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Abstract

We study reinforcement learning for two-player
zero-sum Markov games with simultaneous
moves in the finite-horizon setting, where the tran-
sition kernel of the underlying Markov games can
be parameterized by a linear function over the
current state, both players’ actions and the next
state. In particular, we assume that we can control
both players and aim to find the Nash Equilib-
rium by minimizing the duality gap. We propose
an algorithm Nash-UCRL based on the principle
“Optimism-in-Face-of-Uncertainty”. Our algo-
rithm only needs to find a Coarse Correlated Equi-
librium (CCE), which is computationally very effi-
cient. Specifically, we show that Nash-UCRL can
provably achieve an O(v d?H?T) regret, where
d is the linear function dimension, H is the length
of the game and 7' is the total number of steps
in the game. To assess the optimality of our al-
gorithm, we also prove an Q(vd?H?2T) lower
bound on the regret. Our upper bound matches
the lower bound up to logarithmic factors, which
suggests the optimality of our algorithm.

1. Introduction

Multi-agent reinforcement learning (MARL) has achieved
tremendous practical success across a wide range of ma-
chine learning tasks. For Markov games with large state and
action spaces, it is natural to use linear function approxima-
tion. In particular, Xie et al. (2020) proposed an OMNI-VI
algorithm for Markov games where the transition kernel
and ~reward function possess a linear structure, and achieved
an O(Vd3H3T) regret, with d being the dimension of the
linear structure. However, as we will show in this paper,
there is still a gap between the upper and lower bounds of
existing algorithms for Markov games with linear structures.
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In this paper, we consider Markov games with a linear mix-
ture structure and design a minimax optimal algorithm for
learning zero-sum Markov games based on the principle of
“Optimism-in-Face-of-Uncertainty” without assuming the
access to the generative model or well-explored behavior
policy. We summarize the contributions of our work as
follows:

e We propose a Nash-UCRL algorithm for general Markov
games (which can be specialized to turn-based games)
that can provably achieve an O(v'd?H?T') upper bound
on the regret, where d is the dimension of linear mixture
structure, H is the length of the game, and 7' the total
number of steps in the Markov game.

o To access the optimality of our algorithm Nash-UCRL,
we also prove a regret lower bound Q(vd? H2T). Our
upper bound matches the lower bound up to logarithmic
factors, which suggests the optimality of our algorithm.

Notations We use lower case letters to denote scalars,
lower and upper case bold letters to denote vectors and
matrices. We use || - || to indicate Euclidean norm, and
for a semi-positive definite matrix 3 and any vector X,
Ix||s = |='/2x|| = VxTZx. For a real value z and
an interval [a, b], we use [z][, 5 to indicate the projection of
x onto [a, b]. We also use the standard O and €2 notations.
We say a,, = O(by,) if and only if 3C' > 0, N > 0,Vn >
N,a, < Cby; a, = Q(by,) if a, > Cb,,. The notation O
is used to hide logarithmic factors.

2. Preliminaries

Simultaneous-move MG. Two-player zero-sum Markov
game (MG) (Shapley, 1953; Littman, 1994) is a gen-
eralization of the standard Markov decision process
(MDP). Formally, we denote a two-player zero-sum
simultaneous-moves episodic Markov Game by a tuple
M (S, Amaxs Amin, H, {rp}_ , {P,}L ). S is a count-
able state space, Ay, Amin are the finite action spaces of
the max-player and the min-player respectively. H is the
length of the game/episode. For simplicity, we assume the
reward function for the max-player {r, }/__, is determinis-
tic and known function rp, : S X Amax X Amin — [—1, 1].
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P (s'|s,a,b) is the transition probability function which
denotes the probability for state s to transit to state s’ given
players’ action pair (a, b) at step h.

We now define the stochastic policies, which give distri-
butions over the actions. A policy 7 = {m, : § —
Aa,..}L | is a collection of functions which map a state
s € S to a distribution of actions. Here A 4___ is the proba-
bility simplex over action set Ay,ax. Similarly, we can define
a policy v for the min-player. We use the notation 7, (als)
and v, (b|s) to present the probability of taking action a or
b for state s at step h under Markov policy , v respectively.
We use the notation Q" : S X Apax X Amin — R to
present the action-value function (a.k.a., @ function), and
the notation V" : S — R to present the value function..

Learning Objective. The goal of the max-player is to max-
imize the total rewards. The goal of the min-player is to min-
imize the total rewards that the max-player will get because
this is a zero-mean game. In other words, the max-player
wants to maximize V, () by choosing a good policy =,
while the min-player wants to minimize V;,"*(+) by choose a
good policy v. Accordingly, we can define the action-value
function and the value function when the max-player gives
the best response to a fixed policy v of the min-player:

Q27y(57 a, b) = max QZW(S) a, b)y

VY (s) = max V" ().

By symmetry, we can also define Q} " (s, a,b), V;""(s). A
Nash Equilibrium (NE) of the game is a pair of policies
7*, v* such that

VIV (s) = VI (s) = ViU (s), forall s € . (2.1)
For most applications, they are the ultimate solutions we
want to pursue. We can measure the suboptimality of learned
policies {7*, v*}, by the gap between their performance
and the performance of the optimal strategy (i.e., Nash equi-
librium) when playing against the best responses respec-

tively:

Regret(M, K) Z v v (s¥)

ZVF ™( 51

Accordingly, we aim to design a learning algorithm that
outputs a sequence {7*, v*}, based on past information,
and minimize the regret. This regret has been widely used in
previous work that studies the offline learning of two-player
game (Jin et al., 2018; Xie et al., 2020; Liu et al., 2020).

Episodic Linear Mixture Markov Games. In this work,
we consider a class of MGs called linear mixture MGs,
inspired by the linear mixture/kernel MDPs studied in Modi
et al. (2020); Jia et al. (2020); Ayoub et al. (2020) for the
single-agent RL. Linear mixture MGs assume that at each

step h, the transition probability function Py, (s’|s, a,b) is a
linear combination of d feature mappings ¢;(s’|s, a, b), i.e.,

Zet ndi(s

where each feature mapping ¢;(s’|s, a, b) is a function de-
fined on the state-action-action-state pair (s, a,b,s’) €
S X Amax X Amax X S. For the sake of simplicity, we
use a vector function ¢ = [¢1,- -+ , ¢4] € RY to denote the
collection of ¢;. After proper normalization, we assume ¢
satisfy that for any bounded function V' : § — [—1,1] and
any tuple (s,a,b) € S X Amax X Amin, Wwe have

v (s, a,b)]2 < 1,

where ¢y (s,a,b) = > s P(s'|s,a,b)V(s’). Formally,
we define linear mixture MGs as follows:

Definition 2.1. M (S, Amax, Amin, H, {rn} L, {Pr}L )
is called a time inhomogeneous, episodic B-bounded linear
mixture MG if there exist H vectors 8, € R? satisfying for
any h € [H], ||0x||2 < B, and feature mapping ¢ satisfying
(2.2), such that Py, (s']s, a,b) = (¢(s'|s,a,b), ;) for any
state-action-action-state triplet (s, a, b, s") and any step h.
We denote the linear mixture MG by Mjy for simplicity.

(s'[s, a,0) = |s,a,b),

2.2)

In this paper, we assume the underlying linear mixture MG
is parameterized by {6} }1Z |, denoted by M- .

3. Algorithm

In this section, we propose our algorithm Nash-UCRL in Al-
gorithm 1. Due to the space limit, we only show the detailed
update rules for the max-player in Algorithm 1. For com-
pleteness, we will present the full algorithm as Algorithm
2 in Appendix C, and a turn-based version as Algorithm
3 in Appendix D. All the parameters corresponding to the
max-player are marked by an overline, while the parameters
for the min-player are marked by an underline. For any
function V' : § — R we introduce the shorthands:

[PrV](s,a,b) =E
[ViV](s,a,b) =

s’NPh(-|5,a7b)V(8/>a
B, V2](5,0,b) — ([PhV](s,a,b)),

where V2 stands for the function whose value at s is V2(s).

