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Abstract

We study multi-task reinforcement learning (RL) in tabular episodic Markov deci-
sion processes (MDPs). We formulate a heterogeneous multi-player RL problem,
in which a group of players concurrently face similar but not necessarily identical
MDPs, with a goal of improving their collective performance through inter-player
information sharing. We design and analyze an algorithm based on the idea of
model transfer, and provide gap-dependent and gap-independent upper and lower
bounds that characterize the intrinsic complexity of the problem.

1 Introduction

In many real-world applications, reinforcement learning (RL) agents can be deployed as a group
to complete similar tasks at the same time. For example, in healthcare robotics, robots are paired
with people with dementia to perform personalized cognitive training activities by learning their
preferences [42, 21]]; in autonomous driving, a set of autonomous vehicles learn how to navigate
and avoid obstacles in various environments [27]]. In these settings, each learning agent alone may
only be able to acquire a limited amount of data, while the agents as a group have the potential
to collectively learn faster through sharing knowledge among themselves. Multi-task learning [[7]
is a practical framework that can be used to model such settings, where a set of learning agents
share/transfer knowledge to improve their collective performance.

Despite many empirical successes of multi-task RL (see, e.g., [51} 28| 27]) and transfer learning
for RL (see, e.g., [26} 39]]), a theoretical understanding of when and how information sharing or
knowledge transfer can provide benefits remains limited. Exceptions include [16}16, 11} 17,32} 25],
which study multi-task learning from parameter- or representation-transfer perspectives. However,
these works still do not provide a completely satisfying answer: for example, in many applica-
tion scenarios, the reward structures and the environment dynamics are only slightly different for
each task—this is, however, not captured by representation transfer [[11} [17] or existing works on
clustering-based parameter transfer [16} [6]. In such settings, is it possible to design provably effi-
cient multi-task RL algorithms that have guarantees never worse than agents learning individually,
while outperforming the individual agents in favorable situations?

In this work, we formulate an online multi-task RL problem that is applicable to the aforementioned
settings. Specifically, inspired by a recent study on multi-task multi-armed bandits [43]], we for-
mulate the e-Multi-Player Episodic Reinforcement Learning (abbreviated as e-MPERL) problem, in
which all tasks share the same state and action spaces, and the tasks are assumed to be similar—i.e.,
the dissimilarities between the environments of different tasks (specifically, the reward distributions
and transition dynamics associated with the players/tasks) are bounded in terms of a dissimilarity
parameter € > 0. This problem not only models concurrent RL 34, [16] as a special case by taking
€ = 0, but also captures richer multi-task RL settings when € is nonzero. We study regret minimiza-
tion for the e-MPERL problem, specifically:
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1. We identify a problem complexity notion named subpar state-action pairs, which captures
the amenability to information sharing among tasks in e-MPERL problem instances. As
shown in the multi-task bandits literature (e.g., [43l]), inter-task information sharing is not
always helpful in reducing the players’ collective regret. Subpar state-action pairs, intu-
itively speaking, are clearly suboptimal for all tasks, for which we can robustly take advan-
tage of (possibly biased) data collected for other tasks to achieve a lower regret in a certain
task.

2. In the setting where the dissimilarity parameter € is known, we design a model-based algo-
rithm MULTI-TASK-EULER (Algorithm [I), which is built upon state-of-the-art algorithms
for learning single-task Markov decision processes (MDPs) [3, 46, [36]], as well as algo-
rithmic ideas of model transfer in RL [39]. MULTI-TASK-EULER crucially utilizes the
dissimilarity assumption to robustly take advantage of information sharing among tasks,
and achieves regret upper bounds in terms of subpar state-action pairs, in both (value func-
tion suboptimality) gap-dependent and gap-independent fashions. Specifically, compared
with a baseline algorithm that does not utilize information sharing, MULTI-TASK-EULER
has a regret guarantee that: (1) is never worse, i.e., it avoids negative transfer [33[]; (2) can
be much superior when there are a large number of subpar state-action pairs.

3. We also present gap-dependent and gap-independent regret lower bounds for the e-MPERL
problem in terms of subpar state-action pairs. These lower bounds nearly match the upper
bounds when the episode length of the MDP is a constant. Together, the upper and lower
bounds can be used to characterize the intrinsic complexity of the e-MPERL problem.

2 Preliminaries

Throughout this paper, we denote by [n] := {1,...,n}. For a set A in a universe U, we use
A® = U\ A to denote its complement. Denote by A(X) the set of probability distributions over
X. For functions f, g, weuse f < gor f = O(g) (resp. f 2 gor f = Q(g)) to denote that there
exists some constant ¢ > 0, such that f < cg (resp. f > cg), and use f < g to denote f < g and
f Z g simultaneously. Define a V b := max(a, b), and a A b := min(a, b). We use E to denote the

expectation operator, and use var to denote the variance operator. Throughout, we use O() and Q()
notation to hide polylogarithmic factors.

Multi-task RL in episodic MDPs. We have a set of M/ MDPs {Mp =(H,S, A po,Pp,1p) };w:l,

each associated with a player p € [M]. Each MDP M,, is regarded as a task. The MDPs share the
same episode length H € N, finite state space S, finite action space .A, and initial state distribution
po € A(S). Let L be a default terminal state that is not contained in S. The transition probabilities
P, : Sx A — A(SU({L}) and reward distributions r, : S x A — A([0,1]) of the players
are not necessarily identical. We assume that the MDPs are layered], in that the state space S can
be partitioned into disjoint subsets (S;)_,, where py is supported on Sy, and for every p € [M],
h € [H],and every s € Sp,a € A, Py(- | s,a) is supported on S 1; here, we define Sgr1 = {L}.
We denote by S := |S| the size of the state space, and A := |.A| the size of the action space.

Interaction process. The interaction process between the players and the environment is as fol-

lows: at the beginning, both (rp)zl,”_1 and (Pp)éwzl are unknown to the players. For each episode

k € [K], conditioned on the interaction history up to episode k& — 1, each player p € [M] indepen-
dently interacts with its respective MDP M,,; specifically, player p starts at state s’f,p ~ pp, and at
every step (layer) h € [H], it chooses action aj; _, transitions to next state sy, , ~ Py (- | sf , ay )
and receives a stochastic immediate reward r,’jyp ~ (| sZyp, a’,ﬁ_’p); after all players have finished

their k-th episode, they can communicate and share their interaction history. The goal of the players

. . . . K M <H
is to maximize their expected collective reward E | Y7, > 7 D7, 7 p} .

I'This is a standard assumption (see, e.g., [44]). It is worth noting that any episodic MDP (with possibly
nonstationary transition and reward) can be converted to a layered MDP with stationary transition and reward,
with the state space size being H times the size of the original state space.



Policy and value functions. A deterministic, history-independent policy 7 is a mapping from S
to A, which can be used by a player to make decisions in its respective MDP. For player p and step
h, we use V;7, © Sp — [0, H] and QF , : Sp x A — [0, H] to denote its respective value and
action-value functions, respectively. They satisfy the following recurrence known as the Bellman
equation:

Vh € [H] : Vf:p(s) = Q;zr,p(‘s?ﬂ-(s))? Q;zr,p(s’ a’) = RP(S7 a) + (]P)PVfZTJrl,p)(S? a)u

where we use the convention that Vi7,, (L) = 0, and for f : Sp11 — R, (Ppf)(s,a) :=
Zs'esh,ﬂ P,(s" | s,a)f(s"), and Rp(s,a) := E;zop (s, [7] is the expected immediate reward

of player p. For player p and policy 7, denote by V"), = Es, ~p, [pr(sl)} its expected reward.

For player p, we also define its optimal value function V* p Sn — [0, H] and the optimal action-
value function @} : Sp x A — [0, H] using the Bellman optimality equation:

Vhe[H]: Vip(s)=maxQj ,(s,a), Qhp(s,0) = Ry(s,a) + (BpVii1,)(s,0), (D)

where we again use the convention that V3 +1,p(J_) = 0. For player p, denote by V7, =

Es, ~po [Vlfp(sl)} its optimal expected reward.

Given a policy , as V" for different /i’s are only defined in the respective layer Sp,, we “collate”
the value functions (V" p)thl and obtain a single value function V7 : SU { L} — R. Formally, for
every h € [H+ 1] and s € Sp,

V7T(s) = Vh’fp(s).

P
We define Q7, V", @, similarly. For player p, given its optimal action value function @}, any of its

P Vp >
greedy policies 7 (s) € argmax, ¢ 4 @5 (s, a) is optimal with respect to M,,.

Suboptimality gap. For player p, we define the suboptimality gap of state-action pair (s,a) as
gap,(s,a) =V, (s)—Q; (s, a). We define the mininum suboptimality gap of player p as gap,, i, =
MiN(s,q):gap, (s,0)>0 gap, (s, a), and the minimum suboptimality gap over all players as gap,,;, =

min,e(ns) AP, min- FOr player p € [M], define Z,, opy = {(s, a) : gap,(s,a) = O} as the set of
optimal state-action pairs with respect to p.

Performance metric. We measure the performance of the players using their collective regret, i.e.,
over a total of K episodes, how much extra reward they would have collected in expectation if they
were executing their respective optimal policies from the beginning. Formally, suppose for each
episode k, player p executes policy 7% (p), then the collective regret of the players is defined as:

M K o
Reg() = 3 (Wi, - V5, )

p=1k=1

Baseline: individual STRONG-EULER. A naive baseline for multi-task RL is to let each player
run a separate RL algorithm without communication. For concreteness, we choose to let each
player run the state-of-the-art STRONG-EULER algorithm [36]] (see also its precursor EULER [46]),
which enjoys minimax gap-independent [3, 8] and gap-dependent regret guarantees, and we refer
to this strategy as individual STRONG-EULER. Specifically, as it is known that STRONG-EULER
has a regret of O(VH2SAK + H*S2A), individual STRONG-EULER has a collective regret of

O(M VH2SAK + M H*S?A). In addition, by a union bound and summing up the gap-dependent
regret guarantees of STRONG-EULER for the M/ MDPs altogether, it can be checked that with prob-



ability 1 — ¢, individual STRONG-EULER has a collective regret of ordeif]

MSAK 3 o3 SA
In (T) Sl X st X | M AR
pe[M] \ (5,a)€EZp,opt 8Pp,min (s,a)ezgopt gapp (s, a 8aPmin
(2)

Our goal is to design multi-task RL algorithms that can achieve collective regret strictly lower than
this baseline in both gap-dependent and gap-independent fashions when the tasks are similar.

Notion of similarity. Throughout this paper, we will consider the following notion of similarity
between MDPs in the multi-task episodic RL setting.
Definition 1. A collection of MDPs (/\/l,,)fow:1 is said to be e-dissimilar for € > 0, if for all p,q €
[M], and (s,a) € S x A,
€
|Bp(s,0) = Ry(s,a)| < €, [Pp(- | 5,0) =Py(- | s,0)[ < -

M | an e-Multi-Player Episodic Reinforcement Learning (abbrev. e-

If this happens, we call (M),

MPERL) problem instance.

If the MDPs in (./\/lp)éwzl are 0-dissimilar, then they are identical by definition, and our interaction
protocol degenerates to the concurrent RL protocol [34]. Our dissimilarity notion is complementary
to those of [6, [16]: they require the MDPs to be either identical, or have well-separated parame-
ters for at least one state-action pair; in contrast, our dissimilarity notion allows the MDPs to be
nonidentical and arbitrarily close.

We have the following intuitive lemma that shows the closeness of optimal value functions of differ-
ent MDPs, in terms of the dissimilarity parameter e:

Lemma 2. If (M)}, are e-dissimilar, then for every p,q € [M], and (s,a) € S x A,

Qr(s,a) — Qs (s, a)‘ < 2He; consequently, |gap,,(s,a) — gap,(s,a)| < 4He.

3 Algorithm

We now describe our main algorithm, MULTI-TASK-EULER (Algorithm [[). Our model-based al-
gorithm is built upon recent works on episodic RL that provide algorithms with sharp instance-
dependent guarantees in the single task setting [46,[36]. In a nutshell, for each episode k and each
player p, the algorithm performs optimistic value iteration to construct high-probability upper and
lower bounds for the optimal value and action value functions V,* and )7, and uses them to guide
its exploration and decision making process.

Empirical estimates of model parameters. For each player p, the construction of its value func-
tion bound estimates relies on empirical estimates on its transition probability and expected reward
function. For both estimands, we use two estimators with complementary roles, which are at two
different points of the bias-variance tradeoff spectrum: one estimator uses only the player’s own
data (termed individual estimate), which has large variance; the other estimator uses the data col-
lected by all players (termed aggregate estimate), which has lower variance but can easily be biased,
as transition probabilities and reward distributions are heterogeneous. Such an algorithmic idea of
“model transfer”, where one estimates model in one task using data collected from other tasks has
appeared in prior works (e.g., [39]). Specifically, at the beginning of episode k, for every h € [H|
and (s,a) € Sy X A, the algorithm has its empirical count of encountering (s, a) for each player p,
along with its total empirical count across all players, respectively:

k—1 k—1 M
np(s,a) == Z 1 ((sﬁl’p,aﬁp) = (s,a)) , n(s,a) = ZZ 1 ((sz)p,aﬁl)p) = (s,a)) )
=1 =1 p=1

*The originally-stated gap-dependent regret bound of STRONG-EULER ([36]], Corollary 2.1) uses a slightly
different notion of suboptimality gap, which takes an extra minimum over all steps. A close examination of their
proof shows that STRONG-EULER has regret bound (2)) in layered MDPs. See also Remark[21lin Appendix[C.4]
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Algorithm 1: MULTI-TASK-EULER

Input : Failure probability § € (0, 1), dissimilarity parameter € > 0.
Initialize: Set V,,(_L) = 0 for all p in [M], where L is the only state in Sg11 ;
fork=1,2,..., K do

forp=1,2,..., M do

// Construct optimal value estimates for player p

forh=H, H—-1,...,1do
for (s,a) € Sp, x Ado
Compute:
ind-Q,(s,a) = R,(s,a) + (P,V,)(s, a) + ind-by(s, a);
ind-Q (s,a) = Ry(s,a) + (B,V,) (s, a) — ind-by(s, a);

ag2-Q,(5,0) = R(s,a) + (BV,)(s,a) + agg-by (s, 0);

agg'Qp(Sa a) = R(Sv CL) + (Pzp)(sv CL) - agg'bp(sa a);

Update optimal action value function upper and lower bound estimates:
@pls,0) = min { H — b +1,nd-Q, (s, 0), agg-Q, (5. ) };

Qp(s, a) = max {O, ind-Qp(s7 a), agg-Qp(s, a)};

for s € S;, do

Define 7% (p)(s) = argmax,c 4 @, (s, a) ;

Update V,,(s) = Q,, (s, 7"(p)(5)). ¥, (s) = Q (5,7 (p)(s))-

// All players p interact with their respective environments, and update

reward and transition estimates
forp=1,2,..., M do
Player p executes policy *(p) on M,, and obtains trajectory (s} P ary » i p)hH 1-
Update individual estimates of transition probability IP’p, reward R and count ny (-, -)
using the first parts of Equations (3), @) and (3).
Update aggregate estimates of transition probability IP, reward R and count n(-,-) using the

second parts of Equations (3)), () and (3).

The individual and aggregate estimates of immediate reward R(s, a) are defined as:

k—1 k—1 M
: 1 ((shpeah,) = (5.0 Thy L 1 (Gl = (5,0)) 7,

Ry(s,a) := (5, a) ; R(s,a) = n(s,a)
“)

Similarly, for every h € [H| and (s,a,s’) € S, x A X Sp+1, we also define the individual and
aggregate estimates of transition probability as:

Zl 1 ((Shpaahp75h+1p) (Saavsl))

E\D ! =
o5 | 0) np(s,a) ’ 5)
k M 1 1 1 1 . ,
]f”( z ) Zl:l Zp:l ((Sh,paah7p75h+17p) = (s,a,s ))
s'|s,a):= '
7 n(s,a)

If n(s,a) = 0, we define R(s,a) := 0 and P(s' | s,a) :=
Ry(s,a) := 0 and P, (s’ | s,a) := S—|
h+1

MULTI-TASK-EULER efficiently in an incremental manner.

|$1—|; and if ny (s, a) = 0, we define
The counts and reward estimates can be maintained by

Constructing value function estimates via optimistic value iteration. For each player p, based
on these model parameter estimates, MULTI-TASK-EULER performs optimistic value iteration to



compute the value function estimates for states at all layers (lines 3 to [[3). For the terminal
layer H + 1, V(L) = 0 trivially, so nothing needs to be done. For earlier layers h € [H],
MULTI-TASK-EULER iteratively builds its value function estimates in a backward fashion. At
the time of estimating values for layer h, the algorithm has already obtained optimal value esti-
mates for layer h + 1. Based on the Bellman optimality equation (1), MULTI-TASK-EULER es-
timates (Q5(s,a))ses), ac.a using model parameter estimates and its estimates of (V,"(s))ses, 4.

ie., (Vp(s))sesn,, and (V,(s))ses,,, (lines[Sto[[2).

Specifically, MULTI-TASK-EULER constructs estimates of Qy (s, a) for all s € Sp,a € A in two
different ways. First, it uses the individual estimates of model of player p to construct ind-Qp and
ind-@,,, upper and lower bound estimates of @7 (lines [8 and@); this construction is reminiscent of
EULER and STRONG-EULER [46, 36], in that if we were only to use ind—Qp and ind-(),, as our opti-

mal action value function estimate @p and Qp, our algorithm becomes individual STRONG-EULER.
The individual value function estimates are key to establishing MULTI-TASK-EULER’s fall-back
guarantees, ensuring that it never performs worse than the individual STRONG-EULER baseline.
Second, it uses the aggregate estimate of model to construct agg-Qp and agg-@,,, also upper and

lower bound estimates of Q7 (lines [0l and [7); this construction is unique to the multitask learning
setting, and is our new algorithmic contribution.

