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Abstract— This paper concerns sequential hypothesis testing
in competitive multi-agent systems, where agents exchange
potentially corrupted information with each other. Specifically,
a two-agent scenario is studied where each agent aims to
correctly infer the true state of nature while optimizing decision
speed and accuracy. At each iteration, agents collect private
observations, update their beliefs, and share potentially cor-
rupted belief signals with their counterparts before deciding
whether to stop and declare their current state estimate or
continue to the next iteration based on their confidence level.
The analysis yields three main results: (1) when agents share
information strategically, the optimal signaling policy involves
equal-probability randomization between truthful and inverted
beliefs; (2) agents maximize performance by relying solely on
their own observations for belief updating while using received
information only to anticipate their counterpart’s stopping
decision; and (3) the agent reaching their confidence threshold
first cause the other agent to achieve a higher conditional
probability of error. Numerical simulations further demonstrate
that agents with higher KL divergence in their conditional
distributions gain a competitive advantage. Furthermore, our
results establish that information sharing, despite strategic
signaling, reduces overall system stopping time compared to
non-interactive scenarios, which highlights the inherent value
of communication even in this competitive setup.

I. INTRODUCTION

Decision-makers in multi-agent systems face uncertainty
regarding both the environment and other agents’ behavior.
In this paper, we consider a scenario where agents interact
with each other to improve their decisions while balancing
two conflicting factors: the potential for complementary
information received from their neighboring agents, and the
risk that the information received might be misleading. In
particular, we study a sequential binary hypothesis testing
problem where two agents interact with each other to com-
petitively infer the true state of nature. At each iteration,
both agents collect local observations that are statistically
related to the true state, update their beliefs derived from
these observations, and share (possibly corrupted) beliefs
with their counterparts. In this sequential framework, agents
must make decisions over time based on the accumulated
information, i.e., their own sets of observations and belief
signals received from their counterparts. At every iteration,
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both agents update their confidence levels and choose from
two possible actions: stop and declare the state they believe
to be true, or continue gathering more information.

Despite the information exchange between agents, the
considered framework is competitive as each agent inde-
pendently aims to infer the true state both quickly and
accurately. The information asymmetry arises because agents
have access to only their local observations and knowledge
of their respective marginal distributions.

Such sequential multi-agent decision-making problems are
ubiquitous in both economic and engineering applications.
Some examples include financial markets [1], smart grid [2],
and federated learning [3]. These applications share a com-
mon structure: agents with access to only local information
make sequential decisions while incorporating potentially
misleading signals from others. The fundamental challenge
lies in designing robust decision rules when received infor-
mation is not reliable, yet contains valuable insights that
could improve decision quality.

A. Related Literature

Decentralized hypothesis testing is a classical problem in
distributed control. Tenney and Sandell [4] established the
collaborative framework for decentralized detection where
sensors make local decisions based on independent obser-
vations, showing that optimal strategies typically involve
likelihood ratio tests with coupled thresholds. Teneketzis and
Varaiya [5] extended these concepts to sequential problems,
demonstrating how threshold-based stopping rules operate
when agents must decide whether to continue gathering in-
formation. Using a game-theoretic framework for multi-agent
sequential hypothesis testing, [6] establishes that belief states
serve as sufficient statistics for conditionally independent
observations. However, these works assume that agents share
true beliefs with their counterparts.

Strategic interactions in hypothesis testing under adversar-
ial frameworks have also been studied recently. For instance,
[7] analyzes the tradeoff between security and efficiency in
binary hypothesis testing with Byzantine sensors, while [8]
and [9] formulate a similar problem as a zero-sum partial
information game. A related line of research addresses how
agents can collectively learn despite limited information shar-
ing. In this regard, a distributed hypothesis testing approach
using a “min-rule” rather than belief-averaging has been
proposed by [10]. Similarly, [11] examines hypothesis testing
as a signaling game with subjective priors or misaligned
objectives. Another particularly relevant work is [12], which
analyzes distributed hypothesis testing where network nodes
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communicate beliefs to neighbors and shows that beliefs
on wrong hypotheses converge to zero exponentially fast.
While these distributed approaches often focus on consensus-
building protocols, our work specifically addresses the strate-
gic tension between information sharing and withholding
by modeling the possibility of deceptive signaling between
agents and determining optimal response strategies.

