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Abstract—In this work, we introduce a setup where a moni-
toring entity attempts to distinguish a cheating player among a
group of regular players where all players behave in order to
maximize their reward. We assume that the cheating player has
an “information advantage” compared to the regular players.
However, greedily exploiting this advantage will lead to the
cheating player being easily distinguishable from its peers. Hence
there is a tension between exploitation of the said advantage and
the probability of being caught. We characterize this trade-off
showing that the cheating player can obtain a higher reward as
the number of regular players grows. We also show that, under
a certain regime, a monitoring strategy based on the empirical
divergence function attains the same normalized reward as the
minimax reward.

Index Terms—Monitoring Problem, Empirical Divergence,
Minimax Reward, Method of Type.

I. MONITORING PROBLEM

Consider a scenario where the state of an environment X
is observed by M + 1 players. Among these players, there
are M regular players and a cheating player. The index of
the cheating player will be denoted by H which is distributed
uniformly in {0, ..., M}.

Let us denote the players’ observations as Z[0], ..., Z[M].
For the i-th player, conditioned on X and H, the observation
Z[i] is independent of {Z[j]};2i;. These observations are
noisy. For the regular players, i.e., i # H, these observa-
tions are obtained through identical channels characterized by
Vzx- We assume that the cheating player benefits from
a certain “information advantage”, hence its observation is
obtained through a different channel V) x. We denote the
distribution of X as Vx. We use superscripts (¢) and (r) to
differentiate the random variables of the cheating player and
the regular player.

Each player uses its observation Z[i] as a basis to take
an action Y[i]. In this model, the action of the i-th player
can only depend on Z[i]. This allows us to characterize the
players’ policies as (possibly probabilistic) mappings f; for
each player, so that Y[i| = f;(Z][i]).

A player obtains a reward from its action depending on the
state of the environment. The reward that the players obtain is
determined by a bounded reward function R(X,Y"). All play-
ers, regular and cheating, have the same reward function. We
assume that sup ;) E[R(X,Y")] < sup ;. E[R(X,Y )],
i.e., the cheating player can obtain a greater expected reward
if it is allowed to act without any constraint.

The cheating player is constrained by a monitoring entity
who gets to observe X and noisy observations of the players’
actions. Let us denote the monitor’s observation of the i-th
player action as Y [i]. We also assume that conditioned on Y [i],
the observation Y[i] is independent of {Z[;] Mo AY 1] %éi
and {}7[3]}%&1 Conditioned on the i-th player action Yi],
the monitor’s observation is distributed according to Vi 1;y(;-
Based on (X, {Y[i]}},), the monitor gives a guess of the
cheating player’s index. Let us denote this guess as H.

We assume that the regular players disregard the possibility
of being falsely accused. Hence the reward of a regular player
is independent of H and is given by E[R(X,Y ("))]. For the
cheating player, it can only reap its reward if it is not detected.
So its reward is given by E[1{H # H}R(X,Y[H])]. The
cheating player wants to maximize its reward; this typically
requires a small probability of being caught. On the other
hand, the monitoring entity aims to minimize the reward of
the cheating player.

The probabilistic model can be illustrated as follows:

Y[M]

Let us assume that all variables have finite alphabets.

Assuming that the monitor and the cheater are rational
and that they both know about the reward structure, then the
expected reward will be a minimax value.

Definition 1. We define the minimax reward of the cheating
player, RO, as,

min maxE[1{H # H}R(X,Y[H])]. (1)
Hefl
where H is a set of random variables which only depends on
{Y [},

At first glance, one would think that the formulation of
reward is specific to the case where the decision rule is taken



before the cheating player decides on its policy. But this is not
the case. This is a consequence of Von Neumann’s minimax
theorem (section 17.6 in [1]).

Proposition 1. We have
min max E[1{H # H}R(X,Y[H])]
moer f©
= max min E[1{H # H}R(X,Y[H])] ()
o HeR
Proof. See appendix A. The fact that we allow the policy f(¢)

to be probabilistic is essential to the proof of proposition 1.
O

This setup models cases where a monitoring entity wants to
ensure a level playing field for number of players which are
motivated to maximize their rewards. Several settings where
this might arise:

« In financial markets, where a regulator wants to prevent
players from benefiting from non-public information.

o In cyber security, where an intruder wants to blend in
with regular users.

The main contributions of this work are as follows:

o We introduce a new framework for a monitoring problem
based on a zero-sum game formulation.

