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Abstract— We consider the binary hypothesis testing problem
with two observers. There are two possible states of nature (or
hypotheses). Observations are collected by two observers. The
observations are statistically related to the true state of nature.
Given the observations, the objective of both observers is to find
out what is the true state of nature. We present three different
approaches to address the problem. In the first (centralized)
approach, the observations collected by both observers are sent
to a central coordinator where hypothesis testing is performed.
In the second approach, each observer performs hypothesis test-
ing based on locally collected observations. At every time step
decision information is exchanged until consensus is achieved.
In the third approach, sequential hypothesis testing problem is
formulated for each observer. The sequential hypothesis testing
problem is solved for each observer using locally collected
observations. Taking into account the asymmetric and random
stopping times of the observers, a consensus algorithm has
been designed. Numerical study has been done to assess the
performance of the three approaches.

I. INTRODUCTION

Hypothesis testing problems arise in various aspects of
science and engineering. The standard version of the problem
has been studied extensively in the literature. The inherent
assumption of the standard problem is that even if there are
multiple sensors collecting observations, the observations are
transmitted to single fusion center where the observations
are used collectively to arrive at the belief of the true
hypothesis. When multiple sensors collect observations, there
could be other detection schemes as well. One possible
scheme is that, the sensors could send a summary of their
observations as finite valued messages to a fusion center
where the final decision is made. Such schemes are classified
as “Decentralized Detection”. One of the motivations for
studying decentralized detection schemes is that, when there
are geographically dispersed sensors, such a scheme could
lead to significant reduction in communication cost without
compromising much on the detection performance.

In [1], the M-ary hypothesis testing problem is considered.
A set of sensors collect observations and transmit finite
valued messages to the fusion center. At the fusion center,
a hypothesis testing problem is considered to arrive at the
final decision. For the sensors, to decide what messages
they should transmit, the Bayesian and Neyman-Pearson
versions of the hypothesis testing problem are considered.

*Research supported by ARO grant W911NF-15-1-0646, by DARPA
through ARO grant W911NF-14-1-0384 and by ONR grant N00014-17-
1-2622.

The authors are with the Department of Electrical and Com-
puter Engineering and The Institute for Systems Research, Univer-
sity of Maryland, College Park, USA. Email: raghava@umd.edu,
baras@isr.umd.edu

The messages transmitted by the sensors are coupled though
the common cost function. For both versions of the problem,
it is shown that if the observations collected by different
sensors conditioned on any hypothesis are independent, then
the sensors should decide their messages based on likelihood
ratio test. The results are extended to the cases when the
sensor configuration is a tree and when the number of sensors
is large. In [2], the binary hypothesis testing problem is
considered. The formulation considers two sensors and the
joint distribution of the observations collected by the two
sensors is known under either hypothesis. The objective
is to find a decision policy for the sensors based on the
observations collected at the sensor locally through a coupled
cost function. Under assumptions on the structure of the cost
function and independence of the observations conditioned
on the hypothesis, it is shown that likelihood ratio test is
optimal with thresholds based on the decision rule of the
alternate sensor. Conditions under which threshold computa-
tions decouple are also presented. In [3], the authors consider
the problem of distributed estimation. There are multiple
agents receiving noisy observations which are functions of
random vector they want to estimate. Every time an agent
receives an observation or an estimate made by another
agent, it updates its own estimate as well. In each turn, the
agents transmits their estimate to a random subset of agents.
If each agent in a communication ring knows that it is a
member of the ring, then the estimates of all the agents in the
ring asymptotically agree. The common limit could depend
on the order in which the agents exchange information.

