and bounding the regret. To bound the total
time we split the time steps into intervals. The first interval begins at the first time step,
and an interval ends once (1) an episode ends, (2) an epoch ends, (3) an unknown state is
reached, or (4) a state s such that T"k”" (s) > D/cmin 1s reached when playing 7 in episode

k, 1.e., there is a switch.

Intuitively, we will bound the length of every interval by O ~(D/ Cmin) With high proba-
bility, and then use the number of intervals O(K + DS2A/ c2. ) to bound the total time 7.
Finally, we will show that the regret scales with the square root of the total variance (which
is the number of intervals times the variance in each interval) to finish the proof. While
intuitive, this approach is technically difficult and therefore we apply these principles in a

different way.

We start by showing that the confidence sets contain P with high probability, which
is a common result (see, e.g., [ZB19, EMGM19]). Define Q" the event that P is in the

confidence set of the epoch that interval m belongs to.

Lemma E.9.1 ((RCMK20], Lemma 4.2). With probability at least 1 — & /2, the event Q™

holds for all intervals m simultaneously.

There are two dependant probabilistic events that are important for the analysis. The
first are the events Q", and the second is that the deviation in the cost of a given policy
from its expected value is not large. To disentangle these events we define an alternative

regret forevery M = 1,2,...,

M H" K N
Z Z Z fon(a | sy)c™ (sp,a){Q" — Y VI (sinit)
m=1h=1acs k=1

where ¢ = c* for the episode k that interval m belongs to, 7, is the policy followed by the
learner in interval m, H™ is the length of interval m, and the trajectory visited in interval m

m __ m m nm
isU™ = (s7',a},... SHmaaHmvsHm-i-l)'
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We focus on bounding ﬁM because we can use it to obtain a bound on Rg. This is done
using Theorem E.9.1 and an application of Azuma inequality, when M is the number of
intervals in which the first K episodes elapse (we show that the learner indeed completes

these K episodes).

As mentioned, bounding the length of each interval complicates the analysis, and there-
fore we introduce artificial intervals. That is, an interval m also ends at the first time step
H such that Yi ¥ o ./ Fonla | s™)c™(s1,a) > D/cmin. The artificial intervals are only in-
troduced for the analysis and do not affect the algorithm. Now, the length of each interval

is bounded by 2D/ c? Ciin and we can bound the number of intervals as follows.

Lemma E9.2. Ler C¥ =yYM_ yH" v #u(a| sP) ™ (st a). The total time satisfies
T < cM /Cmin and the total number of intervals satisfies
nCM DS’A  DSA
Cmin=_ 4 2SAlog T + 2K +20—5— log .
C Cmin

min

M <

Note that a confidence set update occurs only in the end of an epoch and thus Q" =
Q"1 for most intervals. Also, for artificial intervals the policy does not change. Next we
bound CM as a function of the number of intervals M. Through summation of our confi-
dence bounds, and by showing that the variance in each interval is bounded by D? / Chnin

we are able to obtain the following, when Theorem E.9.1 holds,

Crmn

K 2¢2
D*S°A
Z qr " ( VMA+ )
k=1 Cmin
Substituting in Theorem E.9.2 and solving for M we get

K K
Ry =C"— Z V& (Sinit) < Z qk — €
k=1 =

DS D2S2A
-0 25 vk ),

&
min Cmm

Notice that the first term on the RHS of the inequality is exactly the regret of OMD, and
therefore analyzing it similarly to Theorem 7.2.1 gives the final bound (see Section E.9.7).

E.9.2 Notations

Denote the trajectory visited in interval mby U™ = (s, al', ..., Stm, dfpm, Sgm | ), Where aj!

is the action taken in s, and H™ is the length of the interval. In addition, the concatenation
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of trajectories in the intervals up to and including interval m is denoted by U™, that is
gm =un_um,

The policy that the learner follows in interval m is denoted by 7,,, and the transition
function that was involved in the choice of 7, is denoted by ﬁm For the first interval of
every episode these are chosen by OMD, i.e., ;. and P, and for other intervals these are
the optimistic fast policy ﬁg and the transition function chosen from the confidence set
together with it 135‘ , for the epoch e that interval m belongs to. Notice that intervals with
unknown states are of length 1. Thus, there is no policy since only one action is performed

— we ignore visits to unknown states and we suffer their cost directly in Theorem E.9.5.

The expected cost of 7, w.r.t P,, is denoted by V™ and the expected time to the goal is
denoted by T™. For intervals in which we follow the optimistic fast policy, we will show
that 7" (s) < D for every s € . when Q™ holds. We would like to have a similar property
for intervals in which we follow the OMD policy, i.e., the first interval of every episode.

Note that for the first interval m of episode k, we have that YN"k”" = f’", and recall that
reaching a state s € .% such that T’km‘ (s) > D/cmin ends the current interval. We would like
to take advantage of this fact in order to make sure that T is always bounded by D/cpin.
Similarly to Section 7.2.2, we compute YN}CE" (s) only for states s that are reachable from si,j
w.r.t P;. Since reaching a state s with Tkﬂk (8) > D/cmin yields the start of a new interval for
which we use the optimistic fast policy, we can set Tkﬂk (8) = D/ cmin for states that are not

reachable from sj,;; without affecting the algorithm’s choices.

We make another change to P, for interval m that is the first interval of episode k. Since
reaching a state s € . such that T"kn" (8) > D/cmin ends the interval, we tweak 13,11 such that
from such a state it goes directly to the goal with expected time of D/cyi, and expected
cost of D (can be done with a self-loop that has ¢y, /D probability to go to g). Thus,
when we consider the expected cost of 7, w.r.t P,,, we have that vm(sinit) < Vkﬂk (Sinit)
because we only decreased the cost from some states. However, notice that now Igm 1S in
the confidence set only for states that we did not tweak. We show that this does not affect

the analysis, since reaching those states ends the interval.