To achieve the near-minimax optimality of solving a lin-
ear mixture MG, Nash-UCRL adopts the following three
techniques, which we will introduce in sequence.

Value-targeted regression To find the NE of an MG, it suf-

fices to find good estimates of the optimal value functions
k k

V,*"" and V;" °*. By the Bellman optimality equations

and the definition of linear mixture MGs, it is sufficient

to estimate the underlying unknown parameter 6} up to
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Algorithm 1 Nash-UCRL
1: Input: Regularization parameter A, number of episode K, number of horizon H.

2: For any h, f(f @ 8

szHI blheby)heﬂ .,

eO()heO fori € {0,1}.

3:fork=1,...,Kdo
4 Viewan() <0,V g ()« 0
5 forh=H,...,1do
. - 7(0) (0)7-1/2
6: Set Qk,h('7'>') — rh('v'v') <0k h’d)Vk,hH(""' +Bk |§k,h] ¢V,€1h+1('7"')”2 [—HH].
0 0)7—-1/2 '
7. SetQk’h(',',') — |:7‘h('7'7') + <Q](g7])17¢zk,h+1('?'7')> Bk |||:§l(€ ;l] d)zk,h+1(.’.’.)”2] [-H H]
: for s € S do o
9: Let (-, -|s) = eCCE(Qy, 1, (s, -, ~),Qk’h(s, )
10: Vien(s) = E(a byt (15 Qren (8, 0)s Vi 1 (8) = B pymut (15 @y, , (5,05 0)
11 T (-18) = Praxttf; (-, -[8), v (-18) = Prninsty, (-, |5)
12: end for
13:  end for
14:  Receives s¥
152 forh=1,...,Hdo
16: Take action (ah, by) ~ pfi (-, -|s) and central controller receives sy, ~ P(-|s}, af, bf).
17: Set Ek nasin (3.3), 0k p as in (3.2), and Ehh,gk,h in similar ways.
18 Update Sy}, 5, bfjjl . zfjil bl i = 0,1. (See Algorithm 2)
2(%) (1) i —1, .
190 SetOyy, — [Zitin] Dm0 — [B0 ] Y, L i=0,1
20:  end for
21: end for

good accuracy. Inspired by the UCRL with “value-targeted
regression” (UCRL-VTR) proposed by Jia et al. (2020); Ay-
oub et al. (2020), Nash-UCRL uses a supervised learning
framework to learn 6;. In the sequel, we introduce how
the VTR framework works at episode k and step h. At the
beginning of episode k, Nash-UCRL maintains two esti-
mated value functions: optimistic value function Vk’hﬂ
for the max-player, which overestimates the optimal value

k
function V,*”", and optimistic value function Vi hyq for
the min-player, which underestimates the value function

Vh”k’*. We focus on the overestimate Vk, n+1 first. To en-
courage the agent to explore, Nash-UCRL constructs an op-
timistic action-value function @k, ;, following the “optimism-
in-the-face-of-uncertainty” principle as showed in Line 6
of Algorithm 1. Finally, Nash-UCRL constructs the opti-
mistic value functions V', , V., and the policy MZ’ based

on @k,ha Qk,h
be specified later).

for the current episode and step (which will

Coarse Correlated Equilibrium (CCE). After we get
Q. (s, -, ) for the max-player and Q, ,, (s, ) for the min-
player, we solve a general-sum marix game to find the
Coarse Correlated Equilibrium (CCE), following Xie et al.
(2020). Here we give the formal definition of CCE:

Definition 3.1 (Moulin & Vial 1978; Aumann 1987). Given
two payoff matrices Qmax, Qmin € RIMmaxl[Aninl "we denote

the e-Coarse Correlated Equilibrium (e-CCE) as a joint dis-
tribution o over Ap,x and Ay, satisfying that

B, b)NUQmax(a b) > Helix EbNPmmUQmaX<a b) — e,

max

Ea ~O mm b < EGN o mm b
(a,b)~o Qmin(a, b) yuin Eoop,0Q (a,b") +e.

min

Nash-UCRL computes the distribution ur(-,+|s), a e-CCE
of Q. p, @, , for each state s in Line 9. Then Nash-UCRL

selects the value functions Vkﬁ h Kk, ,, as the expectation
of @k’h,gk , over the policies u,’j as in Line 10 of Algo-

rithm 1. After obtaining 1%, Nash-UCRL sets 7% (+|s) as the
marginal distribution for the max-player Pax/if (-, -|s), and
sets vF(-|s) as the marginal distribution for the min-player

Pminﬂlfi('v |s).
Weighted linear regression for value function estima-

tion. Now we specify how to construct the estimators

0 . = S
49,(€ 2” 0](32. We set the estimator 8y, , as the minimizer to

a welghted ridge regression problem with square loss over
context-target pairs (¢, , (sy,ak, bF), Viens1(sh 1))
as follows:

k—

0k h = argmmAH@IIg Z
Jj=1

— ; 2
—Vijh1 (ng+1)] /U?,}w

sh,ai,b{;),@

J,h+1

3.1)
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where E?, ,, 1S an appropriate upper 'bou'nd on the variance
of the value function [V, V' ,11](s7,, a7 , b} ). In particular,
we construct o 5, as follows

G =\ max{H2/d, VT i1 (st al, 08) + B,
(3.2)

where [V‘?"hvlﬁ he1)(sk af bF)isa scalar-valgad empirical
estimate for the variance of the value function V', 1 under
the transition probability Py, (-|s?, all, '), and Ey, is an
offset term that is used to guarantee that 73 , upper bounds
ViV ni1](sF, ak, bF) with high probability.

Weighted ridge regression (3.1) has a closed-form solution
5,(;7)2 = [i,ﬂoi] 7155331 based on the covariance matrix f,(f;,l

and correlation vector Bff,)l. fg; and B;?ZL can be updated

in the online fashion, and their update rules are deferred to
Appendix C. We deferred the construction of the empirical
variance term [V§*, V. 1, 11](s};, ajy, bf;) to Appendix C.

Finally, by the standard self-normalized concentration in-

equality for vector-valued martingales of Abbasi-Yadkori
et al. (2011), we can show that, with high probability, E?} h
upper bounds [Vth,h_A'_l](SZ, aﬁ, bﬁ) if we select E, j, as

follows
— . 1 (1)7-1/2
B = min {H, 871 [Z5] o (shoaf b))

. (0)1-1/2
+min {H2, 2057 |[Sh] oy, (shoaf b))
(3.3)

Here ﬂ,(cl), /81(92) together with 3 ,io) in Line 6 are all constants
setting as follows

() — 16\/dlog(1 + k/\) log(4k>H/3)
+ 8Vdlog(4k*H/8) + VAB
B = 16\/dH log(1 + K H*/(d\)) log(4k2H/do)
+ 8H? log(4k*H/5) + VAB
B = 16d+/log(1 + k/X) log(4k2H/5)
+ 8Vdlog(4k*H/5) + VAB.

4. Main Results

In this section, we present the main theoretical results. We
first present the regret of Nash-UCRL.

Theorem 4.1. Setting \ = 1/B?, ¢ = O(HT~'/?), then
with probability at least 1 — 56, the regret of Algorithm 1
Regret( Mg+, K) is bounded by

O(Vd2H? + dH3VT + d*H® + d*H?),
where T'= KH.

Theorem 4.1 suggests that when d > H and T" > d*H?, the
regret of Nash-UCRL is bounded by O(dH~/T).

Remark 4.2. Our Nash-UCRL also enjoys a finite sample
complexity. By the standard online-to-batch conversion (Xie
et al., 2020), we can show that Nash-UCRL is guaranteed
to find an e-approximate NE, i.e., (7, v) satisfying V;"" —
Vi < e, within O((d2H? + dH*)/€?) episodes.