We consider the binary hypothesis testing problem. There
are two possible states of nature. There are two observers,
Observer 1 and Observer 2. Each observer collects its
individual set of observations. The observations collected
by the observers are statistically related to the true state
of nature. After collecting their sets of observations, the
objective of the two observers is to find their belief about
the true state of nature and to agree on their beliefs as
well. We do not assume that the observations of the two
observers belong to the same probability space, as such
an assumption implies the existence and knowledge of a
joint distribution of the observations and hence information
exchange between the observers. We emphasize the detailed
probability space construction from the data. We present
three different approaches. In each approach there are two
phases: (a) probability space construction: the true hypothesis
is known, observations are collected to build empirical joint
distributions between hypothesis and the observations; (b)
In the second phase, given a new set of observations, we
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formulate hypothesis testing problems for the observers to
find their individual beliefs about the true hypothesis. We
discuss consensus algorithms for the observers to agree on
their beliefs about the true hypothesis. In the first approach,
the observations collected by the observers are sent to a
central coordinator. The joint distribution between the ob-
servations (from both observers) and hypothesis is built. The
hypothesis testing problem is formulated and solved using
the collective set of observations. It should be noted that
the joint distribution between the observations collected by
the observers is found only for the purpose of comparison
between the centralized and decentralized detection schemes.
It is not available to observers for processing any infor-
mation they receive. In the second approach, each observer
builds its own probability space using the empirical distribu-
tions found from locally collected observations. By solving
hypothesis testing problems formulated in their respective
probability spaces, the observers arrive at their beliefs about
the true state of nature. A consensus algorithm involving
exchange of beliefs is designed for observers to agree on
their beliefs. In the third approach, the observers build
extended probability spaces where stopping time problems
are formulated. The stopping time problems are solved and
a consensus algorithm is executed for the observes to agree
on their beliefs. The contributions of the paper are: (i)
revisiting careful probability space construction in distributed
hypothesis testing problems; (ii) numerical study comparing
the performance of centralized and decentralized approaches
to binary hypothesis testing.

In the next section, we present the sample space con-
struction and hypothesis testing problems for the three ap-
proaches. In section III, we discuss the solution for the three
approaches and the consensus algorithm for the second and
third approach. In section IV, we present simulation results
and compare the performance of the three approaches. We
conclude and discuss future work in section V.

II. PROBLEM FORMULATION

In this section, we discuss the probability space con-
struction and hypothesis testing problems for the three ap-
proaches.

A. Assumptions

1) Both observers operate on the same time scale. Hence
their actions are synchronized.

2) The observations collected by Observer 1 are denoted
by Yi, Yi ∈ S1 where S1 is a finite set of real numbers
or real vectors of finite dimension. The observations
collected by Observer 2 are denoted by Zi, Zi ∈ S2,
where S2 is a finite set of real numbers or real vectors
of finite dimension. Let M = |S1|× |S2|.

3) State of nature is the same for both observers. The two
states of nature are represented by 0 and 1.

The observers collect data strings which are obtained by
concatenating the observations and the true hypothesis.

Fig. 1. Schematic for centralized approach

B. Centralized Approach

In this approach both observers send the data strings
collected by them to a central coordinator. The central
coordinator generates new strings by concatenating the ob-
servations from Observer 1, observations from Observer 2
and the true hypothesis. From the data strings, the em-
pirical joint distributions are found. The joint distribution
when the true hypothesis is 0 is denoted by f0(y,z) and
when the true hypothesis is 1 is denoted by f1(y,z). We
assume, 0 < DKL( f0|| f1) < ∞, where DKL( f0|| f1) denotes
the Kullback Leibler divergence between distributions f0
and f1. The prior distribution of the hypothesis is denoted
by ph for h = 0,1. Let Ω = {0,1} × S1 × S2. ω ∈ Ω, is
given by the triple (h,y,z),h ∈ {0,1},y ∈ S1 and z ∈ S2.
Let F = 2Ω. Since Ω is finite it suffices to define the
measure for each element in Ω. The measure, P is defined as
follows: P(ω)= ph fh(y,z). The probability space constructed
by the central coordinator is (Ω,F ,P). Consider the case
when the central coordinator receives observations which
are i.i.d. conditioned on the hypothesis, {Yi,Zi}n

i=1, n ∈ N.
In such a case, these observations are studied as random
variables in the product space. The product space is defined
as (Ωn,Fn,Pn), where Ωn = {0,1}×Sn

