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Abstract

Multi-agent reinforcement learning (MARL) has long been seen as inseparable from
Markov games ( s ). Yet, the most remarkable achievements of practical
MARL have arguably been in extensive-form games (EFGs)—spanning games
like Poker, Stratego, and Hanabi. At the same time, little is known about provable
equilibrium convergence for MARL algorithms applied to EFGs as they stumble
upon the inherent nonconvexity of the optimization landscape and the failure of the
value-iteration subroutine in EFGs. To this goal, we utilize contemporary advances
in nonconvex optimization theory to prove that regularized alternating policy
gradient with (i) direct policy parametrization, (ii) softmax policy parametrization,
and (iii) softmax policy parametrization with natural policy gradient updates
converge to an approximate Nash equilibrium (NE) in the last-iterate in imperfect-
information perfect-recall zero-sum EFGs. Namely, we observe that since the
individual utilities are concave with respect to the sequence-form strategy, they
satisfy gradient dominance with respect to the behavioral strategy—or, policy,
in reinforcement learning terms. We exploit this structure to further prove that
the regularized utility satisfies the much stronger proximal Polyak-Lojasiewicz
condition. In turn, we show that the different flavors of alternating policy gradient
methods converge to an e-approximate NE with a number of iterations and trajectory
samples that are polynomial in 1/e and the natural parameters of the game. Our
work is a preliminary—yet principled—attempt in bridging the conceptual gap
between the theory of Markov and imperfect-information EFGs while it aspires to
stimulate a deeper dialogue between them.

1 Introduction

Reinforcement learning (RL) dominates contemporary applied and theoretical research. The flagship
of RL, policy optimization methods, appears to lend reasoning capabilities to language models (

s ), defeats human Go world champions ( , ), and navigates real-world
roads safely ( R ; R ). As is evident from even more ex-
amples ( ; , ), machine gameplay has transformed by

incorporating RL techmques 1nt0 its algorithmic arsenal. Although theoretical literature (
) posits that the canonical model of MARL are Markov games (MGs), MARL has handled
imperfect-information extensive-form games (EFGs) with commendable success (
At first, the theory and practice of imperfect-information EFGs can seem saturated. Exhaustive re-
search in the propertles of EFGs has exposed its convex structure using sequence-form strategies (
, ; s ) and yielded the dlfferent counterfactual-regret
m1n1m1zat10n algorlthms (CFR) ( R ; s ; R
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). These algorithms can solve games using tabular policies with unmatched computational
efficiency. Notwithstanding, these techniques seem to hit a wall when faced with large-scale games
whose size makes the use of tabular policies infeasible and calls for a neural network parametrized
policy (or, more generally, policy function approximation). The picture is even more grave when
CFR needs to be combined with model-free counterfactual value estimation. Its call for importance
sampling yields a feedback of prohibitively high variance. Further, CFR’s average-iterate conver-
gence makes the task of extracting a single policy network highly nontrivial. Since practrtroners
have extensively studred policy optimization for imperfect- 1nf0rmat10n games (

s ) w1thout
offering guarantees of polynomral time convergence we are naturally lead to the question:

Do policy gradients methods provably converge to an equilibrium in v
imperfect-information EFGs using a polynomial number of iterations and samples?

To answer, we need to face the two obstacles that imperfect-information games raise against optimiza-
tion, the failure of value iteration—which we sidestep by solely using policy gradient updates—and a
highly nonconvex policy optimization landscape—which we prove that is benign.

Failure of Value iteration In MARL for MGs, the overwhelmmg majority ( ,

, ) of existing algorlthmlc
solutlons for equ111br1um learnmg or computatlon makes use of a value iteration subroutine or a value
critic—which is in essence a backwards induction of the estimated value of the game. Instead, solving
imperfect-information games requires leveraging the opponent’s uncertainty about the underlying
state. In other words, one needs to trade off exploiting private information and the benefit of keeping
it secret. This precludes solving subtree-by-subtree conditioned on private information and leads to
the emergence of behaviors such as bluffing at optimality.

Gradient Domination in Nonconvex Problems. Contemporary machine learning is arguably
propelled by large-scale optimization of systems of astounding size to perform increasingly elaborate
tasks. The corresponding objective functions are by no means convex in terms of parameters,
which precludes theoretical guarantees of even reaching a local optimum in a reasonable number
of iterations ( ). Yet, practice indicates a different reality and theory is
gradually catching up. It has palnstakrngly been demonstrated that the nonconvexity of various
ML optimization problems is seriously benign—significantly often, stationarity implies global
optimality. Cases in point, gradlent domination is exhibited for the loss functions of overparametrized

neural networks ( R ), the linear quadratic regulator ( R
), value functions of Markov deczston processes (MDPs) ( , ;
R ), matrix completion ( R ), dictionary learning ( R ), and more.

For a thorough discussion of gradient domination and other regularity conditions we refer the reader
to ( ’ 5 s 5 s 5

; ; ; s ) and references
therem Wrth the latter in mrnd one could make the case that when game theory researchers seek
equilibrium computation in general nonconvex games ( , , )
they set the bar too high. Still, the study of benign nonconvexrty seems of great importance and rather
underexplored ( s ; , ; , ;

; )

1.1 Contributions

We answer (W) in the affirmative by developing three policy gradient methods (Theorems 3.1 to 3.3).
All three algorithmic approaches lead to last-iterate convergence to a regularized NE of the EFG. We
contribute,

* anovel decentralized exploration scheme that yields sufficient visitation of all information sets;

* a proof that the nonconvex utilities of the (un-)regularized game satisfy gradient domination;

* guarantee of last-iterate convergence of three different alternating policy gradient (PG) methods:
(1) PG with direct parametrization and {s-norm regularization (2) PG softmax parametrization
and entropy regularization (3) natural policy gradient (NPG) with softmax parametrization and
entropy regularization.



On a sidenote, we offer a sharper dependence of the PL. modulus to the hidden convexity modulus
than the one suggested by ( , , Appendix G) for constrained optimization.

1.2 Overview of Techniques

The theoretical guarantees for our three algorithmic solutions are pinpointed by a simple unifying
conceptual principle. That is, the nonconvex optimization problem of computing an equilibrium by
directly optimizing the behavioral strategies (or, policies) is a constrained two-sided PL. optimization
problem where alternating gradient descent ascent is known to converge. Namely, we show that the
optimization landscape viewed in terms of policies is nonconvex in a rather benign way; the utility is
hidden concave. In particular, after appropriate regularization, each utility function satisfies a strong
gradient domination property, i.e., the proximal Polyak-Lojasiewicz condition.

Hidden concavity. Going into more detail, utilities in EFGs are concave in terms of sequence-
form strategies. We select an appropriate regularizer that enhances concavity to strong concavity.
Moreover, enforcing a positive lower bound on the probability of reaching every information set
yields a uniform Lipschitz constant for the bijection that maps sequence-form strategies to behavioral
policies. Taken together, these two observations imply a strong gradient-domination condition for
each player’s policy.

PL. condition. For the sake of offering an intuitive exposition, we forego the nuances of constrained
optimization to explain how the PL. condition is proven to hold. We say that an optimization problem
min, f(x) exhibits hidden strong convexity when there exists an invertible mapping u = ¢(x) and a
function H (u) that is pu-strongly convex in u and f(x) = H(c(z)). Strong convexity implies that

fl@)— f*=H@u)—H* < ﬁ IV H (u)||>. Now, a bounded Lipshcitz modulus L.-1 > 0 of the

2
inverse transform, ¢~!(u) = z, leads to the PL inequality f(z) — f* < L;—;l IV f(z)|? by merely
applying the chain rule of differentiation. Similar arguments work for the proximal-PL condition.

Convergence. Then, alternating gradient descent ascent on minge y maxycy f(x,y),

Tip1  Proj x [vy — 0.V f(@e,y0)]s yegr < Projy (e + 1y Vy f (@41, 90)] s

is proven to converge to a saddle-point point using a typical Lyapunov function argument. We tune
the stepsizes 7)., 1), in such a way that one player learns faster than the other. Since the function is
PL, this means that after each update the optimizer is significantly approximated. Intuitively, after
enough iterations, the update scheme can be viewed as optimizing for ®(z) := max,cy f(z,y) as
241 = Projy (zy — 1,V ®(x;)). Crucially, our convergence analysis sets aside the usual regret
minimization arguments that are used to either prove average-iterate or best-iterate convergence (e.g.,

(2022); (2024)).

1.3 Comparison to Related Work

We point out two particular results ( ; , ) directly related to our
endeavor of policy gradient/optimization methods for 1mperfect information EFGs. Although the
magnetic mirror descent method proposed in ( , ) does not come with guarantees
in EFGs, it exhibits impressive empirical performance. ( , ) lays the foundation of our

approach as it introduces the bidilated regularizer although it does not offer a convergence guarantee
that is polynomial in the parameters of the game and 1/e.

Our work follows arguments utilized in the context of policy gradient methods for Markov decision
processes (MDPs) and MGs. Namely, we use techniques from ( s ) that analyzed
alternating gradient descent in the constrained parameter case and arguments from ( ;

, ) as the entropic bidilated regularizer is almost identical to discounted entropy
Further, we use arguments from ( , ) to show that the mapping from sequence-form
strategies to policies is Lipschitz continuous.



Altern./Simult. Provable

Updates Convergence Regularization Feedback
( , ) simultaneous yes, best-iterate” bidilated CFR,Q,Q
( , ) simultaneous no policy entropy
Ours alternating el bidilated VoV, Q

polynomial time

Table 1: Comparison of policy gradient/optimization methods.

CFR Q,Q, VaV stand for counterfactual value, action-value, traject. action-value, and policy gradient.
* Guarantees are pseudo-polynomial in the game-size.

2 Preliminaries

In this section we introduce the key ingredients required for our analysis. For EFGs, we high-
light how the utility is expressed as a concave function of the sequence-form strategies. We also
review the—Euclidean or entropic—bidilated regularizer whose strong convexity underpins our
gradient-domination arguments. With regards to RL theory, we recall the definition of the value and
and action-value functions and show that trajectory samples or roll-outs, give unbiased Monte-Carlo
estimates of both the utility and the bidilated regularizer via the (REINFORCE) estimator ( ,

, ). Finally, we review the optimization notions of hidden concavity and
gradlent dominance, used to prove convergence in of our algorithmic solutions.

2.1 Extensive-Form Games

We briefly go over the definition of an EFG and move on to the sequence-form strategies and the
corresponding regularizers.

Definition 1 (EFG). A two player zero-sum extensive-form game, T, is defined by the tuple
(T, H,S, A, B,r). A special chance player, ¢, models uncontrollable randomness while,

o T is a rooted game tree of height D(T),

o H:=Hy UHo UH, is the set of T ’s nodes, referred to as histories. Each history, h, belongs to
exactly one of the sets H1, Ho, H. depending on the player responsible for taking action at h.

o §:= 81 US; is a finite set of information sets (infosets). The infosets partition histories, H;, of
the acting player 1 into sets of nodes that are indistinguishable.

o A:={A;}ses,, B :={Bs}scs, are the action sets of player 1 and 2, respectively. Each infoset
s € S has a corresponding set of actions As, and respectively Bs. Further, we will denote
= | As|, Amax := maxs Ag and B, := max |Bs|, Bmax := max; |Bg|.

o r: H — [0,1] is a payoff function mapping leaves of T to a payoff for player 1; player 2 gets the
opposite payoff.

A perfect recall assumption is made, ensuring that players remember their past observations and
actions. This implies that nodes in the same infoset have the same past observation sequence. We
will use o1 (s), o2(s) to denote the last parent infoset-action pair (s',a’),s € Sy and (s',b'),s € Sy
encountered when descending from the game tree’s root to history h. o1 (), 02(-) are either unique
for non-root nodes or the null set for the root. We will overload notation o1 (k) to mean o1 (s) for the
infoset s where h belongs (resp. for oo (h)).

Sequence-Form Strategies A player’s behavioral strategy is a probability distribution over actions
at each of their infosets. In sequence-form, the strategy of player 1 is defined as:

pit(s,a) == pi*(o1(s))m(als) Vs € Sp,Va € As.