We would like to emphasize that tweaking P, is only done in hindsight as a part of the

analysis, and does not change the algorithm.

E.9.3 Properties of the learner’s policies

Lemma E.9.3. Let m be an interval. If m is the first interval of episode k then f’"(s) <
D/cpin for every s € 7. Otherwise, if Q™ holds then " (s) < D foreverysc .7.
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Proof. The first case holds by definition of P,, for intervals that are in the beginning of
some episode (see discussion in Section E.9.2). The second case follows by optimism and
the fact that P is in the confidence set (see [RCMK20], Lemma B.2). O

Lemma E.9.4. Let m be an interval and let 1 < h < H™. If Q™ holds then the following

Bellman equations hold:

=Y fula|sy)c" + Y % #ulalsP)Buls | sy,a)V(s)

acd acdl s'eS

sy =14+ Y Y Fula|sp)Pu(s | s),a)T"(s').

acd s'e.S

Proof. For the optimistic fast policy 7

it is proper w.r.t Ef (see [RCMK20], Lemma B.11). When 7,, is the policy chosen by

the Bellman equations hold for every s € .% since

OMD m, reaching a state s such that ¢+ (s) = 0 will end the interval (since we set
T (s) = D/cmin for these states). Thus, it suffices to show that the Bellman equations

hold for all states in {s € . : g"™(s) > 0}.

For these states we have that 7" is bounded by D/cmin and therefore 7, is proper w.r.t
P,, and the Bellman equations hold. Note that we did not make changes to P, or ¢" in

states that can be visited during the interval. O]

E.9.4 Regret decomposition

Lemma E.9.5. It holds that

M K 2
" DS A DSA
M < Z m T Z R2 Z an (S,'m't) log
m=1 = k=1 mm 6Cmm
where
Ry, = (V"(sT) = V™ (s 1)) H{Q"}
Hm
Ry=Y (Vm(sﬁl)— Y ¥ fualsi)Puls' | sia )Vm(S'))HQm}-
h=1 acd s'e S

Proof. First we have a cost of at most 1 every time we visit an unknown state. Each state
DS log 254 DSA

mm

becomes known after OcA Visits and therefore the total cost from these visits is

DS

mm

the analysis because we calculated their contribution to the total cost.

at most otSA 5 log Se DSA. From now on we will ignore visits to unknown states throughout
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We can use the Bellman equations w.r.t P,, (Theorem E.9.4) to have the following

interpretation of the costs for every interval m and time A:

Y Fula| sy (spa){Q"} =

aca/

:GW%—Zmem>ww”WM>mq

acd s'e.S

_ (Vm@m —Vm<szﬂ+1>) o

+ <Vm Spi1) — Z Z Fon(a | TPy (s | ST, )Vm(s')>|{Qm}.

acd s'e.S
(E.9)

We now write Ry = YM_ yH" v Fnla | sp " (s, a)I{Q"} — Zszle’r (Sinit), and
substitute for each cost using Equation (E.9) to get the lemma, noting that the first term
telescopes within the interval. [

Lemma E.9.6. It holds that

M 2¢2 K
D S A DSA ~
Z 2DSAlogT + « log<——+ Y V™ (simi) {Q" )},

mzn Crmin k=1

where m(k) is the first interval of episode k.
Proof. For every two consecutive intervals m,m + 1 we have one of the following:

1. Ifinterval m ended in the goal state then Vm(sl"}m )= V™(g)=0and V" (s ml) =
ymik )(Smn) < V *(Sinit), where m+ 1 is the first interval of episode k. Therefore,

VL HQ Y =V (s )HQ™ < VP (simi) {Q" ).

This happens at most K times, once for every value k.

2. If interval m ended since the sum of expected costs in the interval passed D/cpin,
then we did not change policy. Thus, V" = V"1, Q" = Q" +1 and 57! =
We get

S%I71+1 .

V(s QY =V (s ) Q™) = 0.
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3. If interval m ended by reaching an unknown state, then we switch policy. Thus,
Vm—H( )l{Qm+]} Vm(SHm+1) {Qm} < Vm-H( m-H) {Qm—H} < D

where the last inequality follows because we switched to the optimistic fast policy

and thus its expected time will be bounded by D if P is in the confidence set (see

Theorem E.9.3). This happens at most SAo 2S log S, DsA tlmes

mm

Here we ignored the unknown state (since we accounted for its cost in Theorem E.9.5)

and jumped right to the next interval, which is controlled by the optimistic fast pol-

icy.

4. If interval m ended with doubling the visits to some state-action pair, then similarly

to the previous article,
VI Q= V7 (s JHQI} < VP (R} < D,
This happens at most 2SAlogT.
5. If mis the first interval of an episode k and it ended because we reached a “bad” state
then \7'"(s1’3m 4+1) =D and vl (s m+1) < D since this is the optimistic fast policy.

Thus,
VS QY =V (s ){Q™} < 0.

Lemma E.9.7. With probability at least 1 — 8 /6, the following holds for all M = 1,2, ...

simultaneously.
M M
~ ~ - 6D | aM
E R2 < E E[R | 0™ 1] + Mlog —
m — |: m | j| le'n Og 5 Y

where E[- | U™ is the expectation conditioned on the trajectories up to interval m.

Proof. Consider the martingale difference sequence (Y”)*_, defined by Y = X" —E[X"" |
U1 and

xn=y (?"%s;:;l)— Y Y Fulal )Pl |57, W'"(s'))l{szm}.
h=1 acd s'e.S
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The Bellman equations of 7, w.r.t ﬁm (Theorem E.9.4) obtain

X" = ‘ (?M(sgw) — V(s +

-~

<D/cmin
H]n
+ Z VT (sp) — Z Z Tom(a| sy Pu(s" | 5T, )Vm(s'))l{Qm}
h=1 acd s'e.S
:Zzlml Zaeu/ﬁm a‘shm Cm(sznva)
3D
Zzﬂma|sh Sh?)_
len h—1lace Cmin

where for the first inequality we used Theorems E.9.3 and E.9.4, and the last inequality
follows because the cost in every interval is at most 2D/ cpjp.

