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Abstract

Large Audio-Language Models (LALMs) as
judges have emerged as a prominent ap-
proach for evaluating speech generation qual-
ity, yet their ability to assess speaker consis-
tency across multi-turn dialogues remains un-
explored. We present SpeakerSleuth, a bench-
mark evaluating whether LALMs can reliably
judge speaker consistency across multi-turn dia-
logues through three tasks reflecting real-world
requirements. We construct 1,818 human-
verified evaluation instances across four diverse
datasets spanning synthetic and real speech,
with controlled acoustic difficulty. Evaluat-
ing twelve widely-used LALMs, we find that
models struggle to reliably detect acoustic in-
consistencies. For instance, given audio sam-
ples of the same speaker’s turns, some mod-
els overpredict inconsistency, whereas others
are overly lenient. Models further struggle
to identify the exact turns that are problem-
atic. When other interlocutors’ turns are pro-
vided as textual context, performance degrades
dramatically as models prioritize textual co-
herence over acoustic cues, failing to detect
even obvious gender switches for a speaker.
On the other hand, models perform substan-
tially better in comparing and ranking acous-
tic variants, demonstrating inherent acoustic
discrimination capabilities. These findings ex-
pose a significant bias in LALMs: they tend to
prioritize text over acoustics, revealing funda-
mental modality imbalances that need to be ad-
dressed to build reliable audio-language judges.
Our code and data are available at https:
//github.com/holi-lab/SpeakerSleuth.

1 Introduction

Recent advances in speech synthesis have enabled
systems that produce natural, human-like speech
(Du et al., 2024; Zhang et al., 2024b; Défossez
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Figure 1: Overview of SpeakerSleuth.

et al., 2024; Lee et al., 2026). These technolo-
gies enable diverse applications including voice
assistants (Apple, 2024), voice-overs in podcast
generation (Google, 2024) and movies (Danell,
2025), and conversational agents (OpenAI, 2024).
A fundamental requirement for these systems is
maintaining consistent speaker identity (Mullen-
nix and Pisoni, 1990), that is, preserving acoustic
characteristics such as timbre, pitch, and voice qual-
ity across all utterances in a multi-turn dialogue.
This is particularly important in the speech syn-
thesis of multiple dialogue participants, such as
voice-overs in movies. However, achieving this
consistency across long-form, multi-turn dialogues
remains challenging (Xie et al., 2025). Even re-
cent models suffer from speaker confusion (Borsos
et al., 2023; Zhang et al., 2024b), timbre drift (Ju
et al., 2024), and voice quality variations (Park
et al., 2025). These failures are particularly diffi-
cult to catch because they emerge only across turns
— a single generated utterance may sound natural
in isolation, yet be clearly inconsistent when heard
in the context of the full dialogue. This necessi-
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tates reliable verification methods that can assess
speaker consistency at the dialogue level.

Most approaches (Zhang et al., 2024b; Lee et al.,
2025) evaluate speaker consistency by computing
acoustic similarity between utterances using em-
bedding models (Desplanques et al., 2020; Chen
et al., 2022). However, these methods face funda-
mental limitations when applied to dialogue eval-
uation: they operate on pairwise comparisons be-
tween two utterances, require manually-set thresh-
olds for binary decisions, and cannot assess consis-
tency holistically across entire dialogues.

Recently, Large Audio-Language Models
(LALMs) have emerged as potential alternatives for
evaluating speech generation quality (Wang et al.,
2025a,c). Unlike embedding-based methods that
compute pairwise similarities, LALMs can process
an entire dialogue at once, receiving both text and
audio, and directly outputting a judgment about
speaker consistency.

However, two critical gaps remain: First, no uni-
fied benchmark exists to systematically evaluate
and compare embedding methods and LALMs for
multi-turn speaker consistency assessment. Sec-
ond, whether LALMs possess the acoustic discrim-
ination capabilities necessary for reliable speaker
consistency judgment remains unexplored.

To address these questions, we present Speaker-
Sleuth, a benchmark for evaluating both LALMs
and embedding-based methods on speaker consis-
tency in multi-turn dialogues. We design our bench-
mark around three tasks that mirror real-world ap-
plication requirements (Figure 1). These tasks are
Detection (identifying whether dialogues contain
inconsistencies), Localization (pinpointing which
specific turns are problematic), and Discrimination
(comparing and ranking multiple acoustic variants).
These capabilities are essential for practical speech
generation systems. When dialogue speech is gen-
erated, systems must first detect any inconsistencies
for each speaker, then localize problematic turns for
targeted correction, and finally select optimal out-
puts from regenerated alternatives. We construct
our benchmark from four diverse datasets span-
ning synthetic and real speech across various con-
versational settings, comprising 1,818 evaluation
instances from 197 speakers, all verified through
human annotation.

Our evaluation of 12 state-of-the-art LALMs and
6 embedding methods reveals critical insights into
their capabilities. We find that models struggle to
reliably detect acoustic inconsistencies due to un-

stable internal thresholds. This leads to inconsistent
decisions where some models are too strict while
others are too lenient. Moreover, they struggle with
fine-grained turn-level acoustic analysis, as evi-
denced by their inability to localize specific prob-
lematic turns even when detecting overall incon-
sistency. When other interlocutors’ turns are avail-
able as dialogue context, LALMs overwhelmingly
tend to prioritize textual coherence over acoustic
features. They fail to detect even obvious inconsis-
tencies like gender switches for a speaker within
coherent dialogue. In contrast, embedding methods
achieve stronger detection performance, although
they exhibit consistent model-specific biases.

Our contributions are summarized as follows:

• We present SpeakerSleuth, the first benchmark
for multi-turn speaker consistency evaluation
with 1,818 human-verified instances.

• We comprehensively evaluate 12 LALMs and
6 embedding methods, revealing that models
struggle with detection and localization.

• We identify modality imbalances where
LALMs prioritize textual context over acous-
tic discrimination capabilities, providing in-
sights toward reliable audio-language judges.

2 Related Work

2.1 Speech Synthesis
Speech synthesis has evolved from early end-
to-end systems (Wang et al., 2017) to sophisti-
cated controllable generation approaches. Speaker
cloning methods (Wang et al., 2023; Li et al., 2025)
enabled generating speech in a target speaker’s
voice from reference audio, but lacked intuitive con-
trol mechanisms. Recent text instruction-guided
models (Guo et al., 2023; Du et al., 2024) al-
low natural language control, significantly improv-
ing usability for multi-speaker dialogue genera-
tion (Zhang et al., 2024b, 2025; Lee et al., 2025).

However, maintaining consistent speaker iden-
tity across long-form, multi-turn dialogues remains
challenging (Xie et al., 2025). Models exhibit
speaker confusion (Borsos et al., 2023; Zhang et al.,
2024b), timbre drift (Ju et al., 2024), and voice
quality variations (Park et al., 2025), particularly
in zero-shot settings where limited reference audio
must generalize to extended conversations. These
challenges necessitate robust evaluation methods
that can reliably assess both speech quality and
speaker consistency across multi-turn dialogues.
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2.2 Speech Quality Evaluation

Speech quality evaluation systematically assesses
speech across dimensions such as naturalness
and intelligibility (Loizou, 2011). Traditional ap-
proaches rely on objective metrics such as Mel-
Cepstral Distortion (MCD) (Kubichek, 1993) and
PESQ (Rix et al., 2001), or subjective human as-
sessment through Mean Opinion Score (MOS)
(Ribeiro et al., 2011). While neural approaches
have enabled automated MOS prediction (Saeki
et al., 2022), they typically focus on single qual-
ity dimensions. More recently, the LALM-as-a-
Judge paradigm (Wang et al., 2025a,c; Chen et al.,
2025; Wang et al., 2025d) has emerged, leveraging
LALMs trained on joint audio-text data for multi-
dimensional quality analysis with natural language
reasoning. This enables LALMs to potentially inte-
grate acoustic features with conversational context,
making them promising candidates for evaluating
speaker consistency in dialogue settings.

2.3 Speaker Consistency Evaluation

Beyond assessing individual utterance quality,
speaker consistency evaluation measures whether
a speaker’s identity remains stable across multi-
ple utterances in a dialogue. Existing approaches
include embedding-based methods (Snyder et al.,
2017; Khoma et al., 2023) using speaker verifica-
tion models (Desplanques et al., 2020; Chen et al.,
2022) to compute similarity scores across dialogue
turns (Zhang et al., 2024b, 2025; Ju et al., 2025;
Lee et al., 2025), and human evaluation (Zhang
et al., 2024b), which incurs high costs. Given the
recent success of LALMs in speech quality evalu-
ation, a natural question arises: can they reliably
assess speaker consistency? Their acoustic percep-
tion capabilities for this task remain unexplored.

3 Task Formulation

To thoroughly evaluate whether LALMs can reli-
ably distinguish speakers based on acoustic fea-
tures, we propose an evaluation framework. Rather
than relying on a single metric, we decompose
speaker consistency into three capabilities: De-
tection (identifying whether all turns are consis-
tent), Localization (pinpointing which turn is in-
consistent), and Discrimination (comparing and
ranking acoustic variants by their similarity to a
target speaker).

Formally, we define a multi-turn dialogue as
D = {(t1, a1), (t2, a2), . . . , (tN , aN )}, where ti

represents the transcript and ai denotes the audio
waveform of the i-th turn. Let I ⊂ {1, . . . , N}
denote the indices of turns belonging to a specific
target speaker S. We denote the audio turns of the
target speaker as AS = {ai}i∈I . In our primary
evaluation, models receive AS and a reference au-
dio sample of the target speaker to isolate acoustic
features from textual cues, with the effect of adding
textual context examined separately in Section 7.

3.1 Task 1: Detection
In Text-to-Speech (TTS) and voice cloning, ensur-
ing speaker consistency across generated outputs
is critical for quality control. The most fundamen-
tal requirement is to detect whether all audio turns
belong to the same speaker. This requires absolute
judgment capability, where the model must rely on
its internal threshold to determine consistency.

Given AS , the model predicts whether all au-
dio turns maintain the identity of speaker S
(Consistent) or not (Inconsistent). Success on
this task demonstrates that the model possesses
an appropriate internal threshold to reliably judge
speaker identity based on acoustic features. The
prompts are provided in Figures 8 and 9.

3.2 Task 2: Localization
When speaker inconsistencies are detected in a
multi-turn dialogue, identifying the exact problem-
atic turn is essential for efficient correction and
regeneration. Merely detecting an anomaly is in-
sufficient; a robust judge must pinpoint where the
inconsistency occurs to enable targeted fixes.

