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Abstract—Identifying conversational partners in multi-talker
environments is essential for hearing-aid systems but remains
challenging. Although traditional speech enhancement methods
improve signal quality, they do not determine which talker the
hearing-aid user (HAU) intends to engage with. The Bayesian
Minimum Overlap-Gap (BMOG) algorithm is an existing turn-
taking-based method for conversational partner inference using
voice activity (VA), but it is restricted to dyadic conversations.
This paper proposes the Multi-Talker BMOG (MT-BMOG)
framework, which extends BMOG to multi-talker scenarios
using only per-talker VA streams. The framework introduces
a Conversational Alignment Score (CAS) to quantify turn-
taking coordination across groups of arbitrary size. This score is
modeled within a probabilistic framework to infer conversational
partner groups and distinguish them from competing talkers.
Evaluation on conversational datasets of varying sizes shows that
MT-BMOG outperforms extended BMOG baselines. In real 2-,
3-, and 4-talker conversations, the proposed framework achieves
mean partner identification accuracies of 97.1%, 90.1%, and
90.4%, respectively.

Index Terms—Conversational partner identification, Turn-
taking, Multi-talker conversations, Bayesian inference

I. INTRODUCTION

Identifying conversational partners in multi-talker environ-
ments remains a fundamental challenge for speech enhance-
ment systems operating in co-located source scenarios, includ-
ing hearing aids. Beyond enhancing speech in noise, these
systems must determine which talker the hearing-aid user
(HAU) intends to engage with. Reliable conversational partner
inference is therefore crucial for improving communication
and supporting social interaction.

Traditional speech enhancement approaches rely on tempo-
ral filtering for single microphones and beamforming based
on Direction-of-Arrival (DOA) estimation or spatial statis-
tics for microphone arrays [1], [2]. However, in multi-talker
scenarios, these methods may suppress the intended partner
while preserving competing speech. Likewise, DOA-based
estimators, including maximum-likelihood [3], [4] and deep-
learning approaches [5], often degrade without reliable prior
knowledge of the target talker’s location or activity, lead-
ing to unstable speaker selection and degraded signal qual-
ity. Auxiliary-sensor approaches, such as EEG [6]–[8], eye-

movement tracking [9], [10], and audiovisual fusion [11], can
improve partner detection in controlled environments but are
generally impractical for hearing aids due to cost and hardware
complexity. This motivates microphone-only approaches based
on conversational dynamics.

Turn-taking is a defining feature of human conversation,
characterized by short gaps (approximately 200 ms) [12]–
[14]. These temporal patterns provide cues for distinguishing
conversational partners from competing talkers. The Bayesian
Minimum Overlap-Gap algorithm (BMOG) [15] exploits turn-
taking structure, but it was originally formulated for dyadic
interactions and does not naturally extend to multi-talker
settings where group-level coordination matters. While we do
not address front-end processing here, methods for speaker
separation, diarization [16]–[18], and voice activity detection
methods [19]–[21] have been studied.

To address this limitation, we propose the Multi-Talker
BMOG (MT-BMOG) framework. The proposed method in-
troduces the Conversational Alignment Score (CAS), a gener-
alized measure of turn-taking coordination for groups of arbi-
trary size, enabling principled partner inference in multi-talker
conversations. We evaluated MT-BMOG on real 2-, 3- and 4-
talker datasets and demonstrated consistent improvements over
extended BMOG baselines.

II. PROBLEM FORMULATION

In this work, we assume that Voice Activity Detection
(VAD) has been performed and that per-talker binary activity
streams, as well as the number of talkers, are available. This
work focuses exclusively on the partner-inference stage.