The sequence -form strategy of player 2 is defined in a symmetric fashion. Introduced in ( ,

, ), sequence-form strategies are generalizations of simplices
and express the sequentlal structure of an EFG. The set of sequence-form strategies, M7, My are
convex polytopes as they are is defined only by linear equalities and non-negativity constraints. The



chance player’s contribution to the probability of reaching history h is given by p.(h) and it is
assumed to be strictly positive for reachable nodes. For player 1, the expected utility is given by the
bilinear form:

VT = (u)  Rug?

where R is the matrix representation of payoff function r. Forward, we will refer to behavioral
strategies as policies which will be denoted as 71, 7m2. The solution concept we are after is an
e-approximate Nash equilibrium.

Definition 2 (e-NE). A policy profile 77, w5 is an e-approximate Nash equilibrium of an EFG T, if,
for any policies m and o it holds true that,

VT e S VTR S YU 4,

The bidilated regularizer. Introduced in ( s ), the unweighted bidilated regularizer is
defined using a strongly-convex regularizer v (-) multiplied by the total probability of reaching the
corresponding infoset. Since it depends on both players’ policies we write R(m, m2), R(72, m2), S.t.:

Rl(ﬂ'l,ﬂ'g) = EhNﬂ— [Zw(ﬂl(h))] and R2(7T1,7T2) = EhNﬂ— |\Z?/)(7T2(h){| .
h h

2.2 RL Fundamentals

Moving on, we define the value, action-value, and advantage functions in the context of EFGs.
Inspired by the occupancy measure of MGs, we define the history occupancy measure d™ for a given
policy profile 7 := (71, m2) which simply is the reach probability of each history and comes in handy
as a shorthand notation in the description of the algorithms and their analysis. Moreover, we recall
the definitions of direct and softmax policy parametrization. Last but not least, we demonstrate how
the (REINFORCE) gradient estimator computes policy gradients for EFGs for both the unregularized
and regularized utility.

Value, action-value, and advantage functions. Without loss of generality, we assume that players

get a payoff only on a terminal history . This way we can define the value function of an infoset s,
as the expected utility if the game were to start at a history h( belonging to s,

V7™(s) =By, [r(h)|ho € s].

In a similar vein, we define the action-value function, or (), as the expected utility if the game started
at at a history hg belonging in s and after the player had taken action ag, (or, resp. by),

QT(S,G) Ehf\/ﬂ' [ (E)VL() € S,a9 = a] and Qg(S,b) Eh~7r [ (E)“L() (S S,b() = b] .

Finally, the advantage function is defined for each player as the difference between an action-value
and the infoset’s value AT (s,a) := V™ (s) — Q7T (s,a) and AZ(s,b) := V7 (s) — QT (s, b). Similar to
the state occupancy measure of an MG, we can define the history occupancy measure d™ : H — [0, 1]
which is defined as, d™(h) := Ej/~r [L{h' = h}]. Overloading notation, for an infoset s € S

d™(s) =3 pes A" (h).

Policies. Policies are precisely parametrized behavioral strategies. We will consider two
parametrizations of policies, (i) direct parametrization, and (ii) softmax parametrization. For di-
rectly parametrized policies, we denote the parameters as x,y which are z € X__ s A(Ay),y €

Xoe S A(B,). The parameters of softmax policies will be denoted y, 8 with y € R4, A = o As
and9 € RP, B=3%"_B,.

Gradient estimation with REINFORCE. The ability to estimate a gradient of the value function
using trajectory samples, or roll-outs, has endowed the theory and practice of RL with the rich
toolbox of gradient-based optimization. In fact, the (REINFORCE) gradient estimator (

, ) is also an unbiased estimator of the policy gradient in the EFG setting, and
thus pr0v1des a sound foundation for our analysis.



Definition 3 (REINFORCE). Let £ denote a trajectory of infoset and actions sampled by implementing
policies m1, 72, & := (5(1),a(k),---). We define REINFORCE, (@x, §y), to be the stochastic

gradient estimators:

K K¢
Ve=r¢ Z V. logm, (a(k) \s(k)) and VYV, =r¢ Z Vg logm, (b(k)|s(k)). (REINFORCE)
k=1 k=1

The addition of regularization, leads to the definition a regularized value function, V,

VI (5) 1= Ennr [r(h) +7 35, [ (m1 (1)) + ¢ (ma(:[h))] [ho € 5] -
Regularized ()-value and advantage functions, T, AT, are defined accordingly (see Appendix B.2).

Furthermore, (REINFORCE) can be minimally modlﬁed to estimate the policy gradient of the
regularized value function without importance sampling (discussed in detail in Appendix F.1).

Assumption 1. For an € > 0, both players’ policies, for every infoset and action, satisfy
mi(als) > e, Vs € §1,Va € Ay ma(bls) > e, Vs € Sz, Vb € Bs. (e-trunc.)

Guaranteeing that (s-trunc.) holds is straightforward for directly parametrized policies. The
players need to pick policies z,y, from the cartesian product of appropriately trun-
cated simplices, to be denoted X°, )° respectively. As for softmax parametrized poli-
cies, (e-trunc.) is achieved when both players’ parameters are restricted to the poly-
topes Xg,Og. To demonstrate, Xp is defined in the following manner, Xp :=
{(xeRYA=3_A: x]1=0, Vs € 81, |Xs,i — Xs.;| < 2R, Vi, j € [A,]}, and the definition
of O follows suit. We highlight that the images of X r, U r under the softmax map are convex sets
(Lemma D.4) and we will denote the resulting truncated policy sets as I, TIZ.

2.3 Hidden Concavity and Gradient Domination

In this subsection, we define the two key backbone concepts of hidden concavity and gradient
domination. Gradient domination of a weak or strong form has been extenswely investigated in
the theory of RL and MARL (

, ). Slmply put, the nonconvex Value functlon satlsﬁes a
gradient- domlnatlon property and any stationary point is globally optimal. Thus, any guarantee of
convergence to a stationary point is elevated to a guarantee of convergence to global optimality.

Definition 4 (Hidden convexity). A nonconvex function f : X — R defined over the set X is
said to be hidden (strongly) convex if there exists (i) a bijective mapping ¢ : X — U for some

convex set U; (ii) a function H : U — R that is strongly convex a with modulus oy > 0; such that
f(z) = H(ce(x)),Va € X.

1

When the Lipschitz continuity modulus of the inverse transform, ¢~ *, is uniformly bounded it implies

the gradient domination condition as shown in ( R , Prop. 2) coupled with (
R , App. G).
Definition 5 (pPL. condition ( , ). Assume F : R® — R defined as F(z) =

f(x) + g(x). Let f : R® — R be an (-smooth function and g : R? — R be convex. Define

Dy(z, l) := —2ﬁmzin {(Vf(x), z—x)+ gB(sz) +g(z) — g(x)} .

for a choice of Bregman divergence B(:||-). We say that F satisfies the pPL. condition with modulus
a > 0if, for every z,
5Dg(z,0) 2 a[F(z) — F],

where F* = min, F(x). When g is the indicator function of a set X we write Dx (z, {).

3 Main Results

With the latter in hand, we are ready to state our main contributions, (i) the independent exploration
strategy, (ii) the gradient domination condition for utilities of EFGs (iii) and the global convergence
of three variants of policy gradient methods to an approximate Nash equilibrium.



3.1 Efficient Exploration Scheme

We propose a novel approach to exploration. Each player is expected to reach every subsequence
with probability G—‘ The rule is simple:

Assumption 2 (Efficient Exploration). Both players follow the following exploration strategy:

* At the start of each game, the player flips a biased coin that shows “heads” with probability ~.

o If the coin shows “heads”, the player selects an info-set s € S; uniformly at random and then
executes the sequence of actions leading there.

o After this sequence, or if the coin shows “tails”, the player resumes play according to their policy.

Remark 1. Iz is noteworthy that using this exploration strategy, one can exercise direct control
over the modulus of gradlent domination. Whereas, policy gradient literature ( , ;

; , ) needs to make an assumption on the
boundedness of the dtstrlbutlon mzsmatch coefficient.

3.2 Gradient Domination Property of the Utilities

In this subsection, we establish that the utility of an imperfect-information EFG under different policy
parametrizations is pPL with regards to the policy. This observation is central in proving convergence
of policy gradient methods to a Nash equilibrium. First, we state the weak gradient domination
property for the unregularized utilities of the game.

Lemma 3.1 (Utility Weak Gradient Domination). Let an imperfect-information EFG, T, following
Assumption 2, then it holds true that

1
VLT min YT < o max (Vi VU2 iy — )
7r1 (6% 71'1

1
max V7T — YT < max (V. V™72 ) — ),
) o wh

foran o > 0 with o~ = poly (%7 |S11, 1S2], Amax, Bmax)-

Now, by picking an appropriate regularization term to each player’s utility we can enhance the
weak gradient domination property to the much stronger pPL condition which ultimately guarantees
last-iterate convergence to an equilibrium of the regularized game.

Lemma 3.2 (Utility pPL; restated from Lemmata E.| to E.3). Let an imperfect-information EFG,
T, perturbed by a pair of weighted bidilated regularizers (R1,R2) with a coefficient T > 0. Also,
assume that each player follows Assumption I and Assumption 2. Then, each player’s utility satisfies

the pPL condition with a modulus o™ = % poly (7’ =, |81, |S2|, Amax, Bmax; 2D(T))

A key observation in both conditions is that the modulus is a polynomial of the exploration parameter
1/~. This stresses the importance of efficient exploration and our corresponding contribution of the
scheme in Assumption 2.

3.3 Convergence of Alternating Regularized Policy Gradient

Having established the required background and notation, we are ready to present our main results.
In Theorem 3.1 we show the convergence of simple alternating regularized policy gradient to an
approximate NE in the last iterate. Moving to Theorem 3.2, we prove a similar result for softmax-
parametrized policies. Finally, we analyze alternating regularized natural policy gradient through a
mirror-descent lens, demonstrate its relationship to multiplicative weight updates of the policies, and
prove its convergence to an approximate NE in the last iterate (Theorem 3.3).

Throughout, 7, , n, denote the stepsizes and V7 denotes the (REINFORCE) gradient estimate of the
utility w.r.t. to a player’s parameters accounting only for their own regularization term.

3.3.1 Direct Policy Parametrization

The first result we present is the a simple policy gradient scheme with alternating updates and a
Euclidean regularizer. The parameter updates of alternating regularized policy gradient takes the



following form,

Ty11 = Proj {l’t A (xt,yt)}
¥ (A1t-RegPG)

Yi+1 = Proj [ Yt +77yv ($t+1ayt)} .
ys

where Proj y., Projy. denote the Euclidean projection of the parameters to the truncated simplices
dictated by (=-trunc.). We state our first convergence theorem which settles question (%) and defer
its formal statement to the Appendix H.1.

Theorem 3.1 (Informal; restated from Thm. H.1). With direct policy parametrization and the
Euclidean bidilated regularizer, alternating policy-gradient algorithm attains a last-iterate e-Nash
equilibrium in

= poly (g, = }WAmd)u max; 2D(T)) iterations,
using batches of poly (; ) s }/,Amax, maxs 2D(T)) trajectory samples at each step.

Remark 2. We note that the exponential dependence on D(T) is still polynomial in the game size as
the height has itself logarithmic dependence in size of the game.

3.3.2 Softmax Policy Parametrization

We move on to convergence under softmax parametrization and entropic regularization. This choice
of parametrization is an important step towards getting provable guarantees for policy gradient
methods in imperfect-information EFGs using function approximation (e.g. neural networks). The
projection to X r, © p guarantees that (c-trunc.) is satisfied,

Xt+1 = P;OJ’ [Xt — 7V (xes Gt)] ;
R
(A1t-EntRegPG)
Or11 = P@roj [9t + 1y Vo (Xt+1, 9t)} .
R

Theorem 3.2 (Informal; restated from Thm. H.2). Alternating policy-gradient algorithm with softmax
policy parametrization and the entropic bidilated regularizer, converges in expectation in the last-
iterate to an e-Nash equilibrium after a number of iterations T, that is

D . .
- pOIy <€a e i,vAm'uu max> 2 (T)) iterations,
using batch ly (L 1 1 4 B 2D(T) j
g batches of poly o> 27 7 Amax, Bmax; trajectory samples at each step.