Therefore, we use anytime Azuma inequality (Theorem E.12.1) to obtain that with
probability at least 1 — 8 /6:

M M
6D AM
) x™ Z [x™ 10" + Mlog —
m=1 m=1 min
O
E.9.5 Bounding the variance within an interval
Lemma E.9.8 (RCMK20], Lemma B.13). Denote A"(s,a) — 26" 6)/6) -y

e(m)
N7 (s,a)
e(m) is the epoch that interval m belongs to. When Q™ holds we have for any (s,a,s') €

XA X ST

|P(s' | 5,a) —Pu(s'| s,a)| < 8v/P(s' | s,a)A™(s,a) + 136A™(s,a).

Lemma E.9.9. Denote A]' = A™(s}!,a}). For every interval m it holds that,

H™ H™
—~ _ _ D _
E[R%,,|Um—1]g16E[Z SV;;!A;H{Q”’}‘UWI +272E[Z SAM{Q™y | O™
h=1 h=1 tmin

where V! is the empirical variance defined as

2
Vi= Y PG| sy.ay) (‘7"1(5)—#;’31) ,

se s+

192



and ! = e Toesrs fonla | P | stV ().

Proof. Denote

H" -
X" = Z (Vm Shi1) — Z Z Tm(a| sy Pu(s" | 5T, )Vm(s')) {Q"}

acd s'e.S

zZ) = Vm (Sh1) — Z Z Tom(al| siP(s" | si,a)V™(s') | I{Q"}.
acd s'e.S

Think of the interval as an infinite stochastic process, and note that, conditioned on U m—1

(Z;l”)::1 is a martingale difference sequence w.r.t (U h);l"’: 1» where U " is the trajectory of

the learner from the beginning of the interval and up to and including time /. This holds

since, by conditioning on U"~!, Q" is determined and is independent of the randomness

generated during the interval.

Note that H™ is a stopping time with respect to (ZI")5>_, which is bounded by 2D />

min*
Hence by the optional stopping theorem E[Y Z’” | U=1] = 0, which gets us
E[Xm | Um—l] —
- )
=E Z(V’" Shit) Z Z Fom(a| S)Bu(s" | ST, a )Vm(s/)>|{Qm}|Um_]
| h=1 acsl s'eS
[ 1 H" _ N
=E|) Z7'| o' +E Y Y Y (P |5y a) = Pu(s | sy a) fim(a | sp )V (s ) H{HQ"} | gm-1
h=1 h=lacd s'c.s
[ 5™ ~ ~
=E Z Z Z (P(s’ | st a) — Pu(s | sZ’,a))ﬁ'm(a | STV (s)I{Q™} | om1.
| h=1lacd s'c/
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Furthermore, we have

Hm
E Z Z Z (P(s'|sf7a)—Pm(s/|sz1,a))7~rm(a|shm)Vm(s/)|{Qm}|(7m_1
hzlaeds’ef
=E Z Y, Y (P sy a) = Bus' | sys@) Fn(a | iV (s)H{Q"Y | O
=lacd e+
'Hm ) ) ]
=E|) ) (P(s/|shm,a’;f)—Pm(s/|sf,a;l"))Vm(s/)l{Qm}|Um_1
h=1ses+
= ) ) ]
=E| Y. Y (PG| al) = Puls" s, a) | V(") — i J Q") | O™
Lh=1s'es+
B H™ 2
<E[8Y Y \|ArP(s|sp,ar) (Vm(s/)—u,;"> {Qm} | g™ !
h=1s'es*
1362 Y Ap V(s - {Qmy | o
=lses*
Hm
<E|16) /SVrAm
h=1 Cmin

where the first equality follows because 1% (g) = 0 and the second by the definition of a".
The third equality follows since P(- | s},a}’) and Po(- | s/, a)') are probability distribu-
tions over S* whence y;" does not depend on s’. The first inequality follows from Theo-
rem E.9.8, and the second inequality from Jensen’s inequality, Theorem E.9.3, [ST| < 28,
and the definition of V}'. [

The following lemma will help us bound the variance within an interval, and it follows
by the fact that known states were visited many times so our estimation of the transition

function in these states is relatively accurate.

Lemma E.9.10 ((RCMK?20], Lemma B.14). Let m be an interval and s be a known state.
If Q™ holds then for everya € o/ and s' € ./,

SD 48D

Pl )P )] < 1y [ PO 150) ey

Define U (s) = Yacw Yocst fim(a| s)P(s' | s,a)V"™(s') and therefore p" = p™(sm).
2

Similarly, define V"(s,a) = Ygc o+ P(s' | 5,a) (Vm(s’ ) — ,um(s)) and therefore V}' =
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V™(si,a)'). The next lemma bounds the variance within a single interval.

Lemma E.9.11. For any interval m it holds that E[Y.1 vm1{Q"} | U™~'] < 64D?/c?

min*

Proof. Denote

7 = (V%Z’H) ~ Y Y Falal )P | sZﬂa)?’”(s’)) "},
acd s'e.s

and think of the interval as an infinite stochastic process. Note that, conditioned on U m=1