« When the game is played in a parallel fashion (see section
IV), we characterize the trade-off between the cheating
player linear growth of reward and the exponential growth
of the number of regular players. This trade-off is ex-
pressed in a single-letter form in Theorem 1.

o The technical challenges en route to Theorem 1 are
mainly resolved in Propositions 6, 7, and 9. Proposition
6 reduces the space of strategies in the case of parallel
play, Proposition 7 shows a threshold phenomenon on the
detection probability, Proposition 9 identifies an asymp-
totically optimal detection rule.

II. RELATED WORKS

The minimax characterization of hypothesis testing problem
has been studied since the time of Hoeffding [2]. There
has been several information theoretic studies of hypothesis
testing problem with an adversary [3]-[5]. The main difference
between the setting of our work and the literature on universal
hypothesis testing lies on our assumption that there is an
reward function which the cheating player wants to maximize.

There is also a recent interest on a related problem in the
context of adversarial classification, e.g., [6], [7], which shares
a similar concern of an adversary behaving strategically to
maximize a reward function. Our work is different in that
we are mainly interested in the asymptotic behaviour of the
sequences of decision strategies instead of characterizing the
equilibrium for a one-shot instance.

III. ONE SHOT CASE

Before we consider the asymptotic setting, it is useful to
examine the one-shot version of the problem and establish
several properties of the set of decision rules and the set of

cheating policies. It is easy to see that we can characterize the
behaviour of a regular player as follows.

Proposition 2. For the optimal ), we have, f)(z) €
argmaxyE[R(X, y)| 20 = z] where the expectation is
taken with respect to the regular player probability model.

Furthermore, even if the set H is uncountable due to
randomization, one can characterize a subset which attains the
minimum in (1). We will refer to this subset as the metric-
based decision rules.

Definition 2. We say that H is a metric-based decision rule if
H is deterministic and there exists a g : (X x V) — Rsq such
that ﬁ((w, (gli)M,)) € argmax; g(x, g[i]). In this case, we
say that H is induced by g. Let H, be the set of all metric-
based decision rules.

Proposition 3. Given a deterministic policy f () | there exists
a H € M, which attains the minimum of optimization
problem, miny _;; E[1{H # H}R(X,Y[H])].

Proof. See appendix B. O

Due to proposition 3, we can define an equivalence class on
the set of all possible mappings g from X, ) to R>, where we
say that g; and g5 are equivalent if they induce the same H.
We can also see that although the space of g is uncountable,
but the set of H,, is of finite size.

Proposition 4. Given a decision rule H, consider a determin-
istic policy, f\©) such that

f(z) eargmaxE[1{H # HYR(X,y)|Z9 = 2] (3)

where the expectation is taken under the cheater’s probabilis-
tic model. This policy attains the maximum of optimization
problem, .

r;lg;(E[ﬂ{H # H}R(X,Y[H])]. )

Le., one can restrict the feasible set of cheating player’s
policies to a set of deterministic cheating policies.

As a consequence of the previous propositions, the class
of randomized metric-based decision rules and the class of
deterministic cheating policy is sufficient to characterize the
minimax value. We states this formally below by using P(#,, )
and F, to denote the class of randomized metric-based deci-

sion rule and the set of deterministic mapping from Z to Y.
Proposition 5. We have

max min E[1{H # H}R(X,Y[H))]
f Hert

= min  max E[I{H # H}R(X,Y[H])]. )
HeP(H,y,) f(OeFq
Proof. See appendix C. O

Remark: However, note that we cannot exchange the mini-
mum and the maximum after we constrain the admissible sets.



This is due to the fact that the set of all possible deterministic
policies is not a convex set. One must be careful to note that
constraining the inner maximization only on the deterministic
policy is merely a calculation device (a la theorem 17:A in [1]).
In general, the optimal cheater strategy will not correspond to
a deterministic policy, but it is the case that the reward of the
optimal (randomized) policy is equal to the reward of a certain
deterministic policy.

By only considering metric-based decision rules, we trans-
form the problem of optimizing a decision rule H over all
possible realizations of (X, {Y;}*) into an easier problem
of whether the cheating player metric is larger than the
maximum of regular players metric. We present a restatement
of proposition 4 which will be useful in the next section.

Corollary 1. Given a decision rule in P(H,,), which is
composed of (Hi,...,Hy) with a probability distribution
(p1, ..., pr), the deterministic policy for f'°) is given by,

f(z) e arg max > Vxjze (@]2) Rz, y)
vey

k
Zpi Pr(g;(x)
i—1

where g; is a metric which induces H,;, and Gi(x) is the
maximum value of the metric g; among the regular players
given the realization of X.