Here, we present a lower bound for linear mixture MGs. It
has been shown in Zhou et al. (2020) that the regret lower
bound for learning linear mixture MDPs is Q(dH VT ),
from which we can prove a lower bound for learning linear
mixture MGs, since MDPs can be regarded as a special
case of MGs with one dummy player, i.e., P (s'|s,a,b) =
Pr(s'|s,a) and r(s,a,b) = (s, a). Formally, we have
the following lower bound:

Theorem 4.3 (Regret lower bound, Theorem 5.6 in Zhou
etal. 2020). Let B > 1 and K > max{(d — 1)2H/2, (d —
1)/(32H(B —1))},d > 4, H > 3. Then for any algorithm
there exists an episodic, B-bounded linear mixture MG
Mg~ such that the expected regret of first 7" rounds is lower
bounded as follows:

E[Regret(Mg-, K)] > Q(dHVT),

where T' = KH.

Remark 4.4. When d > H and T > d*H?, the regret of
Nash-UCRL matches the lower bound up to logarithmic
factors. Therefore, Nash-UCRL is nearly minimax optimal.

Remark 4.5. Based on a similar argument made in Zhou
et al. (2020), we can show that the same lower bound holds
for the Markov games with linear structures studied in Xie
et al. (2020). Recall that the best-known algorithm for
learning MGs with linear structures is OMNI-VI (Xie et al.,
2020), which has an O(v/d3 H3T) regret. This suggests that
there is still a gap that needs to be closed for learning MGs
with linear structure (Xie et al., 2020).

5. Conclusions

In this paper, we proposed the first provably optimal al-
gorithm for learning two-player zero-sum Markov games
with linear function approximation and without assuming
access to the generative model. Specifically, we show that
Nash-UCRL can provably achieve an O(v/d? H2T) regret,
where d is the linear function dimension, H is the length of
the game/episode, and 7' is the total number of steps in the
Markov game. We also prove an Q(v/d? H2T') lower bound
on the regret. Our upper bound matches the lower bound up
to logarithmic factors, which suggests the optimality of our
algorithm.
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A. Proof of Results in Section 4

We let P be the distribution over (S X Apax X Amin)" induced by the episodic MG M, and further denote the sample
space Q = (S X Amax X Amin)". Thus, we work with the probability space given by the triplet (€2, F,P), where F is the
product o-algebra generated by the discrete o-algebras underlying S, Apax and Apip.

Forl <k < K,1 < h < H,let Fy, j, be the o-algebra generated by the random variables representing the state-action-action
pairs up to and including those that appear stage h of episode k. That is, F}, 5, is generated by

1,11 11 11
Sl7a17b17...75h,ah7bh7...,sH7aH7bH,
2 2 32 2 2 32 2 2 32
s1,a1,01,...,8n,ah,05, ..., 8%, a5, by
kE k 1k kE k 1k
s1,a1,b1,...,85,ap, by .

A.1. Proof of Theorem 4.1
Nash-UCRL constructs 5,(:7)2 as the estimator of 6} based on linear regression on (¢y, |, .| (sf,ap,by), Viens1(si ) (as
mentioned in section 3). Due to the randomness of sf’ 1 5;02 can not estimate 8; exactly. Therefore Nash-UCRL also

constructs an ellipsoid 5,(3,)1 centered at 5,(321 as the confidence set, which contains 8}, with high probability:

k h . { || |:Ek h] 12 0 01(:)2)

< ,@,g@}. (A1)
Here [f,(cozl] /2 is the “covariance matrix” of the context bv, ., (sh-af, bf), and B is the radius of the confidence set.

We first show that under a specific parameter choice, our constructed confidence sets C k, h and C ;CO,)L include 6; with high

probability, and the estlmatfii variances V'V 1,1 (sF, a¥, b¥) and VeV hta (s¥,ak, bF) deviate from the true variances
by at most the offset terms ', 5, Ek_’h.

Lemma A.1. Setting B,(CO) in (A.1) and B,gl), (2) in 3.3) to

(O — 161/dlog(1 + k/X) log(4k2H/5) + 8V/dlog(4k>H/6) + VB
<1> = 16y/dH*log(1 + K H*/(d\))log(4k>H/do) + 8H? log(4k*H/8) + VAB
,§2) = 16d+/log(1 + k/\) log(4k2H/5) + 8Vdlog(4k*H/5) + VB,

then with probability at least 1 — 34, we have 6} € C ﬂ C kozl In addition, we have

VSV g pgr (55, b 0F) — YV (sE, ak bE) | < By

|V681Kk7h+1(527a27bk) Vvk h+1(3h7a/hvbk)| Ek,h

Let the event £ denote the event when the conclusion of Lemma A.1 holds. Then Lemma A.1 suggests that P(£) > 1 — 36.
We introduce another two events in the following lemma.

Lemma A.2. Denote events £; and &> as follows

K H
& = {vn' € (1,3 3" [PaVinsal(shs ak, bh) = PuVis ] (55, ok )
k=1 h=h'

— Vint1(shir) + Vi nia (shia } < 8H/2T'log(H/9) }

& = { Z Z VAV (shaf bf) < 3(HT + H® 1og(1/5))}.
k=1h=1

Then we have P(£1) > 1 —dand P(&2) > 1 — 6.
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We now present three lemmas based on &, £;, £>. The following lemma shows that Q and V provide the good UCB for the
best response of the max-player and (Q and V_ provide the good LCB for the best response of the min-player.

Lemma A.3. Suppose the event £ hold, then we have for any s,a,b,k.h following inequalities hold,

Qk h(s’avb) - (H —h+ 1)6 < ng’*(s’avb) < Q;’Vk (Svaab) < @k,h(svavb) + (H —h+ 1)67
and

Vin(s) = (= b+ 2)e < V() < Vi (s) < Vionls) + (H — b+ 2)e.

Lemma A.4. Suppose the events £ N &; hold, then we have

K K H
S WVialska) = Vi (swn)] <4850, S° N 52, + 02, /2Hdlog(1 + K/A)
k=1 k=1 h=1

+8H+/2T log(H/9),

K H K H
SN PV — Vil sk af o) <480 (S35, + 07, /2H3dlog(1 + K/ )

k=1h=1 k=1h=1
+8H?\/2T log(H/$),
Lemma A.5. Suppose the events £ N & hold, then we have

K H

K H
SN 6%, < HAT/d+3(HT + Hlog(1/8)) +4H Y Y Bu[Visgs — Vi)
k=1h=1 k=1h=1
+289VT\/2dH log(1 + KHY/(d))) + 78 H*V/T\/2dH log(1 + K/X)
K H K H
SN o3, < HAT/d+ 3(HT + Hlog(1/6)) + AH Y S PAlVEy = Vi)
k=1 h=1 k=1 h=1

+282VT\/2dH log(1 + KHY/(d\)) + 78\ H*VT/2dH log(1 + K /)

With all these lemmas, we can now give the proof of Theorem 4.1.

Proof of Theorem 4.1. By definition of Regret we have that

k=1h=1

K H
_ é(d\/ﬁ\l SN 6, ol + H\/T) , (A2)
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where the first inequality is by Lemma A.3, the second inequality is by the bound of accumulated difference between the
UCB and LCB in Lemma A 4, the last inequality is due to e = O(H/v/T), A = 1/B? and the choice of BE?) = O(v/d) in
Lemma A.1.