To ensure that agg-Q),, and ind-(Q),, (resp. agg-Qp and ind-Qp) are valid upper bounds (resp. lower

bounds) of @5, MULTI-TASK-EULER adds bonus terms ind-b,, (s, a) and agg-b, (s, a), respectively,
in the optimistic value iteration process, to account for estimation error of the model estimates
against the true models. Specifically, both bonus terms comprise three parts:

ind-b, (s, a) := brw (np(s, a), O) + bprob (]fbp(- | s,a),np(s, a),Vp,Kp, O) +
bstr (EAD;D( | Saa)anp(saa)uvpuzpuo) )
agg-b,(s,a) := byy (n(s, a), e) + bprob (]f”( | s,a),n(s, a),Vp,zp, e) +

bstr (IED( | S,CL),TL(S,CL),VP,KP,E) )

where

biw (n,5) =1 A n+@< M)

n

Vars ~g [V(s’)} L(n)

n

bprob (q,n,V, v, m) =H AN 2k+06

Evng [(V() = V)2 L) ppm)

n n

S Buma |V V2| ) mrsim)

n n

bsir (qvnavvzv H) =rk+0 )
and L(n) ~ In(X4542),
The bonus terms altogether ensures strong optimism [36]], i.e.,

for any p and (s,a), Q,(s,a) > Ry(s,a) + (P,V,)(s, a). (6)

In short, strong optimism is a stronger form of optimism (the weaker requirement that for any p
and (s, a), Q,(s,a) > Qx(s,a) and V,(s) > V5 (s)), which allows us to use the clipping lemma



(Lemma B.6 of [36], see also Lemma 20l in Appendix [C.4) to obtain sharp gap-dependent regret
guarantees. The three parts in the bonus term serve for different purposes towards establishing (6)):

1. The first component accounts for the uncertainty in reward estimation: with probabil-

ity 1 — O(6), |Ry(s,a) —Rp(s,a)‘ < bew (np(s,a),0), and ‘R(s,a) —Rp(s,a)‘ <
bew (n(s, ), €).

2. The second component accounts for the uncertainty in estimating (P, V,*) (s, a): with proba-
bility 1 — O(8),|(B,V:5)(s,a) — (B, Vi)(s, a)’ < bpron, (Pp(- | 5,a), np(s,0), Vp, V), o)
and’(I@’V;)(s,a) - (Ppr*)(s,a)‘ < bprob (]f”( | s,a),n(s,a),vp,zp,e).

3. The third component accounts for the lower order terms for strong optimism: with probabil-
ity 1= 0(), (B, = B,) (V, = V)5, )| < buar (Bo(- | 5,0),my(5,), 7, V,,0), and

\(ﬁv — PV, — Vi) (s, a)‘ < by (ﬁv(- | 5,a),n(s,a),V,, V,, e).

Based on the above concentration inequalities and the definitions of bonus terms, it can be shown
inductively that, with probability 1 — O(6), both agg-Q),, and ind-Q,, (resp. agg-Qp and ind-Qp) are
valid upper bounds (resp. lower bounds) of @,

Finally, observe that for any (s, a) € Sp x A, Q,(s, a) has range [0, H — h + 1]. By taking intersec-
tions of all confidence bounds of ) it has obtained, MULTI-TASK-EULER constructs its final upper

and lower bound estimates for Q(s,a), @,(s,a) and Qp(s, a) respectively, for (s,a) € S, x A

(line [[I] to [[2). Similar ideas on using data from multiple sources to construct confidence inter-
vals and guide explorations have been used by [37}43] for multi-task noncontextual and contextual
bandits. Using the relationship between the optimal value V,*(s) and and optimal action values

{Q;(s, a):aé€ .A}, MULTI-TASK-EULER also constructs upper and lower bound estimates for
V3 (s), Vp(s) and V, (s), respectively for s € Sy, (line[I3).

Executing optimistic policies. At each episode k, for each player p, its optimal action-value func-
tion upper bound estimate @p induces a greedy policy 7% (p) : s — argmax, 4 @p(s, a) (line[14);
the player then executes this policy in this episode to collect a new trajectory and use this to update
its individual model parameter estimates. After all players finish their episode k, the algorithm also
updates its aggregate model parameter estimates (lines [16] to using Equations (), @) and (3),
and continues to the next episode.

4 Performance guarantees

Before stating the guarantees of Algorithm[I, we define an instance-dependent complexity measure
that characterizes the amenability to information sharing.

Definition 3. The set of subpar state-action pairs is defined as:
.= {(s,a) €S x A:3p € [M],gap,(s,a) > 96He},
where we recall that gap, (s, a) = V5 (s) — Q;(s, a).

Definition [3 generalizes the notion of subpar arms defined for multi-task multi-armed bandit learn-
ing [43] in two ways: first, it is with regards to state-action pairs as opposed to actions only; second,
in RL, suboptimality gaps depend on optimal value function, which in turn depends on both imme-
diate reward and subsequent long-term return.

To ease our later presentation, we also present the following lemma.

Lemma 4. For any (s,a) € L., we have that: (1) for all p € [M], (s,a) ¢ Zp opt, where we recall
that Zy, opt = {(s, a) : gap,(s,a) = O} is the set of optimal state-action pairs with respect to p; (2)
forall p,q € (M), gap,(s,a) > Lgapq(s.a).



The lemma follows directly from Lemma [2; its proof can be found in the Appendix along with
proofs of the following theorems. Item 1 implies that any subpar state-action pair is suboptimal for
all players. In other words, for every player p, the state-action space S x A can be partitioned to
three disjoint sets: Z¢, Zp opt, (Ze UZpyopt)c. Item 2 implies that for any subpar (s, a), its suboptimal
gaps with respect to all players are within a constant of each other.

4.1 Upper bounds

With the above definitions, we are now ready to present the performance guarantees of Algorithm[L
We first present a gap-independent collective regret bound of MULTI-TASK-EULER.

Theorem 5 (Gap-independent bound). If {Mp};wzl are e-dissimilar, then MULTI-TASK-EULER
satisfies that with probability 1 — 9,

Reg(K) < O (M H2IC|K +  MH?|T|K + MH452A>

We again compare this regret upper bound with individual STRONG-EULER’s gap independent regret
bound. Recall that individual STRONG-EULER guarantees that with probability 1 — 4,

Reg(K) < O (M\/HQSAK + MH452A) .

We focus on the comparison on the leading terms, i.e., the VK terms. As MVH2SAK =~
M+\/H?|Z|K + M\/H QIIEC ’ K, we see that an improvement in the collective regret bound
comes from the contributions from subpar state-action pairs: the M \/H?|Z.|K term is reduced

0 VMH?|Z|K, a factor of O(,/ﬁ) improvement. Moreover, if [ZC| < SA and M > 1,
MULTI-TASK-EULER provides a regret bound of lower order than individual STRONG-EULER.

We next present a gap-dependent upper bound on its collective regret.

Theorem 6 (Gap-dependent upper bound). If {Mp}gil are e-dissimilar,  then
MULTI-TASK-EULER satisfies with probability 1 — 0,

MSAK JiE JiE
Reg(K) SIn(——) >_ > o+ > . (5.a)
PelM] \ (5:0)€Zp.0ps SLPIIN (5 0)€(Z,.07, op)C ETPPS
3 MSAK MSA
—— | +1In( )- MH*S?Aln ,
miny, gap,, (s, a) 8aPmin

(s,a)€Z.

where we recall that 8aD) min = min(s,a):gapp(s,a)>0 gapp(s, a), and gap,;, = min, 8aD) min-

Comparing this regret bound with the regret bound obtained by the individual STRONG-EULER
baseline, recall that by summing over the regret guarantees of STRONG-EULER for all players p €
[M], and taking a union bound over all p, individual STRONG-EULER guarantees a collective regret
bound of

MSAK H? H?
Reg(K) SIn(——5—) >_ > o+ > . (5.a)
PelM] \ (5:0)€Zp.0ps SLPIIN (g 0)e(Z,.07, op)C ETPPLS
MSAK SA
oY ——— | +1In( ) MH*S?*Aln :
ga pp S, CL 5 gapmin

(s,a)E€Zc pe[M)



that holds with probability 1 — §. We again focus on comparing the leading terms, i.e., the terms that

have polynomial dependences on the suboptimality gaps in the above two bounds. It can be seen that

an improvement in the regret bound by MULTI-TASK-EULER comes from the contributions from the

subpar state-action pairs: for each (s, a) € Z, the regret bound is reduced from Zp eM] #&a) to
H3

min,, gap,,(s,a)’

setting, it is possible to replace Z(

a factor of O( ﬁ) improvement. Recent work of [44] has shown that in the single-task
3

5,0)€Zp ot gaé{ﬁ with a sharper problem-dependent complexity

term that depends on the multiplicity of optimal state-action pairs. We leave improving the guarantee

of Theorem[6 in a similar manner as an interesting open problem.

Key to the proofs of Theorems[3l and [6 is a new bound on the surplus [36] of the value function
estimates. Our new surplus bound is a minimum of two terms: one depends on the usual state-
action visitation counts of player p, the other depends on the task dissimilarity parameter € and the
state-action visitation counts of all players. Detailed proofs can be found at Appendix[Cl

4.2 Lower bounds

To complement the above upper bounds, we now present gap-dependent and gap-independent regret
lower bounds that also depend on our subpar state-action pair notion. Our lower bounds are inspired
by regret lower bounds for episodic RL [36, /8] and multi-task bandits [43]].

Theorem 7 (Gap-independent lower bound). Forany A > 2, H > 2,5 > 4H, K > SA, M € N,
and 1,1¢ € Nwithl +1¢ = SAand | < SA — 4(S + HA), there exists some ¢ that satisfies: for
any algorithm Alg, there exists an e-MPERL problem instance with S states, A actions, M players

and an episode length of H such that ’I e ‘ >, and

192H

E [RegAlg(K)} >0 (M\/HZZCK + \/MH%K) .

We also present a gap-dependent lower bound. Before that, we first formally define the notion
of sublinear regret algorithms: for any fixed ¢, we say that an algorithm Alg is a sublinear regret
algorithm for the e-MPERL problem if there exists some C' > 0 (that possibly depends on the
state-action space, the number of players, and €) and o < 1 such that for all K and all e-MPERL

environments, E [RegAlg(K)] < CK®.

Theorem 8 (Gap-dependent lower bound). Fixe > 0. Forany S e N, A> 2 H > 2, M € N, with
S>2H—-1),letS; =S —2(H —1); and let {Asvavp}(s,a,p)e[sl]x[A]x[M] be any set of values
that satisfies: (1) each Ng 4, € [0, H/(48V M), (2) for every (s,p) € [S1] x [M], there exists at
least one action a € [A] such that A o , = 0, and (3) for every (s,a) € [S1] x [A] and p, q € [M],
’As%p - As%q’ < €/4. There exists an e-MPERL problem instance with S states, A actions, M
players and an episode length of H, such that S; = [S1], |Sh| = 2 forall h > 2, and

gap,(s,a) = Agap, V(s,a,p) € [S1] x [A] x [M];

for this problem instance, any sublinear regret algorithm Alg for the e-MPERL problem must satisfy:

Bl 2o ni | Sy I, e

ap,(s,a min, gap, (s, a
p€E[M] (S’a)GI(C;NGSH): g pp( ) (S7a)€I(e/768H) p & pp( )

gap,, (s,a)>0

Comparing the lower bounds with MULTI-TASK-EULER’s regret upper bounds in Theorems[3]and[6,
we see that the upper and lower bounds nearly match for any constant 7. When H is large, a key
difference between the upper and lower bounds is that the former are in terms of Z., while the latter
are in terms of Zg (<. We conjecture that our upper bounds can be improved by replacing Z. with
Zg(&)—our analysis uses a clipping trick similar to [36], which may be the reason for a suboptimal
dependence on H. We leave closing this gap as an open question.



5 Related Work

Regret minimization for MDPs. Our work belongs to the literature of regret minimization for
MDPs, e.g., [15, 18] [8l 13,9, [19] [10, 46, [36] [49] 45| 144]. In the episodic setting, [3} 10} 46} [36, [49]
achieve minimax v H2S AK regret bounds for general stationary MDPs. Furthermore, the EULER
algorithm [46] achieves adaptive problem-dependent regret guarantees when the total reward within
an episode is small or when the environmental norm of the MDP is small. [36] refines EULER,
proposing STRONG-EULER that provides more fine-grained gap-dependent O (log K) regret guaran-
tees. [45, 44] show that the optimistic Q-learning algorithm [[19] and its variants can also achieve
gap-dependent logarithmic regret guarantees. Remarkably, [44] achieves a regret bound that im-
proves over that of [36], in that it replaces the dependence on the number of optimal state-action
pairs with the number of non-unique state-action pairs.

Transfer and lifelong learning for RL. A considerable portion of related works concerns transfer
learning for RL tasks (see [40, 24, |50] for surveys from different angles), and many studies investi-
gate a batch setting: given some source tasks and target tasks, transfer learning agents have access
to batch data collected for the source tasks (and sometimes for the target tasks as well). In this set-
ting, model-based approaches have been explored in e.g., [39]; theoretical guarantees for transfer of
samples across tasks have been established in e.g., [25 41]. Similarly, sequential transfer has been
studied under the framework of lifelong RL in e.g., [38,[1} [15 [22]—in this setting, an agent faces a
sequence of RL tasks and aims to take advantage of knowledge gained from previous tasks for better
performance in future tasks; in particular, analyses on the sample complexity of transfer learning
algorithms are presented in [6,29] under the assumption that an upper bound on the total number of
unique (and well-separated) RL tasks is known. We note that, in contrast, we study an online setting
in which no prior data are available and multiple RL tasks are learned concurrently by RL agents.

Concurrent RL. Data sharing between multiple RL agents that learn concurrently has also been
investigated in the literature. For example, in [20} 35,116, [12]], a group of agents interact in parallel
with identical environments. Another setting is studied in [16]], in which agents solve different RL
tasks (MDPs); however, similar to |6, [29], it is assumed that there is a finite number of unique tasks,
and different tasks are well-separated, i.e., there is a minimum gap. In this work, we assume that
players face similar but not necessarily identical MDPs, and we do not assume a minimum gap.
[17] study multi-task RL with linear function approximation with representation transfer, where it
is assumed that the optimal value functions of all tasks are from a low dimensional linear subspace.
Our setting and results are most similar to [32] and [[13]. [32] study concurrent exploration in similar
MDPs with continuous states in the PAC setting; however, their PAC guarantee does not hold for
target error rate arbitrarily close to zero; in contrast, our algorithm has a fall-back guarantee, in that
it always has a sublinear regret. Concurrent RL from similar /inear MDPs has also been recently
studied in [13]: under the assumption of small heterogeneity between different MDPs (a setting
very similar to ours), the provided regret guarantee involves a term that is linear in the number of
episodes, whereas our algorithm in this paper always has a sublinear regret; concurrent RL under the
assumption of large heterogeneity is also studied in that work, but additional contextual information
is assumed to be available for the players to ensure a sublinear regret.

Other related topics and models. In many multi-agent RL models [47, 31], a set of learning
agents interact with a common environment and have shared global states; in particular, [48] study
the setting with heterogeneous reward distributions, and provide convergence guarantees for two pol-
icy gradient-based algorithms. In contrast, in our setting, our learning agents interact with separate
environments. Multi-agent bandits with similar, heterogeneous reward distributions are investigated
in [37,143]; herein, we generalize their multi-task bandit problem setting to the episodic MDP setting.

6 Conclusion and Future Directions

In this paper, we generalize the multi-task bandit learning framework in [43] and formulate a multi-
task concurrent RL problem, in which tasks are similar but not necessarily identical. We provide
a provably efficient model-based algorithm that takes advantage of knowledge transfer between
different tasks. Our instance-dependent regret upper and lower bounds formalize the intuition that
subpar state-action pairs are amenable to information sharing among tasks.
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There still remain gaps between our upper and lower bounds which can be closed by either a finer
analysis or a better algorithm: first, the dependence on Z. in the upper bound does not match the
dependence of Zg 7y in the lower bound when H is large; second, the gap-dependent upper bound
has O( H?) dependence, whereas the gap-dependent lower bound only has Q( H?) dependence; third,
the additive dependence on the number of optimal state-action pairs can potentially be removed by
new algorithmic ideas [44]].

Furthermore, one major obstacle in deploying our algorithm in practice is its requirement for knowl-
edge of €; an interesting avenue is to apply model selection strategies in bandits and RL to achieve
adaptivity to unknown e. Another interesting future direction is to consider more general parameter
transfer for online RL, for example, in the context of function approximation.
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A Proofs of Lemmas[2 and 4
A.1 Proof of Lemma[2
Lemmall If (M,))L, is e-dissimilar, then for every p,q € [M], and (s,a) € S x A,

|@p(s.0) = Qy(s,0)| < 2He,

consequently, |gap,(s,a) — gap,(s, a)‘ < 4He.

Proof. For the first claim, we prove a stronger statement by backward induction on h, namely, for
every p,q € [M],every h € [1, H + 1], and (s,a) € S, x A,

|@5(s,0) = Qgs,0)| < 2(H — h+ 1)e.
Base case: For i = H + 1, we have Q5 (s,a) = 0 for every (s,a) € Sp, x A, and p € [M]. Tt
follows trivially that ‘Q;(s, a) - Qx(s,a)| = 0 < 2(H — h + 1)e.