1×Sn
2, Fn = 2Ωn and

Pn(ω) = ph ∏
n
i=1 fh(yi,zi). The schematic for the centralized

approach is shown in figure 1. Given an observation sequence
{Yi,Zi = yi,zi}n

i=1, the objective is to find Dn : Sn
1× Sn

2 −→
{0,1} such that the following cost is minimized

EPn [C10H(1−Dn)+C01(Dn)(1−H)],

where H denotes the hypothesis random variable.

C. Decentralized Approach

In this approach each observer constructs its own prob-
ability space. From the data strings collected locally, the
observers find their respective empirical distributions. For
Observer 1, the distribution of observations when the true
hypothesis is 0 is denoted by f 1

0 (y) and when the true
hypothesis is 1 is denoted by f 1

1 (y). Similarly, Observer 2
finds f 2

0 (z) and f 2
1 (z). We assume that the prior distribution

of the hypothesis remains the same as in the previous
approach. We assume, for i = 1,2, 0 <DKL( f i

0|| f i
1)< ∞. For
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Fig. 2. Schematic for decentralized approach

consistency we impose:

∑
z∈S2

fh(y,z) = f 1
h (y),∀y ∈ S1,h = 0,1.

∑
y∈S1

fh(y,z) = f 2
h (z),∀z ∈ S2,h = 0,1.

Based on these distributions, the probability space con-
structed by Observer 1 is (Ω1,F 1,P1). Ω1 = {0,1} ×
S1, F 1 = 2Ω1

and P1(ω) = ph f 1
h (y). As in the pre-

vious approach, when Observer 1 receives observations
which are i.i.d. conditioned on the hypothesis, the ob-
servations are treated as random variables in the product
space (Ω1

n,F
1
n ,P1

n). For Observer 2 the probability space is
(Ω2,F 2,P2) = ({0,1}×S2,2Ω2

, ph f 2
h (z)), while the product

space is denoted (Ω2
n,F

2
n ,P2

n). Given the observation se-
quences {Yi = yi}n

i=1 and {Zi = zi}n
i=1 for Observer 1 and

Observer 2 respectively, the objective is to find Di
n : Sn

i −→
{0,1} such that following cost is minimized

EPi
n
[Ci

10Hi(1−Di
n)+Ci

01(D
i
n)(1−Hi)],

where Hi denotes the hypothesis random variable for ob-
servers in their respective probability spaces. Based on
the decisions alone, the observers would have to come to
consensus about their beliefs about the true state of nature.

D. Decentralized Sequential Approach

Using the empirical distributions and independence of
observations (over time) under either hypothesis, Observer
1 builds a probability space where the sample space con-
sists of sequences of the form (H1,Y1,Y2,Y3, . . .). The se-
quences begin with the true state of nature followed by
an infinite sequence of observations. Observer 2 builds
a probability space where the sample space consists of
sequences of the form (H2,Z1,Z2,Z3, . . .). At the central
coordinator the extended joint probability space is built
with the sample space consisting of sequences of the form
(H,(Y1,Z1),(Y2,Z2),(Y3,Z3), . . .). The construction of the
extended probability spaces for the observers is needed to
formulate stopping time problems. In stopping time problems
the observers are allowed to collect as many observations
(with cost for every observation) as they want before they
stop and announce their belief about the true state of nature.

Since the times at which they stop are random, we consider
observation sequences of infinite length. Since the sequences
of product measures ({Pi

n}n≥1, i = 1,2) are consistent, by
the Kolmogorov extension theorem, for i = 1,2, there exists
measures P∗i on ({0,1}× {Si}∞,F ∗

i ), where F ∗
i is the σ

algebra generated by cylindrical sets in ({0,1}×{Si}∞), such
that,

P∗i (Ii
n(B)) = Pi

n(B) ∀ B ∈ 2{0,1}×{Si}n ,

where

Ii
n(B) = {ω ∈ {0,1}×{Si}∞ 3 (ω(1), ...,ω(n+1)) ∈ B}.