< gi(2, Y)Y =y) (6)

IV. MEMORYLESS CHANNELS AND PRODUCT
DISTRIBUTIONS

Consider a version of the monitoring problem where
(X, Z,Y,Y) are replaced by n-vectors X, Z,Y, Y. We study
a special case where,

o (X, Z) is distributed according to V2% 71X and VEn.

o Probabilistic mapping between Y and Y is given by
multiple uses of memoryless channel VY’IY’ ie., it is
described by V7.

« Both the regular players and the cheating player get to
observe the whole realization of their respective Z before
forming their action.

Furthermore, we will take the number of regular players M to
scale as M = |[e™¥ |. We also assume that the reward function
is additive, i.e., R(X,Y) =" | R(X;,Y;).

We are interested in studying the normalized reward of the
cheating player,

lim sup — ! max min ]E[]l{H # H}R(X,Y[H])]. ()
n—oo N f fe

We need to emphasize that this setting only captures the
linear growth rate of an increasingly larger single-stage game
where the monitor is given more observation, as opposed to a
repeated game in the game theory setting.

We will refer to the setting which fulfills these requirements
as the product-regime. Under this regime, the regular players’
random variables fulfill a permutation symmetry. Hence, it is

not very surprising that we can simplify the problem by only
considering a class of “permutation-invariant” H and 1.

To simplify the notation, it is useful to introduce the notion
of type, see [8]. For a given n and a sequence z of length n,
the type P,(x) is defined as the empirical distribution of the
sequence z. We denote the set of possible types of sequences
of length n as P, (X). Furthermore, for a given Px € P, (X).
We define the set of sequences with type P as T'5. Given a
joint type Px y we define Tp (z) as the set of y such that
(z,y) € TE, . We will omit the length if it is clear from the
context.

Definition 3. We say that H is a permutation-invariant metric
decision rule if there exists a metric_ g(X, Y) which induces
H and this metric depends on X, Y only through its joint
nype ie., g(X,Y) = 9(Py y) where Py g is the empirical
probability of realization (X, 2) Let us denote the set of
permutation-invariant metric decision rules as Ho.

Definition 4. For a given n, we say that ), is a permutation-
invariant policy if for every z and type Py z € P(Y X Z) we
have Pry|z(.|z) is uniform on Tp,, ,(z). Let us denote the set
of permutation-invariant policies as Fr.

The analogue of proposition 5 for the product-regime is
given by the following proposition.

Proposition 6. Under the product-regime, we have
max min E[]l{H # H}R(X,Y[H])]
) Fen
= max min E[1{H # H}R(X,Y|[H])| (8)
feFr AeAir
Proof. See appendix D. [

Given an z each permutation-invariant metric decision rule
essentially ranks each possible type Py y € P(X x }7) which
is compatible with P,. Therefore, the probability that the
monitor makes an error is equivalent to the probability that
one of the realizations of {Y[i]},p is such that the joint type
of (X,Y[i]) is ranked higher than the joint type of (X, Y [H]).

For asymptotic analysis, there is a technical subtlety that the
decision metrics that the monitor chooses can depend on n. It
is reasonable to worry whether the ordering of types induced
by the metrics will be preserved across the values of n. Hence,
we need to introduce a formulation that take this concern into
account.

Consider a sequence of metrics g1, g2,... such that the
monitoring entity uses g, to form its decision rule for length
n.

Let us define the sets,

= Upi(X)

Given any joint type Py ¢ € Poo(X x Y),
set

Un(Py ) ={Py 3 € Pu(X xY)]|
Px = P)/(,gn(P)/(y) > g'rL(PXj/)}

Poo(X xY) = | JPi(X xY). 9)
=1

we can define a

(10)



if Pyy € Pu(X xY)
us define

, otherwise Uy, (Px, Py y) = @. Let

U(Px y) = limsup Uy (Py 3 ). (11)

n— 00
An intuitive explanation of U(Py y) is that it corresponds
to “level sets” on the probability simplex in which infinitely
many g,’s agrees that the distribution on this set is ranked
higher than Py 3.
We also define

G(Pyy)=  if  D(P

g b, PP pllVxye) (2
X, Y XY

ie., G(P X, ) is the distance between the regular player joint
dlstnbutlon Vx y and the set U(Py ) in KL divergence.