B. Our Contributions

In this paper, we examine competitive sequential binary
hypothesis testing in which agents may manipulate the
information they share with their counterparts. The reason
for deliberately manipulating the information is to delay
the other agent in inferring the true state. Our work differs
from existing literature in two key aspects: first, unlike
adversarial models, we focus on strategic behavior where
agents act in self-interest without malicious intent; second,
unlike consensus-building protocols or collaborative models,
we analyze the strategic nature of information exchange
and develop optimal response strategies within a competitive
decision-making framework.

Our results are summarized as follows. First, we show
that when agents strategically share information, the optimal
signaling policy involves randomizing between truthful and
inverted beliefs (Proposition 1), which results from effec-
tively maximizing uncertainty while preserving information
content. Second, we prove that it is optimal for agents
not to incorporate information received from others in their
local beliefs, relying solely on their own observations until
the stopping time is detected (Proposition 2). However,
information received from others helps the agents detect
when their counterparts will stop. Finally, we establish that
this dynamic creates an advantage for the agent achieving the
confidence threshold before the other (Proposition 3). That
is, the agent who reaches their confidence threshold first
achieves a bounded conditional probability of error, while
the other agent faces potentially less accurate inference.Our
information-theoretic interpretations through entropy offer
an elegant explanation for these somewhat counterintuitive
results. While the distributed hypothesis testing literature
primary focuses on fusion of likelihood ratios [12], [10],
belief fusion policy and stopping policy account for the
signaling policy which is strategic and not adversarial.

II. PROBLEM FORMULATION

This section describes the model of sequential multi-agent
binary hypothesis testing and formulates the problem.

A. Setup

Suppose there are two possible states of nature, θ0 and θ1,
that are mutually exclusive. Consider two agents, A and
B, each collecting its local set of observations, which are
statistically related to the true state of nature. Each agent has
access to the joint distribution of their respective observations
and the state. Given the observations, the objective of the
agents is to find the true state θ competitively. This setup is
illustrated in Fig. 1 and formalized below:

Fig. 1. The two-agent binary hypothesis testing setup.

• Both agents act simultaneously. Time is considered
discrete, and each iteration is denoted by a subscript
n ∈ N. At every iteration n, agents perform multiple
steps (e.g., interact with each other and make decisions).

• The true state of nature θ ∈ Θ ≜ {θ0, θ1} remains fixed.
• The observations collected by agent i ∈ {A,B} are

denoted by Y i
n ∈ Si, where Si is a finite set.

• The state of nature θ and the observations {Y A
n , Y B

n }n∈N
(and functions of these observations) are considered to
be random variables on an abstract probability space
(Ω,F ,P). That is, θ : Ω → Θ and Y i

n : Ω → Si are
measurable functions, for i ∈ {A,B}.

• None of the agents have access to the joint distribution
P(θ = θk∩{Y A

t = yAt }nt=1∩{Y B
t = yBt }nt=1), where k ∈

{1, 2}. However, each agent i knows only its marginal
distribution P(θ = θk ∩{Y i

t = yit}nt=1). Moreover, both
agents know a prior P(θ = θk) and their respective
conditional probabilities P({Y i

t = yit}nt=1 | θ = θk).

B. Belief Signaling and Decision Policies

During iteration n ∈ N, as illustrated in Fig. 2, each agent i ∈
{A,B} executes the following steps in sequence:

1) Update the local belief πi
n ∈ ∆(Θ) based on the

sample Y i
n collected. We consider a Bayesian update:

πi
n(θ

k) = P(θ = θk | {Y i
t = yit}nt=1).