K H
Now we bound >, >, 5% ), + 0%,

K H
Z Zﬁi,h +Qi,h (A.3)

k=1h=1
K H .
< 2H’T/d+ 6(HT + H*log(1/8)) +4H Y > Pa[Vins1 — Vi
k=1h=1
+482VT\/2dH log(1 + KH*/(dN)) + 148 H*VT/2dH log(1 + K/))
< 2H?*T/d+ 6(HT + H?log(1/6))

K H

+4H (45%” Z Zﬁi’h +gi’h\/2H3dlog(1 + K/\) + 8H2\/2Tlog(H/5))

k=1h=1

+482VT\/2dH log(1 + KH/(dN)) + 148 H*VT/2dH log(1 + K/))

K H
= 6( >N G, +od VAPH? + H*T/d+ TH + VTd" " H>® + H3\/T) (A4)

k=1h=1

where the first inequality is by Lemma A.5, the second inequality is by Lemma A.4 and the last inequality is due to the
choice of ) = O(v/d) in Lemma A.1, A = 1/B2,

() = 16/dH" log(1 + kH?/dX) log(8k>H/5) + 8H?log(8k>H/8) + VAB = O(dH?)
(2) = 16d+/log(1 + k/X) log(8k2H/5) + 8Vdlog(8k*H /) + VAB = O(d).

Therefore by the fact that x < ay/z + b=z < 2a? + b, (A.3) suggests that

K H
>N Fh 4+t =O(dH + H*T/d+ TH + VTd“"H*® + H*VT)
k=1h=1

= O(d*H® + d*H® + TH + H>T/d), (A.5)

where the inequality holds by vT'd"® H*® < (TH?/4d + d*H?)/2 and H3>/T < (d*H® + H?T/d)/2. Plugging (A.5)
into (A.2) we have

Regret( M-, K) = O(\/d2H? + dH3VT + d*H® + d*H?),
which finishing the proof. O

A.2. Proof of Theorem 4.3

Proof of Theorem 4.3. For any algorithm, we need to construct a hard-to-learn episodic,B-bounded linear mixture Markov
game. We make the min-player dummy: the action of the min-player won’t affect the transition ability or reward
function. So there exists Pp(-|-,-) and 73(-,-) such that for any state-action-action-state pair s’, a, b, s we have that
Py (s'|s,a,b) = Pp(s'|s,a) and 73,(s, a,b) = 7,(s,a). Thus we can get a new MDP M (S, Amax, H, {T1}, {Pn}). We
further have V,""(s) = Vh“(s) and V" (s) = V,f (s). The regret of two-player game can be reduced to the standard regret
for single agent reinforcement learning setting. In particular,

K

K

*uk wk*

Regret(Mg-, K) = > V" (s) = Y V™ "(sh)
k=1 k=1
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K K X
=D Vr(sh) = DV (sh).
k=1 k=1

Notice that 7, € [—1,1] rather than [0,1], we can shift the reward by (1 + 74)/2 to make it standard if neces-
sary. Now recall the Theorem 5.6 in (Zhou et al., 2020)], there exists an episodic, B-bounded linear mixture MDP

M (S, Amax, H, {7}, {P1}) with feature ¢(-, -) parameterized by © = (61, . .., 8y) such that the expected regret is lower
bounded as follows:

E@Regret(ﬁe, K) > Q(dH\/T),

where T' = K H and Eg denotes the expectation over the probability distribution generated by the interconnection of the
algorithm and the MDP.

Now we only need to extend the MDP feature ¢(-|-, -) to the Markov game feature ¢(-|-, -, -). In particular, we set
&(5'|s,a,b) = ¢(s's,a),Vs' € S,5 € S,a € Amax,b € Amin,

then we know that ¢(-|-, -, -) satisfies (2.2) because by the definition of linear mixture MDP in (Zhou et al., 2020), we know
that ¢(-|-, -) satisfies for any bounded function V' : S — [0, 1],

v (s,a)]2 <1,

where ¢y (s,a) = 3. cs B(s']s,a)V ().

B. Proof of Lemmas in Appendix A
B.1. Proof of Lemma A.1

For simplicity we denote the following confident sets:

—(0) (0)q1/2 —(0) 1/2
Crh= {9 N [Zkn) / (0—6,4)| < 5120)}701(3;1 = {9 : [Zz(fozl] / (6 — Q;(C?EL) < ﬁ;io)},

)

(1) 55(1)71/2 ) 1/2 1
i = {o |t e o], < a0 feth = {o: 1= 0 - o), < A

=
ic
H.,_/H,_/

=(2) (0)q1/2 -(0) 1/2
Ck,h = {0 : Ek,h] / G 9k,h) < Bl(€2)}7cl(€221 = {9 : [El(go;«b] / (0 — Ql(col)z) <

By the selection B,(CO) < 5,22) in Lemma A.1, we have that 653,)1 C E,(f,)l and Q;COQL C Q;f;b. We first use standard self-

normalized tail inequality to show that 6} is included in 6;12 N @,(6221 with high probability. Based on that we can further
decrease ,6’22) to 8 121) without significantly increasing the probability of the bad event when 6} ¢ ég’); or0; ZC g)z

We start with the following Bernstein-type self-normalized concentration inequality.

Lemma B.1 (Bernstein inequality in (Zhou et al., 2020)). Let {G;}¢2, be a filtration, {x;, 7 }+>1 a stochastic process so that
x; € R4 is G,-measurable and 1 € Ris Gy 1-measurable. Fix R, Lo, A > 0, u* € R¢. Fort > 1 let ye = (U*,Xe) + Mt
and suppose that 7, x; also satisfy

el < R, E[ne|Ge] =0, E[nf|Gi] < 0°, [[x¢]l2 < L.

Then, for any 0 < 6 < 1, with probability at least 1 — § we have

t
E XM
i=1

where for t > 1, p; = Z; ‘b, Zy = NI+ 30 x;x, by = S\ yix; and

vt > 0,

) < B, e — 1|z, Sﬁt-l—\[\”/f”m (B.1)
Z,

By = 8a+/dlog(1 + tL2/(d))) log(4t2/8) + 4R log(4t>/9) .
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Lemma B.2.

VYV i ht1 (5, afs, b)) — VVk 1 (sh,ak, by

. 1/2 A1) *
Smln{HZ7 [Ek h} ¢Vf - (sh,ambk H H ] (Bkh Bh) }
(0) —1/2 (0) 1/2
-|-mln{H2 2HH Sn) ¢Vk h“(sh,ah,bk H Hr - 6;) }

k _k 1k k k 1k
szk,hﬂ(sha ap,bp) —VV, h+1(sh7 ap,by)|

. 1 1)71/2 1 *
< Inln{H2 [EHL] ¢vg h“(Sﬁ,aﬁ,b’ﬁ)HQH[E,g,L] (Q( ) —6;) }
. —1/2 , 0)11/2
+min {H2, 20| [20] vy, (hoahoh)| ||[Z0] @0 - 00}

Proof. For simplicity, we only prove the results for the max-player.

By the triangle inequality we have that
[V Vi (sh, gy b3) = Vit (sh, ai, b))
* A1)
< ‘<¢Vi,h+1 (Sﬁ’ Clﬁ, bﬁ)’ 0h> - [<¢Vi,h+1 (S;CH aicu b ) ek h>] [0,H?2]

I

| (v, (s ah 00,002 = (b, ., (sho b, U0 OE)] gy | (B.2)

Iz

We first bound ;. Because (sﬁ, a¥,bk),05) € [0, H?], we have that

V

L < \<¢v;h+l<s§i,a;’:,b’“>,0*> ~($p2 _ (shoak 05). 8,0
(1)7-1/2 1/2 1 "
< | e, o 0 - 0

k,h

2 )
where the first inequality is by the property of projection, the second inequality holds due to Cauchy-Schwarz. We also have
that I; < H? since both terms in I; belongs to the interval [0, H 2], so we have that

. () 1-1/2 1'% @)
I Smln{H2v [Elmh] ¢Vi,h, Sﬁ’ah’bk H Hr ~ )

} (B.3)

For the term I,

I = |(dy, .., (sk.ak.b0). 67) = (v, , ., (sh, @k 0Oy
N A AN R (N CAR AR I
<2H|(¢y, ,,, (sh, k. 05).0;) — by, m(sz,az,bk) oﬁfb
<2HHr _1/2 Vk’hﬂ(sﬁ,aﬁ,bk’ rkh]lﬂ Oh)

where the first inequality holds since both terms in this line lies in [— H, H], the second inequality holds since the Cauchy-
Schwarz inequality. We also have that [, < H 2. so we have that

I <mm{H2 2HH2(0> V2s  (skal,bf) H H 017 @0 - 6;)

k,h+1

’2 3 (B.4)
Plugging (B.4) and (B.3) into (B.2) gets

‘VeStvk,h+l(slf€U a§7 bﬁ) — VVk,hJ,»l(sﬁy aﬁ? b2)|
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[El(slz} _1/2¢V2 Shv a‘hv bk H H r 1/2 agcliz 0;;) }

+m1n{H2 2HH Ekh 1/2¢Vi, Sh,ah,bk H Hr 1/2 0h>

< min {HQ,

)

Now we present the Proof of Lemma A.1.