Proposition 7. For a sequence of metrics g1, ga, ... and any
distribution Py € Poo(X % Y),we have

o if K> G(Pyy) then

lim sup Pr (ﬁ #H | (X,Y[H]) € Tp, ?(C)) =1,
. ifK<G(P ) then
limsup —— logPr (H #* H| (X,Y[H)]) € TPX ?(C)) > 0.
n— oo

Proof. See appendix E. O

Proposition 7 is the main technical result of this work. This
proposition asserts that there is a qualitative change depending
on whether G(Py ) is smaller or larger than K. Hence,
given K we can determine the set of joint types of cheater’s
realization for which the monitoring entity will make an error

with high probability. Let us define for Px € Py (X)

G(gi (PX7 K)= ligrisogp Gt (13)
where
G,' ={Pyy € Pu(X,Y): Px = P
(Pl ) < max gn(Pyy)} (14
DRy 5 IV 50)<K
and

n= 1 m U G(gi;’fl(P)ﬁK) (15)

e>0 PxeTy
|Vx —Px[<e

Using proposition 7, we can give upper and lower bound
on the expected linear growth of cheating player’s reward.

Proposition 8. Given a sequence of type-invariant metrics
(9n)nZr, we have,

hmsupl max E[1{H # H}R(X,Y[H])]

n—oo N fleFr

> sup E[R(X,Y )], (6
Py (o) ()’
VX 3 (c) GIntCl(G e, (K))

where IntCl(G( ), (K)) is the interior of the closure of

a1

()22, (K) under the total variation metric. We also have,

1
hrrln%sotipﬁf(r(r)lg? IEJ[IL{H;«é H}R(X,Y[H])]

< max E[R(X,Y ()], (17)
PY(C)|z(C)
VX (e )ECI(G(Q )ee (K))
where Cl(G 1)00 (K)) is the closure of G () 1(K) and

Vi v is the induced distributed on the monitoring problem
given PYW‘Z(c)

Proof. See appendix F. O

Remark: We have to split the proposition into two
cases to take into account the effect of isolated points in
CI(G(_g )oo, (K)). Our achievability method requires the ex-
istence of a non- empty neighborhood around the sequence
which approximates the optimal point. Note that this kind
of separation also exists in several large deviation principle
theorems given in [9], hence it might be non-trivial to remove
the influence of isolated points. However, as we discuss later
on, the sequence that induces the optimal strategy will not have
isolated points, hence obviating the need for this consideration.

The interpretation of U{ as level sets is useful when we
try to compare the asymptotic behaviour of two sequences
of decision rules. In fact this notion allows us to argue that
the empirical divergence decision rule is as good as any other
sequence of decision rules.

To formalize this claim, let us denote the normalized reward
of the cheating player under the sequence of decision rules
(9n)22 1 as R((gn)22 ;). Let us also define the sequence of em-
pirical divergence metrics as, g¢%(X,Y) = D( X}~,||VX’1~,<,‘>)
where Py y is the type of the realization (X,Y).

The followmg proposition guarantees the asymptotic opti-
mality of the empirical divergence decision rule.

Proposition 9. For any sequence of metric (gn)52,

R((9:)721) < R((gn)Zs)- (18)
Proof. See appendix G. O
Corollary 2. We have
R((gx")ner) = max E[R(X,Y ). (19)
Vi (@) z(e)
D(Vx,{/(C) HVX,‘P(T'))SK
Proof. Due to the continuity of divergence function

and D(.[[Vy y()) is a convex function, the closure of
G(gif, oo ( ) does not have isolated points. Hence the lower
bound ‘and the upper bound in proposition 8 coincide. Finally,
one obtains the RHS by substltutmg the empirical divergence
metric to the definition of G( cd)oo (K). O

=1

Proposition 9 not only gives us the minimizing metric. It
also shows that this minimizing metric is independent of the



policy of the cheating player. For the purpose of summarizing
the results, we state the following theorem.

Theorem 1. For the product-regime, we have,

1 ~
lim sup — max min E[1{H # H}R(X,Y[H))]
n—oo N f) Aefl

E[R(X,Y ()] (20)

= max
Vi) ()
DVy 3V 3(m)SK

This result does not necessarily imply that the empirical
divergence metric induces the monitor decision strategy at
Nash equilibrium for every finite value of n. But one can
deduce that the difference between the normalized reward of
the Nash equilibrium strategy and the empirical divergence
strategy is sub-linear in n.