2) Reveal a (possibly corrupted) belief π̃i
n to the other

agent ∼i, where1 π̃i
n = νi(πi

n) with νi : ∆(Θ) →
L1(Ω,F ,P) the belief signaling policy.

3) Update the belief to π̄i
n ∈ ∆(Θ) by incorporating π̃∼i

n

in the local belief via belief fusion policy.
4) Decide whether to stop and declare Di

n = µi
n(π̄

i
n) to

be the most likely state of nature according to belief π̄i
n

or continue with collecting the next observation Y i
n+1.

Here, µi
n : ∆(Θ) → Θ is the decision policy of i.

1We use the notation ∼i to denote the agent who is not i. Similarly, θ∼k

means the state that is not θk .
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Fig. 2. Steps executed by agents at each iteration of sequential binary
hypothesis testing.

Belief signaling policy. Let the belief signaling policy be:

νi(π) =

{
π, with probability αi

1− π, with probability 1− αi (1)

where 0 ≤ αi ≤ 1 is a design parameter corresponding to
how much i should be truthful. In particular, agent i flips
a biased coin to decide what signal should be sent. If the
outcome is head, the agent sends their true belief (π̃i

n = πi
n),

else the agent sends the inverted belief (π̃i
n = 1 − πi

n) to
agent ∼i. The outcome of the coin toss for agent i is denoted
by Zi

n, where Zi
n : Ω → {0, 1} is a measurable function.

Thus, {Zi
n} is a Bernoulli process and for agent i, the process

{Zi
n} is assumed to be independent of the process {Y i

n}. The
belief distribution of θ due to π̃i

n is denoted by[
P(θ = θ1 | {Y i

t = yit}nt=1)
P(θ = θ0 | {Y i

t = yit}nt=1)

]∣∣∣
i→∼i

.

Belief fusion policy. For each agent i, we consider the
belief fusion policy to be a convex combination of its own
belief and the belief revealed by the other agent:

π̄i
n = wi

nπ
i
n

+ (1− wi
n)

[
P(θ = θ1 | {Y ∼i

t = y∼i
t }nt=1)

P(θ = θ0 | {Y ∼i
t = y∼i

t }nt=1)

]∣∣∣
∼i→i

(2)

where 0 ≤ wi
n ≤ 1 is a design parameter corresponding to

the weight i puts on its own observations as compared to the
belief revealed by the other agent. Note that the aim of the
belief fusion policy (2) is to efficiently incorporate the belief
revealed by the other agent to infer the true state of nature.

Decision policy. Following the literature on stopping time
problems [13], [14], we consider the decision policy µi

n(π̄
i
n)

to be a threshold policy:

µi
n(π̄

i
n) =

 stop, Di
n = θ1; if π̄i

n(θ
0) ≤ T i

θ0

stop, Di
n = θ0; if π̄i

n(θ
1) ≤ T i

θ1

continue, Di
n = ∅; otherwise

(3)

where T i
θ0 , T i

θ1 ∈ [0, 1] are threshold parameters to be
designed. The decision policy (3) aims to infer the true state
of nature quickly and achieve the desired level of accuracy.

C. Problem Definition
Following stochastic control formulations of the hypothesis
testing problem in [4], [5], [15], we consider the cost function
for agent i to be

Ci(Di
n) = EP

[
nci1Di

n=∅+

ĉi1Di
n ̸=∅,Di

n ̸=θ

∣∣∣ {Y i
t , π̃

∼i
t }nt=1

]
where ci > 0 is the cost associated with continuing and
collecting the next sample Y i

n+1, and ĉi > 0 is the cost
associated with stopping when the declared state Di

n is
wrong (i.e., Di

n ̸= ∅ and Di
n ̸= θ). The optimization

problem for each agent at iteration n is thus defined as:

min
wi

n,T
i
θ0

,T i
θ1

Ci(Di
n) (4)

where Di
n := Di

n(w
i
n, T

i
θ0 , T i

θ1).
Since the joint distribution between θ, {Y A

t }nt=1, and
{Y B

t }nt=1 is unknown to agent i, the joint distribution be-
tween θ and {Y i

t , π̃
∼i
t }nt=1 is also unknown to the agent.