Inductive case: Suppose by inductive hypothesis that for some h € [1, H] and, for every (s,a) €
Sh+1 x Aand p,q € [M], |Qr(s,a) — Q;(s,a)’ < 2(H — h)e.

We first prove the following auxiliary statement: for every s € Sp41 and p, ¢ € [M],
‘Vp*(s) - V:I*(s)‘ < 2(H - h)e. )

Let a, = argmax,c 4 Q5(s,a) and a; = argmax,c 4 Q;(s,a). The above auxiliary statement
can be easily proven by contradiction: without loss of generality, suppose that V5 (s) — V*(s) =
Qy(s,ap) — Qr(s,aq) > 2(H — h)e. Since Q;(s,a,) > Qr(s,ap) — 2(H — h)e, it follows that
Q5 (s,ap) > Qy(s, aq), which contradicts the fact that a, = argmax,c 4 Q5 (s,a).

We now return to the inductive proof, and we show that given the inductive hypothesis, for every
(s,a) € Sp x Aand p,q € [M],

@p(s.0) = Q3(s.0)

<|Ry(s,0) = Ry(s,a)| +| D [Pyl | 5,00V () = Py(s' | s,0)V; (5))]

SIESh+1

<et| Y [Pp(s’|s,a)v;(s/)_1@q(s’|s,a)vp*(s’)] +| DY Py(s | s,0) (Vp*(s’)—Vq*(S’>)

S/Esh+1 5/68h+1

)+ 1 sl (e

Sht1

V(s

p

VX(s") = V(s

p

<c+ By | 5,a) — Byl | ,0))]l ( max
s'€ESp41

§e+%~H+2(H—h)e
=2(H — h + 1),

where the first inequality follows from Eq. (1)) and the triangle inequality; the second inequality
follows from Definition [T and the triangle inequality; the third inequality follows from Holder’s
inequality; and the fourth inequality uses Definition[I and Eq. (@).

For the second claim, we note that from the first claim, we have for any p, ¢, s,

Vi () = Vi (s)] = |max Qj (s, @) — max Q3 (s, 0)| < 2He,
therefore, for any p, q, s, a,
g, (5, ) — ga, (s, )| < |V (s) = V7 ()| + | @p(s,0) = Qs )| < 4be. D
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A.2 Proof of Lemmad

Lemma[dl Forany (s,a) € I, we have that: (1) for all p € [M], (s,a) & Zp opt, where we recall

that Z, opt, = {(s, a): gap,(s,a) = O} is the set of optimal state-action pairs with respect to p; (2)
forallp,q € [M], gap,(s,a) > 3gap,(s, a).

Proof. For any (s,a) € T, there exists some py such that gap,, (s,a) > 96 He. From Lemmal2 we

know that ’gapp(s, a) — gap,, (s, a)‘ < 4He. Therefore, for all p,

gap,(s,a) > gap,, (s,a) —4He > 92He > 0.

This proves the first item.

For the second item, for all p, g € [M],

gap,(s,a)  gap,(s,a) —4He — 4He
gap, (s, a) gapy(s,a)  —  gapy(s,a)

4
>1——>
- 92

l\D|P—‘

B Additional Definitions Used in the Proofs

In this section, we define a few useful notations that will be used in our proofs. For state-action pair
(s,a) € S x A, player p € [M], episode k € [K]:

1.

. Define wf(s,a) =

Define 7:/“ (As, a) (resp. nk(s, a), P*, Pk, R*, RE) to be the value of n(s, a) (resp. n,(s, a),
P,P,, R, Rp) at the beginning of episode k of MULTI-TASK-EULER.

. Denote by @]; (resp. Qk V'V, ind- bk(s,a), agg-bl(s,a)) the values of Q, (resp.

p7 _p7
QP,VP,KP, ind-b,(s, a), agg-bp(s, a)) right after MULTI-TASK-EULER finishes its opti-
mistic value iteration (line[T3) at episode k.

. Define the surplus [36] (also known as the Bellman error) of (s, a) at episode k and player

p as:

EF(s,a) == Q(s,a) — Ry(s,a) — (P,V2)(s, a).

k
% be the proportion of player p on (s, a) at the beginning of

episode k; this induces (s, a)’s mixture expected reward:

Zw s,a)Ry(s,a),

and mixture transition probability:

(-] s,a) = Zw s,a)Py(- | s,a).

. Define pk(s,a) := P((sn,an) = (s,a) | 7™(p), M,) to be the occupancy measure of

7 (p) over M,, on (s, a), where h € [H] is the layer s is in (so that s € Sy,). It can be seen
that p’;, when restricted to Sy, X A, is a probability distribution on this set.

Define p*(s,a) := Zflpp(s,a); it can be seen that p*(s,a) € [0, M]. Define
_ ko ko
iy (s,a) =37, p(s,a), and n* (s, a) := 3, p7(s,a)

. Define N*(s) := 3" . «n"(s,a) and NF(s) := >, 4, nk(s, a) to be the total number of

encounters of state s by all players, and by player p only, respectively, at the beginning of
episode k.

3These are the cumulative occupancy measures up to episode k, inclusively; this is in contrast with the
definition of n* (s, a) and n% (s, a), which do not count the trajectories observed at episode k.
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7. Define N1 =~ Mln(SA_K)’ and N, ln(MSJAK)’

min {k : 7i¥(s,a) > N1}, and 7,(s,a) := mln{ (s,a) > Ng}. With high proba-
bility, so long as k > 7(s,a) (resp. k > 7,(s,a)), n (s a) and nF (s, a) (resp. nk(s,a)
and ﬁ’; (s, a)) are within a constant factor of each other; see Lemmal[TT

define 7(s,a) =

8. Define gap, (s,a) := gapjl(;’a) \% gaip]}’“" ; recall the definitions of gap,, (s, @) and gap,, i,
in Section

Define Reg(K, p) := Zszl (V(fp — VOT; (p )) as player p’s contribution to the collective regret; in
this notation, Reg(K) = Z;w:l Reg(K,p).
Define the clipping function clip(a, A) := al(a > A).

We also adopt the following conventions in our proofs:

1. As e-dissimilarity with € > 2H does not impose any constraints on {Mp}gil (recall
Definition[I), throughout the proof, we only focus on the regime that ¢ < 2H.

2. We will use 7% (p) and w’; interchangeably. To avoid notational clutter, we will also some-

k k
times slightly abuse notation and use VP’TZ, Vp’Tk to denote V;:,Th(p ), Vy () respectively.

C Proof of the Upper Bounds

Proof outline. This section establishes the regret guarantees of MULTI-TASK-EULER (Theorems[3
and [6). The proof follows a similar outline as STRONG-EULER’s analysis [36], with important
modifications tailored to the multitask setting. The proof has the following structure:

1. Subsection [CT defines a “clean” event E that we show happens with probability 1 — 6.
When E happens, the observed samples are representative enough so that standard concen-
tration inequalities apply. This will serve as the basis of our subsequent arguments.

2. Subsection[C.2 shows that when E happens, the value function upper and lower bounds are
valid; furthermore, MULTI-TASK-EULER satisfies strong optimism [36], in that all players’
surpluses are always nonnegative for all state-action pairs at all time steps.

3. Subsection [C3  establishes a  distribution-dependent upper bound on
MULTI-TASK-EULER’s surpluses when E happens, which is key to our regret theorems.
In comparison with STRONG-EULER [36] in the single task setting, MULTI-TASK-EULER
exploits inter-task similarity, so that its surpluses on state-action pair (s, a) for player p are
further controlled by a new term that depends on the dissimilarity parameter ¢, along with
n* (s, a), the total visitation counts of (s, a) by all players.

4. Subsection[C.4 uses the strong optimism property and the surplus bounds established in the
previous two subsections to conclude our final gap-independent and gap-dependent regret
guarantees, via the clipping lemma of [36] (see also Lemma[20).

5. Finally, Subsection[C.3 collects miscellaneous technical lemmas used in the proofs.

C.1 A clean event

Below we define a “clean” event E in which all concentration bounds used in the analysis hold,
which we will show happens with high probability. Specifically, we will define £ = Ej g N Eagg N
Esample, Where Eiyd, Fagg, Esample are defined respectively below.

In subsequent definitions of events, we will abbreviate Vk € [K|,h € [H|,p € [M],s € Sp,a €

A,s" € Spi1 asVk,h,p,s,a,s’. Also, recall that L(n) ~ ln(%).
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Define event Ej, 4 as:

Eind = Eind,rw N Eind,val N Eind,prob N Eind,varu (8)
- L(nk(s,a))
k )
s = . — < Ry a——
Elnd,rw Vkuhapvsva ‘RP(S,G) RP(S,G/)} = an(s,a) ) (9)
I . varp, (.|s,a) V1 L(nk(s,a))  2HL(n (, a))
Findval = 4 Yk h. p, 5, .}P’CV P, V(s }<4 > p 1
d,val p,s,a ( p'p p ;D)(S a) = \/ ng(s,a) ng(s a)
(10)
. L(nk(s,a)) -Py(s' | s,a) 2L(nk(s,a))
Ein rob =— Vk, h /-‘Pk—]P) ! ‘<4 P P , P
d,prob o, 8,0, (B = Pp)(s' [ 5, 0)] < nk(s,a) - nk(s,a)
(11
n (s,a)
Eind,var = {Vkahupasaa Z (]P) V )( ))2 — varp,(.|s,a) [Vp*] )
i=1
(12)

nk(s,a) nk(s, a)

- \/szarpp<,|s,a>[v;w(n,'s(s,a)) 2H?L(nk(s,a)) }

where in Equation (I12), (s¥)" denotes the next state player p transitions to, for the i-th episode
it experiences (s,a). Fing captures the concentration behavior of each player’s individual model
estimates.

Lemma9. P(Finq) > 1—

Wl

Proof. The proof follows a similar reasoning as the proof of e.g., [36, Proposition F.9] using Freed-
man’s Inequality. We would like to show that each of Fing rw, Find,val, Pind,prob; Find,var happens
with probability 1 — 12 , which Would give the lemma statement by a union bound. For brevity, we
only show that P(Eind var) > 1 — 12, and the other probability statements follow from a similar
reasoning.

Fix h € [H], (s,a) € S x A, and p € [M]. We will show

n); s a)
P| 3k e [K] — (PyV;)(s,a))? = varp, (s, [V;]
i=1
13)
- H2varp,(.[s.0) [V 1L(nk(s,a))  2H?L(n(s, a)) - 5
- nk(s,a) nk(s,a) ~ 12MSA°

For every j € N, define stopping time k; as the j-th episode when (s, a) is experienced by player
D, if such episode exists; otherwise, k; is defined as oo. it suffices to show that

. 1 ! * * *
P[3j €Ny ky <oo (=Y (Vr((s))) = (BpVy)(s,a))* = vare, (s, [Vy]
1=1

(14)

>4 H2varpp(.\sza)[vp*]L(j) " 2H2.L(j) < 0 .
; ; 12054
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For every k € N, Define F;,_; as the o-field generated by all players’ observations up to episode
k — 1, along with all players’ observations at episode k up to them taking action at step h. Define

X 1= (5} o) = (5,0) - (V' (sh,) — (BpV)(5,))? = vare, (1o [V5])

it can be seen that X, is Fj-measurable, and E [Xk | ]-"k,l] =0, i.e. {Xk};il is a martingale
difference sequence adapted to {7 } ;- . In addition,

E[XE | Fio] <E[1((s}ah ) = (5.0)(V; (5 11,) = (BV)(s,0))* | Fior

<H?-I((sf . ar ) = (s,a) -varg (s o) [V}] =: Uk

Note that| X}, /H?| < 1; by [14| Corollary 1.4] applied to {X;,/H?} ", forany A > 0,

FLX, ko,
i) =ep [ MO 70 - (@ -A- > 2
=1 =1

k=0

is a nonnegative supermartingale. Applying optional sampling theorem on Y} (\) and stopping time
k;, we get E [Vy,, (\)I(k; < 00)] < E[Yo(A)] = 1. As aresult, for any fixed thresholds b,v > 0
[?, see]Theorem 1.6]freedman1975tail,

P Xi>bA D Ui<vAkj < oo

=1 =1
Xi b Uz v
T\ zm g gt

<ex — (b/H2)2 = ex _L
=P To0 HY) + 2(b/ H?) P\ Tav om0

Note that if k; < oo, Y12, X; = Y0 (VA(s?)) — (BV)(s,a))? — varg, (|s.q)[Vi}], and

Zf;l Uy=j-H?. varp, (.|s,a)[V,'], and the above inequality can be rewritten as: for any b,v > 0,

P Z(V*((sf)’) — P,V (s, a))® = varg, (.[s,a) Vo1 >bAj - H? - varp, (.[s,0) Vo] <vAk; <oo

b2
< _ .
=SSP\ T 2%

Now, by the doubling argument of [4], Lemma 2] (observe that j - H? - Varp,(.|s,a) [Vp*] € [0, Hj)),
we have that for all j € N.:

H2varp (1s.a)[V*]L 2H?L(j 1)
S g, | EvErE, () VEIEG) LO) | <) - —
J J 4852 M SA
A union bound over all j € N yields Equation (14). O
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Define event E, 4, as:

Eagg = Eagg,rw N Eagg,val N Eagg,prob N Eagg,varv (15)
- = L(n*(s, a))
k k i
Eagerw = 4 VK, h,s,a.‘R (s,a) — R (S,a)‘ < m ) (16)
Eaggval = {wg, h,p,s,a .‘(Jf»kvp* - PV} (s,a)|, (17)

A{lwk s,a)varp (s V¥ ) L(nk(s,a
4 (ol )niq((;@))[p]) (m*( ))+2H£/5(3(a5 ))}7 (s)

Pk(s" | s,a) - L(n¥(s,a)) N 2L(n*(s,a))

FEoggprob = { Vk, h,s,a,8 . ’(Pk —P*) (s | s,a)’ < 4\/

n*(s, a) nk(s,a)
(19)
nk (s, a)
Eagg var = {Vk,h,p,s,a. nk = — (P V) Zw (s, a)varp, (.15,0) [V},
(20)
H2 (Zq 1 U)Z;(S, a)va’r]P’q(-\S,a) [Vp*]) L(nk(s, CL)) 2H2L(nk(s, CL))
nk(s,a) nk(s,a)

where in Equation (20), s} and p; denote the next state and the player index for the 4-th time some
player experiences (s, a), respectively, where within an episode, we order the experiences of the
players by their indices from 1 to M. E,g captures the concentration behavior of the aggregate
model estimates.

Lemma 10. P(E,g,) > 1— &.

Proof. The proof follows a similar reasoning as the proof of e.g., [36, Proposition F.9] using Freed-
man’s Inequality. We would like to show that each of Eygg rw, Fagg vals Eagg prob, Fagg,var happen
with probability 1 — 12, which Would give the lemma statement by a union bound. For brevity,
we show that P(Eagg,var) >1-— and the other probability statements follow from a similar
reasoning.

Fix h € [H], (s,a) € S), x Aand p € [M]. It suffices to show that

12’

n*(s,a
P| 3k € [K] Z ( si) — (Pp, V(s ))z—varu»pms.,a)[‘@*])

H2 (S0 vare, (o [Vi]) L0k (5,0))  2p2 1 (nk(s, a) 5
(nk(s,a))? nk(s,a) ~ 12MSA’

>4

21

because — 6 a) Z (s a) Varp, (.|s,a) [Vp*] = Zf;il wf;(s, G)Vaqu(-\s,a) [V;]-

Deﬁne a micro- epzsode as an (episode player) pair; we order them lexicographically, i.e. (1,1) =<

< (1,M) = < (K,1) < = (K, M). For micro- episode (k,p), denote its index as
l = (k - 1)M + p, 1t can be easﬂy seen that the ordering of micro-episodes’ indices is consistent
with their lexical ordering. For every j € N, define stopping time [; € N, as follows: it is the
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index of the j-th micro-episode when (s, a) is experienced by some player, if such micro-episode
exists; and [; is defined to be co otherwise. With this notation, it suffices to show:

J
P|3j €Ny [j <ocoA Z ( Py, V) (s, a))? — varppi(.‘&a)[vp*])
(22)
H? (Zgzl Varr]Ppi(-‘s,a)[‘/p*]) L(G)  om2L(y) )
>4 + < )
= 32 j — 12MSA

For every [ € N, Define F;_; as the o-field generated by all players’ observations up to micro-
episode [ — 1, along with micro-episode I’s corresponding player (player index ((I — 1) mod M) +
1)’s observations up to them taking action at step h. Define

Xy 5= (5500 ) = (5,0) - (V7 (851,) — BV (5, )2 = vare, (1o V5]

where in the above expression, to avoid notation clutter, we use k and p to denote microepisode [’s
episode number and corresponding player number k(1) = [I/M] and p(I) = (({ — 1) mod M) + 1,
respectively.