V. A COIN GUESSING GAME

As an illustration, let us consider a specific instance of the
problem. In this instance, X is a sequence of i.i.d. binary
Bernoulli(1/2) random variables. These are observed by
the cheating player and the regular players through different
memoryless channels. The regular player channel V() x is
BSC(p,). The cheating player has a stochastically upgraded
channel BSC(p.) with p. < p, < 1/2. The monitoring
channel is BSC(py,), pm < 1/2. The goal of the players

is to guess the values of X;’s, so we have R(X,)Y) =
Z;L:l I{X; =Yi}.

The optimization problem in Theorem 1 is a convex opti-
mization problem, as the objective function is a linear function
of Py (e)|z(e». The constraint is also convex as Vi) X is linear
W.LL 10 Py o)z, While D([[Vi( x|Vx) is also convex.

For the regular player, the optimal strategy is to assign
Y (") = Z("), This strategy leads to the expected reward of
E[R(X,Y ()] = 1 — p,. We can see that this problem is
symmetric with respect to X, so the optimal Py(c)l Z() 18 also
BSC with certain flip probability. For this problem, we can
express the optimal reward of cheating player in Theorem 1
as

21

max 1—(p*pe)

p€[0,1]:
da (pc #P*Pm | Ipr*pm) <K

where pxp’ :=p(1 —p') +p' (1 — p) and da(.||.) is the binary
KL divergence.

A numerical example of the trade-off for a specific value
of p. and p, is given in figure 1. We can observe several
properties,

o Even if p,, = 0 (i.e., the monitor has perfect knowledge
of all players’ actions), the cheating player can still
improve its normalized reward by exploiting its informa-
tion advantage if the number of regular players is large
enough.

o There is a cut-off K*, after which the cheating player
does not get any further advantage from larger K. This

0.9
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g 0
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~
=]
2
8 038 N
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| [ T
0 1 2 3 4

K 1072

Fig. 1. Trade-off between the normalized reward and the growth rate K of
the number of players. The plots are for p. = 0.1 and p, = 0.2.

K™ corresponds to the conditional KL divergence be-
tween the optimal distribution of cheating player and the
regular player.

VI. CONCLUSION

In this work, we introduce a model of monitoring problem
for several players, where a cheating player has an information
advantage compared to the regular players. We quantify the
trade-off between the linear growth rate of cheating player’s
reward and the exponential growth of the number of regular
players.

We show that there exists a detection strategy that the mon-
itor can utilize to minimize the cheating player’s normalized
reward, regardless of the sequence of randomized strategies
of the cheating player. It is surprising that this strategy only
depends on the knowledge of the probabilistic model of the
regular players.

There are several future directions that we have in mind.
Currently the model assumes that the cheating player has
access to very large amount of randomness and it is allowed to
observe the realization of its whole private information before
performing an action. An interesting extension is to study
what the cheating player can achieve under a more restrictive
model where it has limited amount of randomness and has
to use an online policy. Intuitively, this problem requires the
cheating player to simulate its chosen distribution under a
more restrictive model, hence a connection with resolvability
problems.

Another interesting extension is to study the optimal strategy
under the sub-exponential growth of the number of regular
players. This brings a connection with recent literature on
finite length information theory.
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APPENDIX
A. Proof of Proposition 1

This is a consequence of the Von Neumann’s minimax
theorem (see section 17.6 in [1]). Due to our assumption
that the alphabet of the random variables are finite, then the
set of deterministic policies of the cheater and the set of
deterministic decision rules of the monitor are finite. By the
linearity of expectation, one can express the reward function
as a bilinear form. Hence this problem fulfils the hypothesis
of Von Neumann’s minimax theorem.

B. Proof of Proposition 3

If for a certain 4, (z,g[¢]) has O under the regular player
probabilistic model, then the monitor can choose that player
and incur no error probability. Hence, such (x, g[i]) pairs do
not contribute to the reward calculation.

Hence, let us only consider the case where the probability
of all pairs (x,g[i]) are non-zero under the regular player
probabilistic model. Note that we can write

E[1{H # H}R(X,Y[H])]

— E[R(X,Y[H))] - E[1{H = H}R(X,Y[H])]. (2

The goal of the monitor decision rule is equivalent to maxi-
mizing the second term in the RHS.

E[1{H = H}R(X,Y[H])]

S Vx (x)

1-
,(GlkD R, J

fo(c)p(@[ J1E2
V9<rr->|X(??[m |2)

(23)

=

V?(r)|x(37[j] |z)

+
I
o

~

v E[R(z,Y )X =2,V = j[H]]

This quantity is maximized if H is chosen to maximize the
following metric,

——E[R(z,Y))|X = 2,Y() =]
Vy(r)‘x(y\x)

(25)
for (x,y) with non-zero probability in V() y, and oo other-

wise.

g(x’g) =

C. Proof of Proposition 5

Consider,
max min E[1{H # H}R(X,Y[H])]
o "

=max min E[1{H # H}R(X,Y[H])]
F© AeH,,

E[L{# # H}R(X,Y[H])]

=max min
f) HeP(H,n)

= min maxE[1{H # H}R(X,Y[H])]
HeP(Hm) [

(26)
HeP(H,,) f(O€Fq

where the extension to randomized strategies on the second
line is necessary so we can use the minimax theorem.