(ZZ’)::I is a martingale difference sequence w.r.t (U h);l": |» where U " is the trajectory of

the learner from the beginning of the interval and up to time % and including. This holds

since, by conditioning on U™~!, Q™ is determined and is independent of the randomness

generated during the interval. Note that H™ is a stopping time with respect to (Z]");>_,

which is bounded by 2D/c2.. . Therefore, applying Theorem E.12.2 obtains

min*

2
H™ H™
E[Z ve{Qmy | o :E[(Z Z,TI{Q’”}) |gmt. (E.10)
h=1 h=1
We now proceed by bounding | Z{l”;ﬂ] Z;"| when Q™ occurs. Therefore,
H™ N
m = m / m m¢ J
Y zy) = i)=Y, Y @inlalsy)P(s | sp,a)V"(s)
h=1 acd s'eS
H" _
<Y V(i) = V(s (E.11)
h=1
H" N
+ Z VT (sih) — Z Z Tom(a | S Pu(s" | s7,a)V™(s) (E.12)
= acd s'eS
+ Z Z Z fim(alsy) (ﬁm(s’ | si,a) — P(s' | sﬁ,a)) (Vm(sl) —.u,';’) , (E.13)
=laced s'c.st

where Equation (E.13) is given as P(- | s}, ) and Py, (- | si',a) are probability distributions

over ST, ;" is constant w.r.t s’, and V’"( )=

We now bound each of the three terms above individually. Equation (E.11) is a tele-
scopic sum that is at most D /¢y, on Q™ (Theorem E.9.3). For Equation (E.12), we use the
Bellman equations for 7,, w.r.t lgm (Theorem E.9.4) thus it is at most 2D /cpin (see proof
of Theorem E.9.7). For Equation (E.13), recall that all states at times h = 1,...,H™ are
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known by definition of H™. Hence by Theorem E.9.10,

~ 2
2. P(s' | s a) (Vm(s) — ur
~ _ 1 ’
Z <P(s/ | Shm,a) —Pm(sl | S%WO) (Vm(s/) _‘u;ln> <_ Z Ciin h ( I )
sle st 85/65” D
Y g ) -
Jeo+ 45D

SD/Cmin

< l rznmvm(sh7 ) + Cmin
! D 2

where the last inequality follows from Jensen’s inequality and because |S*| < 2S. There-

fore,

Z Z Tm(a | sy) (P(S/ | sp.a) — Pu(s' | s;l",a)) <?m(s’) —;,L;l"> <

acd s'e. S+
c2. \m(s -
< ¥ ula] o) () ) 4 o)
acs/
< l CﬁljnZaEﬂ Ton(a | S?)Vm(si’:aa) 4 Cmin
=7 D 2

where the last inequality follows again from Jensen’s inequality. We use Jensen’s inequal-

ity one last time to obtain

HZl mm Za@zf nm(a ‘ Sh )Vm Sh ) + Z len

D
1 [ Bnir
= D 2
1 H’n D
=3 ZZ477:ma|sh Vmshv) )
2\ =lacd/ Cmin

where we used the fact that H™ < 2D/c?

min*
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Plugging these bounds back into Equation (E.10) gets us

Um—l

<E

Hm 2
<4D +l Y ) ﬁm(a|s';;)vm(s;7,a)|{gzm}>

Cmin 2\ =l ey

Hln
E [Z V") ‘ gm-!
h=1

320 1_|H L omm my | Fm-1
<— +§E Z Zﬂtm(a]sh)v (sp,a){Q"} | U

Cmin |h=1aco

2p? 1 |8 -
=——+-E ngl{gm}‘w”l ,
h=1

min

c

where the second inequality is by the elementary inequality (a +b)? < 2(a® + b?), and
the last equality is by definition of @' and V}'. Rearranging gets us E[):H L VIH{Q™} |
Um-'] <64D*/c2

= in» and the lemma follows. O

Lemma E.9.12. With probability at least 1 — § /6, the following holds for all M = 1,2, ...

simultaneously.
M | , TSA 5 . ,TSA
Y ER;, | O™ <573 MAlog —+5440 S°Alog? ——.
m=1 Cmin 0 Cmin o)
Proof. From Theorem E.9.9 we have that
L H" H" )
E[R, | 0" '] <16E| Y \/SVrAmI{Q™} +272E Zc —SAFH{Q"} | O™,
h=1 h=1 ¢min

Moreover, by applying the Cauchy-Schwartz inequality twice, we get that

Hm
E VAL QMY ‘ gm-!
£

H™ H™
gE[ Y vef{omy. | Y am{Qmy |0
h=1 h=1

Hm Hm
<.|E ZAgl{Qm}‘Um—l E| ) vr{Qm} | Ot
h=1 h=1
8D Lels -
< E|) Ar{Qm} | om-1],
Cmin =1
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where the last inequality is by Theorem E.9.11. We sum over all intervals to obtain

M M H™ M | H"
~ 128D _ 2721)5 B}
Y E[R;, 0" < Y oS Y Amfamy | gt ) ZA’"I{Q’”}‘U’"‘l
m=1 Cmin ,, =1 h=1 min ;=1
128D M| HY _ 272DS Y _
< Msy ZAZH{Q’"}’U’"” Z ZA’"I{Q’"}‘U’"‘I,
Cmin m=1 | h=1 min  j,—

where the last inequality follows from Jensen’s inequality. We finish the proof using The-
orem E.9.13 below. [l

Lemma E.9.13. With probability at least 1 — 8 /6, the following holds for M = 1,2,...

simultaneously.

ZAml{Qm} | Um 1
h=1

M

LE

TSA

< 20SA log =

Proof. Define the infinite sequence of random variables: X" = Zﬁfl AJ'IH{Q™} for which
|X™| < 2 due to Theorem E.9.14 below. We apply Equation (E.22) of Theorem E.12.3 to
obtain with probability at least 1 — 5 /6, for all M = 1,2, ... simultaneously

12M

ZEX'"\U'" ] <22X’"—|—810g =

m=1
Now, we bound the sum over X" by rewriting it as a sum over epochs (since the confidence

sets update only in the beginning of a new epoch):

6

e(m) E
log(SANS"™ (s am) / 8) SAT
<5 LY Y

N+ (Sh’a/’l) se€S ac

M M H™
LX<} )}
m=1 m=1h=1

where n¢(s,a) is the number of visits to (s,a) during epoch e. From Theorem E.9.15 below
we have that for every (s,a) € . x <,

6

< 2logNg+1(s,a) <2logT.