Therefore, finding the conditional probability EP
[
1θ=θ1 |

{Y i
t , π̃

∼i
t }nt=1

]
using Bayes theorem is not possible. In order

to analyze the optimization problem (4), define

EPi

[
1θ=θ1

∣∣∣{Y i
t , π̃

∼i
t }nt=1

]
≜ π̄i

n(θ
1), and

EPi

[
1θ=θ0

∣∣∣{Y i
t , π̃

∼i
t }nt=1

]
≜ π̄i

n(θ
0) = 1− π̄i

n(θ
1).

Then, the cost function of (4) can be simplified as

Ci(Di
n) = nci1Di

n=∅

+ ĉi
[
1Di

n=θ1 π̄i
n(θ

0) + 1Di
n=θ0 π̄i

n(θ
1)
]
.

Note that since

1Di
n=θ1 π̄i

n(θ
0) + 1Di

n=θ0 π̄i
n(θ

1)

= P(µi
n(π̄

i
n) ̸= θ | {Y i

t , π̃
∼i
t }nt=1) (5)

it follows that

Ci(Di
n) = nci1Di

n=∅+

ĉiP(µi
n(π̄

i
n) ̸= θ | {Y i

t , π̃
∼i
t }nt=1).

Let τ i denote the random stopping time of i, then

Ci(Di
τ i) = ciτ i + ĉiP(µi

τ i(π̄i
τ i) ̸= θ | {Y i

t , π̃
∼i
t }nt=1).

Thus, the cost is a tradeoff between the number of samples
τ i and the conditional probability of error P(µi

τ i(π̄i
τ i) ̸= θ |

{Y i
t , π̃

∼i
t }nt=1).

Different values of ci and ĉi, more specifically the ratio
ĉi/ci, lead to different probabilities of error for a given
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stopping time, and vice versa. When the ratio is high, then
the emphasis is on the probability of error, and the agent
collects samples until the probability of error is sufficiently
small. When the ratio is very low, the emphasis is on the
stopping time, and the agent collects fewer samples at the
expense of a high probability of error. Thus, problem (4) can
be viewed in terms of a Lagrangian formulation:

min
{wi

n}τi
n=1,T

i
θ0

,T i
θ1

τ i (6a)

subject to P(µi
τ i(π̄i

τ i) ̸= θ | {Y i
t }τ

i

t=1) ≤ βi (6b)

where different confidence thresholds βi’s correspond to
different stopping thresholds T i

θ0 , T i
θ1 .

Signaling problem. In the competitive setup, the agent who
wins is the one achieving the confidence threshold before the
other agent. To ensure fairness among the agents, we impose
the condition that β1 = β2 = β. In other words, the agent
who stops first while ensuring that the probability of error
conditioned on its observations is less than or equal to β wins
the competition. For any belief fusion policy and thresholds
of agent ∼i, agent i aims to prevent ∼i from winning the
competition by optimizing over the belief signaling policy.
Since the belief signaling policy (1) is parameterized by αi,
the objective of agent i is

max
αi

P(µ∼i
n (π̄∼i

n ) ̸= θ | {Y ∼i
t , π̃i

t}nt=1). (7)

That is, agent i chooses the truthfulness probability αi

such that it maximizes ∼i’s conditional probability of error.
Although solving (7) is not possible for agent i because
it doesn’t know the parameters of ∼i’s belief fusion and
decision policies, one can indirectly characterize the optimal
value of αi. Note that the aim of the signaling policy
according to (7) is to not reveal a lot of information so that
the other agent gains sufficient information to correctly and
rapidly infer the true state, but also to not corrupt it too
much so that the signal becomes predictable enough and can
be simply inverted.