Given AS , the model identifies which turn dis-
rupts speaker identity, or predicts None if all turns
are consistent. Success on this task demonstrates
that the model can distinguish acoustic speaker
characteristics at a fine-grained level, rather than
relying on dialogue-level patterns. The prompts are
provided in Figures 10 and 11.

3.3 Task 3: Discrimination
When an inconsistent turn is identified (Task 2),
TTS systems typically regenerate multiple can-
didate outputs and must select the one that best
matches the target speaker. This requires relative
judgment capability, the ability to compare and
rank audio samples by their acoustic similarity to
a reference speaker, rather than making absolute
binary decisions as in Task 1.

Given AS where a target turn is masked, the
model is presented with three candidates C =
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Figure 2: SpeakerSleuth Construction Pipeline.

{c1, c2, c3} representing varying levels of acous-
tic similarity to the original speaker. The order
of candidates is randomized to avoid positional
bias (Pezeshkpour and Hruschka, 2024). We eval-
uate two formulations: classification, where the
model selects the best-matching candidate, and
ranking, where the model orders all three candi-
dates by acoustic similarity, which poses a strictly
harder objective. Success on this task indicates that
the model can discriminate speakers acoustically.
The prompts for both formulations are provided in
Figures 12 and 13.

3.4 Distinction from Traditional Speaker
Recognition

It is important to note that our tasks differ fun-
damentally from traditional speaker recognition
(Furui, 1996; Gish and Schmidt, 1994), which con-
sists of two main tasks: Speaker Identification de-
termines who is speaking from known speakers,
while Speaker Diarization segments continuous au-
dio streams to determine who spoke when. In con-
trast, we evaluate speaker consistency: given turns
that are assumed or claimed to belong to the same
speaker, we assess whether the model can verify
that they actually maintain acoustic coherence.

4 SpeakerSleuth

To systematically evaluate the capabilities defined
in Section 3, we introduce SpeakerSleuth, a bench-
mark composed of multi-turn dialogues with rig-
orous acoustic and contextual controls. Figure 2
illustrates our benchmark construction pipeline.

4.1 Step 1. Data Collection
We collect dialogues with audio and transcripts
from four datasets to ensure diversity in con-

versational domains and styles (Figure 2-1):
Bazinga (Lerner et al., 2022) contains multi-
party dialogues from TV shows and movies (e.g.,
Friends), testing the model’s ability to track speak-
ers in dynamic, scripted interactions. AMI (Carletta
et al., 2005) consists of spontaneous business meet-
ings, assessing performance in formal, overlapping,
and noisy environments. Behavior-SD (Lee et al.,
2025) provides synthesized dialogues with con-
trolled speech behaviors (e.g., fillers, backchan-
nels), enabling evaluation of generated speech. Dai-
lyTalk (Lee et al., 2023) captures high-quality ev-
eryday conversations, serving as a baseline for ca-
sual social interaction.

From these sources, we construct an initial pool
of 3,683 dialogues spanning 1,358 unique speakers.

4.2 Step 2. Scenario Generation

Dialogue Extraction. From the collected pool,
we select dialogues and extract segments where a
target speaker appears multiple times across the
conversation. Each segment contains exactly 5 tar-
get speaker turns, with the total number of turns
across all speakers capped at 20. This cap is nec-
essary because in multi-party dialogues, the target
speaker’s turns are interspersed with those of other
participants; without the constraint, the gap be-
tween target turns could grow excessively large.
We also sample a reference audio of the target
speaker from outside these segments.

Scenario Generation. As illustrated in Figure 2-
2, we create three scenarios per dialogue to system-
atically test acoustic discrimination capabilities:
Original conversations serve as positive samples
(S1: Fully Consistent), establishing baseline per-
formance when acoustic and textual cues are natu-
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Dataset Instances Speakers Avg Turns† Total Duration

Bazinga 636 109 9.9 ± 1.7 3.7 hrs
AMI 138 34 7.9 ± 3.4 0.9 hrs
Behavior-SD 477 52 7.9 ± 1.2 3.0 hrs
DailyTalk 567 2 9.0 ± 0.0 2.6 hrs

Total 1,818 197 8.9 ± 1.7 10.2 hrs
†Target speaker: 5 audio turns; other speakers: text.

Table 1: Statistics of SpeakerSleuth.

Figure 3: Distribution of per-instance audio duration.

rally aligned. To create inconsistent scenarios, we
randomly select one turn and apply voice conver-
sion, transforming acoustic timbre while preserv-
ing linguistic and prosodic content. For S2 (Gen-
der Switch), we convert the turn to an opposite-
gender voice sampled from the pool, creating clear
acoustic deviations. For S3 (Similar Speaker), we
convert the turn to an acoustically similar speaker,
selected by computing ECAPA-TDNN (Desplan-
ques et al., 2020) embeddings and choosing the one
with highest cosine similarity (excluding the target
speaker). This requires fine-grained discrimination
of subtle timbre differences. By using identical
dialogue content across all scenarios, we isolate
acoustic features from confounding factors.

For the primary benchmark, we use FreeVC (Li
et al., 2023) for voice conversion. We also construct
an extended benchmark with CosyVoice3 (Du
et al., 2025), OpenVoice (Qin et al., 2023), and
YourTTS (Casanova et al., 2022) to verify ro-
bustness across voice conversion models (Ap-
pendix D.1).

4.3 Step 3. Verification

As illustrated in Figure 2-3, we validate dialogue
segments through automated text-based filtering
and manual audio-based verification. For text-
based filtering, we use Qwen3-32B (Yang et al.,
2025) to filter out segments that lack natural con-
versational flow when isolated from their original
context (Zhang et al., 2024a). For audio-based
verification, expert annotators verify audio quality
(clarity, absence of noise or artifacts) and natu-
ralness of voice-converted turns. Annotators also

(a) Dialogue Embedding (b) Speaker Embedding

Figure 4: UMAP visualization of dialogue and speaker
embeddings.

confirm that each scenario exhibits its intended
acoustic characteristics. Only instances meeting
all criteria are retained. Details are provided in
Appendix A.2.

4.4 Benchmark Composition
Our final benchmark contains 606 unique dia-
logues, each contributing three scenarios, yielding
1,818 total evaluation instances. The benchmark
comprises 10.2 hours of audio from 197 speakers
across the four source datasets. Table 1 summarizes
the dataset statistics, and Figure 3 shows the distri-
bution of sample durations. By holding dialogue
content constant across scenarios, performance dif-
ferences between S1, S2, and S3 directly reflect
the model’s ability to detect varying degrees of
acoustic deviation. UMAP (McInnes et al., 2018)
visualization of dialogue and speaker embeddings
confirms substantial diversity in both dialogue con-
tent and acoustic characteristics (Figure 4; details
in Appendix A.3).

5 Experimental Setup

5.1 Models
LALM Judges. We assess twelve widely-
used LALMs: GPT-4o-audio (OpenAI, 2024),
Gemini-2.5-Pro (Kavukcuoglu, 2025), Gemini-
2.5-Flash/Flash-Lite (Basu Mallick et al., 2025),
Qwen2.5-Omni-3B/7B (Xu et al., 2025a), Qwen3-
Omni-30B-A3B (Xu et al., 2025b), MiniCPM-o-
2.6 (OpenBMB, 2025), Gemma-3n-E4B (Team
et al., 2025), Phi-4-multimodal (Microsoft et al.,
2025), Omnivinci (Ye et al., 2025), and Audio-
Flamingo-3 (Ghosh et al., 2025). These models
vary in architecture and scale, enabling analysis of
how model capacity affects consistency evaluation.

Speaker Embedding Methods. We evaluate
three speaker embedding methods, each with two
backbone models: WavLM (Chen et al., 2022) and
ECAPA-TDNN (Desplanques et al., 2020). All
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Detection Localization Discrimination

Model / Method S1 S2 S3 Bal S1 S2 S3 Bal Classification Ranking

Acc F1 P R F1 P R F1 F1 Baz AMI B-SD Daily Avg N@1 N@2 EM

Large Audio-Language Models
GPT-4o-audio 72.9 32.8 29.5 52.0 71.5 12.6 25.9 15.0 8.7 19.2 11.1 42.3 50.2 30.4 38.4 34.4 40.7 45.4 60.1 19.8
Gemini-2.5-Pro 73.9 71.6 39.3 64.7 65.2 59.3 70.3 62.5 44.0 56.6 47.5 60.1 77.8 76.1 81.1 87.2 81.5 88.8 92.6 71.5
Gemini-2.5-Flash 97.4 45.5 12.0 63.1 64.4 55.6 90.1 62.3 38.6 72.4 45.0 59.0 70.8 73.9 69.2 86.8 75.6 83.6 88.3 61.6
Gemini-2.5-Flash-Lite 40.8 70.3 69.3 55.3 0.3 25.8 94.7 36.4 24.5 94.1 35.4 18.1 47.6 45.7 47.8 44.4 46.5 53.5 64.6 23.1
Qwen2.5-Omni-3B 54.5 49.3 47.8 51.5 21.8 45.6 91.6 47.7 28.9 81.6 36.0 31.8 42.9 39.1 41.5 38.1 40.8 51.7 63.1 22.8
Qwen2.5-Omni-7B 32.0 72.3 69.8 51.5 38.0 14.1 61.8 22.6 13.2 57.5 21.0 29.9 57.5 30.4 39.6 31.7 42.7 52.4 64.2 22.9
Qwen3-Omni-30B-A3B 88.1 29.9 14.0 55.0 0.2 15.1 57.4 23.3 15.2 56.0 23.5 11.8 82.1 69.6 43.4 48.1 60.4 66.9 73.2 36.8
MiniCPM-o-2.6 85.3 0.7 0.0 42.8 66.9 29.8 54.5 35.4 12.3 25.1 17.2 46.6 62.7 45.7 42.8 41.3 49.5 52.2 65.4 23.6
Gemma-3n-E4B 51.2 50.6 48.4 50.4 0.0 19.1 95.1 32.0 19.1 94.4 32.0 16.0 36.8 37.0 33.3 40.7 37.1 47.5 62.1 20.1
Phi-4-multimodal 78.8 24.9 24.3 51.7 99.7 0.0 0.1 0.1 0.0 0.1 0.1 49.9 37.3 39.1 39.0 43.9 39.9 49.5 63.3 21.3
Omnivinci 81.6 46.1 20.9 57.5 48.3 14.9 61.2 23.6 8.8 40.0 15.2 33.8 51.4 39.1 42.1 42.9 45.4 57.0 67.3 25.4
Audio-Flamingo-3 99.2 1.3 1.2 50.2 0.0 17.1 38.4 23.3 17.4 38.8 23.7 11.8 33.0 28.3 37.1 41.3 36.3 44.9 60.7 18.3