We consider a conversational scenario in which the HAU
interacts with M − 1 conversational partners selected from K
surrounding talkers, while the remaining K −M + 1 talkers
are considered competing talkers. The set of all non-HAU
talkers is denoted by T = {t1, . . . , tK}. A binary voice-
activity sequence Atk(n) ∈ {0, 1} is defined for each talker
tk ∈ T , where Atk(n) = 1 denotes speech and Atk(n) = 0
denotes silence at time index n. The HAU’s voice activity is
represented by A0(n) ∈ {0, 1}.



Fig. 1. Overview of the MT-BMOG framework. (a) Example 3-talker scenario with one HAU (A0), two conversational partners (At1 , At2 ), and three
competing talkers (At3 , At4 , At5 ). (b) System pipeline: within each time window Tint, per-talker VA streams are used to form all possible groups, including
the HAU (A0). For each candidate group (10 in the 3-talker case), the CAS is computed, followed by Bayesian inference and a decision to identify the group
containing conversational partners.

We construct I candidate partner groups by pairing the HAU
with all possible subsets of M − 1 talkers selected from T .

The goal is to identify the subset of candidates that form
the conversational partners of the HAU. Let Hi denote the
hypothesis that candidate group i ∈ {1, . . . , I} forms the
true conversational partner group (TG). Conversational partner
identification is then formulated as a multi-hypothesis decision
problem,

ˆTG = arg max
i∈{1,...,I}

P
(
Hi | f (M)

1 , f
(M)
2 , . . . , f

(M)
I

)
, (1)

where f
(M)
i (·) denotes a turn-taking coordination function

defined for the M -talker case and candidate group i. In the
BMOG algorithm, the coordination function is defined for the
dyadic case between the HAU and a candidate talker k as
f
(2)
k (n) =

(
A0(n) − Atk(n)

)2
, minimizing overlap and gap

frames in 2-talker conversations [15]. However, this dyadic
formulation does not generalize reliably to group conversations
because it does not capture higher-order interactions among
multiple talkers. Therefore, a generalized formulation of the
BMOG algorithm is required for multi-talker conversations.

III. PROPOSED ALGORITHM

The proposed framework, MT-BMOG, identifies conversa-
tional partners in multi-talker conversations by introducing the
CAS. The method is first introduced for a 3-talker scenario
(M = 3) to build intuition and is subsequently generalized to
arbitrary group sizes. Fig. 1(a) illustrates an example 3-talker

TABLE I
JOINT VA STATES OF THE HAU (A0) AND TWO TALKERS (tx, ty ) IN A

3-TALKER CONVERSATION SCENARIO.

States VA Configuration Description

S1 A0 = 0, Atx = 0, Aty = 0 All talkers silent
S2 A0 = 1, Atx = 0, Aty = 0 Only HAU active
S3 A0 = 0, Atx = 1, Aty = 0 Only partner tx active
S4 A0 = 0, Atx = 0, Aty = 1 Only partner ty active
S5 A0 = 1, Atx = 1, Aty = 0 HAU and tx active
S6 A0 = 1, Atx = 0, Aty = 1 HAU and ty active
S7 A0 = 0, Atx = 1, Aty = 1 tx and ty active
S8 A0 = 1, Atx = 1, Aty = 1 All talkers active

interaction involving one HAU, two conversational partners,
and three competing talkers. The corresponding MT-BMOG
processing pipeline is shown in Fig. 1(b), including candidate
group formation, CAS computation, Bayesian inference, and
the final decision step.

A. Conversational Alignment Score (CAS)

Table I shows the possible joint VA states of the HAU
and two partner talkers in a 3-talker scenario, presented
here for illustration. Afterward, a generalization to M talkers
is introduced. States S2–S4 correspond to ideal turn-taking,
where exactly one talker is active at a time, whereas S5–S8

represent overlapping speech and S1 corresponds to a gap in
which all talkers are silent.