Competitive stopping problem. By incorporating the sig-
naling problem (7) into the stopping problem (6), we obtain
a competitive stopping problem as

min
{wi

n}τi
n=1,T

i
θ0

,T i
θ1

τ i (8a)

subject to max
α∼i

P(µi
τ i(π̄i

τ i) ̸= θ | {Y i
t }τ

i

t=1) ≤ βi. (8b)

That is, agent i minimizes its stopping time subject to
achieving a conditional probability of error irrespective of
signals it receives from ∼i. Note that the belief fusion
policy is parameterized by wi

n and the decision policy is
parametrized by T i

θ0 and T i
θ1 . Thus, the problem boils down

to designing parameters wi, T i
θ0 , and T i

θ1 of the belief fusion
policy (2) and the decision policy (3) such that the above
objective is achieved.

III. ANALYSIS

This section presents our key results on sequential binary
hypothesis testing with competing agents. We characterize

the optimal signaling and belief fusion policies. We also
derive the optimal stopping thresholds and the conditional
probability of errors of the agents.

A. Optimal Signaling

We explore how agents should optimally manipulate their
beliefs when signaling. Considering the belief signaling
policy (1), where each agent has a “truthfulness” parameter
αi, we observe that setting this truthfulness parameter to
exactly 0.5 creates an optimal signaling strategy. This means
the agent should randomly choose between sending their true
belief or its opposite with equal probability, regardless of the
other agent’s stopping thresholds or belief fusion parameters.

Proposition 1. Consider the belief signaling policy (1)
parametrized by 0 ≤ αi ≤ 1. Then, for any belief fusion
parameter sequence, {w∼i

n } and thresholds T∼i
U , T∼i

L of
agent ∼i, αi = 0.5 is optimal with respect to (7).

Proof. See [16] for the proof.

Entropy-based interpretation. The intuition behind Propo-
sition 1 connects to information entropy. By choosing a
50/50 split between truth and inversion, the agent maximizes
uncertainty in their signals while still conveying useful
information. This approach effectively hides the agent’s true
decision while ensuring the communicated belief maintains
the same level of uncertainty as the original belief. Since the
entropy of a belief is identical to its inverse, this strategy
preserves information content while maintaining strategic
ambiguity about the agent’s actual position.

To elucidate, recall the entropy of a random variable with
a Bernoulli distribution p:

H(p) = −p log2 p− (1− p) log2(1− p).

The entropy function possesses two geometric properties:
(i) symmetry about p = 0.5 and (ii) concavity in p. Since
the entropy of πi

n or 1 − πi
n is the same, an agent can

communicate to the other agent by transmitting either of
them that it has achieved the desired level of uncertainty
in the decision while keeping the true decision hidden. For
any two independent random variables Y and Z, it holds
that H(Y,Z) = H(Y ) + H(Z | Y ) = H(Y ) + H(Z).
When an agent is choosing αi such that the entropy of the
distribution of the random vector π̃i

n is maximized, it follows
from the previous relation that the agent has to maximize
H(α) because H(π̃i

n) = H(α)+H(πi
n). Since the entropy of

the Bernoulli distribution gets maximized at 0.5, it is optimal
for agent i to choose αi = 0.5. ⋄
Remark 1. The above result states that by choosing αA =
0.5, we get[

P(θ = θ1 | {Y A
t = yAt }nt=1)

P(θ = θ0 | {Y A
t = yAt }nt=1)

]∣∣∣
A→B

=

[
0.5
0.5

]
which implies that

π̄B
n = wB

nπ
B
n + (1− wB

n)

[
0.5
0.5

]
(9)
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Hence, for any 0 ≤ wB
n < 1, the probability of error based

on decision π̄B
n is greater than or equal to the probability of

error based on decision πB
n . ⌟

B. Optimal Belief Fusion and Stopping Time

We analyze how agents should optimally combine their
own beliefs with information received from others, and
when they should stop the process to make a final decision
about the true state of nature. For the analysis, we consider
belief fusion policy (2) where each agent uses a weighted
combination of their local observations and the beliefs shared
by other agents, alongside a threshold-based policy (3) to
determine when to stop and declare the state.