Speaker Embedding Methods
Pairwise (ECAPA) 36.0 88.4 86.3 61.7 36.0 44.1 92.2 46.5 38.3 81.8 43.5 40.5 97.8 99.0 100.0 100.0 99.2 99.6 92.7 58.6
Pairwise (WavLM) 91.8 38.4 37.7 64.9 91.8 36.0 37.8 31.8 36.8 38.5 31.3 61.7 96.7 95.5 79.9 100.0 93.2 94.4 91.0 55.0
Centroid (ECAPA) 47.3 75.7 73.7 61.0 47.3 54.1 90.7 46.3 47.9 80.8 43.3 46.0 97.8 99.0 100.0 100.0 99.2 99.6 92.7 58.6
Centroid (WavLM) 87.5 38.2 37.7 62.7 87.5 49.0 51.3 31.6 52.1 54.3 31.0 59.4 96.7 95.5 79.9 100.0 93.2 94.4 91.0 55.0
Reference (ECAPA) 8.5 95.5 94.5 51.8 8.5 33.7 89.8 39.0 29.3 81.2 34.6 22.6 97.8 92.0 99.4 76.2 91.0 92.3 87.2 52.7
Reference (WavLM) 79.3 32.2 32.6 55.9 79.3 23.8 25.7 16.9 23.0 24.6 17.1 48.3 100.0 94.3 73.0 68.8 82.8 88.3 84.3 51.4

Table 2: Main results (%). Detection reports per-scenario and Balanced Accuracy (Bal). Localization reports F1 for
S1, Precision (P), Recall (R), and F1 for S2/S3, and Balanced F1. Discrimination reports per-dataset and average
Classification Accuracy, and Ranking metrics (N@1: NDCG@1, N@2: NDCG@2, EM: Exact Match). Bold
indicates the highest and underline the second-highest per group for Bal Acc, Bal F1, Avg, N@1, N@2, and EM.

methods flag turns as inconsistent when their sim-
ilarity (or equivalently distance) crosses a thresh-
old τ , flag all such turns for localization, and rank
candidates via their similarity metric for discrimi-
nation. Pairwise Similarity computes each turn’s
average cosine similarity to all other turns (τpair =
0.4). Centroid Distance computes each turn’s dis-
tance from the centroid of all turns (τcent = 0.3).
Reference Comparison computes similarity be-
tween each embedding and a reference speaker
audio (τref = 0.4). Thresholds are set based on
preliminary validation. Detailed algorithms and
threshold sensitivity analysis are in Appendix B.2.

5.2 Evaluation Protocol

As described in Section 3, LALMs receive all tar-
get speaker turns at once and judge consistency
across the full dialogue. Our primary evaluation
uses audio-only input with a reference sample of at
least 3 seconds (Wang et al., 2023) from the target
speaker. This setting reflects realistic TTS sce-
narios where target speaker samples guide genera-
tion (Li et al., 2025), and enables fair comparison
with embedding-based methods that also operate
on audio-only input. To isolate the contribution of
different factors, we also examine per-turn com-
parison against the reference (same as Reference
comparison in Speaker Embedding Methods; full
results in Appendix C), removal of the reference
audio, and addition of textual context (Section 7).

Evaluation Metrics. For Detection, we report
per-scenario accuracy and Balanced Accuracy:

Bal =
1

2

(
AccS1 +

AccS2 + AccS3
2

)

which equally weights consistent (S1) and inconsis-
tent (S2/S3) scenarios. This balancing is necessary
because S1 and S2/S3 penalize opposite model be-
haviors: a model that always predicts consistent
achieves 100% on S1 but 0% on S2/S3, and vice
versa. For Localization, we compute Precision, Re-
call, and F1-score per dialogue instance and report
their macro-averages across all instances for each
scenario, along with Balanced F1 following the
same balancing scheme. For Discrimination, the
classification reports per-dataset accuracy and over-
all accuracy across all samples, while the ranking
reports NDCG@1, NDCG@2, and Exact Match.
Detailed definitions are in Appendix B.3.

6 Main Results

6.1 Detection and Localization Performance

LALMs. As shown in Table 2 and Figure 5, de-
tection results reveal that LALMs lack balanced
internal thresholds for speaker consistency judg-
ment. Models cluster along the anti-diagonal (i.e.,
high S1 with low S2/S3, or vice versa): those
like MiniCPM-o-2.6 and Audio-Flamingo-3 over-
whelmingly predict consistent, failing to detect
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even obvious speaker changes, while Gemini-2.5-
Flash-Lite and Qwen2.5-Omni-7B exhibit the op-
posite bias. This instability results in poor balanced
accuracy, with most models scoring below 60%.
The best model, Gemini-2.5-Pro, achieves 64.7%
but remains notably weak on S3 (39.3%), indicat-
ing it can detect gender switches but struggles when
the substituted speaker is acoustically similar.

Localization results further reveal the limita-
tions of current LALMs. Most models exhibit ex-
treme behavior: some default to marking no turns
as inconsistent (e.g., Phi-4-multimodal with near-
zero F1 across S2/S3), while others flag nearly
all turns indiscriminately (e.g., Gemma-3n-E4B
with 95% recall but 19% precision, at the chance
level for 5 turns). Critically, models in the latter
group show near-identical scores across S2 and
S3, confirming that they cannot distinguish gender
switches from subtle timbre differences. These
models flag turns based on a fixed bias rather
than actual acoustic content. Only Gemini-2.5-
Pro (S2/S3 F1: 62.5%/47.5%) and Gemini-2.5-
Flash (62.3%/45.0%) maintain meaningful preci-
sion alongside high recall, and notably show a drop
from S2 to S3, indicating that these models do re-
spond to acoustic difficulty.

Speaker Embedding Methods. Speaker embed-
ding methods achieve comparable detection perfor-
mance, with Pairwise (WavLM) reaching 64.9%
balanced accuracy, but exhibit the same system-
atic biases: ECAPA-TDNN-based methods over-
detect changes while under-performing on S1, and

WavLM-based methods show the opposite pattern.
For localization, even methods with strong detec-
tion do not proportionally improve at pinpointing
the inconsistent turn (best: 61.7% balanced F1),
suggesting that the ability to detect inconsistency
does not transfer to pinpointing where it occurs.

6.2 Discrimination Performance
LALMs. Table 2 presents discrimination re-
sults. Compared to detection, discrimination
performance improves substantially for stronger
models: Gemini-2.5-Pro achieves 81.5% clas-
sification accuracy with 92.6% NDCG@2 and
71.5% Exact Match, followed by Gemini-2.5-Flash
(75.6%, 88.3%, 61.6%) and Qwen3-Omni-30B-
A3B (60.4%, 73.2%, 36.8%). This dissociation
between detection and discrimination validates our
task design: models that struggle with absolute
binary judgments due to unstable thresholds can
still perceive acoustic differences when comparing
candidates.

Speaker Embedding Methods. Pairwise and
Centroid methods achieve near-perfect classifica-
tion (93–99%) and high NDCG@2 (91–93%), but
Exact Match drops to 55–59%: they reliably iden-
tify the best match but cannot order the remaining
candidates. Gemini-2.5-Pro shows the opposite
tradeoff, with lower classification accuracy (81.5%)
but substantially higher Exact Match (71.5%). Em-
bedding methods and LALMs thus exhibit com-
plementary strengths on discrimination: embed-
dings excel at pinpointing the closest match, while
Gemini-2.5-Pro better captures the relative order-
ing among candidates.

7 Further Analyses of LALMs

7.1 Impact of Textual Context
Our main results evaluate models using only the
target speaker’s audio turns. A natural hypothesis is
that providing the interlocutors’ turns as text would
help models better focus on the target speaker’s
voice by anchoring the conversational flow, allow-
ing them to allocate more attention to acoustic fea-
tures of the target. To test this, we provide the
full dialogue to LALM judges, with non-target
interlocutors’ turns in text form while the target
speaker’s turns remain as audio. By construction,
all dialogues are textually coherent (Section 4.3),
so the text itself offers no signal of inconsistency,
allowing us to test whether textual context helps
models focus on acoustic features.
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Impact of Textual Context Impact of Reference Audio

S1 S2 S3 S1 S2 S3

Model Audio +C ∆ Audio +C ∆ Audio +C ∆ w/ Ref w/o ∆ w/ Ref w/o ∆ w/ Ref w/o ∆

GPT-4o-audio 72.9 93.4 +20.5 32.8 6.3 -26.5 29.5 5.0 -24.5 72.9 80.5 +7.6 32.8 16.2 -16.6 29.5 13.9 -15.6
Gemini-2.5-Pro 73.9 34.5 -39.4 71.6 46.8 -24.8 39.3 32.8 -6.5 73.9 47.4 -26.5 71.6 38.4 -33.2 39.3 16.7 -22.6
Gemini-2.5-Flash 97.4 91.9 -5.5 45.5 16.7 -28.8 12.0 10.7 -1.3 97.4 97.0 -0.4 45.5 41.3 -4.2 12.0 15.5 +3.5
Gemini-2.5-Flash-Lite 40.8 93.4 +52.6 70.3 3.3 -67.0 69.3 3.3 -66.0 40.8 92.6 +51.8 70.3 13.9 -56.4 69.3 12.5 -56.8
Qwen2.5-Omni-3B 54.5 85.3 +30.8 49.3 15.8 -33.5 47.8 12.7 -35.1 54.5 92.7 +38.2 49.3 10.6 -38.7 47.8 9.0 -38.8
Qwen2.5-Omni-7B 32.0 59.8 +27.8 72.3 41.7 -30.6 69.8 42.5 -27.3 32.0 98.5 +66.5 72.3 2.8 -69.5 69.8 2.0 -67.8
Qwen3-Omni-30B-A3B 88.1 93.1 +5.0 29.9 8.6 -21.3 14.0 6.9 -7.1 88.1 99.8 +11.7 29.9 11.7 -18.2 14.0 1.2 -12.8
MiniCPM-o-2.6 85.3 85.7 +0.4 0.7 0.0 -0.7 0.0 0.0 0.0 85.3 86.5 +1.2 0.7 3.1 +2.4 0.0 0.3 +0.3
Gemma-3n-E4B 51.2 93.9 +42.7 50.6 5.8 -44.8 48.4 5.8 -42.6 51.2 36.4 -14.8 50.6 66.9 +16.3 48.4 65.6 +17.2
Phi-4-multimodal 78.8 61.5 -17.3 24.9 39.2 +14.3 24.3 38.2 +13.9 78.8 92.5 +13.7 24.9 8.1 -16.8 24.3 7.3 -17.0
Omnivinci 81.6 98.7 +17.1 46.1 2.3 -43.8 20.9 1.5 -19.4 81.6 88.1 +6.5 46.1 61.5 +15.4 20.9 16.3 -4.6
Audio-Flamingo-3 99.2 97.5 -1.7 1.3 1.8 +0.5 1.2 1.7 +0.5 99.2 95.7 -3.5 1.3 4.3 +3.0 1.2 3.8 +2.6

Table 3: Impact of Textual Context and Reference Audio on Detection Accuracy (%). Left: performance change
when adding textual context (+C) vs. audio-only (Audio). Right: performance change when removing reference
audio (w/o) vs. with reference (w/ Ref). ∆ denotes the difference.