D. Proof of Proposition 6
First we show that,

maxmin E[1{H # H}R(X,Y[H])]

f A
= max minE[1{H # H}R(X,Y[H]). (@27)
fOerr A

Given a f(), let us consider the permutation-invariant ver-
sion which takes a permutation 7 from the set of permutation
IT uniformly at random, such that £(°)(z) = 7=(f(9)(7(2))).
Let us denote the distribution induced by this permutation-
invariant version as P.

We have

mﬁi,nEls[]l{ﬁ # H}R(X, Y [H])]
—miny ﬁmﬁ,[n{ﬁ + HYR(X,Y[H])|x]

> Z ﬁ minE(1{H # H}R(X, Y [H))x

(28)

O3 i mnELLE # HY R (X7 (V)

© minE[1{f # HYR(X,Y[H))). (29)
q

We require the facts that the channel is memoryless in (1),

and that the reward is additive in (2). This inequality implies

that there exists f(¢) € F, which is as good as any f(©) ¢ Fy.



Finally, we show that,
max minE[1{H # H}R(X,Y[H])]
feeFr H

max min IE[]l{H;E H}R(X,Y[H)).

(30)
fOeFr HeHr

We can show this by showing that the optimal metric that we
established in eq. (25) is a permutation invariant decision rule
under the assumption that £(°) is permutation-invariant. More
formally, consider two tuples (z,%) and (z’,7’) both of the
same joint type. This implies that there exists a permutation 7
such that (z,9') = (m(z), 7(7)). Notice that for any 7 € II,
then IT = U {7 o 7’}. We have,

Vi@ K(g’, z')

- Z Vygox®:8

Z Oy @y )Vyox (¥,

z')

z')

Vi e 7T/ ! 77T/ Ql
S S S
(2 Ve mom aﬂ—/ omL
)Z (c)\Y(C) @), (Q))Z Ly 1_E|y) =
Vi oy (' (y), 7' (z
Z Oy @ Q)Z o |1_E|y) 5
= VX(CHX(:’ £)

We used the fact that £(©) is permutation-invariant in (1), and
the fact that we are on the product-regime in (2). We can use
the same argument to show that E[R(z, X(C))|K =z, X(C) =
] also has the same property. As every term of the optimal
metric only depends on the joint type, the optimal metric also
only depends only on the joint-type.

E. Proof of Proposition 7
For P, . such that Py # Px, the conditioning event is a

null event hence we can ignore this event as we are working
with discrete variables. So we will only focus on n such that
Pi{ = Px. We have,

Pr(H =H|(X,Y[H]) € Tp, )

nkK

= (1= Pr(ga(X, V") > g (Py

(a)
<(1-e

(b) < n(KfminP;(.{/EUn(PX"-,) D(P;(,‘PHVX,{/(T) >+0<")>

I TH) € Tr )

—nminp/ D(P HVX,}.’(T)H'—O(H)

EUn (Py ek

< exp

(©

< exp (_en(K_D(P)/(,ff”Vx.f/ﬁ))‘*‘o("))

(31
where the last inequality holds for any P;“; € Un(Pxy).
For inequality (a), we use the method of type estimate of the
probability. For inequality (b), we use (1 — z) < exp(—z).
For inequality (c), we possibly choose a non-minimizer of the
upper bound. Note that if a type P’ y is included in U (P X, )

it is included in U,,(Py ) for infinitely many n. Hence, for

any K and P’ 5 €U(Px y), we have
liminf Pr (A = H [ (X,Y[H]) € Tp,_ )
< lim inf exp (—en(K_D(P;ﬂffHVXY(")HO(M) ) (32)
n—oo
and thus,
lim inf Pr (H=H|(X,Y[H)eTp__.)
< liminfexp< n(K—G( Xy(b)))"'o(")) (33)
n—oo
by the definition of G(Px y(). Where K > G(Px y), eq.