Thus the probability space constructed for Observer i is
({0,1}×{Si}∞,F ∗

i ,P∗i ). Similarly Pn can be extended to P∗
as measure on, ({0,1}×{S1×S2}∞,F ∗), where F ∗ is the σ

algebra generated by cylindrical sets in ({0,1}×{S1×S2}∞).
The extended probability space for the central coordinator
is ({0,1} × {S1 × S2}∞,F ∗,P∗). A collection of stopping
time problems is formulated for each observer in their
respective probability spaces. n denotes the starting time
for the optimization problem. The objective of Observer 1
is to find τ1

n and D1
τ1

n
∈ {0,1} such that following cost is

minimized:

J1(τ1
n ,D

1
τ1

n
) = EP∗1 [α

1
τ

1
n +H1(1−D1

τ1
n
)+(1−H1)D1

τ1
n
], (1)

where α1 > 0. The objective of Observer 2 is to find τ2
n and

D2
τ2

n
∈ {0,1} such that following cost is minimized:

J2(τ2
n ,D

2
τ2

n
) = EP∗2 [α

2
τ

2
n +H2(1−D2

τ2
n
)+(1−H2)D2

τ2
n
], (2)

where α2 > 0. The optimal stopping time for Observer 1
(Observer 2) is found from the set of stopping times which
are finite P∗1(P∗2) almost surely and are adapted to filtration
generated by {Yi}i≥1 ({Zi}i≥1). The optimal decisions are
found from the set of decisions which are measurable with
respect σ algebra generated by the stopping time.

III. SOLUTION

We now discuss the solution for the hypothesis testing
problems formulated in the previous sections and the con-
sensus algorithm.

A. Centralized Approach

Define, πn = ∏
n
i=1

f1(yi,zi)
f0(yi,zi)

. Then the decision is given by

Dn =

{
1, if, πn ≥ T,
0, otherwise,

where the threshold T is a function of the costs C10 and
C01. When the objective is to minimize probability of error,
C10 =C01 = 1, T = p0

p1
. Let,

An = {(yi,zi)
n
i=1 ∈ Sn

1×Sn
2 3 Dn = 1},

κn = Pn(An|H = 0),ξn = Pn(A
c

n |H = 1).

Then, probability of error γn is

γn = Pn(Dn 6= H) = p0κn + p1ξn.
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B. Decentralized Approach

Define for i = 1,2, ψ i
n = EPi

n
[H|I i

n], where I 1
n denotes

the σ algebra generated by Y1, ...,Yn and I 2
n denotes the

σ algebra generated by Z1, ...,Zn. Let π1
n = ∏

n
i=1

f 1
1 (yi)

f 1
0 (yi)

and

π2
n = ∏

n
i=1

f 2
1 (zi)

f 2
0 (zi)

. Hence, ψ i
n =

p1π i
n

p1π i
n+p0

. For 0 < ti < 1,

ψ i
n ≥ ti ⇔ π i

n ≥
ti p0

p1−ti p1
. Hence the decision policy for Ob-

server i can be stated as function of π i
n as:

Di
n =

{
1, if, π i

n ≥ Ti,
0, otherwise.

The observers can update their likelihood ratio recursively as
π1

k+1 = π1
k

f 1
1 (yk+1)

f 1
0 (yk+1)

and π2
k+1 = π2

k
f 2
1 (zk+1)

f 2
0 (zk+1)

, with π1
0 = π2

0 = 1.
When Observer 1 receives the decision of Observer 2 (and
vice-versa), it treats that decision as an exogenous random
variable as no statistical information is available about the
new random variable. Based on this 1 bit information ex-
change we consider a simple consensus algorithm: Let n= 1,

1) Observer 1 collects Yn while Observer 2 collects Zn.
2) Based on Y1, ...,Yn, D1

n is computed by Observer
1 while D2

n is computed by Observer 2 based on
Z1, ...,Zn.