L

We now plugin the resulting bound for Z _1 X" and simplify the acquired expression by
using M <T. 0

Lemma E.9.14. For any interval m, g:ml AP <2
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e(m)(

Proof. Note that all states during the interval are known. Hence, N/ (s},a)') > o -
== log S Therefore, since log(x)/x is decreasing and since A > 2 (otherwise the

learner has no choices),

HZmAm _ Hf, log(SANS"™ (s, a) / 8) < Gl
=1 =1 N (g gim) b -

]

Lemma E.9.15 ([RCMK20], Lemma B.18). For any sequence of integers z1,...,z, with
0 <z <Z_:=max{l, Z i 2} and Zy = 1, it holds that

n %
Z — < 2logZ,.
k:lZ

E.9.6 Proof of Theorem 7.3.1

Theorem E.9.16 (Restatement of Theorem 7.3.1). Under Theorem 5.2.1, running SSP-O-

REPS3 with known SSP-diameter D and = w
at least 1 — 6,

ensures that, with probability

DS KDSA D?S?A KDSA ~( DS
RK§0< VAKlog +—3 log® >:0( \/AK),

Cmin 6Cmin Coin SCmin Cmin

where the last equality holds for K > D*S*A /c?

min*

Proof of Theorem 7.3.1. With probability at least 1 — §, via a union bound, we have that
Theorems E.9.1, E.9.7 and E.9.12 hold and the following holds by Azuma inequality for

every T =1,2,... simultaneously,

M H"
~ T
sy ay) < Z Z Zﬂ/r (alsp) ,a)+4\/T10g3. (E.14)

We start by bounding Ry and in the end we explain how this yields a bound on Rg.

um

I

Plugging in the bounds of Theorems E.9.6, E.9.7 and E.9.12 into Theorem E.9.5, we

have that for any number of intervals M:

K 2Q2

TSA D S°A TSA
Z “(simi) 1{ Q™ }-I—O( VMAlog 5 log? 5 >
k=1 Cmin min
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We now plug in the bound on M from Theorem E.9.2 into the bound above. After simpli-
fying this gets us

K 242
~ = D-§°A TDSA
CY < Y Vi Gsm) Q")+ 0(\/ 2 Klog?

=1 min Cmin
D*S4A2 TDSA DS?A A2 TDSA

+ 7} log* + CMlog .
Cmin oc min Cmin 6Cm1n

From which, by solving for cM (using that x < a/x+ b implies x < (a+ \/5)2 fora>0
and b > 0), and simplifying the resulting expression by applying Vkﬂ"(sinit) < D/cpin and
our assumptions that K > SZA, A > 2, we get that

TDSA D*S’A TDSA
VAKlog +— log2

Cmin Scmin Chin 5Cmin

K
cM < ZXN/k”k(sinit)l{Qm(k)}-l—O( ) (E.15)
k=1

Note that in particular, by simplifying the bound above, we obtain a polynomial bound on
the total cost: CM = O <\/ D*S*A2KT [ct ) Next we combine this with the fact, stated

4.5

min

in Theorem E.9.2 that T < CM /Cmin- Isolating T' gets T = O(D S'A’K ) , and plugging this
bound back into Equation (E.15) and simplifying gets us

KDSA D?S’A KDSA
VAKlog 5 log2

Cmin 6cmm Chin (Scmm

f (sinit) {Q™ }+0( ) (E.16)

Recall that

K
5 1n1t S 1n1t Z gk — yC 7

||M>:

and thus applying OMD analysis (see Section E.9.7) we obtain

~ KDSA D?S?’A. ,KDSA
Ry < O( VAKlog >—lo 2 ) .
min OCmin Cnin O Cmin

Now, as Q" hold for all intervals, we use Equation (E.14) to bound the actual regret (to-
gether with 7 < cM /cmin) for any number of intervals M, with the bound we have for

Ry.

We note that the bound above holds for any number of intervals M as long as K
episodes do not elapse. As the instantaneous costs in the model are positive, this means
that the learner must eventually finish the K episodes from which we derive the bound for

Rk claimed by the theorem. 0
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E.9.7 OMD analysis

This analysis follows the lines of Section E.4, but it is adjusted to extended occupancy

measures.

—~——

Lemma E.9.17. Let © > 1. For every g € A(A),,(7) it holds that R(q) < tlogT.

Proof.

R(q) = Z Z Z q(s7avs/)10gq(s7avsl)_ Z Z Z Q(S7avs/)

s€ S acd s'e. S+ se L acd s'e. S+

<Y Y Y alsas)logls.as)

se€S acd s'e. S+

- Z Z Z q<s,a,s/)logM+ Z Z Z q(s,a,s")logt

s€Sacd s'e. S+ s€S acd s'e. S+

Z Z Z q(s,a,s')logt < tlogr,

se€S acd s'e. S+

IN

where the first two inequalities follow from non-positivity, and the last one from the defi-

—_—

nition of A(.#Z),, (7). O

—_—

Lemma E.9.18. Let T > 1. Forevery q € A(.#), (7) it holds that —R(q) < t(1+log(S%A)).