Table 3 reveals the opposite: adding textual con-
text degrades rather than improves acoustic judg-
ment. For most models, it sharply improves S1
accuracy while collapsing S2/S3 accuracy, with
the exception of Gemini-2.5-Pro, which degrades
across all scenarios, and Phi-4-multimodal, whose
audio-only baseline already collapses, inverting
the pattern. This asymmetric pattern indicates that
models default to judging speakers as consistent
whenever the dialogue text flows naturally, regard-
less of acoustic evidence, even failing to detect ob-
vious gender switches. Rather than helping models
focus on the target speaker’s voice, textual context
shifts their judgment toward text-based reasoning,
revealing a modality imbalance that may reflect
disproportionate attention to text over audio tokens
in LALMs (Wang et al., 2025b). Localization re-
sults exhibit a similar pattern (Table 12). These
findings reveal that improving LALMs as speaker
consistency judges requires not just better acoustic
representations, but mechanisms to balance atten-
tion allocation during multi-modal fusion. Devel-
oping methods to better leverage dialogue context
while maintaining acoustic sensitivity would be a
promising future direction.

7.2 Impact of Reference Audio

In our main evaluation, we provide models with
a single reference audio sample from the target
speaker to establish a comparison baseline. We
investigate what happens when this reference is ab-
sent, requiring models to judge consistency solely
from the dialogue turns themselves.

Table 3 shows that for several models, removing
reference audio leads them to default to Consistent
judgments: S1 accuracy increases sharply while
S2/S3 accuracy drops substantially. Without an

explicit comparison anchor, these models adopt
lenient thresholds, failing to detect even obvious
inconsistencies such as gender switches. Local-
ization results exhibit the same pattern (Table 12).
This reveals that many LALMs fail to establish
appropriate decision boundaries without explicit
references. Rather than developing robust inter-
nal speaker representations from dialogue context
alone, they rely heavily on explicit reference audio
to anchor their judgments. This pattern connects to
our earlier finding from the Discrimination task (Ta-
ble 2), where models achieved better performance
through relative judgment. These findings have im-
portant practical implications: in real-world appli-
cations such as TTS validation, providing reference
audio is essential for reliable speaker consistency
judgment.

7.3 Effect of Speaker Turns and Clip Duration

To examine whether our findings generalize across
dialogue lengths, we construct a 10-turn dataset
comprising 759 instances from 253 unique dia-
logues using the same pipeline as the primary
benchmark. As shown in Table 4, the 10-turn
setting is slightly more challenging on average
(−1.2% Detection, −4.2% Localization, −3.1%
Discrimination), though individual trends vary.
Model rankings are largely preserved, indicating
our findings are not specific to the 5-turn setting
(full results in Table 11; analysis in Appendix D.2).

We further analyze how clip duration affects per-
formance on inconsistent scenarios (S2/S3). Fig-
ure 6 shows results for the top three LALMs by
Discrimination accuracy (Gemini-2.5-Pro, Gemini-
2.5-Flash, Qwen3-Omni-30B-A3B), grouped by
duration quartile. Both settings exhibit a clear
monotonic trend: longer clips yield higher Detec-
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Det Bal (%) Loc Bal F1 (%) Disc Acc (%)

Model 5t 10t ∆ 5t 10t ∆ 5t 10t ∆

GPT-4o-audio 52.0 51.3 -0.7 42.3 38.8 -3.5 40.7 39.2 -1.5
Gemini-2.5-Pro 64.7 69.3 +4.6 60.1 55.4 -4.7 81.5 80.1 -1.4
Gemini-2.5-Flash 63.1 56.3 -6.8 59.0 62.4 +3.4 75.6 82.2 +6.6
Gemini-2.5-Flash-Lite 55.3 48.1 -7.2 18.1 15.1 -3.0 46.5 46.6 +0.1
Qwen2.5-Omni-3B 51.5 51.8 +0.3 31.8 19.8 -12.0 40.8 40.7 -0.1
Qwen2.5-Omni-7B 51.5 51.1 -0.4 29.9 35.6 +5.7 42.7 38.7 -4.0
Qwen3-Omni-30B-A3B 55.0 50.9 -4.1 11.8 15.4 +3.6 60.4 54.9 -5.5
MiniCPM-o-2.6 42.8 50.2 +7.4 46.6 36.3 -10.3 49.5 37.9 -11.6
Gemma-3n-E4B 50.4 51.5 +1.1 16.0 8.2 -7.8 37.1 35.2 -1.9
Phi-4-multimodal 51.7 50.2 -1.5 49.9 50.0 +0.1 39.9 31.6 -8.3
Omnivinci 57.5 52.0 -5.5 33.8 16.4 -17.4 45.4 40.3 -5.1
Audio-Flamingo-3 50.2 48.5 -1.7 11.8 7.7 -4.1 36.3 32.0 -4.3

Table 4: 5-turn vs. 10-turn comparison. Det Bal: Bal-
anced Detection Accuracy. Loc Bal F1: Balanced Lo-
calization F1. Disc Acc: Discrimination classification
accuracy. ∆ = 10t − 5t.
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Figure 6: Performance on inconsistent scenarios (S2/S3)
by clip duration quartile for the top three LALMs.

tion Accuracy and Localization F1, confirming that
models require sufficient acoustic evidence within
each clip for reliable speaker judgment.

7.4 LALMs as Voice Cloning Evaluators
Beyond judging speaker consistency across dia-
logues, a natural downstream application is evalu-
ating voice cloning systems: automatically ranking
outputs from different models by their acoustic
similarity to a reference speaker. We investigate
whether LALMs can serve this role reliably, pro-
ducing rankings that agree with human judgment.

To explore this, we construct a VC Quality
Ranking task. From the benchmark dialogues,
we randomly sample a pair of audio clips per di-
alogue: one serving as the reference speaker au-
dio and the other as the source. We extract the
transcript from the source clip and use it along
with the reference audio to generate cloned out-
puts via three models — OpenVoice (Qin et al.,
2023), YourTTS (Casanova et al., 2022), and
CosyVoice3 (Du et al., 2025) — yielding four can-
didates per sample (source, OpenVoice, YourTTS,
CosyVoice3). Three human annotators indepen-
dently ranked 485 samples, with 50 shared sam-
ples for inter-annotator reliability (Kendall’s W =
0.860). Human rankings serve as ground truth.
Models are asked to rank all four candidates by

Model Acc NDCG@1 NDCG@2 EM

GPT-4o-audio 7.3 10.5 12.7 1.7
Gemini-2.5-Pro 48.0 63.0 75.1 16.8
Gemini-2.5-Flash 37.1 53.8 67.4 8.9
Gemini-2.5-Flash-Lite 27.0 43.8 55.2 5.6
Qwen2.5-Omni-3B 23.1 39.2 51.2 4.9
Qwen2.5-Omni-7B 25.8 41.9 53.6 5.4
Qwen3-Omni-30B-A3B 37.1 52.9 62.7 11.5
MiniCPM-o-2.6 32.0 45.4 57.1 6.6
Gemma-3n-E4B 26.0 40.0 49.3 3.5
Phi-4-multimodal 27.6 42.2 51.3 5.4
Omnivinci 27.6 41.2 51.3 5.8
Audio-Flamingo-3 30.3 43.0 53.4 4.3

Random 25.0 39.3 50.4 4.2

Table 5: VC Quality Ranking results.

acoustic similarity to the reference speaker. Eval-
uation protocol is the same as the Discrimination
task (§ 5.2). The prompt is provided in Figure 16.

As shown in Table 5, Gemini-2.5-Pro achieves
the strongest performance (Acc: 48.0%, NDCG@2:
75.1%), followed by Gemini-2.5-Flash and Qwen3-
Omni-30B-A3B. However, most models perform
modestly above the random baseline, and Exact
Match remains low even for the best model (16.8%).
Unlike the Discrimination task, where candidates
originate from distinct speakers, all candidates here
are generated from the same source audio target-
ing the same speaker identity, requiring models
to perceive much finer-grained acoustic variations.
These results indicate that while some LALMs
show promise as automatic voice cloning evalu-
ators, reliable quality ranking aligned with human
judgment remains a challenging open problem.

8 Conclusion

We present SpeakerSleuth, a benchmark for evalu-
ating whether LALMs can reliably judge speaker
consistency across multi-turn dialogues. Built
around three complementary tasks that mirror real-
world application requirements (Detection, Local-
ization, and Discrimination), SpeakerSleuth com-
prises 1,818 human-verified instances across four
diverse datasets. Our evaluation reveals fundamen-
tal limitations: models lack stable internal thresh-
olds, struggle with fine-grained turn-level analy-
sis, and prioritize textual coherence over acous-
tic features. At the same time, they show a clear
dissociation between detection and discrimination,
indicating that acoustic discrimination capability
is present but not effectively integrated into con-
sistency judgment. These findings point to cali-
bration, fine-grained reasoning, and modality in-
tegration as core challenges for building reliable
audio-language judges.
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Limitations

SpeakerSleuth has several limitations. First, our
benchmark covers only English dialogues. The
synthetic generation pipeline itself is language-
agnostic and can be extended to other languages.
Second, our four datasets span diverse acoustic con-
ditions (TV shows, meetings, synthesized speech,
studio recordings), but we do not isolate individual
acoustic factors such as background noise, rever-
beration, or recording quality. While our pipeline
readily supports adding controlled perturbations
via standard audio augmentation, systematic anal-
ysis of each factor is left to future work. Finally,
we do not analyze how model performance varies
across speaker demographics such as accents or
age groups. Whether LALMs exhibit demographic
biases in speaker consistency judgment remains an
open question. Despite these limitations, Speaker-
Sleuth provides a systematic framework for prob-
ing how LALMs reason about speaker identity in
multi-turn dialogues, and the pipeline naturally ac-
commodates future extensions along each of the
axes above.
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A SpeakerSleuth Details

Table 6: Breakdown of TV series and episodes used (all
from Season 1) from Bazinga dataset in SpeakerSleuth.