It can be seen that X; is JF;-measurable, and E [Xl | }—1—1] = 0, ie. {X;};2, is a martingale
difference sequence adapted to {F;},~,. In addition,

E[XP | Fio] SE[1((sh 0 ah ) = (5.)(Vy (s 11,) = BV (s,0))* | Fior |
SHQ ’ I((Sg,paai,p) = (Saa)) Varp,(.|s,a) [V ] =:Uy;

Note that]X[/H2] < 1; by [14, Corollary 1.4] applied to {Xl/HQ}zl, for any A > 0,

l o0
e— —IZ

is a nonnegative supermartingale. Also, note that if I; < oo, Zi’zl X, = gzl(Vp*(s’i) —
* * lj i *
(Pp V) (5,0))* — varp, (|s.a)[Vy]sand 3250, Ui = 307 H? - varp, (1s.a) V)]

~

Yi(A

=0

Using the same reasoning as in the proof of Lemma[9l (and observing that Zﬁ; LU € [0, HYj)), we
have that for all j € N,.:

1 N
Pl k<00 n |53 (% (60) = (B 1) (s,))° = vare, (V5]
=1
HYY_ varp, (1slVAILG)  2H2L(;
5 gy | H Lo O, o VFILUG) | 2HPLG) | gy O
72 J 4872MS A

A union bound over all j € N implies that Equation holds. O
Define

Esa.mple = Eind,sample N Eagg,samplea

Eagg,samplc = {Vs,a,k.ﬁk(s,a) >Ny = nk( ) 2

l\Dl’—‘
=
»
S
~—
H/—/

1
Eind,samplc - {Vs,a,k,p.ﬁg(s,a) Z N2 - nl;(s CL) Z 5 ];(Saa)} 5

where we recall from Section[Blthat Ny ~ M ln(s‘gK) and Ny ~ In( 22 SAK)

20



Lemma 11. P(Egumple) > 1 —

Wl

Proof. We first show P(Eagg sample) > 1 — %. Specifically, fix h € [H] and (s,a) € S, X A,
define random variable X = Z;w:l <1 ((sﬁ)p, aﬁ)p) = (s,a)) — ph(s, a)). Also, define Gy, as

the o-algebra generated by all observations up to episode k. It can be readily seen that { X k}szl is
a martingale difference sequence adapted to filtration {Gj, }?20. Freedman’s inequality (specifically,

Lemma 2 of [4]) implies that for every fixed k, with probability 1 — GLK,

2
n’“(s,a)—ﬁ’“(s,a)}g\/ﬁk1(s,a>~M1n (65AK2)+4M1n <GSAK ) 23)

o 0

. . . L SAK?2
If Equation happens, then by AM-GM inequality that \/ nk=1(s,a)- MIn (%) <

17771 (s,a) + 16M In (%), we have

a*~1(s,a) — n*(s,a) < iﬁk_l(s, a) + 20M In <6SAK2> )
implying that
n*(s,a) > Zﬁk_l(s,a) —20M In (6513]{2) :
Additionally, as n*~!(s,a) > n*(s,a) — M always holds, we have
nk(s,a) > %ﬁk(s,a) —21M1In <6S12K2> .

In summary, for any fixed k, with probability 1 — <, if ¥ (s, a) > Ny := 84M In (%)

nk(s,a) > =k (s, a).

N =

—

S
Eagg,sample) > 1- 6

It follows similarly that ]P)(Eind,samplc) >1- %; the only difference in the proof is that, we need
to take an extra union bound over all p € [M] - hence an additional factor of M within In(-) in the
definition of N5. The lemma statement follows from a union bound over these two statements. [

Lemma 12. P(E) > 1 — 6.

Taking a union bound over all k£ € [K], we have P

Proof. Follows from Lemmas[9,[10] and[I1] along with a union bound. O

C.2 Validity of value function bounds

In this section, we show that if the clean event E happens, then for all k£ and p, the value function
estimates @I;, Q’; R V’;, K’; are valid upper and lower bounds of the optimal value functions Q;, Vp*

(Lemmal[I3). As a by-product, we also give a general bound on the surplus (Lemma[I4) which will
be refined and used in the subsequent regret bound calculations. Before going into the proof of the
above two lemmas, we need a technical lemma below (Lemma [13) that gives necessary concentra-
tion results which motivate the bonus constructions; its proof can be found at Section[C.2.1]

Lemma 13. Fix p € [M)]. Suppose E happens, and suppose that for episode k and step h, we have
that for all s' € Sp41, Kl;(s’) SVy(s) < Vl;(s’). Then, for all (s,a) € S, x A:

1. ‘R];(S,G) - RP(S,G)} < by (n];(s,a),o) , (24)

’Rk(s,a) — Rp(s,a)‘ < brw (nk(s,a),e) . (25)

21



(B — P,) (V)5 )| < bpron (BEC | 5.0),mb(s5,0), V), V5, 0), 26)
(B = P,) (V)5 0)| < bpron (B | 5.0),75(5,0), 7, Vhe) . @D)

3. Forany V1,V : Sp+1 — R such thatK]; <<V V’;,
(B = B,)(Va = VA)(5.0)| < b (BE( | 5,00 (5.0), V. 15,0), (28)
ok Sk k TF 1k
(B = P,)(V = Vi) (s5,0)| < b (BC | 5,0),0"(5,0). V) Vb)) . (29)
Lemma 14. [f event E happens, and suppose that for episode k and step h, we have that for all
s € Spta, K];(S/) <Vy(s) < V];(s’). Then, for (s,a) € S, X A,

@l;(s, a) — (Rp(s, a)+ (]P’le;)(s, a)) € [O, (H-—h+1)A 2ind-b’;(s, a) A 2agg-b’;(s, a)] ,
(30)
and
(Rp(s, a) + (P;DK];)(S, a)) - Qk(s, a) € [O, (H—h+1)A 2ind-bl;(s, a) A 2agg-b];(s, a)} ,
(31
where we recall that

ind-b];(s,a) = by (n’;(s,a),O) +bprob (]f”’;( | s,a),nﬁ(s,a),vl;,K’;,O) + Dt (I@”;( | s,a),nﬁ(s,a),Vﬁ,Kg,O) ,
agg-bf:(s,0) = bra (n"(5,), €) +bpuon, (PH( | 5,0), 0" (s5,), V. Vb, ) e (BE(- | 5,0),n(5,0),V, Vo).

Proof. We only show Equation (3Q) for brevity; Equation (31)) follows from an exact symmetrical
reasoning.

Recall that @I; (s,a) = min (ind-Qg(s, a), agg-Qj; (s,a), H) We compare each term in the min(-)
operator with (R, (s, a) + (PPV];)(S, a)):

* For ind-Q];(s, a), using Lemma[13]and our assumption on V’; and K’; on Sp41, we have:
ind-Qy (s.0) — (Ry(s,0) + (B,V})(5,0))
- (R’; —Ry,)(s,a) + brw (n’;(s,a),O)
+ (B = B,)V;)(5,@) + bpron (BE( | 5.),mf(5,0), V. V3,0
p p/Vp S,a prob D S,a 7np S,a), prLp>

+ (B5 —P,)(Vs

p

- —k
— Vy))(5:0) + bute (BA(- | 5.), nf(s.), ¥, V5,0)
€ [0, 2ind-b} (s, a)].

—k . . —k
* For agg-Q, (s,a), using Lemma [13] and our assumptions on V, and K’; over Sp4+1, wWe
have:

agzQ,(s,0) = (By(s.0) + (B,V,)(5.0)
= (R = Ry)(5,a) + bu (n"(5.0),¢)

~ . ~ —k

+ (BF = Pp)V;)(5.0) + bpron (BH(- | 5,0),0%(s,0), 7., V. )
- —k

+((B* —B,)(V,

€ [Oa 2agg'b§ (Sv CL)],

pI=—p>

— V;))(s,a) + b (BH(- | 5,0), 0 (s,0), V7, VE, )
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e For H — h + 1, we have:
(H —h+1) = (Ry(s,a) + (B, V2)(s,a)) € [0, H — h+1],

where we use the observation that R(s,a) € [0, 1], and (]P’,,V’;)(s, a) € [0,H — hl], and
their sum is in [0, H].

Combining the above three establishes that
@y(s5,0) = (R(s,0) + (B, V) (5,a)) € [0, (H = h+ 1) A 2ind-H5(s,a) A 2agg:bh(s,a)] . O

Lemma 15. Under event E, for every k € [K], and every p € [M], and for every h € [H|, For all
(s,a) € Sp x A,

Q" (s,0) < Q5" (5,0) < Q}(5,0) < Qy(s,0), (32)
and
VE(s) < VI (s) < Vi(s) < Va(s), (33)

here, recall that V,J'* is the value function of policy 7* (p) with respect to M, defined in Section[2)

Proof. The proof of this lemma extends [36, Proposition F.1] to our multitask setting.

For every k and p, we show the above holds for all layers h € [H] and every (s,a) € S x A; to
this end, we do backward induction on layer h.

Base case: For layer h = H + 1, we have K’;(J_) = V”k(J_) =Vr(l)= V];(J_) =0.

p p

Inductive case: By our inductive hypothesis, for layer A + 1 and every s € Sp41,
k ok 7k
Vio(s) SV (s) S Vy(s) SV, ().
We will show that Equations (32) and (33)) holds holds for all (s,a) € S, x A.
We first show Equation (32)). First, ng (s,a) < Qp(s,a) forall (s,a) € Sy x Ais trivial.

To show Q5 (s,a) < @l;(s, a) for all (s,a) € S, x A, by Lemma[I4] and inductive hypothesis, we
have:

Q(5,a) = Ry(s,a) + (P,V,})(s,a) < Ry(s.a) + (B,V,)(s,a) < Qy (s, ).

Likewise, we show ng (s,a) > Q’;(s, a) for all (s,a) € S, x A, using Lemma[l4] and inductive
hypothesis:

Trk Trk —k
Qp (87 a) = RP(Sv a) + (PPVp )(87 a) > RP(Sv a) + (PPVP)(S, a) 2 Q];(Sv a).
This completes the proof of Equation (32) for layer h.
We now show Equation (33)) for layer h. Again Vp”k (s) <V, (s) forall s € Sy, is trivial.

To show V,*(s) < V’;(s) for all s € Sy, observe that
—k
Vi (5) = mae Qp(s.a) < manxh (5. ) = V(o).

p acA a€

To show Vp”k (s) > K’; (s) for all s € Sy, observe that

Vi () = Q5 (5.7 0)(5)) > Q5.7 (0)(s)) = VA (s).

This completes the induction. o
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C.2.1 Proof of Lemma[13

Proof of Lemma Equations (24)), (26), and (28) essentially follow the same reasoning as in [36];
we still include their proofs for completeness. Equations (23), 27), and (29)) are new, and require a
more involved analysis. Our proof also relies on a technical lemma, namely Lemmal[I6} we defer its

statement and proof to the end of this subsection.

1. Equation (24) follows directly from the definition of Eing ,vw. Equation follows from

the definition of E,ge 1w, and the fact that |Rk (s,a) — Rp(s, a)‘ <e.
2. We prove Equation (26)) as follows:
[GATGES AAIEND)
<0 Varpp(.|57a)[V*]L(n’Z§(s,a)) HL(n’; s,a))
- ny(s, a) ny(s, a)
- * k

<O Var[pf;(,b,a)[v JL(ny(s,a)) HL(nf(s,a))

- nk(s,a) nk(s,a)
—k *

<O Va.r@;;(ws_’a) [Vp] L(n’;(s, a)) n ||V V Hpk( | L(TLI;;(S, a)) HL(’I’L];(S, a))

- nk(s,a) nk(s, a) nk(s,a)
—k

I I e V) Link(s,a)) | IV, Vol o LOB(:0)  HL(k(s,a))

- nk(s,a) + nk(s,a) + nk(s,a)
p\% p\% p\%

—k
<bpmb( (-] s,a), nk(s,a),Vp,K];,O),

where the first inequality is from the definition of Fji,q, va1; the second inequality is from
Equation of Lemma [T} the third inequality is from Lemma[24} the fourth inequality

is from our assumption that for all s € Sp41, K’;(s’) < VH() < V];(s’), and thus

(V= V0)(s)
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We prove Equation as follows:
| —2,) (V) (s,0)|

<e+|(B* —PH)(;)(s,0)

(Sl ks pvare, 1o [51) L4 :0) L (b(s,)

<e+ O J

n*(s,a) n(s,a)
Valp (s o [‘/p*] L(nk(s,a)) L(nk(s,a HL(n*(s,a HL(nk(s,a
=ero \/ e * ik(i,a))) et T n(k(sfa) ’
varse . [VH Lnk(s,a)) | IV = Vil2,, . L(n*(s,a)) HL(n*(s,a))
¢ Pk(-|s,a)l” p P (+]s,a) )
<2¢+0 nk (s, a) + nk (s, a) n*(s, a)
varse, . [Vo] L(nk (s, a)) IVy —VEIZ, . L(nk(s,a)) HL(n*(s,a))
. Pr(-|s,a)lY p Pk (-|s,a) J
<2¢+0 nk (s, a) + nk (s, a) n*(s, a)

<bpmb( (-] s,a), nk(s,a),V];,K];,e),

where the first inequality is from the observation that ||P*(- | s,a) —

Pp(- [ 5,0)ll < 57

and Lemma the second inequality is from the definition of E,gq va1; the third in-
equality is from Equation (33) of Lemma the fourth inequality is from Lemma 24

and the observation that for constant ¢ > 0, c

L(nk(s,a))
nk(s,a)

eH<e+°L("

(s.0) 1,

nk(s,a) y

AM-GM inequality; the fifth inequality is from our assumption that for all s’ € Sp11,

& —k * k
Kp(s/) < V*(S/) < Vp(s/), and thus‘(vp - Kp)(s/)

support of P*(- | s, a).
3. We prove Equation (28)) as follows:

<[V, - V()

(B — B,) (V2 = Vi)(s,0)|
< 3 |@ B )| (2 - V()
s’€Sp41
nk(s,a)) -P,(s' | s,a nk(s,a
<o| > \/L( b ’n)k)(f;’)( s )+L;kf’((8 ’a))) (Vo = W1)(s)
8'€Sh+1 P pA™
nk(s,a)) - PE(s' | s,a nk(s,a
<o| > \/L( ol ’n)k)(spé’)( > )+L;;’(i ’a)” (V2 = V1)(s")
8'€Sh+1 pA™ P
- _ L(nk(s,a)
0| 3 VR nams - v (S 3
8'€Sht1 s'€Sp41
SIVy = V312, 100y LOE(5.0)  SHL(E(s, )
=0 ng(s,a) nk(s,a)

<bar (PE(- | 5,0),n(s,0), 7, V5, 0) |
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where the first inequality is from the elementary fact that ] Yo a; ] < > lai|; the second
inequality is from the definition of Ei,q prob; the third inequality is from the definition of
FEind,prob and Lemma 26} the fourth inequality is by algebra and 0 < (Vo — Vi)(s") <

min(H, (V]; - K’;)(S’)) forall s € Sp1; the fifth inequality is by Cauchy-Schwarz.
We now prove Equation (29):
(B —P,) (v — VA)(s,a)|

<|(B* = B,) (V2 = ) (s, )| +|(BF = B9) (12 = 1A) (s5,0)

<ot Y@ -BE | 50| (e - W)

s'€Sp41
L(nk(s,a)) - Pk(s' | 5,a) = L(n*(s,a))
<
oL \/ a) (s
s'€Sp41
k TPk (o k
cro| ¥ [([Hrte0) P lsa | Lt )
nk(s,a) nk(s,a)
s'€Shy1
R K L( n HL(nk s, a
<e+0O Z VPE(s | s,a)(V), ~ V(s - nk (s, a) Z n(k(s(a )
s'€Sp41 s'€Sp41 ’
—k
oo BT ) KA 60) | sL s,
=€ nk(s,a) nk(s,a)

bar (BH(- | 5,a),m(s,), V. V5 €)

where the first inequality is triangle inequality; the second inequality is from the elementary
fact that |> "7 | aﬁ < Yoisqlail, along with [|Pr(- | s,a) — Py(- | s,a)|li < 5 and
Lemma [25; the third inequality is from the definition of E,gg prob; the fourth inequality

is from the definition of Eugg prob and Lemma the fifth inequality is by algebra and

0< (Va—V)(s') < min(H, (V’; - K’;)(s’)) for all ' € Sp41; the last inequality is by
Cauchy-Schwarz. O

Lemmal[I3 relies on the following technical lemma on the concentrations of the conditional variances.
Specifically, Equation is well-known (see, e.g., [2, 30]); Equations (33)) and (36) are new, and
allow for heterogeneous data aggregation in the multi-task RL setting. We still include the proof of
Equation (34) here, as it helps illustrate our ideas for proving the two new inequalities.

Lemma 16. [f event E happens, then for any s, a, k, p, we have:

L(nk(s,a))
‘\/V&r@;g(.s,a) [Vp*} - \/VaYIP’p(-s,a) {Vp*} SH W, (34)
p )
/ - | L(nk(s,a))
Valg (s, a) V* Zw(’; 8,a)Varp, (.|s,a) [ *} SVHe+ H 5.0)
q=1
(35)
S CL

|\/Varﬂa,k(,s7a) [V;} \/V&rpp \s@[ } <VHe+ H o) (36)
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Proof. 1. By the definition of E, we have

n’;(s,a) 2 k
1 / * 2 * HQVELI‘P ('|S,U«) [V;]L("IS (Sv CL)) H L(np(s, a)) .
m ; V(7)) = (PpVy)(s,a))” — varp, (.1s,0) [V ]| S \/ - nk(s,a) + nk(s,a)

this, when combined with Lemma[26] implies that

$ " S’“’ L(nk(s, a))

> = BV ) = v, o V5] < HY [0 @D
Now, observe that
1 iy (5:) R
ity () = e > (DN~ )= () (5.0~ B V) o)

which can be seen by applying LemmaR3with X being the random variable that is drawn uniformly

n’; (s,a) R
from {V;((Sf)/)}izl . which has expectation p = (PEV*)(s, a), and setting m = (P,V,})(s, a).