Turn-taking coordination is quantified by emphasizing the
ideal turn-taking states. Among the I candidate partner groups,
the group i corresponding to the conversational partners (TG)
is expected to maximize the likelihood of observing states S2–
S4 over time. For the 3-talker case, with candidate group i
containing talkers tx, ty ∈ T together with the HAU, this leads
to the following closed-form coordination function:

f
(3)
i (n) = (A0(n)−Atx(n))

2 + (A0(n)−Aty (n))
2

+ (Atx(n)−Aty (n))
2 + 3A0(n)Atx(n)Aty (n)

−A0(n)−Atx(n)−Aty (n).
(2)

Generalization beyond three talkers follows the same prin-
ciples using pairwise differences and group interaction terms.
Let candidate group i contain M−1 non-HAU talkers, denoted
by Gi = {tk1

, . . . , tkM−1
} ⊂ T , and define the set of talkers

in the group (including the HAU) as Qi ≜ {0} ∪ Gi. The
M -talker coordination function is defined as:

f
(M)
i (n) ≜

∑
p,q∈Qi
p<q

(
Ap(n)−Aq(n)

)2 − (M − 2)
∑
z∈Qi

Az(n)

+

M∑
m=3

m(−1)m+1
∑

U⊆Qi

|U |=m

∏
v∈U

Av(n). (3)

where U denotes a subset of Qi with cardinality |U | = m.
The CAS value can be estimated by averaging f (M) over N



Fig. 2. Normalized CAS distributions for (a) 2-talker at Tint = 23 s, (b) 3-talker at Tint = 91 s, and (c) 4-talker at Tint = 240 s. Histograms display the CAS
values for conversational partners (blue) and competing talkers (red), and fitted curves show the Beta–Binomial modeling used for Bayesian inference.

consecutive VA time steps. The CAS value for the candidate
group i in the M -talker case is obtained as:

ĈAS
(M)

i (n;N) =

n∑
r=n−N+1

f
(M)
i (r). (4)

where f
(M)
i (n) is obtained from Eq. (3) for M-talkers at time

index n, with integration time Tint = N/fs and fs denoting
the VA sampling rate. Then, the normalized CAS is obtained
by dividing the CAS value by the number of samples within
the integration window, N , yielding a score bounded between
0 and 1.

B. Probabilistic Modeling of CAS

We model partner inference as a hypothesis test, where Hi

denotes the hypothesis that candidate group i is the conver-
sational partner set. The CASi value quantifies the amount
of well-timed turn-taking within an integration window of
duration Tint (N samples). Following [15] and supported by
the empirical distributions shown in Fig. 2, CASi is modeled
using a Beta–Binomial distribution:

p(CASi;N, γ, β) =

(
N

CASi

)
B(CASi + γ, N − CASi + β)

B(γ, β)
,

(5)

TABLE II
ESTIMATED BETA–BINOMIAL PARAMETERS FOR 2-, 3-, AND 4-TALKER

CONVERSATIONAL DATASETS.

2-Talker 3-Talker 4-Talker

γ̃t β̃t γ̃t β̃t γ̃t β̃t

â 2.5091 0.8522 2.5128 1.1434 2.1020 1.2110
b̂ 0.7879 0.7817 0.6363 0.6344 0.5662 0.5709

γ̃c β̃c γ̃c β̃c γ̃c β̃c

â 0.7736 0.8057 0.3074 0.3382 0.6225 0.6083
b̂ 0.9727 0.9681 0.8677 0.8528 0.6934 0.7000

where B(·, ·) is the Beta function and (γ, β) are the Beta
prior parameters. We define two Beta–Binomial models with
separate parameter sets (γt, βt) and (γc, βc) corresponding
to conversational partners and competing talkers, respectively.
Under hypothesis Hi, the likelihoods are modeled as CASi ∼
BetaBinomial(N ; γt, βt) for the conversational partner group,
and CASj ∼ BetaBinomial(N ; γc, βc) for all j ̸= i (compet-
ing talkers).