Proof of Lemma A.1. For simplicity, we only prove the results for the max-player. Fix h € [H].
1/2 7(0) .
()., — 61)
Lemma B.1. Letx; = 7, h¢v Hl(sh,ah,b )and n; = 7 th h+1(sh+1) Lh(qﬁvhhﬂ(sfl,aﬁ,b%),@,’;), Gi = Fihs
pw =05y = (W x;) + 1, Z; = NI+ ZZ, L XX, by Zz, 1 Xy and p; = Zi’lbi. Then it can be verified that

Y = E;;Vi,hﬂ(shﬂ) and p; = 9(+1 - Moreover, we have that

We first show that with probability at least 1 — §/(2H),

‘ < ﬁ,(f).To show this, we apply
2

[xill2 < EilH < \/> il < 5712H < 2\/> E[n:|Gi] = 0, ]E[m 1G] < 4d,

where we apply [|¢y, ()l < H, Vini1 € [-H,H] and ;;, > H/\/d. Since we also have that z; is G;
measurable and 7); is G; 1 measurable, by Lemma B.1, we obtain that with probability at least 1 — §/(2H), forall k < K,

1/2 7(0) "
H Ekh (Ok.n —6})

‘2 is bounded by

16d+/log(1 + k/X) log(8k2H5) + 8V/dlog(8k*H/8) +VAB = B, (B.5)

implying that with probability at least 1 — §/(2H), for any k < K, 6} € c? k, ,,

An argument, which is analogous to the one just used (except that now the range of the “noise” matches the range of “squared
values” and is thus bounded by H?, rather than being bounded by v/d) gives that with probability at least 1 — & /(2H), for

any k < K we have H r(l) 1/2 @ 121 -6;) ‘2 bounded by

16y/dH* log(1 + kH*/(dX)) log(8k2H/5) + 8H* log(8k*H/8) + VAB = B, (B.6)
implying that with probability atleast 1 —¢/(2H), forany k < K, 6} € @,(Clz

We now show that 8 € oy k h with high probability. We again apply Lemma B.1. Let x; = o, h¢v s (s}, ak,bi) and

=(2) i Qi *
i = ﬂ{eh EC ﬁC h}rl h+1 5h+1 <¢Vi,h+1(5hvahybh)»9h>}a

Gi = Fin W* =05,y = (W' x3) + i, Z; = /\I + E:, lxlfx,, b, = Zi 1 Xiryy and p; = Z_lb Still we
have that [[x;[|> < 7 LH < vdBecause 1{60; € C ) Cl h} is G;-measurable, we have E[n;|G;] = 0. We also have

Ini| < 0’;;2H < 2V/dsince |V pi1(-)| < H and @; 5, > H/+/d. To get better bound Bk rather than Bk in (B.5), we
need more careful computation of E[?|G;] as follows,

E[2(G:] = 7,2 148 € Cop NCon VaVini](sh, ahy, bi)
<z 2o e n cﬁi}[[e“vzh+ﬂ<&”ah,mo
1) 1/2
=@k -6}
1/2
=@ -6}

<o£bwiwﬁmwa@wm+mm{ﬂ2<%\<” “ppe (shoan b))

LL+

1/2

+min{H2, 251,3]7 (’bV? sh,ah,b’

+ min {H2 2HH E(O) d)vi,h“(s};,a};,b};)
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Y]

. —-1/2 iooiopi
+m1n{H2,2Hﬁf2)H[E§%] / v, . (Shs @i, b))

:1,

where the first inequality holds due to Lemma B.2, the second inequality holds due to the indicator function, the last equality
holds due to the definition of ; ;. Then, by Lemma B.1, with probability at least 1 — §/(2H), Vk < K,

. < 16+/dlog(1 + k/X\) log(8k2H/8) + 8V/dlog(8k>H /6) +VAB = 1), (B.7)

[l per —

where the equality uses the definition of B,g ). Let £ be the event when 6} b€ Ni< KC ﬂ C k. h and (B.7) hold. By the
union bound, P(') > 1 — 35/(2H)

We now show that 8; € C holds on &'. For this note that on £’, for any k < K, pj, = 0k+1 5, and for any i < K,

== * id i x A1) 5(2) i
yi = Ui,fi (<0h7 d)V'iJH»l (Sh7 ah? bh)> + ]l{eh E Ci,h ﬂ C’i,h} Wiah+1(sh+l)
— (@, ., (shr ), b,),07)])
= Ei_,hlvi,h-‘rl(s;;l.-‘:-l)?

which implies the claim. Therefore, by the definition of C,(gof)b, we get that on &', 0} € Ni< K@,(SBL N @,(:L Moreover,
P(E") > 1 —36/(2H). Finally, taking union bound over h shows that with probability at least 1 — 35/2, for all h € [H],

0} € Mi<kCinNTiy (B.8)
To finish our proof, it is thus sufficient to show that on the event when (B.8) holds, it also holds that
(Ve Viknal(shy ag, b5) = [VaVinga](sis ag, b)) < B
However, by the definition of Ek, n this is immediate from substituting (B.5), (B.6) into Lemma B.2. O

B.2. Proof of Lemma A.2

We first present the Azuma-Hoeffding inequality:

Lemma B.3 (Azuma-Hoeffding inequality, (Azuma, 1967)). Let M > 0 be a constant. Let {x;}? ; be a martingale
difference sequence with respect to a filtration {G; }; (E[x;|G;] = 0 a.s. and z; is G;1-measurable) such that for all ¢ € [n],
|z;| < M holds almost surely. Then, for any 0 < ¢ < 1, with probability at least 1 — &, we have

> @ < My/2nlog(1/6).

=1

Proof of Lemma A.2. To prove P(&;) > 1 — 6, we apply the Azuma-Hoeffding inequality (Lemma B.3). Fix

Woe H, set xpn = [PuVinpl(sy,af,bf) — PuVypal(shaf, b5) — WVin(shy) — Vg (s5)]
TUh sy T1LH, 2R - T2 Hy -+ - TK 5 - - - » Tx, i fOorms a martingale difference sequence of which the absolute value
is bounded by 8H and length no greater than 7" = K H. Thus with probability at least 1 — 6/ H, we have

H

Z {thk n41]( Slﬁa ) bh) [thk,h+1](32>a27 bZ) - Vk,hH(SZH) + Kk,h+1(3;€1+1)}
1 h=h/

< 8H+\/2T log(H/).