In our multi-agent setup, the agent achieving the desired
conditional probability of error at iteration n,

P(µi
n(π̄

i
n) ̸= θ | {Y i

t }nt=1) ≤ βi

will initiate the stopping, i.e., τ i = n. However, we show that
both agents will ultimately stop the process at the same time,
regardless of their local observation processes. Expanding
on Remark 1, we further show that the optimal strategy for
agents is to rely exclusively on their own observations when
making decisions until the stopping time. This means agents
should essentially ignore the information shared by their
counterparts until they detect that one of them has achieved
the desired conditional probability of error.

Proposition 2. For almost all sample paths, both agents stop
at the same time, i.e., τA(ω) = τB(ω) = τ(ω). Moreover, for
all agents i ∈ {A,B}, the optimal fusion parameter sequence
with respect to (8) is given by wi

n = 1, for n ≤ τ . For agent i
initiating the stopping, the decision policy at τ is given by

µi
τ (π̄

i
τ ) =

{
Di

τ = θ1, if π̄i
τ (θ

0) ≤ β

Di
τ = θ0, if π̄i

τ (θ
1) ≤ β.

(10)

That is, T i
θ0 = T i

θ1 = β is optimal for i with respect to (8).
The policy of the other agent ∼i at τ is

µ∼i
τ (π̄∼i

τ ) =

{
D∼i

τ = θ1 if π̄∼i
τ (θ0) ≤ π̄∼i

τ (θ1)

D∼i
τ = θ0 if π̄∼i

τ (θ1) ≤ π̄∼i
τ (θ0).

(11)

Proof. See [16] for the proof.

The above proposition shows that even though i may
initiate the stopping, ∼i can detect it through i’s revealed
belief π̃i

n and will also stop at the same time. However,
we show in the next section that ∼i, the agent who did
not initiate the stopping, may lose the competition in the
sense that it incurs a higher probability of error. Another
observation in the proposition is that even when agents
receive information from their counterparts, none of the
agents find it optimal to incorporate it into their local
beliefs. However, they leverage this shared information to
anticipate when a counterpart will stop, and only then do they
incorporate it into their beliefs. This counterintuitive result
stems from the information-theoretic properties of belief
fusion. When one agent shares manipulated information to
maximize uncertainty (as established in the previous section),

the receiving agent’s best response is to deliberately disregard
this ambiguous signal entirely.

Entropy-based interpretation. This result can also be un-
derstood through the lens of entropy. Note that the belief
fusion policy utilizes the concavity of the entropy function.
From the concavity of H(·) it follows that

H(π̄i
n) ≥ wi

nH(πi
n)

+ (1− wi
n)H

([
P(θ = θ1 | {Y ∼i

t = y∼i
t }nt=1)

P(θ = θ0 | {Y ∼i
t = y∼i

t }nt=1)

]∣∣∣
∼i→i

)
.

Therefore, for an agent aiming to choose the belief fusion
parameter for which H(π̄i

n) is minimized, it has to choose
wi

n = 1 or wi
n = 0 depending on which of the terms they

multiply has a lower value. Since agents are incentivized to
maximize the entropy of their shared beliefs, i.e., agent ∼i
chooses α∼i to maximize the term that multiplies 1 − wi

n,
recipients minimize their uncertainty by trusting only their
own observations, i.e., agent i inevitably chooses wi

n = 1
for n < τ i. The optimal confidence thresholds then balance
the cost of continuing to collect samples against the potential
cost of making an incorrect decision. ⋄

C. Conditional Probability of Error
We have established that both agents stop at the same
time. However, what’s the benefit to the agent initiating
the stopping? This section analyzes the accuracy of agents’
decisions within this framework. In particular, we derive the
conditional probability of error for each agent at the time they
stop collecting information and make their final decision.