C. Bayesian Inference and Decision

Assuming conditional independence of CAS scores across
candidate groups given hypothesis Hi, the likelihood under
hypothesis Hi is given by:

P (CAS1, ...,CASI ;Hi) = (6)

p(CASi;N, γt, βt)
∏

j∈I\i

p(CASj ;N, γc, βc).

where I\i denotes the set of competing speakers under hy-
pothesis Hi, i.e., I excluding the element i.

Assuming a uniform prior, P (Hi) = 1/I , the posterior
probability is

P (Hi | CAS1, ...,CASI) = (7)
P (Hi)p(CASi;N, γt, βt)

∏
j∈I\i

p(CASj ;N, γc, βc)∑I
k=1 P (Hk)p(CASk;N, γt, βt)

∏
q∈I\k

p(CASq;N, γc, βc)

Finally, the conversational partner set is selected by maxi-
mizing the posterior probability as follows:

ˆTG = arg max
i∈{1,...,I}

P (Hi | CAS1, ...,CASI). (8)

IV. EXPERIMENTAL SETUP AND METHODS

A. Datasets and Evaluation

All methods were evaluated on real 2-, 3-, and 4-talker
conversational datasets [22]–[24], covering diverse conditions
including low/high noise levels, normal/impaired hearing sta-
tus, and aided/unaided hearing-aid use. The Beta–Binomial



Fig. 3. Performance analysis as a function of the integration time for 2-, 3-, and 4-talker conversations. (a) Percentage of time windows in which all talkers
are active as a function of window length. Vertical dotted lines indicate the All-Talker Activity Threshold Time (ATT0.95) for each scenario. (b) Partner
identification accuracy of the proposed MT-BMOG framework versus integration time. Vertical dotted lines show ATT0.95. (c) Comparison of MT-BMOG
with extended BMOG baselines (BMOG-IR and BMOG-GE) for 3- and 4-talker scenarios. Lines denote the mean partner identification accuracy, and shaded
regions indicate the standard deviation across 50 repeated random trials.

shaping parameters of the CAS distributions for conversational
partners and competing talkers were estimated using the power
model in [15], with the resulting parameters summarized in
Table II.

Conversational activity was analyzed as a function of win-
dow length by computing the percentage of sampled windows
in which all talkers were active (Fig. 3(a)). A talker was con-
sidered active if the window contained at least one continuous
speech segment of duration ≥ 1 s. We define the All-Talker
Activity Threshold Time (ATTα) as the minimum window
length for which at least an α fraction of sampled windows
contains activity from all talkers. For each window length, 100
windows were randomly sampled. In this study, α = 0.95,
such that ATT0.95 denotes the window length at which 95%
of the sampled windows contain activity from all talkers.

Conversational and competing groups were generated using
100 random realizations per dataset. In each realization, two
distinct conversational groups were selected. A talker from the
first group was randomly selected as the HAU; the remaining
members of that group were treated as conversational part-
ners, and all talkers from the second group were treated as
competing talkers.

Partner identification accuracy was used as the performance
metric. For a given integration time and group size, 100
conversational scenarios were randomly generated. In each
scenario, the proposed method estimated the conversational
partner group. Accuracy was computed as the percentage
of conversational partners correctly identified across the 100
trials. To reduce the influence of random sampling, the entire
evaluation procedure was repeated 50 times using different
random realizations. The mean of the resulting accuracies was
subsequently reported as a function of integration time.

B. Extended BMOG Methods
To enable a fair comparison with MT-BMOG and the

original BMOG approach, we implement two BMOG-based
extensions for multi-talker scenarios.

The first method, BMOG-Individual Ranking (BMOG-IR),
applies BMOG independently between the HAU and each
candidate talker, forming all possible user–candidate dyads.
BMOG posterior probabilities are then computed for each
dyad, and the top M − 1 ranked candidates are selected
as conversational partners in the M -talker case. The second
method, BMOG-Group Evaluation (BMOG-GE), evaluates
candidate partner groups jointly. For each candidate group,
the VA streams of the non-HAU talkers are merged into a
single binary activity sequence by summing and binarizing
the VA streams. This representation captures whether at least
one group member is active, but discards overlap information
within the group. BMOG is then applied between the HAU and
the merged group activity sequence, and the group with the
highest posterior probability is selected as the conversational
partner set.