Recall that by the definition of event E, we have

where the second inequality uses Lemma27] Using the elementary fact that| A — B| < C' = /A <

VB +VC, we get that

nk(s,a)
1
Varl@”;(-\s,a) [Vﬂ - \l nk(&a) Zl (Vp*((si))l) - (vap*)(saa))2
- (38)
. L(nk(s,a))
k1 * P\
<|@3V) () = @V s, S Hy =R
Combining Equations and (38), using algebra, we get
L(nj(s,a))

\/V&r@;;(.s,a) {Vp] - \/Varﬂw-s,a) {Vp] W
establishing Equation (34)).
2. We first show Equation (33). By the definition of £, we have

nk (s, a)
- (Pp, V) Zw (s,a)varp, (.|s,a) [V, ]
i=1
M
I (Zp:1 wh(s,avare, 15,0 V1) L5, @) F2L (s, )
~ nk(s,a) + nk(s,a)
this, combined with Lemma[26] implies that
nk(s,a) M
. L(n¥(s,a))
J 2 D = B s, - $Zw< ayvare, oo (V)| S H\| =G
(39)
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For the first term on the left hand side, observe that for each i, |(P,V,)(s,a) — (PpV,)(s,a)| <
H$ = e, we therefore have ‘(V;)*(s’-) — (Pp, Vi )(s,a))* = (V7 (s;) — (V) (s, a))Q‘ < 2He by

2 H-Lipschitzness of function f(x) = 22 on [~ H, H]. By averaging over all i’s and taking square
root, we have

nk(s,a) nk(s,a)
1
0= ) ) — | e D2 (G (60) — BV (5,002 S VT
i=1 ’ i=1
(40)
Furthermore,
1 n"(s,a) .
WWM$ﬂ—F@52’@@—%%%@%4@@%@—@@W@ﬁ

which can be seen by applying LemmaR3with X being the random variable that is drawn uniformly
nk (s,a) R

from {Vp*(s;)}i:1 . which has expectation 1 = (P*V,})(s, a), and setting m = (P, V,})(s, a).

In addition,

L(n*(s,a))

BV ) = BV (s, 0)| S e Hy [ = s

Together with our assumption that e < 2H (which implies that € < +/ He), this gives

s a) nk(s,a
1/Varpk(sa — (P,Vy)(s,0))2| S VHe+ H 7L§1k(;;))).

i=1
(4D

Equation (33) is a direct consequence of Equations (39), and along with algebra.
We now show Equation (@6) using Equation (33). By Lemma 23 for every g,

Varp, (.|s,a) {Vp*} — Varp,(.|s,aq) {Vﬂ < 3H?. 7 = 3He. Therefore, Jensen’s inequality and

the convexity of | - | implies

Zé\il w’;(s, a)varp, (.|s,a) [V, ] — vare, (.|s,q) [Vp*] ’ < 3He, and

M
Zw’q“(&a)mrpq(-\s,a)[%] VarPp,(.|s,a) [ *} SVH

q=1

This, together with Equation (33)), implies
< VT 1 1 L)

\/varﬂa,k(,w) {Vp*} \/var[pp( |5,a) { } k(s,a)

establishing Equation (36). O

C.3 Simplifying the surplus bounds

In this section, we show a distribution-dependent bound on the surplus terms, namely Lemma [19]
which is key to establishing our regret bound. It can be seen as an extension of Proposition B.4
of [36] to our multitask setting using the MULTI-TASK-EULER algorithm, under the e-dissimilarity
assumption. Before we present Lemma[T9] (Section [C.3.1)), we first show and prove two auxiliary
lemmas, Lemma[l7land Lemmal[I8]
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Lemma 17 (Bounds on V]; — K’;, generalization of [36]], Lemma E.8). If E happens, then for all
pe[M],ke[K],he[H+1]ands € S,
H

—k .
v, — K’;)(s) < 4E Z (H A md-b’;(st, ag) A agg-b’;(st, at)) | sp = s, 7"(p), Mp|; (42)
t=h

consequently,

SL(nk(st,ar))

H
—k_ k <
(V,=Vh)(s) SHY E|[1A PN

t=h

| sp, = s,wk(p),J\/lp ) (43)

Proof. First, Lemmas [[3] and [14] together imply that if £ holds, Equations (3Q) and holds for
all p, k, s, a. Under this premise, we show Equation (@2)) by backward induction.

Base case: for h = H + 1, we have that LHS is (V’; - Kl;)(J_) = 0 which is equal to the RHS.

inductive case: Suppose Equation (42)) holds for all s € Sp41. Now consider s € Sj,. By the
definitions of V’; and K];,

(V) = VE)(s)
=Ty (5, 7(5)) — Q" (5,75(5))
<(Bp(Vy — VE))(5, 75 () + ACH A ind-b(s, w5 (5)) A agg-bl (s, 75(5))
=E [4min(H, ind-b5 (s, a), age-bh(s,a)) + (Vy = VE)(sns1) | s = 5,76, M,

) p?

H
<E |4(H Aind-b%(s,a) Aagg-bf(s,a)) +E | Y (H/\2ind-b’;(st,at) /\2agg-b’;(st,at)) | Sna1| | sn=s,7% M,

b p7
t=h+1
H
<4E Z (H A ind-bg(st,at) A agg-b’;(st,at)) | sp = S,ﬁ]’,f,./\/lp ,
t=h

where the first inequality is from Equations (30) and for (s, a) and player p at episode k, and the
second inequality is from the inductive hypothesis; the third inequality is by algebra. This completes
the induction.

We now show Equation (43). By the definition of ind-b’;(s, a) and algebra,

ind-b’; (s,a)

—k 7k k
o | e 7] Lobs.a)  [TEGa) | SIVe = Vol aw LOB(6:0)  BSLE(s,a))

~ nk(s,a) nk(s,a) nk(s,a) nk(s,a)
SL(n’;(st,at)) HSL(n];(st,at))

nk(st,ar) nk(s¢, ar)

~

where the second inequality uses varg; ., ,) [Vﬂ < H? and ||V]; - K’;H%k < H?.

As a consequence, using Lemma 27]

SL(n’;(st,at)) HSL(n’;(st,at))

nk(se, ar) nk(se, at)

H Aind-bE(s¢, a) Aagg-bh(sy,ar) SHA | H

SL(nk(st,ar))

<H|[1A
~ nk(se, a)
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Lemma 18. If E happens, we have the following statements holding for all p, k, s, a:

1. For two terms that appear in ind-b’; (s, a), they are bounded respectively as:

. — H2SL(nk(s,a))
IV, — V2 SV, = Y3lI3 ¢ e

By (-[s,a) 150 ¥ Tk (s, a)

(44)

—k
VAT ([5.0) {Vp} L(nk(s,a)) VaIp, (.|s,a) [prk} L(nk(s,a))

n’;(s,a)

A

n’;(s,a)

—k
Vs _K§|‘12F>p(»|s,a)L(”l§(Sva)) H\/§L(n§(s,a))

nk(s,a) nk(s,a)
(45)
2. For two terms that appear in agg-b’; (s, a), they are bounded respectively as:
2 k
—k k12 —k 12 H2SL(ng(s,a))
HVp - KPHI@”C(~|5,¢1) S 2||Vp _Kp”IP’p(-\s,a) + ng(&a) + He (46)
) 7 Link v | Link TE k2 k
VarPk(-\s,a) P (n (S’a)) < Varp, (.|s.a) | Vp (n (S’a)) HVp _KpH[Pp(.|5)a)L(n (Sva))
nk(s,a) ~ nk(s,a) nk(s,a)
H~/SL(n* HeL(nk
L HVSL ), [HeL (0 (,0) )
nk(s,a) nk(s,a)

Proof. First, Lemmas [13] and [[4] together imply that if £ happens, the value function upper and
lower bounds are valid. Conditioned on E happening, we prove the two items respectively.

1. For Equation (44), using the definition of Eing prob and AM-GM inequality, when E happens,
we have for all p, k, s, a, &/,

A L(nk(s,a))
kot / L
]pp(s | s,a) < ]Pp(s | s,a) + W 48)
This implies that
—k
IV = Vol
. —k
= Y B | s,0)(Vo(s)) — VE(s)?
s'€Sp41
. L(nk(s,a))
S D B o)V V)’ + D = B
R s’ €ESht1 BAT
27 (k
s SH2L(nk(s,a))
<|I|\V. -V T k(e o)
N P —PHPP('|5)‘1)+ n’;(s,a) ’

where the first inequality is from Equation (48), and the fact that V’; (s) — K’;(s’ ) € [0, H] for any
s" € Sp41; the second inequality is by algebra.
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For Equation (43), we have:

— kT
Varﬁ”’?j(-\s,a) | 7] L(”’;(Saa))
nk(s,a)
T —k
_ Valpk (| ) _Vp*_ L(nk(s,a)) . vV, —K§|\§,§("S7G)L(n§(s,a))
~ nk(s,a) nk(s,a)
(171 —k
_ Varp,(.|s,a) -Vp*_ L(n’;(s,a)) N v, —K’;||D%p(,‘s7a)L(n’;(s,a)) \/EHL(TLI;(S,G))
~ nk(s,a) nk(s,a) nk(s,a)
- —
_ Varp,(.|s,a) _Vp k} L(nk(s,a)) IV, —K];H]%p(.ls_’a)L(n’;(s,a)) \/EHL(n’;(s,a))
~ ny(s,a) ny (s, a) ny(s, a)

where the first inequality is from Lemma [24] and the observation that when FE happens,
(V]; - Vp*)(s’)} < ’(V’; - K’;)(s’)} for all s’ € Sp41; the second inequality is from Equation (34)
of Lemmal[16l and Equation (@4)); the third inequality again uses LemmaR4]and the observation that

when E happens, |(V,} — Vp”k)(s’) < ‘(V]; —VE)(s')| forall s’ € Spy1.

2. For Equation (46)), using the definition of Eoge prob and AM-GM inequality, when E happens,
we have for all p, k, s, a, 5/,

A = L i
P sca) S P s A ) w
This implies that
—k
Vo = Vol )
= > P | s,a) (V) — (s)?
s'€Sp41
) . L(nk(s, )
$2 3 B s V)~ L 3 S
i s'€Sh41 P
B SH?L(nk(s,a
52 Z PP(S/ | S,G)(V];(S/) _K];(S/))Q +eH + w
s'€Shi1 v (57 a)
I SH?L(nk(s, a))
MV =Vl cto + ey

where the first inequality is from Equation and the fact that V’; (s") — Kl; (s") € [0, H] for any

s' € Sp1; the second inequality is from the observation that [P, (- | 5,a) — P*(- | s,a)[1 < ;
the third inequality is by algebra.
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For Equation (47), we have:

Valpr(.|s.0) _VPA L(nk(s,a))
n’;(s,a)
[ —k
< Varl@’k(-\s,a) _Vp*_ L(”’;(Sva)) va _K§|‘§k(|sa)L(n§(Sva))
~ nk(s,a) + nk(s,a)
P\ p\2
(/%] —k
_ | lsa V5 L(nj(s, a)) . Ve = V3l (oaL(nfi(s,a))  VSHL(nE(s,a))  [HeL(nk(s, a))
~ nk(s,a) nk(s,a) nk(s,a) nk(s,a)
— —
_ | s |V ] L(ng(s,a)) . IV = VEI2 (joayLnk(s,a)  VSHL(nk(s, a)) HeL(nk(s, a))
~ nk(s,a) nk(s,a) nk(s,a) nk(s,a)

where the first inequality is from Lemma and the observation that when E happens,
’(V]; — Vp*)(s’)} < }(V]; - Kﬁ)(s’)’ for s’ € Spy1; the second inequality uses Equation (36) of
Lemmal[16 and Equation (46); the third inequality is from Lemma[R4]and the observation that when
Vo - vy < ‘(V’; — VE)(s)| for ' € Spn. O

E happens,

C.3.1 Distribution-dependent bound on the surplus terms

Lemma 19 (Surplus bound). If E happens, then for all p, k, s, a:

H
Ef(s,a) SBE(s,a) + E | Y BEM (51, 00) | (sn,an) = (5,0), 7" (p), My | ,
t=h

where

(1 + Varp_(.|s,q) [V;fk]) L(nk(s,a))

nk(s,a)

Bg’lead(s, a)=HA |5+ 0

(1 + Varpp(_‘sya)[%”k]) L(nk(s,a))

nk(s,a)

A O

H3SL(n* (s,
Bg’fut(s’a) —H3AO <M> .

nk(s,a)

Proof of Lemmall9 First, Lemmas [T3] and [14] together imply that if £ holds, for all p, k,s,a,

k bk k o qpk k
Ej(s,a) <2 (H A ind-by (s, a) A agg-by (s, a)). We now bound ind-b; (s, a) and agg-b; (s, a) re-
spectively.
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Bounding ind-b}(s,a): We have
ind-b’;(s, a)
—k k
0 VaTpk (.|s,0) (Vo] L(ng(s, a)) L(nk(s,a)) SHV -V H[Pk( s,a) L(n’;(s, a)) SHL(TL];(S, a))
N nk(s,a nk(s,a nk(s,a nk(s,a
% k + k k
—k
<0 \/V&rpp(-s,a)[vpﬂk] L(ng(saa)) + \/L("IS(Saa)) S”VP ”IF" (+|s,a) L(nk(s a)) SHL(RI;(S,G,))
- n’;(s, a) n’;(s, a) n’;(s, a) n’;(s, a)
—k
<0 (1 +VarIF’p(»|s,a)[Vpﬁk]) L("?(Saa)) S”Vp _KI;”IQPP(,‘S@) L(n’;(s,a)) SHL(’II];(S,CL))
- nk(s,a) + nk(s,a) nk(s,a)
(14 vare, (oo [Vi]) Link(s,a)) ) SHL(nk(s,a))
SO T +||V _V HIP’p( |s,a) + k
nk (s, a) nk (s, a)
where the first inequality is by expandmg the deﬁnltlon of ind-b%(s,a) and algebra; the second
inequality is from Equations Equation and (3) of Lemma along with algebra; the third
inequality is by the basic fact that v/ A + \/E 5 v A + B; the fourth inequality is by AM-GM
inequality.
Bounding agg-b’;(s, a): We have:
agg-b (s, a)
—k k
Va.r@k(,|57a)[vp] L(?’Lk(S,G)) L(nk(s,a)) S”V -V ||IP’k( |s,a) L(nk(saa)) SHL(nk(57a))
<de+ O : : - -
nk(s,a) nk(s,a) nk(s,a) nk(s,a)
—k
vare, (s V] L(nk(s,0)  [Lnk(s,a)) | SIVy = V3l3, o0y L(0F(5,0)  SHL(n*(s,a))
<5e+ O + +
nk(s,a) nk(s,a) nk(s,a) nk(s,a)
. —k
- (1 + varp, (.|s,a)[Vy k]) L(n*(s,a)) S|V, — KIPCH%’p('IS,a) L(n*(s,a))  SHL(n*(s,a))
<5e+ O - + = k
nk(s,a) nk(s,a) nk(s,a)
10 (1 + varp,(.|s,a) [prk]) L(nk(s,a)) Vk i SHL(n*(s,a))
So€+ nk (s, a) + IV = Volle, (1s.a) nk (s, a)

where the first inequality is by expanding the definition of agg-b’;(s, a) and algebra; the second
inequality is from Equations and Equation (#6) of Lemma[I8] along with the observation that

SeHL(nk(s,a)) < SHL(n"(

nk(s,a)

S) :9) 4 ¢ by AM-GM inequality; the third inequality is by the basic fact

nk(s,

that /A + v/ B < /A + B; the fourth inequality is from AM-GM inequality.
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L(nz(s,a))

Combining the above upper bounds, and using the observation that L(n"(s,0)) <

nk(s,a) nk(s,a) we get
ind-b’;(s, a) A agg-b];(s, a) NH
mk k Tk k
o (1+varpp(.|s_,a)[1/;o ]) L(nk(s,a)) O (1+varpp(.|s_’a)[Vp ]) L(n*(s,a)) .
< A A
- nk(s,a) ot nk(s,a)
—k Ena SHL(nk(s,a))
+O IV, =Y5l5, (s,a) + <_ nk(sp A NH
p )
on —k SHL(nk(s,a))
SBk’l d(57a)+0 va_KI;ZHIQP’p(\S,a)—F <TSPCI/)/\H
p )
We now show that
—k SHL(nk(s,a)) u .
|Vp_K§|I%’p(-s,a)+<TSpa) NH ) SE D B (s a0) | (sn,an) = (s,a), 7% (p), M, |
P t=h
(50)

which will conclude the proof. To this end, we simplify the left hand side of Equation (30) using
Lemma[l7t

—k SHL(n*(s,a))
||Vp - K];”IQPP(-\S,a) + <W ANH
2
H
SL(nk(se,ar)) k SHL(n*(s, a)
s | 3w {0y RS || o) = o) 7406 |+ (S
t=h+1 P
. 2
SL(nk (s, ar)) SHL(n*(s,a))
P o L(ny, (8¢, at)) _ k TN A
<H®E Z E|ll1A oK (sr.ar) | she1]| | (sn,an) = (s,a), 7 (p), M| + 7F (s, a) ANH
t=h+1 p
[ H 3 k
H3SL(nk (s, ar))
<E|S"H?A L shyan) = (s,a), 7" (p), M
~ ; n’;(st,at) | (s, an) = (s 0), 7"(p), My

[ B
SE DB (s a0) | (shyan) = (s,a), 7" (p), My |
t=h

where the first inequality is from Equation of Lemma[I7} the second inequality is by Cauchy-
Schwarz and E[X]? < E[X?] for any random variable X; and the third inequality is by the law of
total expectation and algebra. o

C.4 Concluding the regret bounds

In this section, we present the proofs of Theorems[3 and[6.

To bound the collective regret of MULTI-TASK-EULER, we first recall the following general result
from [36]], which is useful to establish instance-dependent regret guarantees for episodic RL.