(33) proves the first part of the proposition.
For the second part, it is sufficient to use the union bound.
We have,

Pr(H +# H|(X,Y[H]) € Tp, )

< ™K Pr(g.(X, Y( )) > gn(Py )|(X>X[H]) € TPX,{/)
< en(KfmlnP/ > o €Un(Py 5) D(P X y||VX Y(T))Jro(n) (34)
< e'rL(KfminP}/(,‘;/euiani(P &) D(PX #IV. X, ¢ (m)Fo(n) (35)

This upper bound is valid for all n. Since U;>,U;(Py y) is a
decreasing sequence of sets in n with limit ¢(Py y ), for all
€ > 0 there exists n* such that for all n > n*

Pyy)—c (36)

min
g EViznUi(Px ¢)

D(Py 7V ) > G

’
PX

due to the definition of G(
divergence. Hence,

Py ) and the continuity of the KL

hmsup—flogPr(H;éH| (X YH])ETPXY< ) >0

if K <G(Pyy).

F. Proof of Proposition 8

To show the first part namely eq. (16), fix € > 0 and

consider a Py ()| z(e) such that Vy y) € IntCl(G(g1 )oo (K))
) n/n=1

and Ep . [R(X ,Y())] is e-close to the supremum on the

RHS of eq. (16).

Now fix n. Let us construct our f(¢) by sampling from
the distribution Py(c)l 7 given the realization of Z. From
standard results in method of types we know that for every
§ >0, Px(X € Tipy;) = 1 — Ae” n0® and VY‘X(Y €
T[VY,‘X]QJ(X)|X € Tipy,;) = 1 — Ale —n0” (A and A’

only depend on the sizes of the alphabets of X and Y),
where T[Vx sl is the set of all types with total variation
distance at most & from Vi y@- As the Vy g is in the

IntCl(G(_gi)ooﬂ(K )), then for small enough ¢ we have,
Tiv, 4 ohs C IntCI(G,} ~ (K)) (38)



Let us define the event @, as {X € T[PX]S,X[H] €
T[Vﬂcnx]% (X)}. We note that lim,,_, . Pr(@,) = 1. So we
have under Vy ¢,

E[R(X, Y[H])|Qn] Pr(Qn)
= E[R(X, Y[H])] - E[R(X, Y[H])|QS)(1 — Pr(Qn))
> E[R(X,Y[H])] — O(ne "%). (39)
We also have,
CE[L{A # HYR(X, Y[H])
> “E[L{T £ HYR(X, Y [H)IQ4] Pr(Qy)
(40)
Conditioned on @,,, we have,
LR v i) > BV IROC YN - 0@). @
Therefore
CE[L(A £ HYR(X, Y[H])
> Ev[R(X,Y9))(1 - O(5)) Pr(H # H|Qn) Pr(Qn)@)
Note that
Pr(H # H|Qn) > b, (43)
where
b= . GHTI[lg " Pr(H # H|X € Tipy), Y € Tpy (X)),
Combining these terms give us,
limsup LEB[1{A # HYR(X, Y[H])
> (BEv[R(X, Y 9))(1 - O(6)) lim sup Pr(Qn)bn
=(Ev[R(X, Y ))](1 = O(9)) limsup by
Y EV[RX, Y 9))(1 - 0(6) (44)
for equality (+) we used the fact that Tjy . ,, C

IntCI(G,
first part of proposition 7. Since Ey [R(X,Y (?))] is e-close to
the supremum and § is arbitrary, eq. (16) follows.

Now we will show eq. (17). As in the previous part, for
any 6 > 0, let us define, @, = {(X,2) € Tjy__ . },}- So we
have ’

~ (K)), therefore limsup,,_, ., b, = 1 due to the

E[1{H # HYR(X.Y[H])

:\'—‘

(45)

where we used the fact that Pr ((K7 Z) ¢ Tiv, Z(C)]é) <
exp(—nd?). Note that f(©) € Fr can be parametrized by set

E[1{H # H}R(X,Y[H])|Qn] Pr(Qn) + O(exp(—nd?))

of tuples {(Pz, Py|z) : Pz € P(Z)} i.e., the policy chooses
a single conditional type Py-|z for each Py that it observes.
One can use this parametrization to further upper bound the
non-vanishing part of eq. (45) as

CE[L{A £ HYR(X, Y[H])IQn] Pr(Qn)

< >

PX’ZGT[VX,Z(C)]

Y|z T

PI‘((X, Z) € TPX z)' (46)