Proof. Similarly to Theorem E.4.2 we have that

—R(q) =— Z Z Z q(s,a,s')logQ(S’—;l’s)—i— Z Z Z q(s,a,s’)

s€S acd s'e. S+ s€eSacd s'e. S+

— Z Z Z q(s,a,s")logt

s€S acd s'e S+

/ /
<-tY Y Y 9(5,4,) log 9(5,4,) + 1 < tlog(8%A) +,
seSacel s'e S+ T T

where the first inequality follows because the last term is non-positive and from the def-
inition of A(.#),,(7), and the last inequality follows from properties of Shannon’s en-

tropy. [

Lemma E.9.19. If Q™ holds for all intervals m, then
K pr o 2D DSA
Y (a—a"™ ) < = [6Klog——.
k—1 Cmin Cmin
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Proof. We start with a fundamental inequality of OMD (see, e.g., [RM19a]) that holds for

P

every g € A(A ), (D/cmin) for every m (since Q™ holds it also holds for "),

a

K P.*
KL(g" q1
Yoo < Yo dhorc by KL a1 - la)

(E.17)

For the first term we use the exact form of g, 1 and the inequality ¢* > 1+ x to obtain

k(s,a)

q;C-l—l(S?a’sl) = qk(s7avsl)e_nc ( > Qk(sv%sl) - an(S7a7s/)ck(S7a)‘

We substitute this back and obtain

Z qk—H? Z Z Z Qk(svavsl)ck<s7a)2§nl;1 Z/Z Z Qk(saa’sl)

k=1 lseS acel s'e. s+ s€S acd s'e. S+

>§
| A
=

!

D
T (sinit) < MK

Cmin

(E.18)

I
=

M= ||Mw

~
I
—_

——~——

where the last inequality follows from the definition of A(.#),,, ) (D/Cmin)-

Next we use Theorems E.9.17 and E.9.18 to bound the second term of Equation (E.17).
Recall that ¢; minimizes R in A(.#),(D/cmin), this implies that (VR(q1),¢"* —q1) >0

because otherwise we could decrease R by taking small step in the direction ¢ — g.

Thus we obtain

KL(¢"™ || q1) = R(¢"™ ) = R(q1) — (VR(q1),4"™ —q1) <R(¢"™ ) —R(q1)

D D D 6D = DSA
log—— + ——(1+1og(5?4)) < —log

Cmin Cmin  Cmin Cmin Cmin

IN

(E.19)

By substituting Equations (E.18) and (E.19) into Equation (E.17) and choosing n =
DSA
2, we obtain,

K
D 6D . DSA 2D DSA
Z a—q"" ,Fy <nk—+ log —— < 6K log

Cmin  CminT] Cmin Cmin cmm
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E.10 Estimating the SSP-diameter

When D is given, we use it to get the upper bound D/cpin on the expected time of the best
policy in hindsight 77 (si;;). The reason that T (Smn) < D/cmin is that D is an upper
bound on the expected time of the fast policy, i.e., T" (slmt) < D (see Theorem E.4.1).

Thus, we want to compute D(sinit) to be an upper bound on it (Sinit)-

We would like to use the first L episodes in order to estimate an upper bound 5(smit)
on the expected time of the fast policy, and then we can run SSP-O-REPS3 and obtain the
same regret bound as in Theorem 7.3.1 but with B(Sinit> replacing D.

Notice that 77/ is the optimal policy w.r.t the constant cost function c(s,a) = 1, and
its expected cost is T”‘f(sinit). Thus, we run the SSP regret minimization algorithm of
[RCMK20] with the cost function c(s,a) = 1 for L episodes. Then, we set 5(sinit) to be

the average cost per episode times 10, that is,

lole

10 L
Slmt ZZC _IZ

We start by showing that 5(Sinit) is indeed an upper bound on it (Sinit), given L is
large enough.

Lemma E.10.1. If L > Tzﬁ(()OD) log3 8K then, with probability at least 1 — 8, T™ (s,-m-t) <
Sin,
D(szmt>-

Proof. Notice that playing &/ during the first L episodes will result in smaller total cost
then running the regret minimization algorithm. Thus, it suffices to prove the Lemma as if

we are playing the fast policy. Define

Ik I*

f
ZC Si s z [ZC( Sis l) |P ! s\ ST = Sinit} = ZC(S?,CI?) T” (Sinit)~
i=1 i=1
This is a martingale difference sequence, and in order to use Theorem E.12.5 we need to
show that Pr[|X| > m] < 2¢ b forevery k= 1,2, ... and m > 0. This follows immediately

from Theorem E.6.1 since the total cost is equal to the total time for the cost function

c(s,a)=1.

Xk‘ <44D,/ Llog3 3L with probability 1 — &. Therefore we
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have,

L [ AL
ZZC 171 >LT (Sinit)_44D LlOg?’F,

and thus,
D 1 L I* log3 4L
(o) _ £ X T cloh) > 1 () —ap) 252 (E.20)
3 4L
Since L > %logf 4§ , we have that 44D log o < %T (Slmt) and therefore we
mnit
obtain from Equation (E.20) that yacad (Sinit) < D(sinit). O

Next, we show that ﬁ(sinit) is a good estimation of T”f(sinit), given L is large enough.
Lemma E.10.2. If L > S2Av/Dlog? K%J then, with probability at least 1 — 9, B(Sim',) <
O(D).

Proof. By the regret bound of the SSP regret minimization algorithm we have, with prob-
ability at least 1 — 6,

_ZZC VL L

1 LI ; DS\/ZIOgLDSA D3/252A10g2LDSA
-T" (Sllllt) 0 + 0 .

Since T% (sinit) < D we obtain

_ DS\/ZIOg LDSA D3/252A10g2 LDSA
D(sinit) < O (D+ i3 LA I 2 ) <o(D).

where the last inequality follows because L > S?A+/Dlog? K%J. U

The second place in which the SSP-O-REPS3 algorithm uses D is to determine when
to switch to the optimistic fast policy. The switch happens when we reach a state with ex-
pected time larger than D /cpin. A careful look at the analysis (especially Theorem E.9.6)
shows that we actually need to switch in state s if the expected time is larger than 7™ () /Cmin-
Thus, we need to estimate an upper bound D(s) on T”f(s) which is done exactly as we
estimated T (Sinit), 1.€., in the first L visits to s we switch to the optimistic fast policy and

then we can estimate T”f( ) (by taking the average time to the goal times 10). This just

DS 1 DSA
mm og OCmin *

means that now the threshold for a state to become known is L instead of
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Assuming L is large enough we get a good enough estimate, similarly to what we just

proved for yacd (Sinit)-

To summarize, the algorithm proceeds as follows. We start by running the regret min-
imization algorithm of [RCMK20] with constant cost of 1 for L episodes and use it to
estimate an upper bound on ad (Sinit)- Then, we run SSP-O-REPS3 (setting 1 as a func-
tion of our estimate instead of D) with a known state threshold of L. When a state s
becomes known we compute an upper bound on T”f(s) and in the next episodes we make
the switch in this state using this estimate and not when the expected time is larger than
D/ cin- The following theorem shows that we can set L ~ VK, and this leads to the same
regret bound (as if we knew D in advance) assuming K is large enough. Otherwise, the

regret is just bounded by some constant that does not depend on K.