3) If D1
n = D2

n , stop. Else increment n by 1 and return to
step 1.

{ψ i
n,I

i
n}n≥1 are martingales in ({0,1} × {Si}∞,F ∗

i ,P∗i ).
Hence by Doob’s theorem [4], it follows that

lim
n→∞

ψ
i
n = Hi, P∗i a.s.

Hence there exist integers N(ω i) such that Di
n = Hi ∀ n ≥

N(ω i), ω i ∈ {0,1} × {Si}∞. The result can be interpreted
as follows: For observer i, for any sample path (or any
sequence of observations), ω i, there exists a finite natural
number N(ω i) such that the decision after collecting N(ω i)
observations or more will be the true hypothesis. Hence,
after both observers collect max(N(ω1),N(ω2)) number of
samples, both their decisions will be the true hypothesis.
Hence convergence of the consensus algorithm is guaranteed.
Fig. 2 depicts a scenario where consensus occurs at stage n.

C. Decentralized Sequential Approach

For solutions using the dynamic programming approach,
we refer to [5]. Both finite horizon and infinite horizon
problems have been studied in detail. The main drawback
of this approach is that it is not computable. It is well
known that the optimal policies are threshold policies, [5].
The sequential probability ratio test (SPRT) is very well
studied in the literature [[5], [6], and [7]] and is often
used as a tool in sequential analysis. Instead of finding the
optimal thresholds for the optimization problems (1) and (2),
thresholds are found using Wald’s approximation. Given the
desired probability of miss detection and false alarm, the
thresholds for SPRT can be found as functions of these
probabilities. Given the probability of miss detection and
false alarm for Observer i, let (Li,Ui) denote the lower and

upper thresholds obtained using Wald’s approximation. The
test can be defined as

SPRT(Li,Ui) :

π
i
k ≥Ui⇒ τ

i
n = k,Di

τ i
n
= 1,

Li < π
i
k <Ui⇒ collect next observation,

π
i
k ≤ Li⇒ τ

i
n = k,Di

τ i
n
= 0.

The decision that is arrived upon using the above test
achieves the given probability of miss detection and false
alarm within bounded error. Each observer arrives at its deci-
sion about the true hypothesis based on its own observations
at random times. The consensus algorithm is as follows.
The observers start collecting observations at k = 0 with the
objective of achieving certain probability of error. At each
time instant they collect their observations and update their
LLR. Using the updated likelihood ratio they perform SPRT
test. They could stop or continue collecting observations
depending on the result of the test. If both the observers stop
at the same time, then they exchange their decisions. If their
decisions are the same, then they stop. If their decisions are
different then they repeat SPRT test starting from next time
instant with updated thresholds. The thresholds are updated
as, Li =

Li
2 and Ui =Ui×2. This update rule remains the same

for future updates as well. If Observer 1 (Observer 2) stops
first, it communicates its decision to Observer 2 (Observer 1).
Observer 2 (Observer 1) continues with SPRT (with updated
thresholds, update rule mentioned above). After Observer 1
(Observer 2) sends out its decision, it continues to collect
observations and update its likelihood ratio, though it does
not perform SPRT. When Observer 2 (Observer 1) stops,
it checks its own decision with the decision obtained from
Observer 1 (Observer 2). If the decisions are the same, then
consensus has been achieved, else Observer 1 (Observer
2) starts performing SPRT again at τ2

0 + 1(τ1
0 + 1) with

updated thresholds. When Observer 1 (Observer 2) receives
observation at τ2

0 + 1(τ1
0 + 1), it updates it likelihood ra-

tio as π1
τ2

0+1
= π1

τ2
0

f 1
1 (yτ2

0+1)

f 1
0 (yτ2

0+1)