3.3.3 Natural Policy Gradient

Finally, we consider the natural policy gradient algorithm ( , ) which is an adaptation of
natural gradient ( , ). This algorithm is of particular interest due to its intimate connection
to the TRPO, PPO ( , , ) policy optimization algorithms. Natural policy

gradient uses a Fisher information matrix induced by the policy as a preconditioner for policy gradient
updates:

Fo(x,0) =Y d¥%(s)> my(als)Vlogmy(als) [Viogmy(als)] "

We cast natural policy gradient steps as mirror descent steps with a Mahalanobis norm induced by
the Fisher information matrix (for a more nuanced discussion on this connection see (
, )).The update scheme can be equivalently written as:

Xt+1 :argmin‘ Xt — N F (Xh Gt)v V(Xt, 9t X‘

XEXR Fy (xt,0t)

(Alt-RegNPG)

Ousr = argmin |0, + n B (xe1,00 VoV (xes1,00) 6]

0€hr Fo(xt+1,0)



More importantly, we note that in policy space, the update scheme of natural policy gradient takes a
very simple form which, as expected, reads, for player 1 (® is element-wise multiplication):

T1e41(c]8) o< w1 e (+8) T @ exp (1. QT (s, ) 5

71,041(:]8) ~ arg min KL (W(\s) ”ﬁl,t+1(-‘8)).
nellR

To see why the second approximate equality holds, we note that the Mahalanobis distance over
the parameters induced by the Fisher information matrix of the softmax policy, is a second-order
approximation of policy KL divergence. The derivation and an extensive discussion are deferred to
Appendix H.3.

Theorem 3.3 (Informal; restated from Thm. H.3). For an appropriate tuning of n,,n, > 0, the
last-iterate of alternating regularized natural policy gradient (A1t-RegNPG) converges in expectation
to an e-approximate Nash equilibrium in a number of iterations T that is:

T = poly (4,1, 2, Ausaxs Bunaxs 2°7))

4 Empirical Validation

To corroborate our theoretical results, we tested A1t-RegNPG on four different imperfect information
EFGs (Kuhn Poker, Leduc Poker, 2 x 2 Abrupt Dark Hex and Liar’s Dice). Inspired by MMD
( , ), we implement two variants of A1t-RegNPG where the (i) the regularization
strength diminishes across time along the stepsizes and (ii) the regularizes is the discounted KL
divergence from a moving reference policy. We observe that the exploitability (i.e. max, VT2

min,r/2 vm 7”5) diminshes across time for our method, and it compares well with CFR and MMD.

Kuhn Poker Leduc Poker Dark Hex Liar’s Dice
E 10°
Z10°3 101 107!
g 107! 10-2
21076 1072 4
= 102 1073
0 500 1000 0 500 1000 0 500 1000 0 500 1000
Iteration Tteration Iteration Tteration
Alt. Reg. NPG —— Alt. Reg. NPG mov. ref. MMD anneal. temp.
Alt. Reg. NPG anneal. temp. —— CFR —— MMD mov. magn.

Figure 1: Three variants of A1t-RegNPG compared against CFR and MMD.

5 Discussion

We conclude our main text with a further comparison between MGs and imperfect information EFGs
to further promote the connection between the two areas. Finally, we state our conclusions and
suggestions for future work.

5.1 Further comparison of Markov and Imperfect Information Extensive-Form Games

Imperfect-information EFGs and MGs both model multi-stage strategic interaction. They differ
sharply in what each player can observe while they maintain marked similarities in the way strategies
are represented (behavioral strategies and policies), the hidden concave representation of utilities
(concavity w.r.t. sequence-form strategies and occupancy measures), and regularization choices
for optimization. The table and discussion below summarize this comparison along the axes of
observability, strategy space, utility convex reformulation, regularization and optimization landscape.
Clearly, an infoset (information set) in an imperfect-information EFG is to a behavioral strategy what
a state is to a policy in an MG. However, imperfect information (or partial observability) leads to



Game Observable Control Utility

State State Variables Concave In
. Behavioral Sequence-form
EFG History h € T Infoset s € S Strategy 7(-|s) Strategy /1™
each a node of each a disjoint set of distribution over independent of
game tree graph T multiple histories h actions at infoset s opponents’ strategies
Markovian State-action
MG State s Policy 7 (-|s) Occupancy
measure A"
otenially ecursing i e fnte or infiise trbuton over depends on
p Y g actions at state s opponents’ policies

horizon of the game

Table 2: Imperfect-information extensive-form games (EFG) vs. Markov games (MG).

a discrepancy between the expected return of an mfoset in an EFG and the expected return state
in an MG as highlighted in ( , ). Interestingly, the concave
reparametrization of EFG utilities exhlblts a structure more favorable than the corresponding one
in MGs. In particular, the utility is concave in sequence-form strategies of EFGs and the latter
depend solely on a player’s own behavioral strategy. This comes in stark contrast to the state-action
occupancy measure of MGs which are conditioned on opponents’ strategies.

Finally, similarities of the regularization techniques in EFGs and MGs are cornerstone to our work.
The EFG entropic bidilated regularlzer ( , ), R, and the very commonly used MDP
discounted entropy ( , , ,b), &, are V1rtually identical. We note that,
in EFGs a regularizer is mostly used in context of dlrectly optimizing in the sequence-form space.
They induce a distance generating function of mirror descent instantiations. Some more recent works
have used it to make the game strongly—monotone and guarantee convergence of gradient descent
methods ( R ). ( ), in the context of policy optimization, define the bidilated
regularizer whose policy gradients can be estimated without importance sampling. Illustratively, the
two regualaizers read side-by-side (7 is a discount factor of MDPs):

R(T) = Ernr [Syer 0 Clsw))] | €M) = Brnn [ 2 1 0(r(siry)

5.2 Conclusion

We studied three different policy gradient methods for imperfect-information perfect-recall zero-
sum EFGs under a unifying optimization principle. We managed to provide the first global last-
iterate convergence guarantees of policy gradient methods to an e-approximate Nash equilibrium.
Furthermore, our analysis requires a number of iterations and samples that is polynomial in 1/e
and the parameters of the game. To do so, we demonstrated that utilities as functions of behavioral
strategies (policies) exhibit gradient domination properties even though they are nonconvex; and
provided a practical decentralized exploration scheme that implicitly controls the moduli of gradient
domination. We departed from the usual route of regret analysis in EFGs and opted for more
conventional convergence analysis arguments using a Lyapunov function. We hope to motivate
further exchange between theoretical MARL research and the theory of EFGs as we strongly believe
in the potential this communication fosters.

Future directions. Our main objective was proving polynomial time convergence of policy gra-
dient in EFGs, our analysis is at places loose. We firmly believe that the convergence rates and
constant dependencies can be improved, e.g., by usmg the machinery of treeplex norms (

), relatively-smooth optimization ( , ; , ), and other pohcy
optimization arguments ( ; , ). Being more particular, we would like
to see guarantees that do not call for mini- batchlng and possibly use variance reduction techniques.
Moreover, fundamental questions about the limit points of policy gradient methods in EFGs (similar
to those of ( , ) for MGs) are open. More broadly, do forms of benign nonconvexity
(like hidden convexity) refine the results of ( , ; s )?
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made in the paper.
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violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
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* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.
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address problems of privacy and fairness.
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reviewers as grounds for rejection, a worse outcome might be that reviewers discover
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.
Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: experiments are small scale. code will be uploaded

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: code and proofs are in the supplemental material
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* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
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¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: code is shared
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: small scale experiments, confidence intervals included
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer ”Yes” if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.
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* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: description of laptop
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: we follow the NeurIPS code of ethics
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: work is theoretical. probably unlikely that it will have direct societal impacts
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: we cite previous work
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: no new assets released
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Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: no crowdsourcing
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: theoretical research
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification:

Guidelines: only editing grammar

21



* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Further Related Work

Relevant MARL for MG works In MDP and MG literature, policy optimization seems to come in
two flavors—an online learning ( , ) approach and a stochastic optimization one. In
the current work, we opt for the second approach.
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The approach of ( , ) is particularly similar to ours. Yet, we highlight that they make a
rather strong assumption; they assume that the probability of playing each action in the support of
the regularized Nash equilibrium is lower-bounded by a constant independent of the regularization
coefficient 7. In turn, we circumvent such an assumption by exercising direct control over the
minimum probability of playing any action by projecting the parameters of the softmax parameters
onto a convex polytope.

Theory of Policy Gradient Methods The policy gradient method was introduced for Markov
decision processes in ( , ). Ever since provable guarantees have been
yielded by a number of works for dlfferent variations of the algorithm:

° ( , ) prove the convergence of directly parametrized policy gradient. They
use the convergence result of gradient descent for smooth nonconvex function along a
gradient domination lemma to demonstrate a O(1/¢?) convergence rate to optimality Later,
( , ) use the hidden concave structure of the problem to improve the
convergence rate to O(1/e).

o ( , ) provide the first non-asymptotic convergence rate result for the policy
gradient method using discounted entropy regularization (the analogue of bidilated entropy
regularization). The proof of convergence uses a novel nonuniform PL condition.

o ( , ) analyze natural policy gradient (NPG) with discounted entropy regular-
ization. Natural policy gradient can be seen as a form of preconditioned gradient descent.
Natural policy gradient effectively boils down to policy multiplicative weight updates using
the Q-functions as feedback. The analysis of convergence uses a linear dynamical system.
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B Further Preliminaries on EFGs

B.1 The Behavioral and Sequence-Form Strategies

Lemma B.1. Under ~y-sufficient exploration, the transforms cfl My = &y ey LMy — Y, are
Lipschitz continuous. Le., for any p1, i}, it holds true that,

— 28 max
e () — e ()| < ASY Amas 1'V Sy —
and for any s, i,
— 28 max
ez ) = e ) < 2B .

Proof. We will first observe the difference in cl_1 in the (s, a)-th entry of the the vector valued
mapping:

mlals)  pilals) [ mlals)  dilals) \ . [ thlals)  (als)
10 ()) u’l(a(S))_<m(0(8)) u1(0(8))>+(u1(0(8)) ua<o<s>>>
[ mlals)  (als) S T Y
- <u1<a<s>> m(o(s») * <u1(U(S)) ua<o<s>>> mlals)
) _

/ / _
_ ( pa(als) — pi(als) ) EGO) “1(0(3))u’1(a|s)
p(o(s))  p(o(s)) p(o(s))pr(a(s))
As a reminder, for all s € Sy it holds that p;(s) > ﬁ by Assumption 2. Proceeding towards the
desired 1nequa11ty,

e () — ()|
pilals)  ph(als) \ | phlo(s) ~mle(s) T
2y Ku o) D) T o )]
plals)  pifals) \* pi(o(s) —ma())* 2
=22 2 (o~ o) *22, 2 ( o) s
pals) — pifals) \* Hi(0(9) = m(a(s)) 2
“éghwxwﬂ*@MUwa>m>
<25 5 Guntals) — el + 250 S S (0060 - (61
SES1 aEA, SES1 aEA,
< 25— g 2SI S (o)) — (o))
v v sES
2
= A s — g 4 2mndSiE <Zu1 als) — ua(als >> )
’7 '7 s€S1 \acA

We need to upper bound the second term by some quantity proportional to ||y — |- We first note
that by the triangular inequality,

> wilals) = pa(als)

a€Ag

< Y luilals) = mals)|

a€EA;
<V Amax 11 (-]s) = m (sl -

where the last inequality is due to the fact that |||, < v/d||z|, V2 € R?. As such, we can note that,

> (Z pi(als) = ) < 3 (VA i Cls) = pals)])

sEST \a€A, SES,
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= Aumax 3. > (i (als) — p(als))*

SEST a€A,
2
= Amax [lp1 — "
Plugging this inequality into (1) yields the desired bound. O

B.2 Value, Action-Value, and Advantage Functions
On notation. In this subsection, we will use the following shorthand notations,

* 01(h), 02(h) returns the last history before h where player 1 (player 2, resp.) took an action,

* h € s signifies that history h belongs in the infoset s,

o W/ =7 h,h' =7 (h,a) signifies that 1’ is a successor/child node of h, (h, a);

* h €& (h,a) € & signifies that h, h, a belongs in the game trajectory £ from the root to a
terminal node.