Proposition 3. For almost all sample paths (except a set of P
measure 0), the conditional probability of error of the agent
initiating the stopping is less than or equal to β, while for
the other agent is less than or equal to 0.5.

Proof. See [16] for the proof.

The above proposition shows an important competitive
dynamic between agents: the agent who initiates the stopping
process (by reaching their confidence threshold first) achieves
a conditional probability of error that is bounded by the pre-
defined parameter β. Meanwhile, the other agent, who must
decide under insufficient information, can only guarantee that
their conditional probability of error is bounded by 0.5.

IV. NUMERICAL EXAMPLE

This section demonstrates the algorithm with an example.
Suppose the common prior known to both agents is

P(θ = θ1) = P(θ = θ0) =
1

2
.

The distributions of agents under the null (θ = θ0) and the
alternate (θ = θ1) hypotheses are listed in Table I. Let the
observations be independent in time. We have

DKL(P(Y A
n | θ = θ0),P(Y A

n | θ = θ1)) = 0.14

DKL(P(Y B
n | θ = θ0),P(Y B

n | θ = θ1)) = 0.496.
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TABLE I
DISTRIBUTIONS P(Y i

n | θ) OF THE AGENTS UNDER DIFFERENT STATES

OF NATURE.

Agent A
θ = θ0 0.1 0.2 0.1 0.3 0.3
θ = θ1 0.2 0.15 0.25 0.2 0.2

Agent B
θ = θ0 0.15 0.25 0.15 0.25 0.2
θ = θ1 0.4 0.05 0.35 0.1 0.1

Fig. 3. Decay of conditional probability of error with time

In Fig. 3, we plot the decay of the conditional probability
of error for both agents across two different trials. We set
β = 0.05. Observe that, in trial 1, agent A achieves the
desired probability of error in 14 iterations, while agent B
achieves the same in only 10 iterations. In trial 2, agent A
takes 21 iterations while agent B takes only 5 iterations. For
β = 0.05, the average stopping times over 100 trials are

τavg = 6.95, τAavg = 19.70, τBavg = 7.95.

For β = 0.01, we have

τavg = 10.34, τAavg = 30.52, τBavg = 10.85.

Thus, τavg for the system is closer to τBavg, the average
stopping time for agent B. This is because the higher KL
divergence between the distributions under the null and
alternative hypotheses enables agent B to distinguish between
the two hypotheses quickly. Among the 100 trials, there were
very few trials where agent A initiated the stopping.

V. CONCLUSION

This paper studied sequential hypothesis testing in a com-
petitive multi-agent setting under information asymmetry.
The analysis showed that when agents interact under strate-
gically manipulated communication channels, conventional
information-sharing protocols require fundamental reconsid-
eration. Specifically, we showed that randomizing between
truthful and inverted beliefs is the optimal signaling strategy
to prevent the other agent from stopping first. We also
showed that agents achieve optimal performance by main-
taining separate processing streams for their own observa-
tions versus information received from others. In particular,
agents should update their beliefs based exclusively on their
private observations until reaching their confidence thresh-
olds. The information received from counterparts serves pri-

marily as a mechanism to anticipate stopping decisions rather
than as a direct input to belief formation. This result provides
a practical approach to managing potentially manipulated
information in distributed decision-making systems. Finally,
we showed that the agent who reaches their confidence
threshold first has an advantage, which creates an asymmetry
with the first agent achieving a bounded error probability
while the second faces compromised accuracy.

Several promising directions exist for extending this re-
search. Extending the analysis to networks with multiple
agents would enhance the applicability of our work to
organizational and social systems. Moreover, developing
adaptive learning mechanisms that enable agents to discover
optimal strategies under uncertainty about their counterparts’
behavior represents an important practical extension.
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