We will use the fact that Px 7z € T[ to note that

(X,Z2,Y) € T, opy s
given Z the policy takes Y € Tp, ,(Z). Finally, Y ful-
fils (X,Z,Y,Y) € Tiv, ,(e)oPyizoVy ylas (A Is a constant
that depends on the size of the alphabet of Y) with high
probability since the channel VY|Y is memoryless. Note that
Vx.z() © Pyjz o Vf/‘y is the definition of Vy (), i.e., the

z]s
with probablllty of 1, as

distribution of X, Y () under the cheating player probabilistic
model. Hence we have,

~E[1{H # H}R(X,Y[H])|Qn] Pr(Qn)
< max(1 + 0(8) By [R(X, Y )]ens(Vy y0))

Py |z
+ O(—nA?6%) 47
where,
ens(Vyx yo) = > Pr(H # H,(X,Y) € Tp
Py YGT[ X Y(C)]A’5

(48)
with A’ is a constant which only depends on the size of the
alphabets.

This allows us to give an upper bound,

hrnsupl ma; E[1{H # H}R(X,Y[H))]

n—oo T fle

< limsupmax(1 4+ O($))FE

n—oo Py|z

VIR(X, Y N)]ens(Vy yo)-
We can decompose the region of the maximization such that,
lim sup ~ max B[1{H £ HYR(X,Y[H))

n—oo T f JeFT

< lim sup max{tn, v, }

= max{lim sup u,, lim sup Up } 49)
with,
= g (14 OG)EVIRCX Y len sV o)
VX y(e) €D
v= i (1+O@)BVIROLY e (Vi yio)
VX,Y(C)¢D5
(50)
where
Ds = {Vxye : [Vxyo = Gl (K)| <246}, (51)

max E[]l{H # HYR(X,Y[H))|(X, Z) € Tpy ,]

X,}"/)



i.e., Ds is the 24’5 neighborhood of G(;l)oo
n/n=1
variation distance.
By the second part of preposition 7, we have that

(K) in total

nlggo ens(Vx y) =0 (52)
if Vi v ¢ Int(D;s). Hence, v, vanishes as n — oo. For the
Uy, We can upper bound ¢, 5(.) by 1. This gives us,

limsup ~ max E[L{H £ H}R(X,Y[H])
n—oo nf(C)E}-T
< max (1+0(8))Ev[R(X, Y.
PY\Z:
nyy(c)GD(;

(53)

Finally, note that this upper bound holds for arbitrary ¢ and
we have

CI(G(;L)ZO:l(K)) = ﬁ Ds.
6>0

(54)

Combined with the fact that expectation is continuous under
total variation distance, this upper bound establishes the sec-
ond part of proposition 8.

G. Proof of Preposition 9

From proposition 8, one way to prove the statement is to
show that,

c1(G(—g§Ld)zo:1(K )) € CINCU(G )\ (K)).  (55)
The ClInCI(A) is the closure of the interior of closure of set A.
If the inclusion holds, then the upper bound part of proposition
8 applied on R((g5%)2° ;) is smaller than the lower bound part
of proposition 8 applied on R((g,,)22 ;). This is the approach
that we will take.
First, observe that for every n and Px we have,

{Pyy : Px = Px,g;" (P y) < g (Px ¢}

sup
PX,‘P:
.
DPY ¢lVy g (m)<K

)
= {Pyy: Px = Px,D(Py ¢||Vx y»n) < K}

C{Pyy:Px = Px,ga(Pyy) < sup gn(Px 3)}
P
D(P},?‘|)‘§gx;<r>><K
(56)
Which imply that for every Py,
—1 -1
G(gid)io=1 (Px,K) c G(gn)fle(PX’K) (57)
and taking the appropriate lim gives us,
-1
G gz, ()
ok -1
=lim U G, (P K)
‘fo)[f))'(‘<6
. 1 _ -1
g l% U G(gn)zozl (PX7 K) - G(gn)%c:1 (K) (58)
th
|Vx —Px|<e

Furthermore, taking the ClIntClI in both sides gives us,
ClintCl(G ! (K)) € ClIntCL(G ) o (K)).

(gfld);)zo:l

(59)

So we only need to show that,

ClIntCHG eayoe (K)) = CUG 1oy (K))  (60)

which is equivalent to showing that CI(G(_gid)w (K)) does
n /n=1
not contain any isolated points. Let

A= {P)/(,y/ : D(P;(yHVX,Ym) < K}

So we have G(gled)x (K) = Poc ) A. As P is dense, then
n /n=1
Cl(G,. (K)) = Cl(A) = {P ; : D(P)/(yHVX,Y/m) <

(g5M)0Ly ;
K} which is a closed convex set with no isolated points.