TV Series/Movie Episodes

24 24
Battlestar Galactica 13
Breaking Bad 7
Buffy The Vampire Slayer 12
ER 25
Friends 24
Game of Thrones 10
Homeland 12
Lost 25
Six Feet Under 13
Star Wars 7
The Big Bang Theory 17
The Office 6
The Walking Dead 6

Total 201 episodes

A.1 Dataset Details
We use four datasets for SpeakerSleuth. This sec-
tion describes the specific subset used from each
and its licensing. Table 1 summarizes the resulting
statistics.

Bazinga. Bazinga (Lerner et al., 2022) is a multi-
party dialogue dataset from TV series and movies.
We use 14 series spanning 201 episodes total, cov-
ering comedy, drama, and documentary formats to
capture diverse speaking styles. Table 6 provides
the per-series breakdown.

AMI Meeting Corpus. The AMI Meeting Cor-
pus (Carletta et al., 2005) consists of 100 hours
of meeting recordings across three rooms, pre-
dominantly featuring non-native speakers. We use
the evaluation set of 16 meetings, which provides
challenging real-world acoustic conditions: spon-
taneous disfluencies, overlapping speech, variable
room acoustics, and non-native accents.

Behavior-SD. Behavior-SD (Lee et al., 2025) is a
large-scale dataset of synthesized dialogues (100K+
dialogues, 2,164 hours) with annotations for con-
versational behaviors such as fillers, backchannels,
and interruptions. We use the test set of 925 di-
alogues. Behavior-SD serves as a control con-
dition with clean, synthesized speech against the
more challenging real-world recordings from other
datasets.

DailyTalk. DailyTalk (Lee et al., 2023) is a high-
quality conversational TTS dataset derived from

DailyDialog, containing 2,541 studio-quality dia-
logues between two participants (one male, one
female). We use all 2,541 dialogues. While the
speaker diversity is limited, the consistent studio
conditions enable evaluation of within-speaker con-
sistency across varied conversational scenarios.

Licensing. All datasets are used under their re-
spective licenses: AMI Corpus and Behavior-SD
under CC BY 4.0, Bazinga under CC BY-NC 4.0,
and DailyTalk under CC BY-SA 4.0. Our use for
benchmark evaluation is consistent with their in-
tended academic research purposes.

A.2 Verification Details

This section details the verification pipeline out-
lined in Section 4.3. For text-based filtering, we
use Qwen3-32B (Yang et al., 2025) with the prompt
shown in Figure 17. For audio-based verification,
three annotators from our research team, all with ex-
pertise in speech processing and audio evaluation,
evaluated all samples based on the criteria below.
Annotators also confirmed that each reference au-
dio shares consistent speaker identity and acoustic
environment with the target speaker’s turns in the
dialogue, ensuring it serves as a reliable anchor for
acoustic comparison.

Audio Quality. Annotators checked for excessive
background noise interfering with speaker charac-
teristics, confirmed clear human speech in all utter-
ances, and flagged excessive clipping or silence.

Naturalness. Voice-converted turns were
checked for robotic artifacts, and annotators
verified that pitch, timbre, tone, and emotion
flowed naturally throughout each turn.

Scenario Validity. For S1, annotators confirmed
consistent speaker identity and acoustic environ-
ment across all turns. For S2, they verified clear
gender distinction between the original and con-
verted speaker. For S3, they ensured the substituted
speaker was acoustically distinguishable from the
target, despite the intended similarity.

A.3 Dialogue and Speaker Embedding
Visualization Details

The visualization in Figure 4 was generated using
the UMAP (McInnes et al., 2018) algorithm with
n_neighbors set to 15. For dialogue embeddings,
we employed the all-MiniLM-L6-v2 (Reimers and
Gurevych, 2019) text embedding model, while
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speaker embeddings were extracted using ECAPA-
TDNN (Desplanques et al., 2020).

B Experimental Setup Details

B.1 LALM Judges
Table 7 summarizes the twelve LALMs we evalu-
ate, along with their parameter counts. All infer-
ence is conducted with temperature 0 on NVIDIA
A100 80GB GPUs using CUDA 12.4.

Model Parameters

Proprietary
GPT-4o-audio N/A
Gemini-2.5-Pro N/A
Gemini-2.5-Flash N/A
Gemini-2.5-Flash-Lite N/A

Open-source
Qwen2.5-Omni-3B 3B
Qwen2.5-Omni-7B 7B
Qwen3-Omni-30B-A3B 30B total, 3B active
MiniCPM-o-2.6 8B
Gemma-3n-E4B 8B total, 4B effective
Phi-4-multimodal 5.6B
OmniVinci 9B
Audio-Flamingo-3 7B

Table 7: LALM judges evaluated in our benchmark.
“N/A” indicates parameter counts not publicly disclosed.

B.2 Speaker Embedding Methods
We describe the three speaker embedding methods
introduced in Section 5.1. For each target speaker
audio set AS = {ai}i∈I , we first extract per-
turn speaker embeddings ei from ai using either
WavLM (Chen et al., 2022) or ECAPA-TDNN (De-
splanques et al., 2020). The three methods differ in
how they aggregate these embeddings to produce
a consistency score per turn and a similarity score
per candidate.

Pairwise Similarity. The per-turn consistency
score is the mean pairwise cosine similarity:

si =
1

|I|−1

∑

j ̸=i

sim(ei, ej).

Turn i is flagged if si < τpair. For Discrimination,
each candidate oj is scored as

qj =
1
|I|

∑

i∈I
sim(oj , ei).

Centroid Distance. With context centroid c =
1
|I|

∑
i∈I ei and dist(x, y) = 1 − sim(x, y), the

per-turn score is

si = dist(ei, c).

Turn i is flagged if si > τcent. For Discrimination,
each candidate is scored as

qj = dist(oj , c).

Reference Comparison. Given a reference em-
bedding r extracted from the target speaker’s refer-
ence audio, the per-turn score is

si = sim(ei, r).

Turn i is flagged if si < τref. For Discrimination,
each candidate is scored as

qj = sim(oj , r).

Task Application. Given these per-method
scores, we apply the three tasks uniformly. De-
tection classifies AS as inconsistent if any turn is
flagged. Localization outputs the flagged turn(s).
Discrimination returns argmaxj qj (or argmin for
Centroid Distance) for the classification formula-
tion, and {qj} sorted in descending order (ascend-
ing for Centroid) for the ranking formulation.

Threshold Sensitivity Analysis We sweep τ
from 0.1 to 0.7 in 0.1 increments for each of the
six method-extractor combinations and evaluate
detection accuracy and localization F1-score. As
Figure 7 shows, optimal thresholds vary substan-
tially across configurations. Our chosen values
(τpair = τref = 0.4, τcent = 0.3) provide reasonable
performance across both backbones.

B.3 Evaluation Metrics
This section defines the evaluation metrics used for
the three tasks.

Task 1: Detection. Detection is a binary classifi-
cation problem where the model predicts whether
a dialogue is consistent or inconsistent. Since
Scenario 1 (S1) contains only fully consistent dia-
logues and Scenarios 2 and 3 (S2, S3) contain only
dialogues with an inconsistent turn, per-scenario
accuracy reduces to the proportion of dialogues
correctly classified within each scenario:

AccS =
1

NS

∑

d∈S

⊮[ŷd = yd],

where NS is the number of dialogues in scenario
S ∈ {S1,S2, S3}, ŷd is the prediction, and yd is
the ground-truth label. Reporting accuracy per
scenario reveals threshold calibration patterns that
would be hidden under a single aggregate score.
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(a) Detection Accuracy (b) Localization F1

Figure 7: Detection and Localization Performance with varying thresholds τ .

Task 2: Localization. Given all target speaker
turns at once, the model outputs the set of turns it
judges to be inconsistent (or None). We evaluate
this output as a multi-label classification: for each
sample, let Ĝ be the predicted set and G the ground-
truth set of inconsistent turns. Per-sample precision
and recall are P = |Ĝ ∩ G|/|Ĝ| and R = |Ĝ ∩
G|/|G|, with F1 defined as

F1 =
2 P · R
P + R

.

We use the convention P = 0 when |Ĝ| = 0, R = 0
when |G| = 0, and F1 = 1 when |Ĝ| = |G| = 0.
All metrics are macro-averaged across samples.

Task 3: Discrimination. Discrimination
presents three candidates, one from each scenario
(S1, S2, S3), in a randomly shuffled order to avoid
positional bias. We evaluate two formulations.

Classification. The model selects the single best-
matching candidate (i.e., S1, the original). We
report accuracy over N samples:

Acc =
1

N

N∑

j=1

⊮[ĉj = cj ],

where ĉj is the predicted candidate and cj is the
ground-truth candidate (i.e., S1).

Ranking. The model orders all three candidates
by acoustic similarity to the target speaker. The
ground-truth ordering is S1 ≻ S3 ≻ S2: S1 is the
original consistent clip; S3 is voice-converted from
the most acoustically similar speaker; and S2 is
voice-converted from a speaker of a different gen-
der, the most dissimilar option. Relevance scores
are assigned as 2, 1, and 0 for ranks 1, 2, and 3,

respectively. Per sample, NDCG@k is computed
as

NDCG@k =
DCG@k

IDCG@k
,

DCG@k =
k∑

i=1

2 reli − 1

log2(i+ 1)

where reli is the relevance score of the candidate at
rank i and IDCG@k is the DCG of the ideal rank-
ing. NDCG@k is averaged across samples. We
additionally report Exact Match, the proportion of
samples where the full predicted ranking matches
the ground truth.

C Per-Turn Reference Comparison

Our main evaluation presents all target speaker
turns simultaneously, allowing models to reason
over the collective acoustic pattern across turns.
Here we evaluate an alternative per-turn setting
that mirrors the Reference Comparison in speaker
embedding methods (Appendix B.2): each turn
is independently compared to the reference audio
with the prompt “Is this clip from the same speaker
as the reference?” (Figure 14). For Detection, a
dialogue is marked inconsistent if the model an-
swers “No” on any turn; for Localization, all turns
answered “No” are returned as the predicted incon-
sistent set. For Discrimination, each candidate is
presented together with only the reference audio,
omitting the surrounding consistent turns available
in the main setting (Figure 15).