Lemma 20 (Clipping lemma, [36], Lemma B.6). Fix player p € [M|; suppose for each episode k,

it follows 7* (p), the greedy policy with respect to @p. In addition, there exists some event E/ and a

collection of functions {B]’;’lead, Bg’f‘“}k " C (8 x A = R), such that if E happens, then for
€
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allk € [K), h € [H] and (s,a) € S, X A, the surplus ofGI; satisfies that

H
0< Eﬁ(s,a) < B}’;’lead(s,a) +E ZBS’f“t(st,at) | (sn,an) = (s,a),ﬂk(p),./\/lp ,
t=h

then, on E:

: ee x . u gap ,min
Reg(K.p) S .Y ppls.a)clip (B (s,a), gip, (s,0) )+ H 3 > pl(s, a) clip (B{;f “(s,a), W) ,

s,a k s,a k

gap,(s,a) \/ 2Pp.min
4H 4H

here, recall that clip(a, A) = al(a > A), and gap,(s,a) =

Remark 21. Our presentation of the clipping lemma is slightly different than the original one [36,
Lemma B.6], in that:

1. We consider layered MDPs, while [36] consider general stationary MDPs where one state
may be experienced at multiple different steps in [H|. Specifically, in a layered MDP, the
occupancy distributions wy, j, defined in [36)] is only supported over Sp, x A. As a result,
in the presentation here, we no longer need to sum over h — this is already captured in the
sum over all s across all layers.

2. Our presentation here is in the context of multitask RL, which is with respect to a player
p € [M], its corresponding MDP M, and its policies used throughout the process

{wk (p)}i(:l. As a result, all quantities have p as subscripts.

3. Since every (state, action, step) in every MDP is trivially 1-transition optimal (see Defini-
tion B.3 of [36l]), when applying Lemma B.6 to M, we set os o = 1 and gdpp(s, a) =

8aPp.min |, gap,(s,a)
2H 4H

We are now ready to prove Theorems[3and[6] MULTI-TASK-EULER’s main regret theorems.

C.4.1 Proof of Theorem[3]

Proof of Theorem[5, From Lemma[20]and Lemmal[19] we have that when E happens,

Reg(K ZReg (K,p)
. a :
< Z kz ph(s,a) clip (B (5, a), gap, (s, 0) ) + H Z kZ pl(s,a) clip (B’“v““(s, a), %ﬁ)

(4) (B)
(51)

We bound each term separately. We can directly use Lemma[2]to bound term (B) as:

2
u gap. ,min MSAK
HZZpP (s,a)clip (Bk“(s a), 8S£H2> < MH'S%A <ln (T)) . (52)

s,a k,p
For term (A), we will group the sum by (s,a) € Z, and (s, a) ¢ Z. separately.
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Case 1: (s,a) € Zc. In this case, we have that for all p, gap,(s,a) = %};"a) > 24e. We
simplify the corresponding term as follows:

Z Z p];(s, a) clip (Bk’lcad(s, a), gap, (s, a))

(s,a)eZe k,p
f . (14 varp, (.|s,0) V7" 1) L(nF (s, a)) miny, gap, (s, a)
pe(s,a)clip | HA | 5e + O \/ ,
<s.%;z€ % ’ (s, a) 1H

1+ Js.ay) [V ) L(nk (s, i ,
Z ZPZ(S,G) H Aclip [ 5e+ O \/( vare (oo Vg~ DL(s a))),mmpgapp(s %

(s,a)E€T. k,p nk(s,a) AH
1+ varp, (.(s.0)[V7"]) L(nk (s,

> ¥ eftne) (L VDO )

(s,a)EZe k,p n (S,CL)

where the first inequality is from the definition of B*°2d; the second inequality is from the basic
fact that clip(A A B,C) < A A clip(B, C); the third inequality uses Lemma 28] with a; = 5e,

varp wk nk(s,a min, gap, (s,a . .
as = a+ rp<.\s,;3€[(‘;;ja)])L( (s, )), and A = %P(), along with the observation that
clip(se, 22 B30y _ ) ince for all (s, a) € Z. and all p € [M], gap, (s, a) > 96¢H.

We now decompose the inner sum over k, Zszl, to Z;Sia)_l and ZkK:T(S o)+ The first part is
bounded by:

Tp(s 1

(s,a)=1 M
Z Z (s,a)H < SAHN,
k=1 =1

nk(s,a

Tp(s,a)—1 M (1 ok k
+varp (.|s,q)[V;F ) L(n*(s,a)
p];(s,a) H/\\/ (-Is,a) P) 2:
a)eT

whichis S MHSAIn (SAK)

For the second part,

S S 1+var -|s,a Vpﬂ—k Lnk s, a
Z Z_’ > ppls.a) H/\\/( Pp<nk>([8’a)])( ( )))

i S ¥(s.a) \/<1+varn»p<.s,@w’“])L(ﬁk(s,a»

nk(s,a)

K M

nk(s,a .
5 Z Z pp s, a nk(i a))) . Z ZZp’;(S,a) (1+varpp(_‘sya)[Vpﬂ ]),

(s,a)€Zc k=7(s,a) P= (s,a)€Z k=1p=1

,_.

where the first inequality is by dropping the “H A” operator; the second inequality is by Cauchy-
Schwarz.
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‘We bound each factor as follows: for the first factor,

a ak(s,a
3 Z prsa nksa > pk(s’“)'%

(s,a)EZ. k=7(s,a) p=1 (s,a)EZ. k=7(s,a)

2
<IZ) LMK SI2 (m (P )) ,

where the first inequality is because L is monotonically increasing, and n*(s,a) < MK the sec-
ond inequality is from the observation that p*(s,a) € [0, M], i*(s,a) > 2M, and u — % is
monotonically decreasing; the last two inequalities are by algebra.

For the second factor,

K M M K
k k
Y. DD s (1+vafm<-\s,a>[Vp” ]) SMEH+Y >0 > pyps,a)vare,(jooV;" ]
(s,a)€Zc k=1p=1 p=1k=1(s,a)eSxA
M K H
SMKH—}—ZZVM Zr,’jphrk(p)
p=1k=1 h=1

(53)

where the first inequality is by the fact that p’; are probability distributions over every layer h € [H];
the last two inequalities are by a law of total variance identity (see, e.g., [3, Equation (26)]). To
summarize, the second part is at most

KoM 1+ varp (.1s.0) [V ]) L(nk (s, a
T3 Y e HAW + ﬂ»“k)g:a;)( ( )))Smmwsgﬂ)

(s,a)€Ze k=7(s,a) p=1
Combining the bounds for the first and the second parts, we have:

S 3 b apeip (B4 (s, a). v, o) 5 (VATRTPE] + M A) n (2525 ).

(s,a)€Ze k,p

Case 2: (s,a) ¢ Z.. We simplify the corresponding term as follows:

Z Z p’;(s, a) clip (Bk’lead (s,a),gap,(s, a))

(s,a)¢Z. k,p

(1 + Varp,(.|s,a) [prk]) L(n’ﬁ(sa a)) gépp(s, a)

k .
pe(s,a)clip | HA ,
(S%;L% ’ ny(s, a) AH

(1 + varp, (.|s,a) [Vp”k]) L(nk(s,a))

Z Z HA n’;(s,a)

(s,a)¢Z. k,p
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. K ,a)—1
For each p and (s,a), we now decompose the inner sum over k, » ,_,, to ;P:(f 91 and

Zfﬂp(sya). The first part is bounded by:

M Tp(s,a)—1 (1—|—V&I‘ ok k M Tp(s,a)—1
P (»|s,a)[‘/p ])L(TLP(S,G))
E E E Ppsa H/\\/ . k(s a) g E g Ppsa

(s,0)¢Z.p=1 k=1 RO
<MHSAN,,

which is S MHSAIn (MSAL).

For the second part,

(1 + varp, (|s,a) [Vp”k]) L(ng(s,a))

M K
2. 2. > mlsa|HA (5, )

(s,a)¢Zc =1 k=7p(s,a)

M K 1+ varp (.|s.a [V”k]) L(nk(s,a))
Fig o ( Pp(-ls,a)LVp D
YD D Alsa) (s, a)

(s,0)¢Ze p=1 k=7y(s,a) P

3 L(@(s, ) S o) (1 ot

= Z Z Z pi(s,a) nk (s, ) ‘ Z Py (s + varp, (s,a) [V ]
(s,a)¢Zc P=1 k=7,(s,a) (s,a)¢Zc k=1p=1

We bound each factor as follows: for the first factor,

TS s in(( 3~

(s,a)¢Zc p=1 k=1 (s,a) (s,a)¢Z. p=1k= Tp(s a)

2 S‘IEC‘M <ln (MS('SAK)>2

where the first inequality is because L is monotonically increasing, and nF ( ) < K; the second

inequality is from the observation that p*(s,a) € [0, 1], n*(s,a) > 2, and u + = is monotonically
decreasing; the last two inequalities are by algebra.

The second factor is again bounded by (33). Therefore, the second part of the sum is at most

(1 + varp, (.|s,q) [V;fk]) L(nk(s,a))

M K Cls,
2. 2 2 Alsa) [HA ")

(s,a)¢Zc =1 k=T1p(s,a)

< (M,/KH?\IE\ + MHSA) In (MS(SAK) :

Combining the bounds for the first and the second parts, we have:

MSAK
Z Zpl;(s,a) clip (Bk’lcad(s,a),gépp(s,a)) < (Mw/KHz‘IEC’ + MHSA) In ( 5 ) :

(s,a)¢Zc k,p

Now, combining the bounds for cases 1 and 2, we have that

A) < (\/MKH2|IE| + M\/KH?|IC]| + MHSA) -In (M‘S;AK) : (54)

38



In conclusion, by the regret decomposition Equation (31)), and Equations and (32), we have:

Reg(K)S( MH?[L| K + M HZIIE\K+MH452A1n<MiAK>>1n(M55AK>.

O

C.4.2 Proof of Theorem|[6]
Proof of Theorem[6, From Lemma[20] we have that when E happens,

M
Reg(K) = Reg(K,p)

p=1

a .
< Z kz p’; (s,a)clip (Bk’lead(s, a), gzipp(s, a)) +H Z kz p’;(s, a) clip (Bk’f“t (s,a), %;ﬁ}?; ) ,
S,a P S,a iy4

(A) (B)
We focus on each term separately. We directly use Lemmal22]to bound term (B) as:

u g p ,min MSAK MSA
HY Y ph(s,a)clip (B’“ t(s,a), m) 5MH452A1n< 5 >-ln . (55)

s,a k,p min

For the (s, a)-th term in term (A), we will consider the cases of (s, a) € Z, and (s, a) ¢ Z. separately.

. . ap,, (s,a)
Case 1: (s,a) € Z.. In this case, we have that for all p, gip,(s,a) = P 2T > 24e. We
simplify the corresponding term as follows:

>~ o(s,a)clip (BH*(s, a), gip, (s, a) )

k.p

HMN

M k .
1+ Js,a) [V D) L(nk(s, ;
Z s,a)clip | HA | be+ O \/( ML ,’1,3([8”@)]) e a))) ,mmp gjjsp(s i

H2L(nk(87a)) minp ga'pp(sva)

K
< k i
_Zp(s,a)chp HA |5+ 0 7 (5.0) ) i

H2L(n*(s,a)) \ min,gap,(s,a)

k
< k i
_Zp (s,a) | HAclip | 5e + O 7 (5.) , i

K .
H2L(n*(s,a)) miny,gap,(s,a)
<) P H Acli ’ it A
sz 4 P nk(s,a) 16H

where the first inequality is by the definition of BF1ead; the second inequality is from that

varp, (.|s,a) [V "] < H?; the third inequality is from that clip(A A B,C) < A A clip(B, C); the
third inequality uses Lemma[28 with a; = 5¢, az = %:7(;)’“)), and A = %ﬁp(sa), along

with the observation that clip(5e, m%if(s’a)) = 0, since for all (s,a) € Z. and all p € [M],
gap,(s,a) > 96¢H.
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We now decompose the inner sum over k, Z? 1> 1o ;(:Sia)fl and ZkK:T(S a)- The first part’s

contribution is at most Ny - H < M H In (S AK ) For the second part, its contribution is at most:

K .
H2L(n*(s )) min, gap, (s, a)
k . ) P P
HAcl
kz( )p (s,a) P nk(s,a) 16H

'’ (s,0) H2L min, gap. (s, a
5MH+/ H A clip () minygap,(s,a) )
1 U 16H

3
<MH 4+ — H I MSAK
~ min, gap,, (s, a) 4]

where the second inequality is from Lemma 29 with fr., = H, C = H? A = %ﬁf@’a)
N=MSA, £=06,T =1,n=n%(s,a) < K. In summary, for all (s,a) € Z,

3
Zpﬁ(s,a) clip (Bk,lcad(s,a),gépp(s,a)) < <MH + H ) n <MSAK> .

o miny, gap,,(s, a) )

>

Case 2: (s,a) ¢ Z.. Inthis case, for each p € [M], we simplify the corresponding term as follows:

Z p];(su a’) Chp (Bk,lcad (87 a)u gépp(sa a))

We now decompose the inner sum over k, ZkK:l, to ;’;(f’a)_l and ZkK:TP(S o)+ The first part’s

contribution is at most Np - H < H In ( %).

For the second part, its contribution is at most:

K

H2L(nk
S s, [ HAdlip (4 (s.0)) gD (5,0)
Tp(s

%
o) nk(s,a) 16H
iy (s,0) H2L(u) gip,(s,a)
v . u) gap,(s,a
<H HAcl 4 d
S /1 Clp( uw ' 16H “

3
D LA (MSAK)
gapy(s, a) Y

where the second inequality is from Lemma 29 with fu.. = H, C = H 2 A = w N =

16H
MSA,£=0,T =1,n=nl(s,a) < K. In summary, for any (s,a) € ZC and p € [M],

- - o’ MSAK
Zp’;(s,a) clip (Bk’l d(S,(I)agapp(Saa)) S (H+ gap, (s a))1n< 5 ) 5
k P\

summing over p, we get:

: ea < MSAK
E p’;(s,a) clip (Bk’l d(s7a)7gapp(s7a)) S| MH+ E gap ) ( 5 ) ,
k,p p
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In summary, combining the regret bounds of cases 1 and 2 for term (A), along with Equation (33)) for
term (B), and observe that gap, (s, a) = gap, min if (5,a) € Zp opt, and gép,(s,a) = gap,(s, a)
otherwise, we have that on event E, MULTI-TASK-EULER satisfies:

3 3
Reg(K) <In (MS;AK) Z Z _H + Z H

pE[]W] (Sva)ezp,opt ga'pp)min (S;G)G(Zeuzp,opt)c gapp(s, a)

MSA

3
H + In (MSAK O

_ ) -MS2AH*In
min,, gapp(s, a)

a .
(s,a)eT. Pmin

Lemma 22 (Bounding the lower order terms). If E happens, then

ZZpP s,a)clip (B’C fut (s a), i;ﬁ;‘;) < MH3S?Aln (MS;AK) <ln (MS(;AK) Aln ( MSA )) )

a .
s,a k},p g pmln

Proof. We expand the left hand side using the definition of B*f*, and the fact that 8aDp min =
8aPmin*

WE

. u £aPp min
p];(s, a) clip (Bk’f “(s,a), m) (56)
k=1

K
< Z p]; (s,a) | H® Aclip (57)

= nk(s,a) "8SAH?

P

<H35L< k(s a)) gapmm>

We now decompose the sum 35 | t0 52725~ and ZkK:Tp(S_’a). The first part can be bounded by

TP(S7a)_1 3 k s a) 1
H’SL(n3(s,a)) gap,;
k H3 1 P\ min 3 3

e I < H ) < H3N.
1;:1 Pp(S,a) clip < n’;(s,a) ' SSAH? < Z Pp s, a 5,

which is at most O <H 3.1n (%)) . For the second part, it can be bounded by:

K 3 k
H’SL(n3(s,a)) gap,,;
k H3 li p\™ min
Z Py (s, a) A clip Wh(s,a)  BSAH?

k=1p(s,a)
ny (s,) H3SL(u)
v . U) £ZaPni

<H®.1 H? Acl o5 | d
AT /1 P < u 85AH2> "

MSA MSAK MSAK MHSA
<H? + H?In MSAN | pagm (M5 m (M5 Aln S ,

5 o 0 8aPmin
where the second inequality is from Lemma 29l with fu. = H?, C = H3S, A = EPais N =

MSA, (=06, =1,n= ﬁff(s, a) < K. In addition, observe that H < S by our layered MDP
assumption, we have

k : k,lead gaPmin 3 MSAK MSAK MSA
zk:pp(s’a) clip <B (=), SSAHZ) <A Sln( 5 e G R Rl e

Summing over s € S, a € A, and p € [M], we get

k : k,lead £3aPmin < 3 o2 MSAK MSAK MSA
ZZpP(s,a)chp (B (s,a), SSAHQ) S MH®S Aln( 5 In 3 Aln .

an. -
s,a k,p 82Pmin

O
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C.5 Miscellaneous lemmas

This subsection collects a few miscellaneous lemmas used throughout the upper bound proofs.

Lemma 23 (Bias-variance decomposition). For any random variable X with E[X]| = p € R, and
anym € R E [(X —m)?] =E [(X — p)?] + (n—m)>

Lemma 24 ([36]], Lemma ES5). For random variables X and Y,

V/var[X] — \/V&I‘[Y]‘ <
B[]

Lemma 25. Suppose distributions P and Q are supported over [0, B], and |P — Q|1 < € < 2.
Then:
[Ex~p[X] - Ex~q[X]| < Be,

|varx~p[X] — varx~q[X]| < 3B%.

Proof. First,

B B
|Ex~p[X] — Ex~q[X]| :‘/ r(px () — qx(z))dx S/ 2| |px(z) — qx (z)| do < B|P-Q||1 < Be.
0 0

Second, observe that
’IEXNP[XQ] - EXNQ[XQ]’ < B

Meanwhile,
(Ex~p[X])? - (EXNQ[X])z‘ <|Ex~p[X] — Ex~q[X][{Ex~p[X] + Ex~q[X]| < 2B-Be = 2B.
Combining the above, we have

|varx~p[X] — varxq[X]| < 3B%.