Theorem E.10.3. Under Theorem 5.2.1, running SSP-O-REPS3 withn = \/ 310g(D(si’ZIi(’)SA/ Cmin)
and

L = 2400 max{S?A log? é(cién, - \»/I?\/Z log §CS,:4,1} ensures that, with probability at least 1 — 0,

DS KDSA D?S?A KDSA
VAK log log? )

0g
. . 2 .
Cmin O Cmin Cinin O Cmin

RKSO(

2 D4A
for K > rnax{c2 DS*A3log? 254 Cmin s log* (é)csf‘ } For smaller K, we have
min

. R
min OCmin minge o T™ (s)

~ (D3S?A ~(D°S3A?
Rg < 0< > +c,%”.nD5A+D253A2) < 0( . )
min Conin
Proof. First assume that K is large enough. By union bounds, Theorems E.10.1 and E.10.2
and the regret bound of SSP-O-REPS3 all hold with probability at least 1 —3SAJ (because
of the O(-) notation it is the same as 1 — 0). Therefore, T”f(s) < D(s) < O(D) for all

s € .. During the first L episodes our cost is bounded as follows,

L I

LDSA LDSA
Y Y &Hshad)<Lp+o (DS\/ALlog — + D*252Alog? T)
k=1i=1

DS KDSA D3/252A KDSA
§0< VAKlog 5 +— log3 ,

Cmin min 0

and then we bound the regret as in Theorem 7.3.1 to get the final result (the extra regret
that comes from enlarging the known state threshold is at most LDSA which is of the same

order).
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When K is too small we might encounter an underestimate or an overestimate of some
T’T‘f(s). In the rest of the proof assume that K > 24005%A log? ézi{\ because otherwise we

never go past the diameter estimation phase and the regret is bounded by
Rk <O (D3/ 2S2A).

2 DSA

5o we have that
Cmin

By following the proof of Theorem E.10.2, for K > 2400S%Ac?

- minlog
D < 0(D3?).

Underestimate. The problem with an underestimate is that now our regret bound does
not hold against 77*, but only against the best policy in hindsight 7* (D (sini) ) with expected
time of at most 5(sinit). In addition, we may loose D every time we switch to the fast policy
(and the reason was reaching a “bad” state) by the proof of Theorem E.9.6. Thus, the regret

bound of SSP-O-REPS3 (without diameter estimation) gives

K It K = 2¢2
Y Y Hfsta) =Y V] (Dlsinit)) (g, :) < O b3 VAK log KD3A  D5A log? kDA +KD |.
i 4 k nit e SConi C2 OC
k=1i=1 k=1 min min min min
(E.21)

We can use this to bound the total cost, and therfore the regret of the learner, as follows

K I
Rk < Y Y *(sF,df)
k=1i=1
K ~ 2¢2
(P DS KDSA D?S?A KDSA
S Z VkTL' (D(Smll)) (Sinit) + 0< \ /AKlog + 5 10g2 _|_ KD)
=1 Cmin OCmin Chin OCmin
~ DS KDSA D?S%A KDSA
<0 (KD(sinit) + VAKlog +— log? + KD>
Cmin oc min Chin oc min
DS KDSA D?S%A KDSA
<0 (KD +—V/AKlog +—5—log’ )
Cmin 5Cmin Chin 5Cmin
~ D?S2A
<0 (DSAcfnin +D’SA+— ) :
ce.
min

where the second inequality follows from Equation (E.21), the third because the expected

time of T* (5(Sinit)) is at most 5(Sinit), the forth because 5(sinit) < D as an underestimate,

2 e

. . . co. DA
and the last one is because underestimation may occur when K < —min= " Jog* DSA
minge o T (5)* OCmin

according to Theorem E.10.1.
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Overestimate. At this situation our regret bound holds, but its dependence in D(s) is

problematic because B(S) overestimates D for some s € .. However, according to Theo-

rem E.10.2, this may occur only when K < crzninDS“A3 log? (ﬁi. In addition, as mentioned

before, D(s) < O(D*/?). Thus, we have

D(s)S KDSA D(s)2S%A KDSA
RKgo( 5 /AR log L DU)SA,, = )
Cmin

Cmin O Cmin Chin

D3/28 KDSA D3S?A KDSA
0( VAKlog +— log2 )

Cmin 0 Cmin Chin

~ D35%A
<0 (D253A2 -~ 2—) .

Chnin

IN

5Cmin
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E.11 Zero costs

We can artificially fulfil Theorem 5.2.1 by adding a small € > 0 perturbation to the costs.
That is, when c* is revealed, we pass to the learner the perturbed cost function & (s,a) =

max{ck(s,a),e} forevery s € .# anda € o7

Notice that changing the cost function does not change the transition function or the
SSP-diameter. However, the bias introduced by our perturbation adds an additional eD*K
term to the regret, where D* is the expected time it takes the best policy in hindsight to

reach the goal state.

Choosing € to balance the algorithms’ regret with the new term yields the following re-
gret bounds for the general case. Theorem E.11.1 matches Theorem 7.2.1, Theorem E.11.2
matches Theorem 7.2.3, Theorem E.11.3 matches Theorem 7.3.1, and Theorem E.11.4
matches Theorem E.10.3.