Table 8 compares this setting to our main eval-
uation, revealing structural limitations across all
three tasks. For Detection, most models collapse
to flagging every dialogue: any single “No” re-
sponse suffices to mark the dialogue inconsistent,
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Detection Localization Discrimination

Model S1 S2 S3 Bal S1 S2 S3 Bal Classification

Acc F1 P R F1 P R F1 F1 Baz AMI B-SD Daily Avg

Per-Turn Pairwise
GPT-4o-audio 0.2 99.8 100.0 50.0 0.2 20.9 98.6 34.3 20.4 97.9 33.7 17.1 55.9 43.5 40.3 30.7 43.0
Gemini-2.5-Pro 18.0 95.0 91.0 55.5 18.0 38.2 82.4 48.8 27.8 67.5 36.7 30.4 41.7 69.6 54.4 51.9 50.3
Gemini-2.5-Flash 11.6 96.4 92.9 53.1 11.6 38.6 89.6 50.4 28.3 72.2 38.2 28.0 47.6 80.4 76.1 74.1 65.8
Gemini-2.5-Flash-Lite 4.1 97.9 98.6 51.2 4.1 26.9 86.0 39.1 24.4 80.5 35.9 20.8 30.7 34.8 47.2 57.7 43.7
Qwen2.5-Omni-3B 0.0 100.0 100.0 50.0 0.0 20.4 99.3 33.8 20.3 98.4 33.5 16.8 53.8 47.8 45.9 45.5 48.7
Qwen2.5-Omni-7B 0.7 100.0 100.0 50.3 0.7 21.8 98.1 35.3 21.6 96.0 34.7 17.9 44.8 30.4 34.0 31.2 36.6
Qwen3-Omni-30B-A3B 2.9 99.5 98.6 51.0 2.9 25.7 96.0 39.1 22.0 87.6 34.3 19.8 79.2 76.1 46.5 44.4 59.6
MiniCPM-o-2.6 85.3 35.6 17.8 56.0 85.3 25.2 28.3 26.1 6.4 7.6 6.7 50.9 36.3 30.4 40.9 42.3 38.9
Gemma-3n-E4B 33.9 68.2 67.2 50.8 33.9 13.3 30.9 17.4 13.6 31.1 17.7 25.7 33.0 34.8 39.6 42.3 37.8
Phi-4-multimodal 11.4 90.2 87.9 50.2 11.4 21.9 59.1 30.3 19.6 54.9 27.4 20.1 31.6 30.4 37.1 41.3 36.0
Omnivinci 0.3 100.0 99.5 50.0 0.3 23.2 99.3 37.1 22.0 94.5 35.1 18.2 41.5 34.8 38.4 41.3 40.1
Audio-Flamingo-3 75.3 27.7 23.2 50.4 75.3 5.6 17.3 7.9 4.4 14.9 6.4 41.2 33.0 30.4 36.5 41.3 36.3

Multi-Turn (from Table 2)
GPT-4o-audio 72.9 32.8 29.5 52.0 71.5 12.6 25.9 15.0 8.7 19.2 11.1 42.3 50.2 30.4 38.4 34.4 40.7
Gemini-2.5-Pro 73.9 71.6 39.3 64.7 65.2 59.3 70.3 62.5 44.0 56.6 47.5 60.1 77.8 76.1 81.1 87.2 81.5
Gemini-2.5-Flash 97.4 45.5 12.0 63.1 64.4 55.6 90.1 62.3 38.6 72.4 45.0 59.0 70.8 73.9 69.2 86.8 75.6
Gemini-2.5-Flash-Lite 40.8 70.3 69.3 55.3 0.3 25.8 94.7 36.4 24.5 94.1 35.4 18.1 47.6 45.7 47.8 44.4 46.5
Qwen2.5-Omni-3B 54.5 49.3 47.8 51.5 21.8 45.6 91.6 47.7 28.9 81.6 36.0 31.8 42.9 39.1 41.5 38.1 40.8
Qwen2.5-Omni-7B 32.0 72.3 69.8 51.5 38.0 14.1 61.8 22.6 13.2 57.5 21.0 29.9 57.5 30.4 39.6 31.7 42.7
Qwen3-Omni-30B-A3B 88.1 29.9 14.0 55.0 0.2 15.1 57.4 23.3 15.2 56.0 23.5 11.8 82.1 69.6 43.4 48.1 60.4
MiniCPM-o-2.6 85.3 0.7 0.0 42.8 66.9 29.8 54.5 35.4 12.3 25.1 17.2 46.6 62.7 45.7 42.8 41.3 49.5
Gemma-3n-E4B 51.2 50.6 48.4 50.4 0.0 19.1 95.1 32.0 19.1 94.4 32.0 16.0 36.8 37.0 33.3 40.7 37.1
Phi-4-multimodal 78.8 24.9 24.3 51.7 99.7 0.0 0.1 0.1 0.0 0.1 0.1 49.9 37.3 39.1 39.0 43.9 39.9
Omnivinci 81.6 46.1 20.9 57.5 48.3 14.9 61.2 23.6 8.8 40.0 15.2 33.8 51.4 39.1 42.1 42.9 45.4
Audio-Flamingo-3 99.2 1.3 1.2 50.2 0.0 17.1 38.4 23.3 17.4 38.8 23.7 11.8 33.0 28.3 37.1 41.3 36.3

Table 8: Per-turn reference comparison vs. main results (multi-turn). In the per-turn setting, each turn is indepen-
dently compared against the reference audio; the main setting presents all turns simultaneously. Detection reports
per-scenario and Balanced Accuracy (Bal). Localization reports F1 for S1, Precision (P), Recall (R), and F1 for
S2/S3, and Balanced F1. Discrimination reports per-dataset and average Classification Accuracy.

yielding near-zero accuracy on S1 and near-perfect
on S2/S3. Balanced Detection Accuracy thus con-
verges to ∼50% across almost all models, com-
pared to the 42.8–64.7% spread in the main setting.
Localization exhibits the same over-flagging: Re-
call exceeds 95% for most models while Precision
stays around 20%. Discrimination also degrades—
Gemini-2.5-Pro drops from 81.5% to 50.3% and
Gemini-2.5-Flash from 75.6% to 65.8%—because
a single reference clip provides a weaker acoustic
anchor than the full set of consistent turns available
in the main setting. These limitations underscore
that multi-turn context is not merely a design com-
plexity but a necessary condition for meaningful
speaker consistency evaluation.

D Extended Benchmarks

D.1 Multiple Voice Conversion Models

To verify that our benchmark findings are not spe-
cific to a single voice conversion (VC) model,
we construct an extended benchmark by apply-
ing three additional VC models—CosyVoice3 (Du
et al., 2025), OpenVoice (Qin et al., 2023), and
YourTTS (Casanova et al., 2022)—alongside the
original FreeVC (Li et al., 2023). The extended
benchmark shares exactly the same set of multi-

turn dialogue instances as the original: the same
dialogues, target speakers, and scenario structure,
with the only difference being which VC model
generates the inconsistent audio. This design en-
ables a direct, controlled comparison isolating the
effect of VC model variability from all other fac-
tors. The resulting inconsistent clips are distributed
as follows: CosyVoice3 (44%), OpenVoice (24%),
FreeVC (23%), and YourTTS (9%).

Table 9 reports the complete evaluation results
on the extended benchmark, following the same
format as our main results (Table 2). Table 10
summarizes the comparison against the original
FreeVC-only benchmark using the three headline
metrics: Balanced Detection Accuracy, Balanced
Localization F1-score, and Discrimination Accu-
racy. The performance differences are small for
most models: the average absolute ∆ is 1.9% for
Detection, 2.0% for Localization, and 2.8% for
Discrimination, with no systematic direction of
change. Model rankings are generally preserved,
and the key qualitative patterns from Section 6 hold
under the extended benchmark: the anti-diagonal
clustering indicating threshold instability, the Pre-
cision/Recall divergence in Localization, and the
detection–discrimination dissociation.
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Detection Localization Discrimination

Model / Method S1 S2 S3 Bal S1 S2 S3 Bal Classification Ranking

Acc F1 P R F1 P R F1 F1 Baz AMI B-SD Daily Avg N@1 N@2 EM

Large Audio-Language Models
GPT-4o-audio 77.2 33.9 32.0 55.1 68.9 14.7 26.8 17.4 9.9 21.4 12.4 41.9 42.6 30.4 28.5 35.4 35.7 47.2 63.5 19.1
Gemini-2.5-Pro 66.2 65.1 43.9 60.3 67.2 57.0 65.8 59.6 46.7 58.3 50.0 61.0 86.7 82.6 82.9 91.5 86.9 93.5 93.9 72.8
Gemini-2.5-Flash 97.2 53.6 17.7 66.4 64.4 59.6 90.1 66.3 45.4 78.1 51.7 61.7 73.8 82.6 76.6 88.4 79.8 86.3 90.1 62.9
Gemini-2.5-Flash-Lite 32.7 75.4 74.3 53.8 0.7 23.6 94.7 36.2 23.2 92.5 35.4 18.2 25.7 50.0 45.0 51.1 40.6 56.5 68.0 25.0
Qwen2.5-Omni-3B 54.8 51.6 48.5 52.4 21.6 16.1 59.7 24.7 15.4 56.8 23.6 22.9 35.2 41.3 42.4 38.6 38.6 50.3 63.9 21.9
Qwen2.5-Omni-7B 32.8 70.9 70.5 51.8 38.3 14.5 64.0 23.2 13.3 58.6 21.2 30.3 44.3 37.0 34.2 40.7 40.0 50.6 64.0 22.2
Qwen3-Omni-30B-A3B 88.1 33.2 14.6 56.0 0.2 40.5 93.4 50.1 26.5 85.6 37.0 21.9 73.3 69.6 38.6 52.4 57.4 67.6 77.0 40.0
MiniCPM-o-2.6 99.8 1.7 0.2 50.4 62.5 35.4 62.6 43.1 15.5 32.6 19.7 47.0 59.5 50.0 48.1 51.3 53.2 57.0 69.6 29.4
Gemma-3n-E4B 51.2 48.4 48.0 49.7 0.0 19.2 96.0 31.9 19.2 95.2 31.9 15.9 37.1 43.5 32.9 39.2 37.1 46.5 61.0 19.7
Phi-4-multimodal 79.0 24.1 23.3 51.4 99.7 0.0 0.0 0.0 0.1 0.3 0.1 49.9 36.2 39.1 41.1 45.0 40.5 47.6 62.8 20.6
Omnivinci 81.7 46.0 21.2 57.6 48.3 14.5 63.3 23.3 9.5 43.9 15.5 33.9 41.9 50.0 41.8 50.8 45.3 56.2 67.7 27.4
Audio-Flamingo-3 99.2 1.3 1.0 50.2 0.0 17.2 38.7 23.5 17.3 38.7 23.6 11.8 32.9 28.3 36.1 42.9 36.5 44.3 61.2 16.9

Speaker Embedding Methods
Pairwise (ECAPA) 26.9 98.2 94.2 61.5 26.9 42.8 92.9 53.8 37.5 82.1 47.0 38.7 99.5 97.8 99.4 100.0 99.5 99.6 93.2 61.2
Pairwise (WavLM) 96.7 35.7 36.3 66.3 96.7 32.6 33.6 32.9 33.5 34.3 33.8 65.0 92.9 97.8 81.0 98.9 92.0 94.2 91.5 55.7
Centroid (ECAPA) 21.6 99.5 96.0 59.7 21.6 52.6 91.1 62.8 46.7 81.1 55.8 40.5 99.5 97.8 99.4 100.0 99.5 99.6 93.2 61.2
Centroid (WavLM) 91.4 53.4 56.3 73.1 91.4 48.5 49.9 49.0 51.0 52.3 51.4 70.8 92.9 97.8 81.0 98.9 92.0 94.2 91.5 55.7
Reference (ECAPA) 5.8 99.0 96.5 51.8 5.8 29.7 90.1 41.9 25.0 81.1 36.1 22.4 93.3 97.8 99.4 78.4 90.6 91.3 86.4 53.1
Reference (WavLM) 91.1 27.6 27.5 59.3 91.1 20.4 21.5 20.7 19.1 20.0 19.4 55.7 92.4 97.8 74.1 70.8 81.3 86.5 81.2 49.5

Table 9: Full evaluation results on the extended benchmark, which applies four voice conversion models to the
original dialogues (FreeVC, CosyVoice3, OpenVoice, YourTTS) (%). Detection reports per-scenario and Balanced
Accuracy (Bal). Localization reports F1 for S1, Precision (P), Recall (R), and F1 for S2/S3, and Balanced F1.
Discrimination reports per-dataset and average Classification Accuracy, and Ranking metrics (N@1: NDCG@1,
N@2: NDCG@2, EM: Exact Match).