O
Lemma 26. For A,B,C,D,E, F > 0:
1. If A< B+ CVA, then VA < VB + C.
2. If D — E| < VEF + F, then we have|\/D — \/E‘ <2VF.
Proof. 1. The roots of 22 — Cx — B = ( are Y&V H1B VC;JAB, and therefore A must satisfy

VA < C+\/62‘2+4B < c+c;r2\/§ —C+B.

2. First, D — E < |D — E| < VEF + F; this implies that D < E + 2V EF + F, and

therefore v D < VE +F.
On the otherhand, E < D+ F++/EF'; therefore, applying item[I with A = E, B = D+F,
and F = VE, we have VE < /D + F +F < /D + 2\/F. O

Lemma 27. Fora >0, 1A (a + v/a) < 1A2/a.

Proof. We consider the cases of @ > 1 and a < 1 respectively. If a > 1, LHS = 1 = RHS.
Otherwise, a < 1; in this case, LHS = 1 A (a + v/a) < 1 A (ya + /a) = RHS. O

Lemma 28 (Special case of [36], Lemma B.5). For ai,as,A > 0, clip(a; + a2,A) <
2clip(ay, A/4) + 2 clip(aqz, A/4).

Lemma 29 (Integral calculation, extracted from [36], Lemma B.9). Let f(u) <
min( fmax, clip(g(u), A)), where A € [0,T) and T' > 1, and g(u) is nonincreasing. Let N > 1
and & € (0,%). Then:
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Clog 5

1 Ifg(u) < for some C > 0 such that In C < In N, then
Nn C Nn
flu/4)du < Cnin 22 A Zin ( )
[ s e "ot
Cln N2
2. Ifg(u) S —— for some C > 0 such thatInC' < In N, then

[ 1 g e ¥ o (w52 A Y.
r

D Proof of the Lower Bounds

D.1 Auxiliary Lemmas

Lemma 30 (Regret decomposition, [36]], Section H.2). For any MPERL problem instance and any
algorithm, we have

M
E [Reg(K)] > Z Z E [nff“(s, a)} gapp(s, a), (58)

p=1(s,a)€S1 XA

where we recall that S1 is the subset of state space where the initial state distribution py is supported
on, nK+1 (8, a) is the number of visits of (s, a) by player p at the beginning of the (K + 1)-th episode
(aﬁer the first K episodes). Furthermore, for any (s,a) € S x A, we have

iE {n{f“(s,a)} gapp(s,a) >E {nK“(s,a)} (

p=1

i ; ; 59
[min, gap, (s a)) (59)

where we recall that n*+1(s,a) = ZS/[ (it (s, a).

Proof. Eq. (89) follows straightforwardly from the fact that for every (s,a,p) € S; x A x [M],
ming e(as) gap, (s, a) < gap,(s,a).

We now prove Eq. (38). Let )" denote 7 (p). We have

M K
E Rea(K)] =E |35 3 polsh, = 5) <v;<s> e <s>)

p:l k=1s€eS;

M K
>E 3030 3 molst, = 5) (Vi (s) ~ Qs m5(9)))

p=1k=1s€S;

M K
—E |23 3 pols)aap, (s, 7h(s)

p=1k=1s€S;

(60)
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where the first equality is from the definition of collective regret; the first inequality is from the

simple fact that V" (s) = Q7 (s,7(s)) < @,(s,7(s)) for any policy 7; the second equality is

from the definition of suboptimality gaps; and the third equality is from the basic observation that
k

Sl,p ~ Po- O

Lemma 31 (Divergence decomposition [23} [44]). For two MPERL problem instances, Y and DV,

which only differ in the transition probabilities {]Pp(- | s, a)}pe[M] (5,:0)ES X A’ and for a fixed algo-

rithm, let Pop and Peon: be the probability measures on the outcomes of running the algorithm on 9N
and M, respectively. Then,

KL(Pyy, Pox') Z Y En [ff“(s,a)]KL(Pgﬁ(|s,a),Pgﬁl(-|s,a)),

p=1(s,a)eSxA
where }P’gﬁ(- | s,a) and ]P)%n/ (- | s, a) are the transition probabilities of the problem instance M and
M, respectively.

Lemma 32 (Bretagnolle-Huber inequality, [23], Theorem 14.2). Let P and Q be two distributions
on the same measurable space, and A be an event. Then,

P(4) + Q(A) > S exp (- KL(P, Q)

Lemma 33 (sce, e.g., [43], Lemma 25). Forany z,y € [, 3], KL (Ber(z), Ber(y)) < 3(z —y)*.

Lemma 34. Ler X be a Binomial random variable and X ~ Bin(n, p), where n > % Then,

E [X%} < 2(np)?.

Proof. LetY = X2, and f(y) = yi. We have E[Y] = E [X?] = var [X] + E[X]* = (np)?
np(1—p) < (np)?+np < 2(np)?, where the last inequality follows from the assumption thatn >

J’_

> 1

3 - p.

By Jensen’s inequality, we have E [X%} =E [f(Y)] <f (E [Y]) < (2712p2)Z < 2(np)%. O

D.2 Gap independent lower bounds

Theorem 35 (Restatement of Theorem[7). Forany A > 2, H > 2, S > 4H, K > SA, M € N,
and 1,1 € N such that 1 +1¢ = SAandl < SA — 4(S + HA), there exists some ¢ such that for
any algorlthm Alg, there exists an e-MPERL problem instance with S states, A actions, M players

and an episode length of H such that

E [RegAlg(K)} >0 (M\/H%CK + \/MH21K) .

Proof. The construction and techniques in this proof are inspired by [43, Section E.1] and [36]].

Fix any algorithm Alg; we consider two cases:

1. 1 > MIC,;
2. MI€ >1.

Case 1: [ > MI®. LetSy =S —2(H —1),andb = [¢-] > 1. Let A = /H2, and let
€ = %H A. We note that under the assumption that X > SA, and the observation that | < SA,
we have A < i. We define (b + 1)51 e-MPERL problem instances, each indexed by an element

in [b + 1], It suffices to show that, on at least one of these problem instances, E {Reg Alg (K )] >
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Construction. Fora = (a1,...,as,) € [b+ 1]°1, we define the following e-MPERL problem
instance, M(a) = {Mp}gil, with S states, A actions, and an episode length of H, such that for
each p € [M], M, is constructed as follows:

* 81 = [S1], and py is a uniform distribution over the states in S;.
For h € [2, H], Sp = {S1 + 2h — 3, S1 + 2h — 2}.
A= [A]

For each (s,a) € S x A, the reward distribution r,(s,a) is a Bernoulli distribution,
Ber(R,(s, a)), and we will specify R),(s, a) subsequently.

» For each state s € [S1],

%—l—A, ifa = ag;
Py(S1+1]s,a) =13, ifaeb+1]\{as};
0, ifa ¢ [b+1];
and foreacha € A, P,(S1 +2s,a) =1—-P,(S1+1]s,a),and Ry(s,a) = 0.
e Forh € [2,H],and a € A, let
— P, (Si+2h—1]|S +2h—3,a) = 1, P, (1 +2h | Sy +2h—3,a) = 0, and
Ry(S1 +2h —3,a) = 1.

P, (81 +2h| S +2h—2,a) = 0, P, (S; +2h—1]S; +2h—2,a) = 1, and
R,(S) +2h —2,a) = 0.

It can be easily verified that M(a) = {J\/lp};w:l is a 0-MPERL problem instance, and hence an

e-MPERL problem instance—the reward distributions and the transition probabilities are the same
for all players, i.e., for every p, ¢ € [M], and every (s,a) € S x A,

|Rp(s,a) —Rq(s,a)‘ =0<e, |]P’p(~ | s,a) —Pg(- | s,a)| =0< —.

Suboptimality gaps. We now calculate the suboptimality gaps of the state-action pairs in the
above MDPs. For each p € [M] and each (s,a) € S X A,

gap, (s, a) = V' (s) = Qj(s,a) = max Q}(s, a') — Qj(s, a).

In 90(a), it can be easily observed that for every p € [M], and every (s,a) € (S\S&1) x A,
gap,(s,a) = 0. Now, forevery p € [M], (s,a) € Si x A, we have

o (5,0) = myx Q5 5,) = Q4(sv) = (1) (max By (14 1| 5,0) = Py(Si 411 5,0)).
It follows that, for every p € [M] and every state s € [S1],

0, if a = ag;
gap,(s,a) = ¢ (H—1)A, ifaecb+1]\ as;
(H-1)(3+4), ifag[p+1].

192H

Subpar state-action pairs. It can be verified that in 9i(a), |Z_-< ’ > [. Indeed, since
(H-1)A = (H - 1)% > € > § = 96H 55y, we have that 7_<_ is a superset of

{(s;a): s €[S1],a € [b+1]\ {as}}, whose size is at least S1b = S} (sil] > 1.

It suffices to prove that

1
Ea~Unif([b+1]51)E£m(a) [RegAIg(K)} > %VMHZIK,
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where we recall that a = (a1, ..., as, ); furthermore, it suffices to show that, for any s’ € [S1],

MK
Botmit((p1751 ) Eomca) {NKH(S/) —nT, Ubs')} > 15, (61)

where N5 F1(s") =3 nT1(s, a); this is because it follows from Eq. (61) that

A
EaNUnif([b+1]Sl)Em(a) [RegAlg(K)} > Z (H — 1)Z .EaNUnif([bJrl]sl)Em(a) |:NK+1(S/) _ nKJrl(S/7 asr)
s’'eS,
I
s'€S 1
> 6710\/ MH?IK,

where the first inequality uses Lemma[30Q] (the regret decomposition lemma).

Without loss of generality, we prove Eq. (&I) with s’ = 1; the inequality for other s’ values are
shown symmetrically. To this end, we use a standard technique and define a set of helper problem
instances. Specifically, for any (a2, as,...,as,) € [b+ 1]°171, we define a problem instance
M(0, ag, .. ., as, ) such that it agrees with M (a1, as, ..., as, ) on everything but P,,(- | 1,a1)’s, i.e.,
in M(0, ag, ..., as, ), forevery p € [M],

1
]P’,,(Sl +1 | 1,@1) = 5

.....

Now, for each (j, as, ..., as,) € ([0]U [b+1]) x [b+1]51"1, let P; 4, ... .45, denote the probability
measure on the outcomes of running Alg on the problem instance 9M(j, as, . .., as, ). Further, for
each j € {0} U [b+ 1], we define

1
A mie D DR e —

as,...,ag, €E[b+1]5171

and we use E; to denote the expectation with respect to IP;.

In subsequent calculations, for any index m € ([0]U [b+1]) x [b+ 1]"~%, we also denote by
Py, (- | N¥T(1)) and E,,, [ | N¥¥1(1)] the probability and expectation, respectively, conditional
on a realization of N¥+1(1) under P,,. Observe that, for any j € {0} U [b+ 1],

P;(-, N5 (1))

P;(N5+1(1))

o (b+1)151*1 Za2 ...,asle[b+1]51*1 Pj,a27~~~7asl ('7 NKJrl(l))
a P;(NK+1(1))

_ 1 Z Pj,az,-~~7asl ('7NK+1(1))
T2 P, )

Pj(- | NFH (1) =

1

T hrnsT S Piasas CINFT),(62)
az,...,as, €[b+1]5171

where the first equality is from the definition of conditional probability; the second equality is from
the definition of IP;; the third equality uses the fact that Pj(N (1)) = Pja,,....as, (NFT1(1))

for any as, . .., as,, which is true because N +1(1) is independent of as, . . ., as, conditional on j;
and the last equality, again, is from the definition of conditional probability.
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We have, for each j € [b+ 1],
E; [nf (1) | N 1)) = Bo [nF (1) | N (1))

<) By (- N 0) < o (- V)

1

1
<NE+(1). e Z Pjras. 0, ( | NK+1(1)) — Posas,...as, ( | NK+1(1))
ag,..., as €[b+1]51 1 1
1 1 1
<NE+1(1). (IS Z 2KL (Ber(§ + A),Ber(i)) Eo,az,...05, [PKT1(1, ) | NK+1(1)]
as,.. ’a’Sl b+1]51 1
1 .
<NE+(1). R \/6A2E0,a2,...,asl [nE+1(1,5) | NE+1(1)]

az,...,as, €[b+1]51-1

SNK+1(1)\/6 By [nF (L) | NKH(1)]

384M K
= N ) T gy 1,y | N () (©3)

where the first inequality is based on Lemma and the fact that, conditional on NX+! (1),
nE+1(1, §) has distribution supported on [0, N¥+1(1)]; the second inequality follows from Equa-
tion (62) and the triangle inequality; the third inequality uses Pinsker’s inequality and Lemma[3](the
divergence decomposition lemma); the fourth inequality uses Lemma [33] and the fact that A < 3;
and the last inequality follows from Jensen’s inequality.

Since NX¥*1(1) has the same distribution under both Py and any P; (which is Bin( K )) taking
expectation with respect to N¥+1(1), we have that, for any j € [b + 1],

[+1

B [ (1,)] - Bo [2541(1,)] <Eo k-

1
gZVKJrl(l)

o [nKH(1,5) | NKH(l)J] .

In subsequent derivations, we can now avoid bounding the conditional expectation. Specifically, we

have
Z E |:TLK+1 1 ]):|
JG [b4+1]
1 K+1 . 1 1 K+1 [+1 K1 . K41
<57 2 Bo[n )| 4 g X0 B | gV i - Bo [ (1) | NRH(D)
JEb+1] jE+1]
1 K+1(1 - L K+ I+1 K1 .
§b+1EO Z n* (1, 5) | +Eo §N (1) i% b—|—1 Z Eo [nK+1(1,5) | NK+1(1)]
Liclb+1] jelb+1]
1 ' 1 fi+1 1 3
< K+1 L i K+1
Sprgto [V (1)}+E0 sV MK b+1(N (1)) 1
L [ I 3
< Eo, |INEH(1 - "Eo | (NEFL(1 4
<7Bo [V + 5\ 17 ol( ). (64)

where the first inequality follows from Eq. (63) and algebra; the second inequality uses linearity of
expectation and Jensen’s inequality; the third inequality uses the facts that Zje[b +1] nf+1(1,5) <

NE+1(1) and, for every z € [0] U [b+ 1],

S B[S | NET )] < 3B R (1) | NETI )] = NF (),
JE[b+1] jeA
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and the last inequality uses the linearity of expectation and the construction that b = (SLJ, which
implies that I < bS and therefore [ +1 < bS; +1 < bS; + 51 = (b+ 1)5;.

It follows from Equation that

L K+1 1
JEb+1]
<
=95, \/

451 ’

[

NKJrl )) g‘|

where the second inequality uses the fact that
K > 5.

It then follows that

MK MK
O
J€b+1 JEb+1]

T +1 < 1 and Lemma[34] under the assumption that

and we have
MK

48

EaNUnif([bJrl]Sl)Efm(a) [NKH(l) — nKJrl(l7 al)} >

Case2: MI” > 1. Again,let Sy =S —2(H —1). Letu = [&-]andv = A —u=A—[£].

3%%, and ¢ = 2HA. We note that under the assumption that X > SA

and the fact that vS; < SA, we have A < 1. We will define v *™ e-MPERL problem instances,
each indexed by an element in [v]sl XM Tt suffices to show that, on at least one of the instances,

E {RegAlg(K)} >0 (Mm)

Furthermore, let A =

Facts about v. There are two helpful facts about v that can be easily verified:

e vS; > %lc. This is true because, by definition, vS; > S14A —1— 51 = S1A — (SA —
19) =81 =19 — (SA - 51A) — 51 =19 — (2(H — 1)A+ S); since, by assumption,
1< SA—4(5+ HA), wehave [© > 4(HA+S) > 2 (2(H — 1)A + 51 ); it then follows
that vS; > ¢ — (2(H - 1)A + Sl) > %lc

* v > 2. This is true because, as shown above, vS; > 3¢ and I¢ > 4(HA + S), which

imply that v > 2(%?5) > % =9

Construction. For a = (ay1,...,a1 , ag 1, coa8,.M) € v ]51XM " we define the following
e-MPERL problem instance, 0(a {Mp} _,» With S states, A actions, and an episode length of
H, such that for each p € [M], ./\/l is constructed in the same way as it is for case 1, except for the

transition probabilities of (s, a) € 81 x A:

* For each state s € [51],

%—i—A, ifa—asp,

ifaev]\{asp};

P,(S1+1]s,a)= %
0, ifa ¢ [v];

and foreacha € A, Pp(S1 +2s,a) =1—-P,(S1+1]s,a),and R,(s,a) = 0.
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We now verify that 9t(a) is an e-MPMAB problem instance. It can be easily observed that the
reward distributions are the same for all players, i.e., for every p, ¢ € [M] and every (s,a) € S X A,

|Ry(s,a) — Ry(s,a)| =0 <e.

Regarding the transition probabilities, for every (s,a) € ((81 x (A\ [v]))) u ((8 \Sp) x A),
we observe that the transition probabilities are the same for all players. Furthermore, for every
p,q € [M] and every (s,a) € S; x [v],
€
P, (- |s,a)—P,(-|s, H <on =L
Hp(|sa) q(|sa)1_ H
Therefore, M(a) is an e-MPMAB problem instance.
Suboptimality gaps. Similar to the arguments in Case 1, it can be shown that for every p € [M],
and every (s,a) € (§\ S1) x A, gap,(s,a) = 0. And, for every p € [M], and every s € Sy,
0, if a = ag,p;
gap,(s,a) = ¢ (H — 1)A, ifa € ]\ as,p;
(H-1)(3+4), ifaé¢u].