] =

E
I

Take union bound for ' € [H], we get P(£1) > 1 — 6.
P(&3) > 1 — 6 holds due to the Lemma C.5 in (Jin et al., 2018) or Lemma 8 in (Azar et al., 2017). O
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B.3. Proof of Lemma A.3

Following Lemma directly from the definition of e-CCE,
Lemma B.4. For each (k, h,s), uf(-,|s), 7¥(:|s), v¥(-|s) satisfy that

E, b)~pk (-, rk rS,a b)] 2 Ebwu (s) [Qk n(s, b)] —€,Va' € Anax
]E(a»b)’\’l"fb('7‘|5) L]@h $, @, b)] < EaNﬂ}lj(s) th , A, /)] - €7Vb/ S Amin

Proof of Lemma A.3. For simplicity, we only prove the following UCB by induction,

Qp" (5,0.0) < Qpals.a.) + (H — ht Ve, Vi (5) < Vi (s) + (H — b+ 2)c. (B.9)

The base case h = H + 1 holds trivially since the terminal cost is zero. Now we assume that the bounds (B.9) holds for step
h + 1. That is,

* Vk A *, UV Evd
thﬂ(&a,b) < Qk,h+1(5aaab> (H — h)e, Vh+1 (s) < Vk,thl(s) +(H —h+1)e. (B.10)

If Q. (s, a,b) > H, then it is obvious to have Q;’”k (s,a,b) < Qp (s a,b) + (H — h)e, otherwise we have that

Qr.n(s:a,b) — *V(Sab)
<0k hadF,\ h+1 ‘*‘@PH r(o) _1/2¢Vk,h+1
+PyVknta(s,a,b) — thh;f( )
= |- | o3
+Pp Vi nta(s) — Pth_h (s)

g * Uk
> PpVinea(s) =PVl (s)
—(H — h+ 1), (B.11)

9 - <0;v ¢kah+1>

—1/2

PV |

where the first inequality holds due to Cauchy-Schwarz inequality, the second inequality holds since the assumption that
0; € 55:2 on event &, the third inequality holds by the induction assumption. Finally, let br(/(-|s)) denote the best

k
response to vy (+|s) with respect to Q" (s, -, -) such that

br(vE([s)) = argmax By 9@ (5,0,b).

CEA Aoy
Then we have that
Vien(s) = Ega )it (15 Qo (5, a:b)]
> Eaombr(l (1)) b~k (-1s) [ Qi (5,07, 0)] =
2 B (vl (-]s)) bk (-]s) Q3" (5,0/,0)] = (H = h+2)e
=V (s) = (H = h+ 2,

where the the first equality is by the property of e-CCE in Lemma B .4, the second inequality is by (B.11), the last inequality
is due to the Bellman equation.Therefore, our proof ends. O

B.4. Proof of Lemma A.4
Proof of Lemma A.4.

Vk,h(sﬁ) - Kk,h(‘sﬁ)
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<9](€027¢Vk . +ﬂ(O)Hﬂh —1/2 P— 2 — kh’d) Vi +ﬁ(0)H —1/2 Ve,
=(0n by, ..+ <6k,h - 05,97, ,..) +5k0)H 2kh 1/2¢’Vk ||
~ 65 v,,.,) — OF) feh,w,chﬂ +6(°>H =00 ev,, ],
< <9i*v¢Vk,h+1 n H El(c,h 1/2 9](:)31 —1/2(25‘/16}7+1 +5kO)H EI(COZL _1/2¢Vk,h+1 2
(0 dy, )+ H[Zl(coh 1/2@3}1 —9h 2‘ ZI(CO;)I ¢Kk,h+1 (o)” E.gcoh 1/2¢KM+1 2
< PR Vins1)(sf, af, bf) + 259“ E](C?;l]_l/2¢vk,h+l 5

0 0)7—1/2
= PV gl af o) + 28| (=00 ov, L

where the first equation is by the definition of V', (sf), V,, ,(sy) and the second inequality is due to Cauchy-Schwarz
inequality, the last inequality is by 6} € C(O) Nne ,(Cozl on the event &.
Meanwhile, since Vi, 5 (sf) — V., (sF) < 2H, we have that
Vi h(Sh) V., h(sh) < min {2H [Ph Ve, h+1](5ha am bk )+ 25 H rk h 1/2¢Vk et
— [PrVy, h+1](5’fiaa§abk) +251(CO)H Zl(c?;z 12 DV, i 2}
< min {41,280 || [Z0) gy, .| + 267 [=0)

[]P)hvk h+1](s;cw QAp s bk) - [thk,h-&-l](sﬁv a’fw bﬁ)

< min {4H 25,@” E,(COL 2¢Vk,h+1 2}
_1/2¢ka}1+1 2}
+ [Ph Vi) (s5, ak, k) — PrV g, i) (7, @, by)
< QB}EO)Ek,h min{ [zl(com 2¢’Vk aa[Thh ‘ }
+ 2800, min {1, | [E0] by, /o }

+ [thk,h+1](sg7 Qp, bﬁ) - [thk,thl](sZ? ap,, b2)7

where the second inequality holds because [Py Vi ny1](s), af, bf) — [PaVy, 1] (s, af, bf) > —2H, the last inequality

8

¢Zk,h+l

+min {4,258 [Z{)]

holds since A5, > 2H, Béo)gk’h > 2H. Subtracting Vi py1(sf 1) — V541 (sf ;) from the both side, we can
further get,

Vi h(Sh) Vk h(SZ) [Vk h+1(5h) Vk h+1( k)]
_ . 0 2 _
< 25k Tk, mln{ [E,(C ZL] Y ¢Vk,h+1/ak’h"2}
. —1/2
=+ 25]20)Qk p N {1’ H El(fogz] ¢Zk‘h,+1/gkahH2}
[]thk h+1](sfwahvbk) [thk,h—kl](s’fivaﬁvbﬁ)

[Vk h+1(8h+1) Kk,h+1(s§+1)}v (B.12)
Taking summation of (B.12) fromk =1... K and h = b’ ... H, we have following inequality holds

K

Z[Vk,h’(sﬁf) - Kk,h’ (52/)]

k=1

K H
<23 Z Z Tk, min {1,

k=1 h=h'

(0)7—1/2 _
Ek,h] ¢Vk,h+1/0k,hH2}
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3 awnmin {1 [[B5] 0, /)

1 h=h'

+28,”

[]= Nk

-y

k=1h

[PV i nia) (55 0k 05) = [PuV )55 b, BF)

1
<

~ Vans1(h1) = Viona (sh40)]]

K H

< 25120) Z Z Tk p min {
K
>

=] b, Jown

8

) =] _1/2¢zk,h+1/9k,hH2} + 8H\/2T log(H/5)

(B.13)

where the first inequality holds since Vi 41 = Vi mi1 = 0, the second inequality holds on event &, the third in-
equality holds due to Cauchy-Schwarz inequality, the fourth inequality holds due to Azuma Hoeffding inequality with

the fact that @y, , ., (sh,af,b) fown | < ||év, ., (shoabith)|| - va/E < Va (s 0k bh) /i |, <

Hgbzmﬂ (sk, ak, b’,j)H2 -Vd/H < +/d, the last inequality is by the fact that /a + v/b < 2v/a + b. (B.13) holds for any A/,
then we have following inequality holds

M=
M=

Pu[Vins1 — Vipaal(sh, ar, by)

B
Il
-
>
Il

I
(= ¢
M=

K H
Vin — th Sh +ZZ{Pth h+1)( SZ»ahabh) [thk,h+1](sgaaﬁ7b£)
=1h=

=

—_

h

Il
-
—

~ Vinsi(sh) zk,m(sf“)ﬂ

-
K H

<4\ [ > Z 2+ 02, \/2H3dlog(1 + K/ + SH\/2Tog(H]5),
k=1 h=1

where the inequality holds due to (B.13) and on event &;.
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B.5. Proof of Lemma A.5

To estimate the variance in weighted ridge regression we need the following lemma, which is similar to the Lemma A.3 but
without tolerant error e.