Model
Detection Localization Discrimination

FVC 4VC ∆ FVC 4VC ∆ FVC 4VC ∆

GPT-4o-audio 52.0 55.1 +3.1 42.3 41.9 -0.4 40.7 35.7 -5.0
Gemini-2.5-Pro 64.7 60.3 -4.4 60.1 61.0 +0.9 81.5 86.9 +5.4
Gemini-2.5-Flash 63.1 66.4 +3.3 59.0 61.7 +2.7 75.6 79.8 +4.2
Gemini-2.5-Flash-Lite 55.3 53.8 -1.5 18.1 18.2 +0.1 46.5 40.6 -5.9
Qwen2.5-Omni-3B 51.5 52.4 +0.9 31.8 22.9 -8.9 40.8 38.6 -2.2
Qwen2.5-Omni-7B 51.5 51.8 +0.3 29.9 30.3 +0.4 42.7 40.0 -2.7
Qwen3-Omni-30B-A3B 55.0 56.0 +1.0 11.8 21.9 +10.1 60.4 57.4 -3.0
MiniCPM-o-2.6 42.8 50.4 +7.6 46.6 47.0 +0.4 49.5 53.2 +3.7
Gemma-3n-E4B 50.4 49.7 -0.7 16.0 15.9 -0.1 37.1 37.1 0.0
Phi-4-multimodal 51.7 51.4 -0.3 49.9 49.9 0.0 39.9 40.5 +0.6
Omnivinci 57.5 57.6 +0.1 33.8 33.9 +0.1 45.4 45.3 -0.1
Audio-Flamingo-3 50.2 50.2 0.0 11.8 11.8 0.0 36.3 36.5 +0.2

Table 10: Comparison of model performance on the
original benchmark (FVC: FreeVC only) versus the
extended benchmark (4VC: FreeVC + CosyVoice3 +
OpenVoice + YourTTS). Det: Balanced Accuracy. Loc:
Balanced F1. Disc: Avg Classification Accuracy.

D.2 Longer Dialogues

To examine whether our findings generalize across
dialogue lengths, we construct a 10-turn bench-
mark comprising 759 instances from 253 unique
dialogues using the same pipeline as our primary
5-turn benchmark (Section 4). This extension pre-
serves all benchmark construction components and
changes only the number of target speaker turns.

Table 11 reports the full per-scenario Detec-
tion, Localization, and Discrimination results on
the 10-turn benchmark, following the same for-
mat as our main results (Table 2). Section 7.3
summarizes these results using the three headline
metrics (Table 4) and discusses the overall trend:
the 10-turn setting is slightly more challenging

on average (−1.2% Detection, −4.2% Localiza-
tion, −3.1% Discrimination), while model rank-
ings are largely preserved. The full per-scenario
breakdowns here confirm that the key qualitative
patterns observed in the 5-turn setting remain in-
tact. The anti-diagonal clustering persists (e.g.,
Gemini-2.5-Flash reaches 100% on S1 but only
22.5%/2.8% on S2/S3, while Gemini-2.5-Flash-
Lite shows the opposite bias), Precision/Recall di-
vergence in Localization continues (Gemma-3n-
E4B: P ≈ 9%, R ≈ 95% on S2), and Gemini-2.5-
Pro remains strong on Discrimination (80.1% Avg,
63.1% Exact Match) despite its modest Detection
performance (69.3% Balanced Accuracy), confirm-
ing the detection–discrimination dissociation.

E Impact of Textual Context and
Reference Audio on Localization

Table 12 reports the Localization F1 results for the
same ablation conditions analyzed for Detection in
Section 7: adding textual context (+C vs. Audio)
and removing reference audio (w/o vs. w/ Ref).

Both conditions reproduce the asymmetric be-
havior observed for Detection. Adding textual
context sharply improves S1 F1 (e.g., Qwen2.5-
Omni-7B: 38.0 → 97.8) while collapsing S2 and
S3 F1 (e.g., Gemini-2.5-Pro drops by −54.6% on
S2 and −41.2% on S3), confirming that textual
context biases models toward declaring all target-
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Detection Localization Discrimination

Model / Method S1 S2 S3 Bal S1 S2 S3 Bal Classification Ranking

Acc F1 P R F1 P R F1 F1 Baz AMI B-SD Daily Avg N@1 N@2 EM

Large Audio-Language Models
GPT-4o-audio 85.4 18.6 15.8 51.3 70.4 7.0 13.4 8.8 4.3 10.7 5.8 38.8 60.0 41.4 35.4 52.4 39.2 45.6 60.5 12.0
Gemini-2.5-Pro 73.5 75.9 54.2 69.3 63.6 46.3 60.1 49.9 40.2 56.1 44.4 55.4 80.0 71.2 81.4 95.2 80.1 87.7 90.0 63.1
Gemini-2.5-Flash 100.0 22.5 2.8 56.3 74.7 59.1 83.4 63.4 33.1 62.8 36.8 62.4 72.7 81.7 81.4 95.2 82.2 85.5 88.8 61.3
Gemini-2.5-Flash-Lite 43.1 51.4 54.9 48.1 12.6 10.9 74.7 17.1 11.1 84.2 18.1 15.1 41.1 55.6 47.4 52.9 46.6 49.9 59.4 19.4
Qwen2.5-Omni-3B 76.3 28.1 26.5 51.8 29.2 6.2 52.2 10.6 5.9 52.6 10.2 19.8 54.5 43.3 39.8 33.3 40.7 46.4 60.2 19.4
Qwen2.5-Omni-7B 48.2 54.2 53.8 51.1 64.0 5.1 29.6 8.0 3.8 25.7 6.3 35.6 81.8 48.3 31.7 42.9 38.7 48.1 61.5 20.2
Qwen3-Omni-30B-A3B 97.6 5.5 2.8 50.9 1.2 30.4 84.6 36.1 16.7 77.9 23.1 15.4 72.7 68.3 48.4 57.1 54.9 59.4 68.0 30.0
MiniCPM-o-2.6 100.0 0.4 0.4 50.2 51.0 22.7 45.8 29.2 10.8 24.5 14.2 36.3 54.5 51.7 30.4 47.6 37.9 48.5 63.8 20.2
Gemma-3n-E4B 72.7 30.8 29.6 51.5 0.0 8.9 94.5 16.3 9.0 95.7 16.5 8.2 18.2 36.7 36.6 28.6 35.2 44.9 59.9 18.6
Phi-4-multimodal 95.3 5.9 4.3 50.2 100.0 0.0 0.0 0.0 0.0 0.0 0.0 50.0 54.5 28.3 29.2 47.6 31.6 44.3 59.7 18.6
Omnivinci 79.8 27.3 20.9 52.0 22.5 6.4 66.4 11.4 5.0 58.1 9.2 16.4 36.4 41.7 39.8 42.9 40.3 51.4 64.5 21.3
Audio-Flamingo-3 92.9 4.7 3.6 48.5 0.4 9.5 56.5 15.2 9.3 58.1 15.0 7.7 54.5 28.3 29.2 52.4 32.0 43.7 60.2 17.0

Table 11: Full evaluation results on the 10-turn benchmark (%). Detection reports per-scenario and Balanced
Accuracy (Bal). Localization reports F1 for S1, Precision (P), Recall (R), and F1 for S2/S3, and Balanced F1.
Discrimination reports per-dataset and average Classification Accuracy, and Ranking metrics (N@1: NDCG@1,
N@2: NDCG@2, EM: Exact Match).

Impact of Textual Context Impact of Reference Audio

S1 S2 S3 S1 S2 S3

Model Audio +C ∆ Audio +C ∆ Audio +C ∆ w/ Ref w/o ∆ w/ Ref w/o ∆ w/ Ref w/o ∆

GPT-4o-audio 71.5 88.6 +17.1 15.0 3.6 -11.4 11.1 3.7 -7.4 71.5 79.9 +8.4 15.0 11.4 -3.6 11.1 7.2 -3.9
Gemini-2.5-Pro 65.2 97.3 +32.1 62.5 7.9 -54.6 47.5 6.3 -41.2 65.2 87.3 +22.1 62.5 44.0 -18.5 47.5 28.2 -19.3
Gemini-2.5-Flash 64.4 98.8 +34.4 62.3 30.3 -32.0 45.0 14.3 -30.7 64.4 94.1 +29.7 62.3 57.9 -4.4 45.0 32.4 -12.6
Gemini-2.5-Flash-Lite 0.3 15.0 +14.7 36.4 29.6 -6.8 35.4 31.0 -4.4 0.3 6.6 +6.3 36.4 42.5 +6.1 35.4 41.0 +5.6
Qwen2.5-Omni-3B 21.8 76.0 +54.2 47.7 3.7 -44.0 36.0 4.1 -31.9 21.8 82.8 +61.0 47.7 4.7 -43.0 36.0 4.2 -31.8
Qwen2.5-Omni-7B 38.0 97.8 +59.8 22.6 0.6 -22.0 21.0 0.3 -20.7 38.0 88.3 +50.3 22.6 3.2 -19.4 21.0 2.8 -18.2
Qwen3-Omni-30B-A3B 0.2 26.4 +26.2 23.3 36.3 +13.0 23.5 26.0 +2.5 0.2 1.3 +1.1 23.3 52.6 +29.3 23.5 30.4 +6.9
MiniCPM-o-2.6 66.9 59.0 -7.9 35.4 23.9 -11.5 17.2 14.9 -2.3 66.9 62.8 -4.1 35.4 38.9 +3.5 17.2 19.7 +2.5
Gemma-3n-E4B 0.0 1.3 +1.3 32.0 28.0 -4.0 32.0 27.9 -4.1 0.0 0.0 0.0 32.0 30.7 -1.3 32.0 30.2 -1.8
Phi-4-multimodal 99.7 100.0 +0.3 0.1 0.0 -0.1 0.1 0.0 -0.1 99.7 100.0 +0.3 0.1 0.0 -0.1 0.1 0.0 -0.1
Omnivinci 48.3 17.8 -30.5 23.6 10.7 -12.9 15.2 9.8 -5.4 48.3 90.0 +41.7 23.6 8.9 -14.7 15.2 2.7 -12.5
Audio-Flamingo-3 0.0 3.5 +3.5 23.3 17.6 -5.7 23.7 17.8 -5.9 0.0 0.7 +0.7 23.3 23.3 0.0 23.7 22.7 -1.0