Occupancy measure For a policy pair 7 := (71, 72), we define d™ : S — [0, 1] to be a finite
measure over all the infosets—summing over all infosets s € S yields the depth of the game tree
D(T)—where for any infoset s € S,

=) me(h) (h))p* (oa(h)).

hes

The value function of each infoset is defined as,

(s) ==Eq | 3" r () P() ‘ Shes:het
1S

1 N (o 1 T2 (0 1 -~ .
_Zhes,Uc(h);uf;rl(Ul(h))ﬂgz(UQ(h)) h/ﬂhg;h/tTh,uc(h )Ml ( 1(h ))MZ ( 2(h )) (h)

We define the advantage function,
AT (s,a) == QT (s,a) — Vi(s).

Finally, we compute the policy,

oV 0
20 = 35— 21O PE)
s,a s,a ¢
9log P(€)
—%jm(f)P(ﬁ) o
=;;r1<ﬁ>P<f)‘W1{ahe s+ (ha) €.6)
1 , Ologm(a’|s)
= zg:; (7“1(5)[?(5)7“(6”8)) m(a |S)$ﬂ{§lh €s:heg}
Ologm(ad
(g;ﬂ (h)u3* (o (h))Q(&a’)) m(a’ls)w
=d"(s Zwl a'ls) alogagl( o'|s )Q(s,a’). 2)
For direct policy parametrization, we get,
ovyr
m =d"(s)Q(s,a).
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For the softmax policy parametrization, (2) yields,

oy 11 0logmi(a’]s) /
90, =d"(s) Zﬁl(a |5)TMQ(37G)

Zm s) [1{a’ = a} — m(d|s)] Q(s, ')

d"(s)m 1(a\ )[Q(s,a) = V(s)]
d™(s)m1(als)A(s, a).

B.3 Properties of the Bidilated Regularizer

Introduced in ( , ), the bidilated regularizer offers an alternative to the commonly used
dilated regularizer ( , ). It can be seamlessly used along () feedback by dropping the
need of importance sampling which would be necessary for the dilated regularizer when the gradient
is estimated through trajectory roll-outs. The purpose of this refined regularizer was introducing
a distance generating function in the sequence-form space that would not necessitate importance
sampling.

B.3.1 Strong Convexity Modulus

Lemma B.2. For a choice of strongly convex function 1), and a weighting scheme {w1 s}ses,,
{w2,s}5632 and

Qi i= m}jn te(h) agn, i € {1,2} accordingly.

e
IS

Proof. For an appropriate choice of weights {w1 s }ses,, {wa,s }ses,. the weighted bidilated regular-
izer is defined as,

RY (u*, u5?) : Z:u’l a1(s)) (Zuc(h)u?(@(h))) wy s (m(:]s))

hes

Ry (ui*, u5?) : Zﬂz (o2(s)) (ZM(MM?(@(M)) wa s (ma(:s))-

hes

We can slightly refine ( , , Lemma C.1) in order to compute an explicit lower bound
on the convexity modulus of different weighted bidilated regularizer depending on the choice of .
From the fact that Ry (p7", 1152) is linear in p52 and the definition of the Bregman divergence, we
conclude that,

(VR +Ra) (W 15%) = V(Ra + Ra) (', ), (W' 15%) = <u§“au§2>>
2 an (#1 ||M1 P HG )JFBRW (/h ||N1 P HG )JFBRW (:LLQ ||N2 K )JFBRw (Hz ||N2 sy )

By ( , , Lemma D.2) we know that,

dil 1
Bry (i) = g mimpe () BE T )
As such, for the strong convexity modulus of the weighted qu/; relative to the choice of norm
appropriate for ¢, we write,

Qpi 1= mlﬂ fre(h) e

|31\
O

By ( s , Corollary 1), we know that there exists a weighting scheme, such that the
Euclidean dilated regularizer is 1-strongly convex w.r.t. the {5-norm. The procedure assigns weights
to nodes in a bottom-up fashion.
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At each leaf node s, the weights are set to
Wi,s = 1.
* For an internal node s, let s, o, ... denote its child nodes under actions a,a’, . ... For
each action a, compute
Wl,sa = Z Wi,s’ -
s'=7(s,a)
* The node’s weights are then set to
wi,s = 2 max Wl,sa,-
a

Corollary B.1 (Euclidean Regularizer). There exists a choice of weights, with
maxs Wy, s, Maxs Wa s = 6(2D(T)), and under the assumption that ming us(s) > =, the
bidilated Euclidean regularizer has a strong convexity modulus w.r.t. the {3-norm, o,

api = |g‘ mhinuc(h), i € {1,2} accordingly.
3
( s , Theorem 2) states that a recursion defines weights with max, w1 s, max, we s =

©(2P(T)) such that the entropic dilated regularizer is strongly convex w.r.t. the £o-norm.

Corollary B.2 (Entropic Regularizer). There exists a choice of weights, and under the assumption
that ming ps(s) > =, the bidilated entropic regularizer has a strong convexity modulus w.r.t. the
lo-norm, oy,

ent

oyt = |;‘ m}jn pe(h), i€ {1,2} accordingly.
K]

B.3.2 Lipschitz Moduli

Here, we concern ourselves with the Lipschitz continuity of the regularizers and that of their gradients.

Euclidean regularizer

Lemma B.3. The weighted Euclidean bidilated regularizer is ©(2P(7) D(T)\/|S|)-smooth.

Proof.
R (w1, 72) == (f(m1), g(m1))

where, f(m),g(m) € RIS with fy(m) = e, ne(W5*(o(m)uf o((h)) and gy(m) =
w, [l (1))

HVW] RS (7, o) — Vi, RS (7ry, m2) H

<@ gp(m) = Tp@) gl + 1T (m) [ g (1) — g(m)'|]
+ [ Tg(m1) = Tg (@D Tl + (1T (7D 1f (1) — f ()l

< (6V/51 + LyLy + Ly max || F(m)l| + Ly) Im1 — |

* For g, we see that L, := 2max, w, and ¢, := 2max, w, by the properties of the weighted
£y-norm and the fact that 71 (-|s) lies in the simplex.

* For f, it is easy to see that Ly, ¢; < D(T) since f is a multilinear function of non-negative
variables bounded by 1. Also, it holds that max, ||.f(m1)|| < /D(T).
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Concluding,

[V, R (71, 72) — Vi, RS (7], 72) || < 64 max wsD(T)/Sy ||y — ]|

Symmetrically,

[V, RS (1, m2) — Vi, RS (1, mh) || < 64 maxw, D(T) /S |ms — |l

Now, we need to bound the Lipschitz modulus of V ., ’R‘Q’“Cl(ﬂ'l, 7). Similarly, we write,

RSy, m2) := (f(m1),9) -

[V RS (1, m2) — Vi, RS (), m2) | < 135 (1) = (x|l

< 2msaxw;D(T) |71 — i -

Entropic regularizer
Lemma B.4. The weighted entropic bidilated regularizer is £-smooth with

{:=128 _n{lia)é}{max w15 H(1 + 1log Amax) v/ S1D(T)
€41, s

Proof.
Ra(my,m9) = (f(mx), 9) -

[VxRa(my, mo) — Vi Ra(myr, mo)|| < HJW(X)TJJ‘(”X) - JW(X/)TJf(WX’)
< (HJW(X)TJJ‘(WX) _JW(X)TJf(WX’)

< (2 OO 5 () = T g () |+ 13 ()T () = T= D gl
< (D(T) + §D(T)(S1Amax)*/?) maxwy s 1/log Bunax X = X' -

[VxRa(my, mo) — Vi Ra(my, o)
< T 00) = TN lgCAN + 1T D g (x) — 900l
+1T00) = IO LLOON + NI O ) = FOO

Now, we re-purpose the lengthy calculations found in the proof of ( ,
consider ¥ = xo + au for some u, x € R4, o € R,

d
‘ M ‘ < max wi 108 Amax [ty ;
da o B
hence, (since ||z||, < /51 ||z] ),
d2
M S max wi, s log Amax V Sl ||u||2 )
do? 9 s ’
or, Ly = log Amaxy/S1. Similarly,
d2
| < e (1 08 )l
and, as such,
d2
‘ w < 3maxwy o(1 + 10g Amax)V/S1 [[ull,
(0% 2 s

or, {y = 3max, w1,s(1 +log Amax)V/S1.
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C Efficient Exploration

Throughout our proofs, we have kept our complexity results parametric w.r.t. 1/-. A naive exploration
rule that would dictate that the player merely picks behavioral strategies over the e-truncated simplex
will give a v = O(eP(7)). We propose a different approach to exploration. In particular, every player
is expected to reach every subsequence with a probability Igil The rule is simple,

* at the beginning of each game, the player throws a biased coin which lands on “heads” with
probability ~. If so happens, the player executes a sequence of actions with probability ﬁ

Afterwards, the player continues to play according to their own behavioral strategy.

* In the case that the coin lands on “tails”, the player simply plays according to their behavioral
strategy.

We observe that in sequence-form, this means that u(s) > 37 + 187 2Zwes, 1H{s" =7 s} (in words,
the amount of “probability flow” reaching info-set s, is at least as much as ﬁ plus the flow that

passes through s to visit its children). In other words, the sequence-form strategies are truncated by
a set of linear constraints and as long as v < lsill\’ there set of feasible sequence-form strategies is

non-empty. We now observe that the mapping, from p to the part component of the behavioral policy
the agent can in fact control, is

,LL(S, a) - L;‘YT Zs/esl ]]-{S/ =T (57 a)}

H0S) — @ Swes, L5 27 5)
The “probability flow” passing through the edge (s, a) breaks down to a controllable part due
to the policy 7(a|s) and an uncontrollable one due to the exploration scheme. In particular, the
uncontrollable “probability flow” is precisely ﬁ X Y ges, W' =7 (s,a)}—i.e., proportional to

the number of nodes of the subtree rooted at the next node after (s, a) where player 1 acts. As such,
the Lipschitz continuity of mapping p + 7, is Lipschitz continuous with a modulus,

|Sl| V Amax
’y bl
by following the same line of arguments as the ones in Lemma B. 1.

m(als) =

™ g
1 >
Ml (S)-— le

In short, we are only adding an additional linear constraint on the feasibility set of 7" (and p3?,
respectively). Granted that that this new feasibility set is always non-empty, this y-truncated treeplex
remains a convex polytope.

Proposition 1. Let I be an n-player imperfect-information EFG I' with perfect recall. Also, assume

that players follow the exploration scheme of Assumption 2. Then, an e-NE on the exploration-
induced ~-truncated treeplices, is an (e + 2[1 — (1 — ~)"])-NE of the original game.

Proof. Let 7* be a joint policy profile, V™ will be the utility of player under no exploration under
joint policy 7* and V{f; the utility of player ¢ under the exploration scheme. When the exploration
scheme is followed, there is still a probability (1 — )™ that no player follows it for a particular
episode. Hence, for any 7*,

|7 V«Ii <(1-(1- V)H)(Ti,max - 7ai,min)

<I-01-=-2"

With the same line of reasoning, ‘maxw; Virrmui — max, V;TZ Ty < 1— (1 —~)™. Now, assume
{m} }ie[n) to be an e-NE. Fixing a player i, we want to compute the difference in the optimality gap

on the y-truncated treeplex versus the entire treeplex. Now, by definition of the ¢-NE,

L * L *
maxV "7 =V <€ = rr;e}x% -V <e+2[1-(1-9)"].

’
™ i
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Whenn =2,e+2[1 — (1 —7)?] = e+ 4y — 292 = O(e + 7).