(
π2

τ1
0+1

= π2
τ1

0

f 2
1 (zτ1

0+1)

f 2
0 (zτ1

0+1)

)
, treating

π1
τ2

0
(π2

τ1
0
) as the initial likelihood ratio for the stopping time

problem starting at τ2
0 +1(τ1

0 +1). Observer 1 (Observer 2)
performs SPRT based on the LLR computed and updated
thresholds. When Observer 1 (Observer 2) stops it compares
its decision to that of Observer 2 (Observer 1). If they
are not equal then Observer 2 (Observer 1) starts SPRT at
time τ1

τ2
0+1

+ 1 (τ2
τ1

0+1
+ 1). Thus the observers alternatively

perform SPRT until consensus is achieved. In figure 3, a
simple scenario is depicted where Observer 2 arrives at its
decision first and sends it to Observer 1. After Observer 1 has
arrived at its decision, it compares its own decision to that
of Observer 2. Since they are not equal, it communicates
its decision to Observer 2. Observer 2 starts performing
SPRT from the next time instant onwards. The algorithm
is executed until consensus is achieved.

The thresholds are updated for each observer after every
iteration. The lower threshold is monotonically decreasing
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Fig. 3. Schematic for decentralized sequential approach

with every iteration while the upper threshold is monoton-
ically increasing. Thus, the consensus algorithm has been
designed in such way that at the nth iteration, i.e., after
both observers have made their final decisions n times, the
probability of error is bounded above by

1
2n−1 . Hence as

n tends to ∞ the probability of error tends to zero. Thus
Di

τ i
n

converge to Hi in P∗i . It can be shown that for every
ε > 0, there exist Nε ∈N such that P∗(D1

τ1
n
6= D2

τ2
n
)< ε where

for n ≥ Nε . Thus, lim
n→∞

P∗(D1
τ1

n
6= D2

τ2
n
) = 0. The consensus

algorithm converges in probability, P∗.

IV. SIMULATION RESULTS

Simulations were performed to evaluate the performance
of the algorithms. The setting is described as follows. The
cardinality of the sets of observations collected by Observer 1
and Observer 2 are 3 and 4 respectively. The joint distribution
of the observations under either hypothesis is given in table 1.
Note that under either hypothesis, the observations received
by the two observers are independent. The prior distribution

f0(y,z) Z = 1 Z = 2 Z = 3 Z = 4
Y = 1 0.03 0.06 0.0375 0.025
Y = 2 0.1 0.2 0.125 0.075
Y = 3 0.07 0.14 0.0875 0.0525
f1(y,z) Z = 1 Z = 2 Z = 3 Z = 4
Y = 1 0.09 0.06 0.045 0.105
Y = 2 0.075 0.05 0.0375 0.0875
Y = 3 0.135 0.09 0.0675 0.1575

TABLE I
JOINT DISTRIBUTION OF OBSERVATIONS UNDER EITHER HYPOTHESIS

of the hypothesis was considered to be p0 = 0.4 and p1 = 0.6.
DKL( f1|| f0) = 0.4900 and DKL( f0|| f1) = 0.5052. Let M be
the total number of simulations. For the centralized approach,
for simulation trial ω , let Dn(ω) denote the decision at the
central coordinator at stage n. Then the empirical probability
of error for the centralized approach at stage n is

Pc,n =
∑

M
ω=1 1Dn(ω)6=H

M
,

where 1{·} denotes the indicator function. Pc,n is an approx-
imation of γn. Let D1

n(ω) and D2
n(ω) denote the decision

Fig. 4. Probability of error vs number of samples

Fig. 5. Empirical distribution of stopping time

of Observer 1 and Observer 2 respectively for simulation ω

and stage n. Then the empirical probability of error for the
decentralized approach at stage n is

Pd,n =
∑

M
ω=1 1D1

n(ω)=D2
n(ω)1D1

n(ω)6=H

M
.