Lemma B.5. Suppose the event £ hold. Then we have for any s,a,b,k,h following inequalities hold,

Q. (5,0,0) < Q) (s,0,b) < Q1 (5,a,b),

and

k

Vien(s) < V3" () < Vin(s).
Proof. For simplicity, we only prove the following UCB by induction,

W (s,a,0) <O b,V (s) <V
Qh (Svaa )—Qk,h(saav )v h (5) = k,h(s)'

The base case h = H + 1 holds trivially since the terminal cost is zero. Now we assume that the bounds (B.9) holds for step
h 4+ 1. That is,

Qh+1(8 a,b) < Qk h+1(5 a,b), h+1( s) < Vk,h+1(5)-

If Q. ,(s,a,b) > H, then it is obvious to have Qﬁl‘k (s,a,b) < Qy (s, a,b), otherwise we have that

Qk n(s,a,0) — Q) (5 a,b)
= @b, + A0 |[B0) "¢
+ PV, he1(s,a,b) — V;+V1 (s)
<o>Hr(o> S | H =016 o)
+PpVinga(s) — PthH(S)

> PpVint1(s) — Pth”ng(s)
>0, (B.14)

9 - <0;:L’ ¢Vk,h+l>

(0)

¢Vk,h+1 2

where the first inequality holds due to Cauchy-Schwarz inequality, the second inequality holds since the assumption that
0; € EL?L in event &, the third inequality holds by the induction assumption.

Then we have that
Vin(s) = Byt (1) (@ (550, b)]
"
2 E(apymnf (1) (@ (5,0,0)]
uk
= Vh (S),
where the inequality is by (B.14), the last inequality is due to the Bellman equation. Therefore, our proof ends. [

Lemma B.6. (Lemma 111in (Abbasi Yadkori et al., 2011)). For any {x;}7_; C R? satisfying that ||x;||2 < L, let Ag = AI
and A; = Ay + Z 1 XX T, then we have

T

> min{1, th||2At_}1} < 2dlog
t=1

d\+ TL?
ax -’

Proof of Lemma A.5. Suppose the event in Lemma 9.1 holds, we have the following results:

K H
Zzﬁi,h ZZ [H?/d + Vi Vinia (st ap, by) + Exn]

k=1h=1 k=1h=1
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K H
= H2T/d + Z Z [thhh-‘rl(sﬁv GZ’, blli) - foﬁ(sﬁv GZG bi)]
k=1 h=1
I,
K H K H
QZZ ZZ h+1 Shaahabh)
k=1h=1 k=1 h=1
I I3
K H
+ Z Z (VS V kg1 (85, ak, bF) — ViV w1 (5, af, bF) — Bl (B.15)
k=1 h=1
Iy

where the first equation is by the definition of 7, ;,. To bound I;, we have

ZZ thk h+1 Sh7a'h7bh) [ h+1]2(827a'lfi7blfi)]

k=1h=1

H]thk,thlP(sﬁvavah) []P)h‘/h-l,-l] (shvahvb )}

= 1
gk

— k — k
[(Viner = VE D Vi + VDI (sE, ak, by)

~
>

]~

B
Il
_
>
Il
—_

J— k J— k
[(PaVinsr — PuVE ) (PrVkngr + PaViE)1(sh, af,, bf)

o
M=

=

Mmﬁ

—=

R k
Pr[Vin1r — Vil (sh, ak, bE)

IN
W
=

L
=

M= 10 1
Mk

k
[Vk h+1 — VA;I}(S;CL,G,Z, b;cn)7

™~
Il
-
>
Il
-

J— k —
where the first inequality is by [V n4 1], [V ;| < H, and the second inequality is by V', 41 — Vth1 > 0 due to Lemma
B.5. To bound I, we have

1)

1
I < B [Sia] " bve | (shaakh)| )

e
M=

=~
Il
a
=
Il

+
N
m —
M-
M= 1=

M=

1/2 _
kh] ¢V,c,h+1(327a']fcmblﬁ)/o'k,hHQ}

Q
SN
L&)
&

1 , (1)7-1/2 2
< 280 VT m Sinl g (shaakoh)| )

k,h41

B
Il
Ja
>
Il
—

K H
(1) 12
+75§<1)H2\FJZZ min {1, Hr / o (sk,ak bk H /o}
k_

< 28VT/2dH log(1 + KH*J(dN)) + 780 H2VT/2dH log(1 + K/N),

where the first inequality holds due to B,E}) > H? and B,(f)&;% n>Vd-H / V/d = H, the second inequality holds due to
Cauchy-Schwartz inequality, B,(cl) < ﬁg), < ﬁ@)

Grp = max{H?/d, V'V 11(sy, ay,bf) + By} < max{H?/d, H* + 2H} = 3H?,
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the third inequality holds due to Lemma B.6. Next we bound I3, since event & holds , we have

I3 < 3(HT + H*log(1/9)).

Finally, due to on event £, we have I, < 0. We finish the proof by substituting I, I5, I5, I into (B.15).

C. Full Version of Algorithm 1

In this section, we present the full version of Algorithm 1 in Algorithm 2.

Algorithm 2 Nash-UCRL

1: Input: Regularization parameter A, Number of episode K, number of horizon H.

2 Forany h, Sy') « =) « AL B} « b}, « 0,8}, < 0, 0, fori e {0,1}.
3fork=1,..., Kdo
4 Vieg() <0,V () <0
50 forh=H,...,1do
6: Set Qp (- +,-)and @, , (+,+,-) asin (C.1).
7: for s € S do -
8: Let yifi(+,-|s) = e-CCE(Qy, 5 (s, -, ~),Qk7h(s, )
9: Vien(s) = Byt (15 @, (850, 0), Vi 1 (8) = Byt (16 @), 5 (550, b)
10: Th(18) = Pumaxtth; (-, -|5), v (|8) = Paninpif (-, -5)
11: end for
12:  end for
13:  receives s¥
14: forh=1,...,Hdo
15: Take action af ~ 7y (sF) and b} ~ v (s)) and receives s ~ P(:|sF, af, bf).
16: Set V'V, i1 (s, af, bf) and VUV, 0 (s, af, bF) as in (C.2).
=) 0 7=(0) 0 S 1 (1) 1
17: Set Ej o B s Tk O s 2goiq, h,Zill ne iy, h,b,(#l B 21, h,Z,(H)l ho Prti, h,b,(CJZ1 ;, as defined in
(C.3).
5 (@) 11309 i -1, (i :
18: Set 0115 < [Siin] bk-‘,—l,h’Ql(cJ)rl,h A [2211 ) b;iim’ t=0,1
19:  end for
20: end for
Update of optimistic action-value function:
Qunlrs) < [malan) + @n b, o) + 80| B0 0y, (o00)
2N AN T kha Vi hte1 V20 k kh Vi g1\ o) (-1, H]
0 0)1-1/2
Q) [rh(.,.,.)+ 00, by, , () = BC H[gm ¢ZR,H1(.,.7.)HQ] o (C.1)
Update of variance estimation:
- 71) 7(0)
V851Vk,h+1(s§7a27b2) A [< Vi’hﬂ(sﬁ,aﬁ,bk) 0., h>][07H2] - [<¢’Vk,,b+1(5£»a§»bk) 0, h>][ H,H)’
€s 1 0 2
VY (s afl ) = [(byz o (shaf 500,080 oy — [(Sv 0, (600 08D, 000] g (C2)
Update of other parameters:
1 (1) —1/2
By, = min { H?, 5} )H Zih) V;hﬂ(slﬁ’alﬁvblﬁ)uz}

2 (2)||=(0)—-1/2
+min {H2, 2087 ||[S) oy,

. —1/2
By =min {12, 5[0} vy

1 (Sh’

—k,h+1

kb))

(sh’ ah’ b ) 9
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+min {12,205 |0 oy, (shoak.0h)]| ),

Ok h = \/IH&X{H2/4d V%‘Vk h+1(s’fl,ah,b ) + Ek h},

Tpn =\ max{H2/Ad, VSV 4 (5, af, bF) + By}

+(0) =0 | __
Spfp Yy to ki‘ﬁvk h+1(5ma}ub )¢th+1(3h7ah7b )T,

0 0
E( )1 h — Egc 21 + U ¢Vk 1 (Sh’ ahv b )QSVR h+1 (8h7a’h7 bZ)

(0) (0) .

by =b,+ ¥ ¢Vk ,+1(Sli§7 Qh, bh)vk h+1(5’1€z+1)
0 0)

bgwil h= bl(c Uk,h¢Zk h+1(31i§v G, bh)zk,h+1(s;€z+1)v

=) =)
DI NSTAE D A ¢Vf-, (Shaahab )¢v (SZaaﬁvbfL)T

1 1
E( )1 h — Egc 21 + ¢V2 (Shaahvbk)d)V,‘ 1 (Sﬁva‘]fivbl}i)T
—(1) (1)
biiip =byp+ va (8’;27 ay, bﬁ)vk h+1(slfi+1)7

bl(clleh —b +¢V2

Yk ht1

(sk,ar, bp)V3 h+1(slfi+1) (C3)

D. Extensions to Turn-based Games

In this section, we extend our algorithm and results to turn-based Markov games.