D Regarding the Policy Parametrization

D.1 Definitions

Direct policy parametrization. Both players, parameterize their policies (or, behavioral strategies),
m : S1 — Aand 7o : S — B, using a concatenation of |S1| and |Sz| probability vectors over the
(potentially truncated) probability simplex A(A;), A(B;) for all s in S; and Sy correspondingly.
The parameter space of player 1 is denoted with X := [] A(A;), while the parameter space of
player 2 with JV := [ [, s, A(Bs).

seES

Softmax policy parametrization. Softmax parametrized policies have a well-known definition.
The parameters of the corresponding policies are denoted y, 6 with y € R4, A = > s As and
0 cRB B= Es B;. For each infoset s, the policy is,

exp(Xs,a) exp(0sp)
my(als) = =———— or my(bls) = =—2"—.
) = 5 ety ) = S e 0]

Now, since we want to have control over the minimum eigenvalue of the Jacobian of softmax(-), we
restrict the parameter space to the following convex polytopes,

Xpi= {x RN A=3" A0 x[1=0, Vs €81, Ixei — ol < 2R, Viij € [A]}3

On = {9 €RP,B=Y B,: 6]1=0,Vs € S, |0, — 0., < 2R, Vi,j € [BS]}.

D.2 General Properties under Parameter Constraints
Lemma D.1. Let J := Jsoftmax(0) € R%? pe the Jjacobian of the softmax map. It matrix form is:

J = diag (softmax(#)) — softmax(6)softmax(6) .

Further, the vector 1 is an eigenvector of J with a corresponding eigenvalue of 0. The rest of the
eigenvalues are

A; € |min softmax; (), max softmax;(6)
i€ld] i€ld]

Proof. For brevity, define o := softmax(6), and let diag(v) be the d x d diagonal matrix whose
diagonal is equal to the entries v € R,

J = diag(c) — o0 .

First, we observe that the all-ones vector 1 € R? is an eigenvector of J with a corresponding
eigenvalue of 0,

J = diag(0)1 —o0 "1
=o—o(c")1
=0c—-0=0.

By Weyl’s inequality for two Hermitian matrices, A, B, we know that their eigenvalues indexed in a
descending order \;(A) > --- > \;y(A) satisfy,

Aitj—1(A+ B) < Xi(A) + Aj(B) < Aij—n(A+ B).

. . 2
\i(diag(0)) = of while A\g(—00T) = — |03 € {—1, —ﬁ}. Hence,
* A\Lin(3) > mingepq 04(f) — by taking i = dand j = d — 1;
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© 03 < Amax(J) < max;e(q) 05(0) — by taking i = 2,j = 1forthe LHSandi = 1,j = 1

for the RHS.
O
Lemma D.2. The softmax map is %d3/ 2_smooth.
Proof.
2
Gy = Ui = ) T () = 0e) T (2)
as such ‘% < 3. Then, || V3softmax(z)||op < 2d%/2. O

Lemma D.3. Assume 6 € R with € Op :={0 € R :0"1 =0and |0; — 0;| < R, Vi, j € [d]}.
Then, the following bounds hold true,

1

. minie[d] softmax; (6) > TF@-1)e2R’

d maxie[d] SOftmaXi (9) Z W.

Proof.

Minimum probability lower bound. W.l.o.g. we minimize the first coordinate. We write,
el _ 1
P D D

By observing that,

eli—t < maxe

J

9j—01

‘We can lower bound the value as,
eh S 1
Yoief T 14 (d—1)max;{ef 01}
It suffices to maximize the quantity max;+1 gpco,{0; — 61} as the RHS quantity is non-increasing in

max;-£1 gco,{0; — 61}. Le., the largest difference between two coordinates of a vector in the sphere
is 2R. The minimum is achieved when 6; — 61 = 2R and 0; = 0;,Vj, k > 2.

Maximum probability lower bound. Similarly, w.l.0.g, it suffices to maximize softmax; (6) for

0 € Og.
— 691

el ey e
01

(&
< 691 + (d — 1)eZL 0;/(d—1)

where the inequality follows from the convexity of e”. For any § € Op the point () =

(61,... %, ...) is also in O due to the convexity of the set (it is a linear polytope). We can
simply optimize the objective,
1
max —————————
ab 1+ (d — 1)667‘1
s.t. Ja — b < R.
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Due to the objective function’s monotonicity in b — a, the program can be simplified even more into,

minb—a
a,b
s.t. Ja — bl < R.

Finally, it is clear that the last objective is minimized for a — b = —2R. Letting e < (d — 1)~2
O

In this vein, if we want to bound the minimum probability of the softmax parametrized policy

by e > 0 for an R > 0, we need to set R < 1/2log (Eld%sl)) Then, it is also the case that

maxgeeo,,; softmax;(6) > keﬁgﬁ >1—e—e(d—1)>2

Proposition 2. Let p be a probability vector in A?~! and define 6(p) to be the set of @ such that,
softmax(#) = p. For any two 6,6’ € 0(p), there exists a ¢ € R, such that § = 6" + c1.

Proof. By assumption, softmax(6) = softmax(6") = p. For every entry i,
0; o0

e
SIS S
Letting Z := Zf eli, 7' = Zf we observe,

0; =0; +1 Z
; =0 ogZ,Vze{l,...,d}.

Hence, any two 6,60’ that map to the same probability vector are translations of each other in the
direction of 1. O

Proposition 3. Let a probability vector p € A%1 and the set, O(p) , of vectors 6 € R such that
softmax(¢) = p. For the vector 6* := arg mingcg ) it holds true that,

170 =0.

Proof. The set 0(p) takes the form (p) := {(6; = logp; + ¢) | ¢ € R} = {0y + ¢l | ¢ € R}
Picking an arbitrary 6, € 6(p) to use as a reference, we can write the problem of minimizing ||6||, as,

in [10||> = min ||6y + c1||?> = min |60 |* + (6, c1 1.
mm)H [ rglelﬂgll o +cl; Icrgﬂgll ol” + (fo, 1) + ||c1]]

0co(p
By the first-order optimality conditions, ¢ = f%HOT 1. Plugging back this for 6*, we see 6* =
0o — 1(67 1). We see that, 176* =176, — 2] 1 = 0. O

Lemma D.4. Assume a fixed 0 < R < oc and define the set Op to be O := {§ € R? : 971 =
Oand |0; — 8] < R, Vi,j € [d]}. Then, softmax(ORg) is a convex set.

Proof. For any p € A1 for which e 2 < % < e?R Vi j € [d], there exists § € O such that
softmax(#) = p. To see this, we apply the logarithm on the inequalities,

—2R <logp; —logp; < 2R. 3)
A vector x with entries x; := logp; clearly implements p. By (3) we see that subtracting x =
max; log p]’;mmk 18Pk from all entries yields a softmax-equivalent vector x; := logp; — x with

) softmax; (6 2
—R < x} < R. Conversely, for any 6 € O, e 2% < % < 2R,

Now, the set defined by the inequalities p € A?~! e72R < g— < €2 is clearly a linear polytope
J

and as such, convex. O
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E Gradient Domination

E.1 Direct Policy Parametrization

Lemma E.1. The utility of the game regularized with the weighted bidilated Euclidean regular-
izer with a weighting scheme defined in Appendix B.3.1, satisfies the pPL condition for directly
parametrized policies,

Tminh ,U/c(h)’YS . 1

EETIAEEE - <z o)
101]S, [3 Viw,y) = V(=" (y).9)] < 5Dx (2, Ly);

7 miny, pe(h)y? N 1

Tming felV)y” B 1 .
Bisp Y@y @) - V@l < 5Dy 62)

Proof. We write the utility function of the regularized game,

HY g, p2) == (1, Rpo) — 7R (pa, i) + 7RG (1, o).

For player 1, we know that the function HU“! is strongly convex with an appropriate weighting
scheme {w; s}, (correspondingly {ws2 4} for player 2),

eucl

TOY 2
HN W, o) > HEN i, p2) + (V0 HO (), 1y — i) + ;l 1 — p25

Strong convexity implies the KE. condition for ;. In turn, using the bound on the Lipschitz continuity
modulus of the map 1 — x,

. 1
H (s pg) — H:LI*HH:eud(Nl*vﬂ2) < 3 lsell5 - €
! 2ragyel (I‘;{ﬂ)
Now, we know that a£i<! = %ﬁcul) (Corollary B.1). The conclusion follows from Lemma G.2.
O

E.2 Softmax Policy Parametrization

Lemma E.2. The utility of the game with softmax-parametrized policies satisfies the two-sided
pPL condition,

7miny, pe(h)y? N 1
_ < Z
10181 [3(1 + (Aax — 1)e2R)2 V060) = VO 0] = 5Pxa . 6:6)
7miny, pe(h)y? N 1
_ < = .

Proof. The main challenge in proving this lemma, is the fact that the softmax mapping is not a
bijection; this is manifested with a rank-deficient Jacobian of the mapping. Nonetheless, the direction
in which the Jacobian mapping is rank-deficient is the vector 1. The latter, coupled with the fact
that policies are concatenations of simplices (i.e., normal cones contain the direction 1) allows us to
establish the KE.-condition.

Concretely, from (4), we know that the KE.-condition holds for the policies. What remains to show is
that the KE.-condition also holds for the parameters x (and 6).

For some R > 0, let X' := softmax(Xg) be the convex set of softmax-parametrized policies where
Xp = {0 € RAA = S, 4, + 31 = 0,Ys € 1, lxei — Xogl < 2R, Vi j € [A]]}. By

overloading notation, let V' (m,, mg) be the loss function of the minimizing player as a function of
policies ,, mg and V' (x, 6) the utility as a function of parameters x;, 6.
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Now, we note that the subgradient s € 9r (V(my,m) + Ix,(my)) that minimizes ||s|| is such that

571 = 0. So when picking a norm-minimizing s, it suffices to look at the set of subgradients that are
perpendicular to 1. Further, the chain rule applied on V' (7, ) + Lxy, (7 ) yields,

Oy (V(my, o) + Lp (my) € I() (VaV(mry, m9) + Ol () - ©)
Moreover, we not that by the symmetry of J(x),
1300s]* = s"I00 "I (0)s
> A (300 TI00) N8

2 2
> (AL (300)) " NIsl- 6)
From inclusion (5) we infer that:
min [[w]| = min o] .
wEBX(V('er,‘n'g)—i—IXR('er)) 7)EJ(X)(va(ﬂvaO)""a‘frIXR(”x))

Lemma D.3 provides the bound AT, (J(x)) > W and the conclusion is proven.

E.3 Mahalanobis-PL

Lemma E.3. The utility of the game with softmax-parametrized policies satisfies the two-sided
Mahalanobis pPL condition,

7miny, pe(h)y?

) 1

101 A max(M~1)[S13(1 + (Amax — 1)e2F)2 3
7 miny, pe(h)~3 . )

101 A pax (M )\Sg|g(u —(1— z;max —1)e2R)2 V(x,0") —V(x,0)] < 3

[V(X79) - V(X*a 0)] <

Proof. We invoke (6) and the fact that |[w||3;—: > Ak, (M) [Jw||® for any (w,v) = 0, Yo €

ker (M’l). Also, we use Equation (¢-trunc.) and Assumption 2 to bound A7, (M™1). In detail, we
know that,

SiP(1+ (Amax — 1)e2R)? ,
[Su(1 + )e) i lwl? > V(x,0) — V(x*.6).
T Iinp, ,U,C(h)’)/ wEBX(V(ﬂ'X}ﬂ'a)*FIXR(ﬂ'X))

When M := F(y, 0), it is true that %hls‘fj()e < Amax (F(x, 0)) < 1.

O

The spectrum of the Fisher Information Matrix With the same arguments used in Lemma D.1,
we can conclude that,

° Amin(]:?(X; 0)) = O;

. /\r';in(F(X, 6),) > d(s) min, 7y (als);

o d%%(s)ming , my(als) < Amax(F(x, 0)s) < d¥9(s) max, 7, (als) + 1.
Hence,

* Ao (F(x,0)) > min, o d(s)my (als);

min

minyg pe(h
° ’”TTS;“)E < )\de (F(X,G)) S 1

While, dX:f(s) > % by Assumption 2.
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E.4 Weak Gradient Domination

Following, we conclude this section with a proof of the weak gradient domination condition.

Lemma E.4 (Utility Weak Gradient Domination). Let an imperfect-information EFG, T, following
Assumption 2, then it holds true that

o 1
VT2 _ min V71072 S — max <V771 VT2 , 1 — 7T'5_> ;
b a m

/ 1
max V702 — VT2 < — max (V,, VO™ 1) — o),
) o wh

~

or qy = ——5——
for az V315112 Amax

_ v
and o, = .
Yy 3

182122 Brnax

Proof. We use ( , , Prop. 2) by using the fact that the diameter of the treeplex is
at most /2|S1 || Amax| and the fact that the Lipschitz of uj* — 71 is [S1]v Amax VVA“‘“. Then, we use the
fact that max, .|| yex (Vf(2), 2 — y) = minyep, (1412 (2)) V|- O

F Gradient Estimators

In this section, we demonstrate that the well-known stochastic gradient estimator, REINFORCE, can
be used yield an unbiased estimate of bounded variance of the gradients of the non-regularized and
regularized imperfect-information game.