Table 12: Impact of Textual Context and Reference Audio on Localization F1 (%). Left: performance change
when adding textual context (+C) vs. audio-only (Audio). Right: performance change when removing reference
audio (w/o) vs. with reference (w/ Ref). ∆ denotes the difference.

speaker turns as consistent, even when an incon-
sistent turn is present. Removing reference audio
produces an analogous pattern for several mod-
els (e.g., Qwen2.5-Omni-3B S2: 47.7 → 4.7, S3:
36.0 → 4.2), though the direction and magnitude
of change are more variable across models than in
the textual context setting. These results mirror the
Detection findings in Section 7.1 and 7.2, demon-
strating that the observed modality imbalances are
not specific to the Detection formulation but extend
to fine-grained turn-level localization.

F Potential Risks

Despite positive applications, we acknowledge sev-
eral risks. Advanced speaker consistency evalua-
tion could be exploited to create more convincing
synthetic voices for impersonation, fraud, or mis-
information campaigns. As synthetic speech be-
comes increasingly indistinguishable from human
speech, public trust in audio evidence and voice-

based authentication may diminish. Additionally,
technologies that analyze speaker characteristics
could be misappropriated for unauthorized surveil-
lance or profiling.

G AI Assistants in Research or Writing

We used AI assistants to refine and proofread the
text, and assist with coding experiments. However,
all core ideas, experimental design, analysis, and
scientific contributions are entirely the work of the
authors.

H Prompt Templates
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Prompt Template for Detection

You are an expert at speaker recognition. You can determine if audio turns are consistent
with a target speaker based on voice characteristics alone. Focus on the main speaker’s voice
characteristics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker:

[Audio: {reference_audio}]

Now listen to the following turns from the conversation. Focus ONLY on the voice identity.

Turn 1: [Audio: {turn_1}]
Turn 2: [Audio: {turn_2}]
. . .
Turn N : [Audio: {turn_N}]

Question: Is the voice consistent across all these turns?

Answer with ONLY one word: YES or NO.

Figure 8: Prompt template for Detection: determining speaker consistency across dialogue turns using audio only.

Prompt Template for Detection (with Textual Context)

You are an expert at speaker recognition. You can determine if audio turns provided for a
specific speaker in a conversation are consistent. Focus on the main speaker’s voice character-
istics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker ({target_speaker}):

[Audio: {reference_audio}]

Now listen to the following conversation. Focus on the turns spoken by {target_speaker}.

Turn 1 ({speaker_1}): [Audio: {turn_1}]
Turn 2 ({speaker_2}): {text_2}
. . .
Turn N ({speaker_N}): [Audio: {turn_N}]

Question: Is the voice of {target_speaker} consistent across all their turns in this conversa-
tion?

Answer with ONLY one word: YES or NO.

Figure 9: Prompt template for Detection (with Textual Context): determining speaker consistency when textual
transcripts of other speakers’ turns are also provided.
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Prompt Template for Localization

You are an expert at speaker recognition. You can identify if audio turns are from the same
speaker by analyzing voice characteristics alone. Focus on the main speaker’s voice character-
istics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker:

[Audio: {reference_audio}]

Now listen to the following turns. Identify which turns (if any) are likely spoken by a differ-
ent speaker than the target speaker.

Turn 1: [Audio: {turn_1}]
Turn 2: [Audio: {turn_2}]
. . .
Turn N : [Audio: {turn_N}]

Question: Which turns are inconsistent with the target speaker? List the turn numbers (e.g.,
“Turn 3, Turn 5”). If all turns are consistent, answer “None”.

Figure 10: Prompt template for Localization: identifying which turns are inconsistent with the target speaker using
audio only.

Prompt Template for Localization (with Textual Context)

You are an expert at speaker recognition. You can determine if audio turns provided for a
specific speaker in a conversation are consistent. Focus on the main speaker’s voice character-
istics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker ({target_speaker}):

[Audio: {reference_audio}]

Now listen to the following conversation involving {target_speaker}. Identify which turns
(if any) attributed to {target_speaker} are likely spoken by a different speaker than the
target speaker.

Turn 1 ({speaker_1}): [Audio: {turn_1}]
Turn 2 ({speaker_2}): {text_2}
. . .
Turn N ({speaker_N}): [Audio: {turn_N}]

Question: Which turns are inconsistent with the target speaker? List the turn numbers (e.g.,
“Turn 3, Turn 5”). If all turns are consistent, answer “None”.

Figure 11: Prompt template for Localization (with Textual Context): identifying which turns are inconsistent when
textual transcripts of other speakers’ turns are also provided.

21
20632



Prompt Template for Discrimination (Classification)

You are an expert at speaker recognition. You can identify speaker consistency by analyz-
ing voice characteristics alone. Focus on the main speaker’s voice characteristics. Ignore
backchannels, background noise, or short interjections.

You will hear a sequence of turns. One position in the sequence is MISSING. You will be
given three options for what should go in that position. Your task is to select the option that
makes the entire sequence most consistent with the target speaker.

Listen to the turn sequence:

Turn 1: [Audio: {turn_1}]
. . .
Turn k: [MISSING – Choose the correct option below]
. . .
Turn N : [Audio: {turn_N}]

Here are the options for the missing position (Turn k):

Option A: [Audio: {option_A}]
Option B: [Audio: {option_B}]
Option C: [Audio: {option_C}]

Question: Which option (A, B, or C) makes the entire sequence most consistent with the
target speaker?

Answer with ONLY one letter: A, B, or C.

Figure 12: Prompt template for Discrimination (Classification): selecting the option that best fits the missing
position to maximize speaker consistency.
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Prompt Template for Discrimination (Ranking)

You are an expert at speaker recognition. You can identify speaker consistency by analyz-
ing voice characteristics alone. Focus on the main speaker’s voice characteristics. Ignore
backchannels, background noise, or short interjections.

You will hear a sequence of turns. One position in the sequence is MISSING. You will be
given three options for what should go in that position. Your task is to rank all options by
how well they match the target speaker’s voice.

Listen to the turn sequence:

Turn 1: [Audio: {turn_1}]
. . .
Turn k: [MISSING – Rank the options below]
. . .
Turn N : [Audio: {turn_N}]

Here are the options for the missing position (Turn k):

Option A: [Audio: {option_A}]
Option B: [Audio: {option_B}]
Option C: [Audio: {option_C}]

Question: Rank all options (A, B, C) from most consistent to least consistent with the target
speaker.

Answer with ONLY the letters in order, separated by “>”. For example: A > B > C.

Figure 13: Prompt template for Discrimination (Ranking): ranking candidates by acoustic consistency with the
target speaker given the surrounding dialogue context.

Prompt Template for Per-Turn Reference Comparison (Detection and Localization)

You are an expert at speaker recognition. You can determine if two audio clips are from the
same speaker by analyzing voice characteristics alone. Focus on the main speaker’s voice
characteristics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker:

[Audio: {reference_audio}]

Now listen to this audio clip:

[Audio: {test_audio}]

Question: Is this clip from the same speaker as the reference?

Answer with ONLY one word: YES or NO.

Figure 14: Prompt template for Per-Turn Reference Comparison (Detection and Localization): determining whether
each target speaker turn is from the same speaker as the reference.
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Prompt Template for Per-Turn Reference Comparison (Discrimination)

You are an expert at speaker recognition. You can determine the speaker’s identity in audio
recordings by analyzing their voice characteristics. Focus on the main speaker’s voice charac-
teristics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker:

[Audio: {reference_audio}]

You will hear three versions of the same utterance. Your task is to select the option that is
most consistent with the target speaker.

Option A: [Audio: {option_A}]
Option B: [Audio: {option_B}]
Option C: [Audio: {option_C}]

Question: Which option (A, B, or C) is most consistent with the target speaker?

Answer with ONLY one letter: A, B, or C.

Figure 15: Prompt template for Per-Turn Reference Comparison (Discrimination): selecting the original target
speaker audio among three candidates compared against the reference.

Prompt Template for VC Quality Ranking

You are an expert at speaker recognition. You can identify speakers by analyzing voice char-
acteristics such as pitch, tone, speaking style, and timbre. Focus on the main speaker’s voice
characteristics. Ignore backchannels, background noise, or short interjections.

First, listen to this reference audio clip from the target speaker:

[Audio: {reference_audio}]

Now, you will hear several audio clips. Your task is to rank all clips by how similar they
sound to the reference speaker’s voice.

Option A: [Audio: {option_A}]
Option B: [Audio: {option_B}]
Option C: [Audio: {option_C}]
Option D: [Audio: {option_D}]

Question: Rank all options (A, B, C, D) from most similar to least similar to the reference
speaker’s voice.

Answer with ONLY the letters in order, separated by “>”. For example: A > B > C > D.

Figure 16: Prompt template for VC Quality Ranking: ranking voice-cloned candidates by acoustic similarity to the
reference speaker.
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Prompt Template for Dialogue Coherence Filtering

You are an expert dialogue analyzer. Read the following conversation and determine if it
flows naturally and coherently as a whole.

Conversation:

{speaker_1}: {text_1}
{speaker_2}: {text_2}
. . .
{speaker_N}: {text_N}

Task:

If the conversation flows naturally with logical connections between turns, output “coherent”.
If there are sudden disruptions, random insertions, contradictions, or parts that don’t make
sense in context (at any point in the dialogue), output “incoherent”.

Return ONLY one word: “coherent” or “incoherent”.

Figure 17: Prompt template for Dialogue Coherence Filtering: evaluating conversational naturalness and flow for
benchmark construction.

25
20636