Turn-based MGs A two-player zero-sum turn-based episodic MG is denoted by a tuple

M(S, A, H, {rp L {P,} ), where S = Spax U Smin» Smax (Smin) are the states where the max (min)-player plays,
Smax N Smin = 0. Note that the partition of state space suggests that at each step, only one player can play. A is the action
space, H is the length of game/episode, rp, : S x A — [—1,1] is the reward function, P, (s’|s, a) denotes the transition
probability for the max (min)-player (s € Spax O Smax) to take action a and transit to next state s’. Similar to the linear
mixture MGs, we can define linear mixture turn-based MGs as follows.

Definition D.1. M (S, A, H,{r,}}/_,,{P,}}L ) is called a time inhomogeneous, episodic B-bounded linear mixture
turn-based Markov game if there exist {6, }7_, € R? and ¢(s'|s,a) € R? satisfying

> (s']s, )V (s)

s'eS

[10r]l2 < B, YV S =] <1

2

such that P, (s'|s, a) = (¢(s'|s,a), 8},) for any state-action-state triplet (s, a, s’) and any step h.

Based on above definition, we show that any turn-based linear mixture MG can be regarded as a special case of linear
mixture simultaneous-move MG. In fact, for any turn-based linear mixture MG with feature mapping ¢(-|-, -) and reward
71+, -), we can define the corresponding linear mixture simultaneous-move MG with feature mapping ¢ (|-, -, -) and reward
ri(+, -, ) as follows: for each s € Syax,

&(s'|s,a,b) = ¢n(s']s,a), rn(s'|s, a,b) = (5|5, a),
and for each s € S,
&(s'|s,a,b) = ¢n(s']s,b), rn(s'|s,a,b) = Fu(s']s, b).
Therefore, we can still use Algorithm 1 to find the Nash equilibrium. Notice that for the turn-based game, at each step only

one player can take action. Thus, the e-CCE routine in Line 9 of Algorithm 1 needs be replaced by two separate subroutines:
taking WZ and u;’f as greedy policies w.r.t. Q) ; and Q .., For completeness, we present the turn-based version of Algorithm

1 as Algorithm 3.

By Theorem 4.1, we immediately have that the regret of our turn-based algorithm is also bounded by

O(Vd2H? + dH3VT + d?H® + d>H?),
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where T' = K H. Similarly, we can show that if d > H and T > d*H?, our turn-based algorithm is nearly minimax optimal.

Instead of dividing by state (Cui & Yang, 2020; Xie et al., 2020), some papers (Bai & Jin, 2020) consider dividing the steps
[H] into Humax and Hin. This setting looks different at first glance but can actually be written as the turn-based MGs
in this section by augmenting the state s by a latent variable h, i.e., s = (s, h), to indicate the max-player’s step and the
min-player’s step.

Algorithm 3 Turn-based Nash-UCRL

I: Forany h, 1), « 2{) « LB},

2: fork=1,..., K do

) b§1h<—00 <—0§h<—0forze{01}

3: Vk,H+1(') <0,V gia() <0

4. forh=H,...,1do

5 Set Q. 1, (-, ) and @, , (+,-) asin (D.1).

6: for s € S,,a¢ do 7

7. Ty (-]s) = maxaea Qg (5:a), Vin(s) = Eqronb (15) Qi (55 @)
8 end for

9: for s € S,y do

10: vF(:|s) = minpe 4 kah(s, b), Vin(s) = Eb~V’ﬁ(~|S)Qk,h(5’ b).
11: end for

12:  end for

13:  receives sy 1
14:. forh=1,...,Hdo

15: if s} € Spax then
16: Take action aff ~ 7 (-|sf) and receives s, | ~ P(-[s}, af).
17: else
18: Take action ay ~ vf(-|s}) and receives s, ~ P(:|s}, af).
19: endif
20: Set V'V i1 (s, af) and V'V 1 (sF, af) as in (D.2).
+(0) 0 -(0) 0 <) 1 (D 1 .
21: Set Ek- h)Ek h,o'k h,o-k. ho Ek—‘rl ho El(i:—‘y)-l ho bk+1 ho bi}-'zl he Ek‘-‘rl ho 2]&_&1 ho bk—‘rl ho b](f-‘,)-l} as deﬁned m
(D.3).
7@ <+ (%) (1) .

22: Set i1 p < [Zhiin) bk+1 B 95;11 h [21(:11 n b/(fz}rl pt=0,1
23:  end for
24: end for
Update of optimistic action-value function:

— . ~ ( ~ 0 71/2

Qin( )  min{H, 75 (-, ) + (0) 1. D7, , ., By )Hr D7 O H }

- 0 0 0)71—1/2

Qupl) e max{—HFu( ) + (80 B, ., () = B[ [B0] v, () - ®.1)
Update of variance estimation:

VIV (shyab) < (B2 (500 0] o gy — (@, (56 k), O]

k,h+1{Sp, Qp, Vi,h Sp, Qp, k.h/1[0,H?2] Vihtt Spy Qp, k!l [—H H]
1 , 0) 12
VSV (s, afy) [<¢V§ h+1(8h7ah> 92 %ﬂ 0,02 [<¢zk,,L+l(Sﬁ, aﬁ)ﬁé})] (—H,H]" (D.2)

Update of other parameters:

V2
. 1/2
+m1n{H272Hﬁk sz.h %kyhﬂ(s’,‘;,a’;)HQ},

. 1 1H1-1/2 ¢
Ek,h = mm{HQa ](q )H [E;(g, / ¢V2

Yk, ht1

1
Ern —mln{HQ,ﬂ,gl)"r( ) ¢72 (SQ,GZ)HQ}

(s b))
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—|—m1n{H2 ZHB,C HEO) 1/2¢Vk h+1(shaah H I3

Ok,n = \/max{HZ/d, VeSle7h+1(S];L, GJI;L) +Ek,h}a

Opn = \/maX{HQ/d7 VeV nen (855 a5) + By b

+(0) =0 |, ——2 7 [ Ny kE _k\T
Yip1n S B+ 0L kah_'_l(shvah)%k’h_'_l(sha ap,)

21(9[21 h 2(0;1 +a; %vk,hﬂ (s, bﬁ)&zk,hﬂ (sh,ap)’
b?fﬁl h= bl(foiz +o ¢ Ve ner (55 a8V ng1 (sk,n41)
bg& = b(o) +o; h¢vk e (sp.ap)Vy, 1 (Skaa1)
212421 h Ek ht ¢*2 (S}w ah)¢v2 (Sm ap,
Ez(cl+)1 h El(clh + by
bl(c+)1 h= (1 n+ ¢’V (Sﬁvah)vk,h+1(sﬁ+1)a

(s, an)Vi h+1(3§+1) (D.3)

)T

k,+1(8h7ah)¢vk e 1(3£7a£)T

bl(cl-'zl h= bl(clh + e

—k,h+1