F.1 A Policy Gradient Theorem

We define a trajectory & to be a sequence of consecutive history-action pairs, & =
((h(l), ag(ll))), (h(Q), av(:(22))), .. ) The length of trajectory £ is noted as K, and it is bounded by
the game-tree’s height, D(7). We define K to be the set of all trajectories and note that it is finite.
After a policy profile, (71, m2), is fixed, the probability of each trajectory £ € K taking place is the
product of the probability of each consecutive action,

K
P (€)= [ [ i (aig)y 1),
k=1

where i(k) denotes the player that takes an action at timestep k.

Lemma F.1. Under the assumption of (e-trunc.), it holds true that the gradient estimator
(REINFORCE) is unbiased,

E¢mry,m [64 =V, V(m,m), and E¢on, o, [ﬁy} =V, V(m,m);

and also, its variance is bounded:

e |72 = 0¥ (ra, )| < ST
Bevmm | [9 = 9 ()] < B 2T

where A, B denote the maximum available number of action in any infoset for player 1 and 2
respectively.

Proof. We first show that the gradient estimator is unbiased. Indeed,

Vo V(m,m) = Vo [ Y reP(™™
(e

=Y eV, P(¢)

fex
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=Y reP(¢)

Lex

=Y reP(¢)

Lex

= EgNTr177T2

=Eenryms

= EéNﬂl,‘frz

V. logP(€)

Ke
Z (VI log (k) (al(,?,z) |h(k)))
k=1

rgzv log ;s (k) \h(k )

- Ke

Te Z V. log m; (a(k)|s(k))
k=1

.

The proof for ﬁy uses an identical argument. We will now proceed to show that the variance of the
(REINFORCE) gradient estimator is bounded:

2|

V.

~E[V,]

2 M1~ 2
B
- . )
= Eg ’I“gzvx logm (&(k)|8(k))
k=1
- . o
< E¢ Z V. log m (a®[s))
k=1

K¢
<E¢ | Ke Z HVI log 71 (a(k)|s(k)) H2
k=1

Z HVI log 71 (a(k)|s(k)) H
k=1

kzl 2 Mo = sha =My )
Z Z s =sH}——
e ”1(a|5 )

T)Ee Z Z 1{s = s}

k=1 s,a

=D(T) Z P(¢) ZZ 1{s = s}

£eKk k=1 s,a

2 2
< ATDT)°

g

O

Lemma F.2. The variance of (REINFORCE) for softmax-parametrized policies is bounded as
og,0% <2D(T)%
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Proof. We see that Vg log mg(als) = es.o — mo(+|s). From then on, || Vylog mp(als)|| < /2 with
probability 1. Then, the proof follows arguments similar to the previous one. O

Policy gradient of the bidilated regularizer We define the policy gradient estimator of the bidilated
regularizer, VR, as:

Ke Ke Ke
T.R1 = (2 0(m(s) | 30V logm (6®1®) + 3 V(i ().
k k=1 k

We will demonstrate that this gradient estimator is, in fact, both unbiased and enjoys a variance that
is bounded. We start with a preliminary proposition about an alternative expression of the regularizer.

Proposition 4. For a policy profile 7y, 2, the bidilated regularizer, R can be alternatively defined
as:

Ke
R1(77177T2) _ Z[Pﬂrlﬂm(g) Zw(,ﬂl(s(k)))
k

ek

Proof.

Rulmi,m) = 3 Wl (o(s)) (Z e ()52 (a(h») $(m(s))

sES1 heEs
=Y P (s)(m(s))
s€S)
Ke 1
=3 Ee | > 1{s = 5" }(m(s))
seS1 k
K¢ 7
B [ 303 1{s = s9)(mi (5)
_5681 k _
=Ee | Y > 1{s =sMp(m(s))
k sES J

K
=, Z¢(F1(S(k)
k
L "
_ Z]P;'n'l,fm(g) Z¢(7T1(S(k)))
k

ek

With the latter expression, proving the desired properties is easier.

VR (1, m2)

K¢
= Vo ) P | Do v(m (s))
£exk k
K¢ K¢
= Z V. P™72(8)) Zw(ﬂ'l s(k) + Z P2 ( Ve Zw(m (s(k)))
gek k cek k
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Ke
=) (BTT(E)V, log PTT(€)) (Z »(m (s(’“))))

ek k
K¢ -
+ Z P72 (5) (Z Vﬂ/}(7ﬁ (S(k)))>
e k

w2

For @1, let us denote Re = S1° ¥ (m (s™)),

@1 = Re Y PV, log PT(€)
£ex

=" ReP(6)V. logP(€)
fex
Ke
=Y ReP©) Y (Vo log i (alf) 1) )

cek k=1

- Ke
k .
= EENﬂj,Trz R{ Z \Z 10g T (k) (ai(lz) |h(k)):|
k=1

- P
= Eg,wrl,m R{ Z V. log m; (a(k) |S(k))] .
k=1

For w9, we write,

Ke
wy = Z P72 (€) Z Vacl//(ﬂ'l (S(k)))
k

ek

;ﬁw(mw»]

We will use similar arguments for the variance in the case of the (REINFORCE) gradient estimator.

|

M1 ~ 2
<s[ferm]

V,Ri—E [%Rl} Hz]

2 2

<E |2 +2

z;:w(m (+))

’191 192

(i W (m (8(’“’))) i V. logm (a]s®)

k=1

For 91, similar to Lemma F.1, we see that

2,12 2
< A wmaxD<T) .

E[] < -

Whereas, for 95,

E[M <E [KE % vaﬂ/}(ﬂ'l (s(k)))HQI
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K¢
<E|K) L
k
< D(T)*L},.

Finally, we note that when Assumption 2 is followed, then (REINFORCE) is also an unbiased
estimator of bounded variance (same bounds as previously) of the perturbed version of the game. The
reasoning is the same (when a player is exploring the gradient of the probability of an action is zero)
and as such we omit it.
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G Optimization Lemmata

Definition 6 (Stationarity Proxies). Assume a function F' : f + Ix () such that f : X — Ris
C-smooth relative to ||-||; and Ix(-) is the indicator function of the set X. We define the following
stationarity proxies,

* gradient of the Mahalanobis proximal mapping (MPM),

2

A,(z) = p? Hx — pl"OXF/p(l‘)HMt

with proxp,(-) := argmin,, {F(z') + § || - — 2|30}
* Mahalanobis gradient mapping (MGM),
2 2
AF (@)= p[lo = 2™y,

where x = argmin, ¢ y ||z — pM71Vf(:c)||i/[,

* Mahalanobis forward-backward mapping (MFBM),
D(w.p) = —2pmin{(Vf(),a —2) + § | — '[pg + Lx (') — Lx(2)},

Lemma G.1. The following properties hold true for the proximal point and the Mahalanobis Moreau
envelope,

. VE,(2) = L(z - &)

1
p

¢ dist(0,0F(2)) < [|[VF, ()|l pp-1
« F(#) < Fy(#) < F()

Proof. The first and last items follow easily from the definition and standard arguments (
, ). The middle one uses the optimality condition of & := prox,, r(2),

1
0e€o (F(:ﬁ) + ;M(ﬁc — m)) ,
from which we conclude,

1 . N
;M (x — &) € OF ().

Finally, we conclude that min,, cop(z) ||SLHi/I_1 < p% lx — §7||i,[ . O

Definition 7 (pPL, KL). Let f : X — R be an L-Lipschitz continuous function with ¢-Lipschitz
continuous gradient. Then,

* Proximal Polyak-t.ojasiewicz (pPL): f is said to satisfy the proximal Polyak-E.ojasiewicz
condition if 3o > 0 s.1.

1 *
7 Pa(,0) 2 a[f(z) = f(2")]
» Kurdyka-Fojasiewicz (KL): fis said to satisfy if & s.t.

3 2 _
22 — f(*)], Vzea.
el sl 2 20 ([ () = f@h)], Ve

The definitions for the Mahalanobis analogues of pPL and KL follow straightforward extension.

Lemma G.2. Let f be an {-smooth function relative to H||12v1 defined over the convex set X. If f
satisfies the (Mahalanobis) KL condition with modulus v, it also satisfies the (Mahalanobis) pPL
condition with a modulus of app) = 535
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Proof. First, we define F'(z) := f(z)+ Ix(x), with Iy (-) being the indicator function. We highlight
that since Iy () is convex and f is {-smooth (relative to ||- ||i,[), then F is {-weakly convex (relative
to ||- ||12v[) This means that the proximal point of the function F'/p is well defined for any p > ¢.

Now, assume a point x € & and & := proxp, p(x). By assumption, for any & € X, it holds true that,

sl > (@) - /)

where s; € OF(Z). The latter implies that for the gradient of the Mahalanobis-Moreau envelope of
F', it holds that,

SI9R @I > olf(@) — 1]
= a+alf(@) - f()]

/
>alf@) - 11-a (o P+ - alk) @)

where (7) follows from the fact that F’ is an ¢-weakly convex function, and for every v € dF(x). To
see this, we write that due to weak convexity (relative to ||- ||§,I),

1
F(#) > F(o)+ (& — ) — 5 o = lly
L+p

X 4 N X
= F(2) +(v,& —2) + 5 ||z = g = = |2 =y
. p 2 {+p 112
> _ - _ _ " _
> F(a) +min {(Vf(@)y—a)+ 5 lle = ol } - =2 o — 23
1 4
= F(z) ~ 5-Dle.p) ~ 5 o~ i

Collecting the terms,

1 {4+ 14 2 [0}
(5+ 055 ) IVE@)l + 52(00) > alf) - £,
A direct generalization of ( s , Lemma 1), implies that for the MFBM and a choice of
p1, p2 > 0 such thatp, > po, then D(x, p1) > D(x, p1). As such, we write,
1 L+p 2 @
(5452 ) IV F (@) g s + 5Dl 20) 2 alfo) - 1]
We can pick p = 44 which then yields,
1 12« 2 [}
(5+22) IVFyan @y + P10 2 alf(o) - 1]

Observing that o < / in general, we re-write:

25 1
5 IV E 0 @) [y + 5D 40 = a[f(x) = f].

Now, from ( s , Lemmata 4.1 & 4.2), we know that,
(12
16D(z,40) > ||V Fi/p(2)||yg 1

which we plugin in the former inequality to finally conclude that,

1 1%
—D(x,40) > — - 7.
D(e,40) 2 [ (x) - 1
O
Remark 3. The latter lemma provides a bound that is significantly tighter than the one implied
by the analysis found ( , , Appendix G) which connects the moduli of the KLand
pPLconditions.
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G.1 A Variation of the Descent Lemma

The following lemma is a consequence of the three-point identity of the Mahalanobis norm and the
smoothness of f.

Lemma G.3 (( ,Lemma 1)). Let f : X — R be an £-smooth function relative to
I-llng, and a point x € X C R Also define the vector v € R and y € X to be

y := Proj (ac —nM,;~ v) .
XM,
Then, the following inequality holds true:
f) < f2)+ (V@) —v,y —2)

¢ 1 ) ¢ 1 2 1 2
(59 I wlsa (54 5 ) b=l =<l

Lemma G.4. Let X C R? be a closed convex set, and let f X — R be an (-smooth function
relative to ||-||\;, for some £ > 0. Suppose n > 0 withn < ;. For any x € X and any vector

v € R?, define x* = Projy u, (x — 1) . Then the following mequalzty holds:

flz )<f()—fDX(w 1/n) + fIIVf(m)—vaVI;l.