Subpar state-action pairs. Based on the above construction, for every (s, a) € Sy x (A \ [v]) and
every p € [M], gap,(s,a) = (H —1) (3 + A) > 3(H — 1)A = 2V > 3¢ > 96H (55557 ).

2H T02H
where the first inequality uses the fact that A < 1 [S1] % ([A]J\[v]),
whose cardinality is at least (A — v)S1 = uS1 > [, ie., ’Iﬁ ’ > 1.
Now, it suffices to prove that
1
E it (1)) Em(a) |Reg g (K)] > s MVHAUCK,
where we recall that a = (a11,...,01,M,021,-..,a0s, Mm). 1t suffices to show, for any s’ € [S1]
and any p’ € [M],
K
E () Eonga) [N () = nff (5" 0)] > (65)
where Npl,prl(s’) =D acal f“(s a). To see this, by Lemma[30] we have
]EaNUnif([v]Slxz\/I)]Em(a) [RegAlg } Z Z aNUnlf([ ]Slx]\/I)Em(a) N;(Jrl(sl) — n£(+1(5/7a,5/):|
p=1s'"€S;
H-1 ’USl
> MK
- 4 384K

= 160 160 My H?(wS) K

> 2]C
2 o OM H?ICK
where the last inequality uses the fact that v5; > 31°.

Without loss of generality, it suffices to prove Eq. (63) for s’ = 1 and p’ = 1; the other settings of
(s',p") can be handled symmetrically. Similar to case 1, we define a set of helper problem instances:

for any (ai9,...,as, n) € [0]9*M~1 we define a problem instance (0, a1 2,...,as, rr)
such that it agrees with M(a1,1,a12,...,as, 1) on everything but Py(- | 1,a;), namely, in
SJI(O, 1,2y« -, asl)M), Pl(Sl +1 | 1, al) = %
For each (j,a1,2,...,as, m) € ([0]U[v]) x [v]5 M~ let Pjq, ,.....as, , denote the probability
measure on the outcomes of running Alg on the problem instance MM (j, a1 2,...,as, am). Further,
for each j € {0} U [v], we define

1

Pj = S XM —1 Z Pjarz..asy,n

a1,2,...,as,,MEW]S1XM—1
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and we use [E; to denote the expectation with respect to P;. In subsequent calculations, for any
m € ([0]U[v]) x [v]5**M~1 we also denote by P, ( | NEFH(1 )) and E,,, { | N1K+1(1)} the

probability and expectation conditional on a realization of N 1K + (1) under P,,,. Similar to case 1, it
can be shown that, for any j € {0} U [v],

1
Bi(- | NFH(1) = — > Pias sy (-1 VD). (66)

a1,2,...,a5,,ME[V]S1XM—1

Now, for each j € [v], we have
E; [nf (1) | NI )] = Bo [nf (1) | M ()]

5 (1 NEF ) =P (- M)

1
SNlKJrl(l) ’ ,Uslfol Z

<N ||IP

1

Pj7a1,27~~7asl,M ( | NlKJrl(l)) - P07a1,2,~~-7a51,M ( | NlKJrl(l))

al,z,...,asl’Me[v]Sl><M—1 .
1 1 ) .
NI > \/2 KL, <Ber(§ + A),Ber(§)> Banrnas, [ (1,5) | N 1)
a1,2,...,05,, M E[V]S1XM—1
1 .
SNlK-H(l) . m Z \/6A2E0,a27--~,asl [n{(-i_l(laj) | NlK"_l(l)}
a1,2,...,a51,Me[U]Sl><M—1

6v.S
N ) [ S g [0, ) | Vi)

NI () Sy [l ) | N ) (67

where the first inequality is based on Lemma and the fact that, conditional on NlK 1),

n¥T1(1, j) has distribution supported on [0, N*T1(1)]; the second inequality follows from Equa-
tion (66) and the triangle inequality; the third inequality uses Pinsker’s inequality and Lemma[3T](the
divergence decomposition lemma); the fourth inequality uses Lemma [33] and the fact that A < I;
and the last inequality follows from Jensen’s inequality.

Using arguments similar to the ones shown for case 1, we have that

_ZE[KH )}

2B [l (1, 5)] +Bo | SNEH(1) ZEO[ (L) | N )
<t o]+ 15 5 (Wﬂ

1 K Sp (K\?

v S 4 ?(S_l)

3K

_4—5,17

where the second to last inequality is from Lemma[34] under the assumption that K > Si, and the
last inequality uses the fact that v > 2.

It then follows that

! ; 1 3K K
5%;] E, [N1K+1(1) —n{<+1(1,])} > ;%;] E; {NlKJrl(l)} 5= s
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and we thereby have shown that

K
K+1 K+1
EaNUnif([v]SIXM)EDJ?(a) {Nl ) —np Tt (1,a1)} > R 0

D.3 Gap dependent lower bound

Theorem 36 (Restatement of Theorem[8). Fix e > 0. Forany S €¢ N, A > 2, H > 2, M € N,
suchthat S > 2(H — 1), let S; = S — 2(H — 1); and let {As,a,p}( be any set of

values such that

5,a,p)€[S1]x [A]x[M]

* forevery (s,a,p) € [S1] X [A] x [M], Ag,a,p € [0, ﬁ];
* forevery (s,p) € [S1] x [M], there exists at least one action a € [A] such that As 4, = 0;

* and, for every (s,a) € [S1] x [A] and p, q € [M],

As.,a.,p - As_,a_,q‘ S 6/4

There exists an e-MPERL problem instance with S states, A actions, M players and an episode
length of H, such that Sy = [S1], |Sk| = 2 forall h > 2, and

gap,(s,a) = Agap,  V(s,a,p) € [S1] x [A] x [M].

For this problem instance, any sublinear regret algorithm Alg for the e-MPERL problem must have
regret at least

H? H?
= gap,(s,a) min, gap,,(s, a)
pe[M] (S’a)el—(e/ﬂ‘)SH): (8,:0)€L (. /76sm)
gap, (s,a)>0

Proof. The construction and techniques in this proof are inspired by [36] and [43].

Proof outline. We will construct an e-MPERL problem instance, )1, and show that, for any sub-
linear regret algorithm and sufficiently large K, the following two claims are true:

1. forany (s,a) € S x A such that for all p, gap,,(s,a) > 0,

2
Eox {nK(s,a)] > Q il K |; (68)

2
(minp gap, (s, a))

2. forany (s,a) € I% and any p € [M] such that gap,,(s,a) > 0,

2
Eon [nK(s,a)]>Q S (69)

P = 2
(s, 5.0)
The rest then follows from Lemma[30 (the regret decomposition lemma).

Construction of 2. Given any set of values {As,a that satisfies the as-

’p}(s,a,p)e[Sl]X[A]X[M]
. . . M
sumptions in the theorem statement, we can construct a collection of MDPs {Mp}pzl, such that

for each p € [M], M, is as follows, and M = {Mp};\il is an e-MPERL problem instance:

* 81 = [S1], and py is a uniform distribution over the states in Sj.
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e Forh € [2,H],Sh = {Sl +2h — 3,5, +2h—2}.

« A=A]

* For all (s,a) € S x A, the reward distribution 7,(s,a) is a Bernoulli distribution,
Ber(R,(s, a)), and we specify R, (s, a) subsequently.

As,a,p

774> Then, let

* Forevery (s,a) € 81 x [4], set A]so,a =

1 _ 1
PP(81+1|57Q):__AZS),M PP(51+2|850‘):§ sav
and Ry(s,a) = 0. Since A,q, € [0,H/48], AL, < ggri—y < g7, Where the last
inequality follows from the assumption that H > 2. Therefore, P, (5’1 +1]s, a) € [0,1],
and P, (S1 +2 | s,a) €[0,1].

e For h € [2,H],and a € [4], let

2,
-P,(S1+2h—1|S1+2h—3,a) = 1, P, (S1+2h|S1+2h—3,a) = 0, and
p(51+2h 3,a) =1.
Py (S1+2h|S14+2h—2a) = 0, P, (S1+2h—1|S1 +2h—2,a) = 1, and
(S1+2h—2 CL)—O

By the assumption that for every (s,p) € [S1] x [M], there exists at least one action a € [A] such
that A, , , = 0, we have that there is at least one action @ such that A{;a = 0. We verify that for

every (s,a,p) € [S1] x [A] x [M],
gap, (s, a) = V;'(s) — Qp(s,a)
= m@XQ;(S, a/) - Q;(Sv a)
= (H - 1)Azs),a
=Agap-

We now verify that the above MPERL problem instance 9 = {./\/lp}iil is an e-MPERL problem
instance:
1. The reward distributions are the same for all players, namely, for all p, g,
|Rp(s,a) — Rg(s,a)| =0 <¢,VY(s,a) €S x A
2. Further, by the assumption that for every (s,a) € [S1] x [4] and p,q € [M],
|Asap — Asiaq| < €/4, we have that

‘As,a,p - As,a,q‘ < € €
H-1  “aH-1) -2

AP
‘As,a

It then follows that
1By (- | 5.0) =Py (-] s,a) I = 2|27, - A%,

Meanwhile, for every (s,a) € (S\ S1) x A

Py (- s.a) =Pg (- | s,a) 1 =0<

In summary, for every (s,a) € S x A,
€
Py (- | 5,a0) =Pg (- | 5,0) [+ < T

We are now ready to prove the two claims:
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1. Proving claim 1 (Equation (68)):
Fix any (so,a0) € [S1] x [A] such that A™™® = = min, AP

$0,a0 50,20

> 0. It can be easily
observed that gap,,(so, ag) > 0 for all p. Define py = argmin,, AP ».a0- WVE can construct a
new problem instance, 0, which agrees with 91, except that

1
Vp € [M],P, (S1+1]s0,a0) = s—AL , +2AT P, (S1+2]s0,a0) = =+AP  —2AT"

50,00 $0,a0’ 2 $0,00 $0,a0°

' is an e-MPERL problem instance. To see this, we note that the only change is in
P, (- | s0,a0) forall p € [M]. In this new instance, it is still true that for every p, g € [M],

€
< —.

||P;D ( | SOaaO) ( | So,ao) |1 - 2’Aso ag Ago ao| = [

Fix any sublinear regret algorithm Alg for the e-MPERL problem. By Lemma [31] (the
divergence decomposition lemma), we have

KL (Pot, o) ZEM[ (50, a0)| KL (P2(- | s0,a0), P2 (- | 50, a0) ) ,

where Pgy and Pgy are the probability measures on the outcomes of running Alg on 9t and
20, respectively; P (- | so, ao), P2 "(- | s0,a) are the transition probabilities for (s, ag)
and player p in 9T and 9V, respectlvely.

We observe that, for any p € [M],

KL (JP (- | 50, a0), B (- ISO,ao))

1 1
=KL (Ber (——A{; u ) , Ber <——A§ e+ 2AMI ))
2 0,@0 0,40 0,40

<12(Amln ) ,

50,00

where the last inequality follows from Lemma[33]and the assumption that A, , , < H

In addition, > | Egy [nf (0, ao)} = Eon [0 (50, ao)]. Tt then follows that

KL(Pox, Pon) <12Eqx {nK(so, ao)} (Amin )2, (70)

50,a0

Now, in the original e-MPERL problem instance, 91, by Equation (58) and Markov’s In-
equality, we have

Ean [RegAlg(K)} = % (( )A?:)Hzlzo) Pon <n£§(50,a0) > %) ;

where we note that Agg a0 Ag‘(’)”}lo In 97, the new e-MPERL problem instance, we have

Eav |Regag ()| z(( ~ DAL, ) Eaw | 3y (s0,0)
aao

— 1)AD ) Eaw [ NE (50) = 1o (50, 00) |

Il
/N
/\

K K K
> _ min , _ >
_451 (( I)Aso ao) Pﬂﬁ <Np0 (SO) Np, (80, Cl,o) > —451>
K K K
> _ min ,
_451 (( I)Aso ao) Pﬂﬁ <Np0 (SO) = 25 n;DO (80, Cl,o) < —451>
K K K
> _ min , < _ _
218, (( DAY ao) <]P’zm (npo(so,ao) < —481> exp( _881)>
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where the first inequality is by Equation (38); the second inequality is by Markov’s Inequal-
ity; the third inequality is by simple algebra; and the last inequality is by Chernoff bound

that Poy/ (szg(so) < %) < exp(—%), and P(A N B) > P(B) — P(AY) for events
A, B.
It then follows that

Eon [RegAlg(K)} + Egpv [Reg Alg(K)}

K — . K . K K
i _ > , /) =

5 ((H 1)A50)a0) <P§m (npo(so,ao) > 481> + Pon (npo(so,ao) < 481> exp( 35, ))

> (1 -0z, ) (e (- KLEa Pon) — expl- o)

(1 328,) (e (12m [ 8328 ) - sn(- 50 ).

where the first inequality follows from Lemma [32] (the Bretagnolle-Huber inequality), and
the second inequality follows from Eq. (70). Observe that Egy [0 (so, ao)] < Ms—f(; in ad-

. . H £y 1
dition, by our assumption that A , ,, < BV forevery (s, a,p), we have AR, < YNITR

These together implies that 1 exp (—12Egm [n*(s0,a0)] (Amn )2) > %exp(—%) >

$0,a0 -

exp(—%), as long as K > 20S;. Therefore, we have

Eon [Regag (K) | +Ean [Rega, (K)| > g (tr—nams) % exp <—12Egm [ (50, a0)] (Ag;ij;o)?) .

Now, under the assumption that Alg is a sublinear regret algorithm, we have

K . o
= ((H - 1)A§;‘f;o) exp <—12Egm [nK(so, ao)} (Ag;;f;o)Q) < 20K®.
It follows that
1 H-1 Amin Klfoc
Eon [RK(Sovﬁo)} > 5 In ( )25, 0
_ 16C
> (500,
B (H—1)2 | min,, gap, (so, ao) K'~*
- 2 16C
12 (minp gap, (so, ao))
S H? | min, gap, (so, ao) K'~*
= 2 16C '
48 (minp gap, (S0, ao))
We then have
2
Eon [nK(so,ao)] >0 i InK

3
(minp gap, (so, ao))

. Proving Claim 2 (Equation (69)):

Fix any (so,ag) € I% and po € [M] such that A7) > 0, which means that
gap,, (0, ap) > 0. We have that for all p € [M],
gap,(s0,a0) _ 96H (¢/(768H)) ¢ €

_ AP
p = 50,0 _ < < < —.
Aoao = 21 H-1 ~  (H-1 —8H-1) 31 71
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We construct a new problem instance, zm' which agrees with 91 except that
1

Pp, (Sl +1] So’ao) 5 AZs)g,ao + 2AIS)8 a0 — 9 + Asmao’
1 1 -
]P)po (Sl + 2 | So,ao) - 5 + Azs)g,ao — 2A58,a0 = 5 — A€87a0.

M’ is an e-MPERL problem instance. To see this, we note that the only change is in
Py, ( | s0, ao). In this new instance, it is still true that for any ¢ # po,

1Poo - | 50, 20) = Py | s0,a0)lls < 2|AZ ,, + A%, ,,

for every p € [M].

where the last inequality uses Equation (ZI)) that AP

Soao—m

Fix any sublinear regret algorithm Alg. By Lemma [31] (the divergence decomposition
lemma), we have

KL(Pon, Pow) = Ean [l (s0,a0)| KL (PR | 50, a0), P (- | 50,0))
Using a similar reasoning as before, and recall that A? < L, we can show that

s0,a0 — 24°
K
KL (Pon, Pow) <12y [k (50, 00)] (A2

S(),a()) S 4881 ’ (72)

and consequently, as long as K > 2051,

1 K L K K
_ _ min > - > — ).
4exp( 12Egn [0 (50, a0) | <Aso,a0>) 19 g) 2 ep(—5g0)

Similar to the proof of Claim 1, we have the following argu-
ment. In the original e-MPERL problem instance, 91, we have

Eon [RegAlg(K)} > %(( —1)Afg3a0)Pm( (so,ao)zﬁ); and in
', the new e-MPERL problem instance, we have Eoy [RegAlg(K )] >

% (( N I)Aé’g ao) (me/ (nfyﬁ(So,ao) < %) - exp(—%))_
It then follows that

Eon [RegAlg(K)} + Eonr {RegAlg(K)}

K

> (- 083,,) (G o (- KLEon Pa)) — oxn( 50
K

>3 (( — 1)Are. ao) exp( 12Egp [ (SO;UIO)} (A% ) > :

Now, under the assumption that Alg is a sublinear regret algorithm, we have

& (=0, Y exp (<128m [of so,a0)] (323, ) < 20K

It follows that

K 1 (H — AR, K
]Em |:np0 (507 CLO):| 12 (Azs)g_ao)2 hl < 16C

v

2 Klfa
> H I gappo(so, ao) '
16C
24 (gappo(so, ao))
We then have that
H2
Eon [nf{)(so,ao)} >Q| ——— InK

(gaupp0 (50, ao)) i
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Combing the two claims: We note that in 91, for any (s,a,p) € (S\S1) x A x [M],
gap,,(s,a) = 0. It then follows from Lemma[30| (the regret decomposition lemma) and the
fact that for any (s, a,p) € I 73 % [M], gap,(s,a) > 0, that

E [RegAlg(K)} > i Z E [nff(s, a)] gap,(s,a)

p=1(s,a)€ES1 XA

H? H?
>Q | InK S -~
o " Z Z gap, (s, a) * Z min, gap (s,a)
PEIM] (5,0) €L 765y P (s,a)€EZ /7681 P
gap,(s,a)>0
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