For the sequential approach, let Ds(ω) denote the consensus
decision of the two observer system for simulation ω . The
empirical probability of error for the sequential approach is

Ps =
∑

M
ω=1 1Ds(ω)6=H

M
.

For the simulation setup mentioned before, the empirical
probability of error achieved by the centralized approach
(Algo-1) and decentralized approach(Algo-2) has been plot-
ted in figure 4. It was found that the empirical probability
of error achieved by the decentralized approach is lower
than that of the centralized approach until stage n = 40.
For n > 40, it is seen that they are approximately equal.
The probability of error achieved by the sequential approach
was found to be 2× 10−5. The empirical distribution of
the stopping time is shown in figure 5. The mean of the
distribution was approximately 73. The stopping time for the
two observer system is a function of the individual stopping
times of the two observers. The stopping time of the two
observer system need not be a random variable in their
individual probability spaces, but is indeed a random variable
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in, ({0,1}× {S1 × S2}∞,F ∗,P∗), the extended probability
space at the central coordinator. We consider a second

f0(y,z) Z = 1 Z = 2 Z = 3
Y = 1 0.15 0.15 0.1
Y = 2 0.25 0.20 0.15
f1(y,z) Z = 1 Z = 2 Z = 3
Y = 1 0.10 0.28 0.22
Y = 2 0.16 0.14 0.10

TABLE II
JOINT DISTRIBUTION OF OBSERVATIONS UNDER EITHER HYPOTHESIS

simulation set up for the problem. The cardinality of the sets
of observations collected by Observer 1 and Observer 2 are 2
and 3 respectively. The joint distribution of the observations
under either hypothesis is given in table 2. DKL( f1|| f0) =
0.2103 and DKL( f0|| f1) = 0.1905. For this simulation setup,
the empirical probability of error achieved by the centralized
approach (Algo-1) and decentralized approach(Algo-2) has
been plotted in figure 6. It was observed that the empirical
probability of error achieved by the decentralized approach
is lower than that of the centralized approach until stage
n = 80. For n > 80, it is seen that (figure 6) they are
approximately equal. The probability of error achieved by the
sequential approach was found to be 1×10−4. The empirical
distribution of the stopping time is shown in figure 7. The
mean of the distribution was approximately 194. Since the
distributions of the observations under either hypothesis are
closer (in terms of KL divergence) in the second set up, the
rate of decay of probability of error is lesser than the first
setup. Thus, when it is desired to achieve extremely low
values of probability error, the sequential approach might be
appropriate as it is a completely decentralized approach to
decision making with minimal information exchange. The
decentralized approach can be used in the earlier stages (for
lower values of n) to achieve low probability with fewer
samples.

V. CONCLUSION AND FUTURE WORK

In this paper, we discussed three different approaches
to the collaborative binary hypothesis testing problem. The
first approach is the centralized scheme. A simple scheme
for decentralized detection was presented as the second
approach. From the numerical study it was observed that, the
empirical probabilities of error achieved by the decentralized
scheme was lesser than that of the centralized scheme. The
third approach included construction of extended probability
spaces for both observers and solving stopping time prob-
lems. The performance of the third approach was analyzed
by finding the empirical probability of error and the empirical
distibution of stopping time.

Using techniques from large deviations [[8], [9]], the rate
of decay of probability of error in the decentralized scheme
can be found and can be compared with the centralized
scheme. The consensus algorithms presented for the second
and third appraoches do not use the statistical information in
the decision information exchanged. Our goal is to develop
decentralized detection schemes where the stastical infor-
mation is also used. The binary hypothesis testing problem

Fig. 6. Probability of error vs number of samples

Fig. 7. Empirical distribution of stopping time

with two observers and asymmetric information can also be
studied as co-operative game with two agents. We plan to
develop game theoretic approaches to this problem following
the methods of Topsoe and Grunwatd in [10], [11], [12], and
[13].
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