Proof. First, we define T+ := Proj y r, (x MV f(z ))
* Invoking ¢-smoothness relative to ||-[|ys, of f for 2,7 and assuming p > 0 with p > ¢,

FE2) < 1) + (V) e — )+ g ey —aly,
F@) + (VF@),74 —2) + L s — 23y,
( 7y = 2 los — wlis,)

¢ Invoking Lemma G.3 withz =2,y =Z4, 2 =z, v = Vf(x)

f@) < 5@+ (5 - 5 ) I~ ©

* Again, invoking Lemma G3 butwithx =z, y =z, 2 =Ty, v,

flay) < f@) +(Vf(@) —v, 24 —Ty)
/ 1 l 1

2 - 2 — 12
+ (2 - 277) 4 — llpg, + (2 + 277) 1Z4 — zlln, — 2 24 =T [y, -

Combining the previous inequalities as 1/3x(8) and 2/3x(9), and letting 1/p = n < %
yields,

4

Adding (10),

o) < £@) = J0x(e 1/ + (5 - ) I el
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+(Vf(z) v,y —T4)

(2= DY s =l + (4 ) s — ol — o s —
2 2,’7 Mt 2 277 Mt 2,'7 Mt
n 5¢ 1 _
< 1) - oxteam+ (5 - o)l - ol

1
IV = vl + 5 e~ Ty,

14 1 2 1 R

+ (5~ 0 ) o —ali, = o low -1, ab
n 5¢ 1Y\ ,_

— 1)~ Ioxto /) + (5 - ) e~ ol

n
+ 5 IV (@) = vllzg,

¢ 1 )
+ 2 2 lz+ — zlln,

< f@) = 3Dx(w,1/m) + L[V (@) = olljg, (12)

e (11) follows from the application of Young’s inequality on

<Vf(x) —v,zt — f+> = <Mt_1/2Vf(x) — o, MYzt — f+> ;

* (12) follows by dropping the non-positive terms; non-positivity follows from the choice of
the step-size, n < .

O

G.2 Min-Max Optimization

Lemma G.5. Let f : X x Y be an £-smooth function, p > 0, two points y,y' € ), and a point
x € X. Then, the following inequality holds:

_ 2
1D (z, p;y) — D (2, p39)| < BAmax(M; ) |ly — ¢/ ||” .

Proof. We define Z, T € X to be:

7 := P10j (w - 1Mt1sz(wyy>> ;
p

1
7' := Proj <JU — M,g_lva:f(%y/)) :
X, M, p

By the definition of Dy (z, p; y') we write:

5=Dx(w,p1y) = (Vf(2,y), 2 =) — § [lv — |3y, ;
— —12
3;Dx(z, piy) = (Vf(2,y),x = 7') = § |z = 7'y, -

Considering the difference Dy (x, p;y) — Dx(x, p;y') we see that:
1
%IDz«(w, p;y) — Dx(z, p;y')|

= [(Vat(@,9) = Vol @), 7 =) = £ (o =Ry, — o~ 7134, )|

[\V]
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< (Ve (@) = Vel @), =) + 5| (e = 7y, — e =13y, )|

< |<V$f($,y) - vmf(xvy/)vf/ - f>| + g ||T*T/Hi/[t

N

— _ P =  —r2
> ||fo(fﬂ,y) - me(xvyl)”M;l ”xl - xHMt + 5 Hl’ - ‘xI”Mt

1 1
Vet @) = Vaf @yl + o, 192 @9) = Vaf (0,9 g

IA

Amasx (M 2 | Amax(M;! 2
< 2o 1Y, f(2,y) — Ve f (2,0 + 22208 |V, f(2,y) — Vaf (z,y)]
3Amax (M; )62 2
< PomaxM JE )y |

= 2p
We note that:
* The first inequality follows from the triangle inequality.
* In the second inequality, we applied the reverse triangle inequality.
* The third uses the Cauchy-Schwarz inequality.

* Finally, the second to last uses Lemma G.9 while, the last one, invokes the ¢-Lipschitz
continuity of the gradient.

O
Lemma G.6. Let f : X x Y be an {-smooth function such that for any x € X, f(x,-) satisfies the
proximal-PE condition with modulus o > 0. Then, the function ®(z) := argmax,cy, f(z,y) is

£,-smooth, with

g*;:g(1+€)_
o

Proof. We effectively need to show Lipschitz continuity of the maximizers y*(-) := arg max, and
the proof will follow from Danskin’s lemma and f’s own ¢-smoothness. So, we write by the quadratic
growth condition,

5 @) =y @I < fla,y* () - Flay @), (13)

We denote Dy (-, p; ) := —2parg min, .y {(~V f(z,y), 2 — y)+£ ||y — z||°} and by the proximal-
PL condition, we write,

Flay* (@) = £, (@) £ 5Dyl 60). (1)

Now, we aim to bound Dy (y, £; ) by ||y*(z) — y*(2')||*. We observe that,
*

Dy (y*(x),4;2) = 0.
Hence,
Dy(y* ('), b;x) = Dy(y* ('), {; x) — Dy(y*(x), {; )
<20 o — x| (15)

where the last line follows from a slight sharpening of the proof of Lemma G.5 (for the function
h(y,z) = —f(x,y) and M = I). Finally, piecing inequalities (13), (14), and (15) together,

4
ly*(z) =y* (@) < ~llz = 2] - (16)

What is left to do is to observe the following, due to Danskin’s theorem and ¢/-smoothness of f,
[Ve®(z) = Vo®(a")|| = (Vo f(z,y*(x) — Vo f (2, y*(2"))]]
<Lz, y* () — (@', y* (@)l

62
Stz = 2|+ —flz = 2|

The latter inequality follows from (16) and completes the proof. O
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Lemma G.7 (( s , Lemma D.3)). Let f : X x Y be an {-smooth function.
Additionally, assume that f(-,y) is ay-pPL for all y € Y and f(x,-) is c,-pPL for all x € X. Then,
it holds true that:

®* := minma = max mi .
gg(lglegf(x,y) I;leggg(lf(x,y)

Lemma G.8 (( , , Lemma D.4)). Let f : X x Y be an {-smooth function.
Additionally, assume that f(-,y) is ay-pPL for all y € Y and f(z,-) is oy-pPL for all x € X. Then,
the function ®(z) := maxyey f(x,y) is ay-pPL.

G.3 Regarding the Mahalanobis Distance

Throughout, we will refer to a positive-semidefinite matrix M € R?*¢ and its Moore-Penrose pseudo-

inverse M € R4*4, Although in general a PSD matrix cannot define a distance, restricting 2,y € R?
such that (z — y) € ker(M)=, then ||z — y||3; := (z — y) TM(z — y) satisfies all properties of a
metric. As we shall see, this seemingly arbitrary assumption is satisfied for every pair of consecutive
updates of natural policy gradient steps. The matrix rank-deficient matrix we are interested in is
policy gradient Fisher information matrix, and for softmax policy parametrization, it is rank deficient
in the direction 1 € R?. Further, the gradient V f(z) as

Proposition 5. Assume that 5 = 0. Also, let v,/ 1 = 0, Vt € {1,2,3,...}. Then, setting
;11 = 0; — nM'v, guarantees that,

(0131 —6,)"1 and 61 =0, Vt.

Proof. Since, 0,41 = 6y —nMT'v,, we see that 6, ;1 = (6, —nMTv,) "1 = 0and (641 —6;) "1 =
0. O

Proposition 6. Let © C R? be a convex compact set. Assume that §y = 0. Also, let v, 1 = 0, Vt €
{1,2,3,...}. Then, the following minimization problem has a unique solution,

i 2
9€®,s.t‘1(19nfngt)T1:0 H (6t - UMTUI‘,) — 9”M .

Further, it is equivalent to the minimization problem,

1 2
' 0—0)+ =110 — Ollag ¢ -
Ge@’s.t.r(reujbt)leo {<Ut’ t> + 2,'7 ” tHM}

Proof. Tt is clear that, for 6,y € ©,071 = xT1 = 0 the function ||0]|3;, [|0 — x||3; is strongly
convex in 6. Hence, both problems attain a unique minimum.

For the first problem, the first-order optimality conditions for the write,
(07 — (6 —nM'v,),0—0%) >0, Vo€O©,0"1=0.
Noting that, (* — (6; — nMTv;)) "1 =0and (6 —0)"1 =0,
(MO — M6 +nu, MT (0 —07)) >0, V0€©,071=0

But, since the matrix M is PSD and the last inequality is a condition on the sign of the inner-product,
it can be written equivalently as,

(MOt — M0 + v, (0 —67)) >0, V9€6,071=0.

The final inequality, is exactly the first-order optimality condition for the second minimization
problem. O
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G.4 Alternating Mirror Descent using a Changing Mahalanobis DGF

G.4.1 Supporting Lemmata

Lemma G.9. Let vy, vy be vectors in R and X C R? be a compact convex set and a scalar n > 0.
Also, let points x, x5 € X such that:

x] = Proj (Jc — anlvl) ;
X, M,

x; := Proj (x - th_l’Ug) .
X, M,

Then, it holds true that:

|27 = 23 || pg, < 0llvr = vallpg, 1 -

Smoothness Relative to the Mahalanobis Distance
Proposition 7. Let f be a function ¢-smooth relative to the ¢5-distance. Then, it is ﬁEMt)-smooth
relative to the Mahalanobis distance induced by a positive definite matrix M.

Proof. We will merely demonstrate that if f is /-smooth (relative to /5-distance) it is also the case
that:

2
12 = ylin,

[f(y) = f(2) = (V[(z),y —x)

For one direction we use vector norm equivalence to write:

F(w) > 1) +{Vf(@),y ) — & o~

> )+ (V @)y =) = g5 o =l

‘ - 2)‘m1n(Mf)

Correspondingly for the opposite direction:
14
F) < @) + (VI @)y —2) + 5 o =yl

< f@) + (VI@)y = 2)+ i e =il

O
G.4.2 Convergence of Alternating Descent Ascent
‘We consider the iteration scheme,
. 1
Zer1 = argmin (V f(ze, ye), & — x1) + 5 Hx—aﬁtﬂi/[m
zeX Nz
. 1
Y1 = argmin (—V f(ze41,50),y — ve) + 5— Iy — wellar . (17)
yey 2ny v

Assumption 3 (Unbiased Gradient Estimators and Bounded Second Moments). For all iterations t,
the gradient estimators G (xy, yi) and G, (x¢, yi) satisfy

E Gz (4, 1)) = gu (e, Y1),
E[gy(zt,y¢)] = gy (e, w1,

and
E {190 (2o, 30)|I?] < 02,
E I3y (e ) I°] < 02,
Inturn, ||g.(z¢,yt) — Va f (26, ye)|| < 0a, (e, yt) — Vyf (@, y0)l| < 0y
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Theorem G.1. Let f : X x )Y — R be a bounded in the interval Ay, {-smooth function and
X, Y be two convex sets with Euclidean diameters. Moreover, assume that f satisfies a two-sided
pPL condition with moduli o, for all y € Y and o, for any x € X. Additionally, let (§, §,) be an
inexact stochastic gradient oracle satisfying Assumption 3.

2
* When M.y =1, after T iterations of (17) with a choice of stepsizes 1, = ggﬁ and ny = é,
it holds true that:

E®(r) — ®* + 15 (E®(r) — Ef (21, 1))

apa 2 2 col?02 ol?5?
S exp (_ yT Af + Clam + CI(S;E + 2 Y + 2 Yy

b
96043 oy oy lae%y a2

where, Ay := maxzecx yey f(x,y) — mingex yey f(z,y) and c1,c2 € O(1).

e For a general choice of M.y (Mahalanobis metric), after T iterations of (17) with a choice
3

of stepsizes N, = ﬁ and ny = é, it holds true that:

E®(zr) — ©* + & (B®(zr) — Ef (a7, yr))

2 2 2 2 2 2 52

Qp 10 c10 col o o040

< ex Y T 2 x x Yy y’
p( 960¢3 ) f oy Oy awaz awaf’

where, Ay := maxzex yey f(2,y) — minger yey f(2,Y), Amax = max; Apax(M. ;)
and c1,c3 € O(1).