Theorem E.11.1. Running SSP-O-REPS with known transition function, N = MKSMQ

—1/4 ensures that

E[Rx] < O (D*K3/4\/log(KDSA)> .

and e =K

Theorem E.11.2. Running SSP-O-REPS?2 with known transition function, N = w

and € = K_1/4, /log KDSSA ensures that, with probability 1 — 9,

KDSA
Rk <O (D*K3/41 0g ——— )

3log(DSA/¢€)

Theorem E.11.3. Running SSP-O-REPS3 with known SSP-diameter D, N = 7

and

€= K_1/4S\ /Alog &SSA ensures that, with probability 1 — 6,

KDSA KDSA
Rx <O (D*S\/ZK3/4logT +D*VKlog ) .

0

Theorem E.11.4. Running SSP-0-REPS3 with € = K~1/45/Alog PllSA py _  /3loe(Dlsu)sh/e)

and
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L= 2400max{S2A log2 Ks—sﬁ, %’% log %} ensures that, with probability at least 1 — 9,

KDSA KDSA
Rk <O (D*S\/ZK3/4 logTS +D*VKlog? TS> ,
D8/354/3A4/310g10/3 DTSA

minye o T (5)8/3

for K > maX{D2/3S4A8/3 log2 L%, } For smaller K, we have

~ S5c2 42
Rk <O <D*S\/ZK3/4 +D3VK + DA +D253A2)

VK
<0 <D*S\/ZK3/ 4L D3VK+ DA+ DS3A2>

<0 <D*S\/ZK3/4 +D3\/E+DSS3A2> .
Note that for € < 1 in Theorems E.11.3 and E.11.4, we need K > S*A%. However, if
K < S*A? (this is something the algorithm can check) we can just stay in the diameter

estimation phase (i.e., assume all costs are c¢(s,a) = 1) and get a regret of 5(DS4A2 +

D/ 2SZA) (or tune € especially for this case for better results).
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E.12 Concentration inequalities

Theorem E.12.1 (Anytime Azuma). Let (X,);>_, be a martingale difference sequence such
that |X,,| < B,, almost surely. Then with probability at least 1 — 6,

N N N
Y x| <4 /Y Bilogs N 1.
n=1 n=1

Lemma E.12.2 ((RCMK20], Lemma B.15). Let (X;);?, be a martingale difference se-
quence adapted to the filtration (F,)7 . Let Y, = (X1 X;)? =Y E[X? | Zi_1]. Then
(Yn)r_y is a martingale, and in particular if T is a stopping time such that T < ¢ almost
surely, then E[Y;] = 0.

Lemma E.12.3 ([RCMK20], Lemma D.4). Let (X,,);_, be a sequence of random variables
with expectation adapted to the filtration (%, );_,. Suppose that 0 < X,, < B almost surely.
Then with probability at least 1 — 0, the following holds for all n > 1 simultaneously:
n n 2n

EX; | Zi_1] < 22X,~|—4Blog§. (E.22)
= i=1

i=1

Lemma E.12.4. Let X be a non-negative random variable such that Pr[|X| > m] < ae=™/"
(a>1) for all m > 0. Then, EX\{X > r}] < a(r+b)e"/".

Proof. We have that,

EXK{X > r}] =rPr[X > r]+E[(X —r){X —r > 0}],

and
E[(X —r){X —r>0}] = Pr[X —r > m|dm
m=0
= Pr[X > m]dm
m=r
< ae "'bdm
m=r
= abe"/?
Hence E[XI1{X > r}] < a(r+b)e~"/* as required. O

Theorem E.12.5 (Anytime Azuma for Unbounded Martingales). Let (X,)_, be a non-
negative martingale difference sequence adapted to the filtration (%, _, such that Pr[|X,| >
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m] < ae—™m/b (a > 1) for alln > 1 and m > 0. Then, with probability at least 1 — 6,

\/ 32‘%\] VN > 1.

Proof. Define r, = 2blog 27‘3‘", and note that Pr[|X,,| > r,] < iz

Additionally define Y, = X, I{|X,,| < r,} —E[Xul{|X0| <70} | Fu—1]. (Ya);r_, is abounded
martingale difference sequence, and by Theorem E.12.1 we have that with probability at

o)
least 1 — 7,

OOI =
I\/

Ll e

Therefore, by a union bound, both the above holds and |X,| < r, for all n > 1 with
probability at least 1 — §. We get that

N N
N
)an|{|xn\ < 1} — EXul{[Xa] < 10} | 32,1_1]\ <4/ Y rlogs.
n=1 n=1

and simplifying using the definition of r,, gets

2aN
< ‘ZEX {|X,| < ra} | Ze 1]‘—1—8b\/N10g3 :

It thus remains to upper bound )ZQ’:] EX {|Xu| < rn} | Fu-i] ‘ First note that (since X,

‘ZX {[X] < 7}

is a martingale difference sequence)

EX Xl <} | Pl = EX, | Tt = BXal{[Xa| > 10} | Fui]
= —EX {|Xu| > 10} | Fn-1],
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from which

I
™=

—_

N
Y EXMIX] <} [ Facil| = | L EDGHIX] > i} | Fc]|
n=1

VAN
M= 3

E[1X Xl > ik | Zoo1|

3
Il
—_

b)e*r"/b
) 210 2an
2an £ o

8 \2 /2an\/?
) (5)

A
M=
2
S
_|_

3
Il

IN
1=

(O8]

Q

S

3
Il
—_

VAN

M=

(@)

Q

S

~ N/ N /

[\

Q

S

n=1
N 3/2
=) 6ab i)
=~ 2an
n
N 3b
<Yy =7 <3blog(N+1) < 3blog(2N),

3
I

where the second inequality follows from Theorem E.12.4 and and the forth inequality
follows because logx < 24/x. O
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