V. RESULTS AND DISCUSSION

A. CAS Distributions Across Group Sizes
Fig. 2 shows the CAS distributions for conversational part-

ners and competing talkers, together with fitted Beta–Binomial
likelihoods, for 2-, 3-, and 4-talker conversations evaluated at
ATT0.95. Conversational partners consistently exhibit higher
CAS values than competing talkers, supporting the use of
conversational alignment as a cue for partner inference. The
separation is strongest in the 2-talker case, remains clear
in the 3-talker case, and becomes narrower in the 4-talker
case. This trend reflects the increased overlap and higher-
order interaction complexity in larger conversational groups.
Nevertheless, the fitted models still capture distinct differ-
ences between conversational partners and competing talkers,
supporting probabilistic partner identification even in 4-talker
scenarios.

B. MT-BMOG Performance
Fig. 3 summarizes the effect of integration window length

on conversational activity and partner identification perfor-



mance. Fig. 3(a) shows the percentage of sampled windows in
which all talkers are active as a function of window length. The
ATT0.95 increases substantially with the number of talkers,
reaching 23 s, 91 s, and 240 s for the 2-, 3-, and 4-talker
cases, respectively. This trend reflects the reduced likelihood of
observing active participation from every participant in larger
conversational groups over short time windows.

Fig. 3(b) shows that MT-BMOG accuracy increases with
integration time and follows the corresponding activity trends
in Fig. 3(a). At ATT0.95, the mean partner identification
accuracy reaches 97.1% for 2 talkers, 90.1% for 3 talkers, and
90.4% for 4 talkers. Thus, when the observation window is
long enough for 95% of sampled windows to contain activity
from all talkers, MT-BMOG achieves high partner identifica-
tion accuracy across multi-talker scenarios. This indicates that
the performance of MT-BMOG depends strongly on whether
each individual talker contributes sufficient activity within the
observation window.

Fig. 3(c) compares MT-BMOG with the two extended
BMOG baselines. BMOG-IR exhibits low partner identifica-
tion accuracy in both the 3- and 4-talker scenarios because
its purely pairwise formulation does not capture group-level
conversational dynamics. Consequently, its performance does
not improve substantially with increasing integration time and
does not follow the activity trends shown in Fig. 3(a). BMOG-
GE improves performance through group-level aggregation
but still underperforms MT-BMOG, particularly in the 4-
talker case. This is because BMOG-GE merges the activity
streams of candidate partners and therefore discards within-
group overlap information. In contrast, MT-BMOG explicitly
models multi-talker turn-taking coordination and consistently
achieves higher accuracy.

Finally, the reduced performance observed with an increas-
ing number of conversational partners, particularly in the 4-
talker condition, is caused by the inherent dynamics of the
interaction, where fewer talkers are active as the group size in-
creases (Fig. 3(a)). Future work will integrate complementary
cues and more robust speaker separation and VAD methods to
improve partner inference and practical feasibility in complex
multi-talker scenarios.

VI. CONCLUSION

We proposed MT-BMOG, a multi-talker extension of
BMOG that uses the Conversational Alignment Score (CAS)
for partner inference. Evaluation on real 2-, 3-, and 4-talker
datasets showed that MT-BMOG consistently outperformed
extended BMOG baselines. The results indicate that larger
groups require longer observation windows to capture suffi-
cient turn-taking activity, but high identification accuracy is
achieved once sufficient activity is observed. Future work will
focus on reducing integration time by incorporating comple-
mentary cues and improving robustness to speaker separation
and VAD errors.
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