Descent on & In order to guarantee descent, we pick 1, < Wl(lv[“) By Lemma G.4 we write,

E®(wr41) < E®(x:) = ED (@, 1/m0) + moE [ Vo(@e) = Vaf (e, yo)llag
+ 277%‘7:20 + 277fc592c'
Equivalently, subtracting ®* from both sides yields,
E®(ws+1) — @ < E®(x1) = & — TEDY (v, 1/m0) + noE [ Vo®(wr) = Vo (@, )2
+ 20,02 + 21,62.
Further, a simple re-arrangement reads,
E®(@e11) ~ BO(wr) <~ EDY (w1, 1/n0) + 0 [Va(wr) = Vo (0, 00) g

+ 21,02 4 21,62,

Ascent on f(x, ) Requil‘ing that Ty S m,

Ef (w1, ye41) = Ef (meg1, ye) + %]Epy(yt, /Ny ®eg1) — ﬂy52 - nwi

Invoking Lemma G.8, multiplying by —1, and adding ® (x4 ) will yield,
o'
E [@(x141) = f@in o)) < (1= L) E[@(@es1) = f(wrer,un)] +myd” + 0,0

= (1= ) E[@(@) — Flary0) + Flany) = Fl@enm) +Pae) = D)

2 2
+nyd” + NyOy-

Descent Upper bound on [ (-, y)
w0l TNad;

w_i

2 2

31
Ef(zer1,50) 2 Ef (@e,0) = 7 |Gy, (@o)l|ygor
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Me02  TN02
2 2

3Nz
>Ef(xe, ye) — %EDX(%’ 1/n25ye) —

Re-arranging,
9z 03 + TN 53
2 2

31
Ef (e, 90) = Bf (wei1,90) < S ED(ar, 1/maive) +

E[®(xi41) — f(Te41, Yet1)]
< (1 — Oé;ﬂ?y) E[®(x:) — f(xe,y2)]

+ (1 L) E |- EEDY (00, 1/m.) + mE |Va®(21) = Vol (@e,u) 1

Q
Lo
<

o 3

g4l b (L 25 (o2 4 4 52)

Decrease in the Lyapunov function We consider the Lyapunov funtion L(z,y) := U(x,y) +
aW(z,y) with U(z,y) := E[®(z) — ®*], W(x,y) := E[®(z) — f(x,y)] and shorthand notation

Uy = Uz, y1), Wy = Wz, ye)-

Uit1 + aWip
<U, — %Ebi(xt, 1/ng) + 0B ||V @(2) — fo(xt,yt)\\i/[;;

+ (1 — ayny) EW,

« T
ta (1 B E[EEDY (2, 10, 4+ 0, E V() — Ve F (e

6 6
QyMy\ 3N
-|—a(1— yﬁy) 5 E [Dx(x¢,1/12;5y¢)]

+ 04772;55 + O‘nyag +an (1 - %Gny) (L23 oy + % 52) + 20,07 + 2020
<U, — %””ED;*;(% 1/n2) + B Vo (@) = Vo f (21, 90) I3y

ta (1 - ay”y) EW,

« 3N
o (1= 2) g (1D (2,1 /) — DY L) | + D (e, 1 /)]

6 2
+any by + anyoy +an, (1— 251 (F ol + 4 67) + 20,07 + 20,6,

<U, — %””ED;*;(% /1) + 0B ||V, ®(2;) — sz(xmyt)\\ia;g

_ Yyl
ta (1 . ) EW,

(0% T
+ « (1 — yny) E {—TI—EDS}}(%, 1/7735) + nE ||V$(D(xt) - wa(l't, yt)“%\/[;ﬂ

6 6
« 3Ny _
o (1= 20 B [y (M D e -y @)+ D 1)
+any by + anyoy +an, (1= 51 (F ol + 4 67) + 20,07 + 20,6,
<U; - %E’Di(xt; 1/nz) + nmAmaX(M;;)ng lly™ () — yt”2

ta (1 — O‘y”y) EW,

6
« 77 7]1 -
+ a (1 - yG y) E {_ED;{é(w“ 1/"7w) + nm)‘max(Ma:,%)€2 ||y*(l't) - yt||2]
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« 3Nz _ N
ta (1 B yTny) 72’ E [3)‘maX(Mm,%)€2 lye — y*(@o)lI” + DF (w2, 1/12)

+ CW?y(SZ + anyag +om, (1= 2 (802 + 2L 62) + 2,02 + 21,62

* (18) uses the fact that a < |a — b| + b for a = Dx (24, 1/1:;y1), b = D2 (24, 1 /1)
* (19) uses Lemma G.5 and Daskin’s theorem.

+ 277;8 /\max (M;% )62

Ut+1 + aWt+1 S Ut — %E'D;{;(Z‘t, 1/"71,) Wt
Qqg
—+ « (1 - Lyg’y) ]EWt
. 22 Amax (M, 1) 2
o1 Q) g | B gDy e, 1/, + 2 et th
qg
6 Amax (M 1)¢?
ta (1 B ayny) %E ( m,t) W,
6 2 Qg

+ anyd, + anyo, + ang (1 — =) (B o2 + 5 62) + 20,02 + 2,6,
< @ Ui + awa Wy

+ omyéi + anyai +am, (1— 25 (802 + L62) + 2,02 + 20,6

@y =1 = gl (;—a(l—o%m’);jtoz(l—o‘%m’)?));

+ 2nzAlnax(M;%)€2 _ Qg Ty T (1 _ ayny) 117]z>\max(M;é)€2
Qgg 6 6 '

wo =1
Qqg

For coy, letting o« = 1/10

ot (335 054§+ 5 (-2

O‘yﬁy) <1— aaﬂ?x.

=1- axn:c% - O‘wnw% (1 - 3

For w,, we distinguish two cases relevant to our algorithms, M; = I and a general choice of M.

o For, M; = I, it holds that A\ ax (M:tl) =1, and agg = . So we write,

oy =1+ 20,02 Qg n (1 7 ayny) 11n,02
Oy 6 6 oy
2 a?

R o (1—ayny)
Oy 61,0 6
2

<1-1" (90432 11)
Qy

o 2

2
Let 2272 = 192. Then, choosing 1, = 2 yields 7, = godzs.

* For a general choice of My, let A\ = max{)\max(M;’%), )\max(M;’%)} and @, +
min{ogg, oy},

=1+ QOUw/\maxZQ B )y (1o ayny 11n$)\maxg2
’ ay 6 6 @,
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Amax Nz l? a,n ayn
=1 maxm (904 —4¥ ¥ 1 (1 - ¥
@, ( a1 2 6

Similarly, we need to set,

-

Ay Ty
— = =192.
AmaxnwEQ
Tyz
9607372

max

which in turn yields, n, = L 7 N =

H Convergence Analysis

H.1 Direct Policy Parametrization

Theorem H.1. With direct policy parametrization and the Euclidean bidilated regularizer, alternating
policy-gradient algorithm attains a last-iterate e-Nash equilibrium in

1
T= 12 p0|y (Amaxa Bmax; 2D(T) ! (h)* |Sl |7 |82|) iterationsv
€

? ming fe

using batches of poly (%, %, Apax, Bmax, 2P(T), m, |S1], |82\) trajectory samples at each
step.

Proof. The proof follows as an application of Theorem G.1. In a central role lies Lemma E.1 while
in a supportive one the smoothness lemmata of the regularizer and utility when the policy is directly
parametrized. O

An eNE of the regularized game 1is an O(e +  Tmaxje(1,2) 1S;|2P(T) +

max;e 1,2} |Si| max{Amax} + 7) -NE of the unregularized game. The term contains the er-

ror due to inaccuracy, the error of regularizing with the Euclidean bidilated regularizer, the fact that
the policies are select on the truncated simplices and the exploration-induced error. This dictates that
for an e-NE we need to tune:

*7=06(e),
‘T:@<

€
T max;e (1,2} |S;12P(T) ) >

° — €
e=0 (maxie{l,z} |si\max{Amax}> :

In turn,

. — 1 .
ny ®<2D(7’)D(T)\/maxie{1)2} |Sz> '

« 1, =0 72 minpew p2(h)7° R
‘ 15116 (22D D(T)V/IS])” )

73 minp ey p3(h) 7°
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H.2 Softmax Policy Parametrization

Theorem H.2. Alternating policy-gradient algorithm with softmax policy parametrization and the
entropic bidilated regularizer, converges in expectation in the last-iterate to an e-Nash equilibrium
after a number of iterations T, that is

9D(T) 1

* ming fe

1 . .
T = €T8P0|y (%7 Amaxa BmaX7 (h)> |Sl‘7 ‘82|> lterations,

using batches of poly (%, %7 Amax, Bmax, 2P, m, |S1], |82\) trajectory samples at each
step.

Proof. The theorem follows a corollary of Theorem G.1. An e-NE for the regularized game is also
an €¢’-NE for the unregularized game where,

€=0 (e+’y+7’ ig?é} |S; |2D(T) max{log Amax, 10g Bmax }+€ 5161%( |S; | (max{ Amax, Bmax }— 1)2) )
Then, we need to tune:

* 7 =06(e);

07':@

€ .
(maxie{lj} |S;:12P(T) max{log Amax,10g Bmax } ) ’

ce=0f

€
maXi;ci1,2 ‘SiI(H]aX{Amax7Bmax}_1)2 ) '

And, subsequently,

L] = 1
=0 <2D<T>(1+log Bmax)\/slem) ’

R (miny e ())? €12
L maxi€{172} |Si|14+3/2 D(T)2+3/2 maX{IOg Amaxv IOg Bmax}5 (Bmax - 1)8 23D(T) .

23

zs log%), it follows that

Qg

« Finally, with T = @(

T—6 23D(T) maxX;e (1,2} |S:[*2D(T)? [max{log Amax,10g Bmax }® (Amax) 2
- (miny, pe(h))3 €'8 '

H.3 Natural Policy Gradient

H.3.1 The Fisher Information Matrix

F(y) = Egnax0Eamr, (s) [V log, my (a]s)[Vy log wx(a|s)]T]

The matrix F(x) is a blog diagonal matrix with its (s, s)-block being the matrix:

Fy(x) = @°(s) (diag(my(s)) — my(s)me(s) ") -

Its pseudo-inverse, Ff,is again a block-diagonal matrix, with an (s, s)-block,

Fi(1) = gy (da(ma(9) — mlo)m()7)'

Interestingly, the matrix Z := F I fimax(Xx) is a block-diagonal matrix with entries
ﬁ(s)lms‘x |4, on diagonal (s, s)-block.
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The spectrum of the Fisher Information Matrix With the same arguments used in Lemma D.1,
we can conclude that,

* Amin(F(x,0)) = 0;
* Anin(F(x,0),) > d(s) min, my (als);

o d¥%(s) max, Ty (a]8) < Amax(F(x, 0)s) < d¥?(s) max, Ty (als) + 1.
Hence,

e 2T

min

(F(x,0)) > mins,q @ (s)my(als);

. 1 1
min, —=es < Amax (F(x,0)) < 1.

While, d%-%(s) > % by Assumption 2.

Theorem H.3. Alternating natural policy-gradient algorithm with softmax policy parametrization
and the entropic bidilated regularizer, converges in expectation in the last-iterate to an e-Nash
equilibrium after a number of iterations T, that is

1
— 1 D(T 1 Lo
T= EﬁPOW (;7 Amaxs Buax, 277, i e (h) |S1l, ‘32|) lterations,

Proof. Again, this theorem can be seen as a corollary of Theorem G.1. The main idea is that for any
t, we can get a uniform bound on A\ax F (¢, 0t) thanks to Assumption 2 and (e-trunc.). Finally, we
get similarly for an e-NE of the regularized, exploration-perturbed game over the truncated simplex
similar to the softmax case. So we set:

* 7 =0();

-Tze(

€ .
max;e (1,2} [Si|2P(T) max{log Amax,10g Bmax } ) ’

J— €
cc=96 (maXie1,2 |Si|(max{Amax, Bmax}—1)2 )

Now we tune,

. =0
Nx < 93D(T) (maxi |3i‘)

[miny, pe(h)]® €3 .
9 3 >
D(T)? (1+max{10g Amax 108 Bnax})  max{1og Amax.10g Bumax}®

vl

1
2D(T) (1+max{log Amax,log Bmax}) \/( max; |S; \) D(T)

ey =06 , and,

- 3 [max;eq1,2} 1S:11%2 D(T)? max{log Amax,log Bmax}> 1
‘T—@( (i, e (R 2% log 2 ).
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