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Abstract

Spoken Language Understanding (SLU) has progressed from
traditional single-task methods to large audio language model
(LALM) solutions. Yet, most existing speech benchmarks fo-
cus on single-speaker or isolated tasks, overlooking the chal-
lenges posed by multi-speaker conversations that are com-
mon in real-world scenarios. We introduce MSU-Bench,
a comprehensive benchmark for evaluating multi-speaker
conversational understanding with a speaker-centric design.
Our hierarchical framework covers four progressive tiers:
single-speaker static attribute understanding, single-speaker
dynamic attribute understanding, multi-speaker background
understanding, and multi-speaker interaction understanding.
This structure ensures all tasks are grounded in speaker-
centric contexts, from basic perception to complex reasoning
across multiple speakers. By evaluating state-of-the-art mod-
els on MSU-Bench, we demonstrate that as task complexity
increases across the benchmark’s tiers, all models exhibit a
significant performance decline. We also observe a persis-
tent capability gap between open-source models and closed-
source commercial ones, particularly in multi-speaker inter-
action reasoning. These findings validate the effectiveness of
MSU-Bench for assessing and advancing conversational un-
derstanding in realistic multi-speaker environments. Demos
can be found in the supplementary material.

Spoken Language Understanding (SLU) constitutes a fun-
damental task in artificial intelligence, enabling machines to
interpret human speech beyond mere transcription. Recent
advances in SLU research have transitioned from traditional
single-task approaches, such as automatic speech recogni-
tion (ASR), automatic speaker verification (ASV), and spo-
ken sentiment analysis (SSA), toward Large Audio Lan-
guage Models (LALMs) (Peng et al. 2024; Su et al. 2025).
Building upon established Large Language Model (LLM)
paradigms, sophisticated LALMSs such as LTU-AS (Gong
et al. 2023), Salmonn (Tang et al. 2024a), Qwen-Audio (Chu
et al. 2023, 2024a) and OSUM (Geng et al. 2025) have
emerged, demonstrating exceptional general speech under-
standing capabilities.

However, real-world conversations inherently involve
multiple speakers and present fundamentally different chal-
lenges than single-speaker scenarios. Human dialogues are
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inherently collaborative and social, involving complex in-
teractions among multiple participants where speakers fre-
quently interrupt one another, reference previous state-
ments, and dynamically shift conversational roles. While
researchers have developed sophisticated techniques for
individual aspects of multi-speaker processing, including
speaker diarization, speech separation, and target speaker
extraction, these methods predominantly focus on isolated
technical problems without capturing the holistic complex-
ity of conversational dynamics. Critical speaker-centric phe-
nomena such as social role analysis, power dynamics, and
interactional patterns remain largely unexplored.

Existing speech benchmarks (Chen et al. 2024; Yang
et al. 2024; Ao et al. 2024; Sakshi et al. 2025; Wang et al.
2025b,a) typically aggregate speaker-related tasks with gen-
eral speech or dialogue tasks, rarely isolating the unique
challenges inherent in speaker-centric understanding within
authentic conversational contexts. Consequently, essential
multi-speaker dynamics, including dominance detection,
turn-taking analysis, and social role identification, remain
underexplored. This gap is particularly significant given that
most real-world applications require understanding not just
individual speakers but the complex interplay between mul-
tiple participants in dynamic conversational settings.

To bridge this critical gap, we introduce MSU-Bench,
the first comprehensive benchmark specifically designed
to define and evaluate multi-speaker understanding in au-
thentic interactive scenarios. MSU-Bench employs a hier-
archical framework that decomposes speaker-centric under-
standing into four progressive tiers of complexity: single-
speaker static attribute understanding (e.g., speaker count-
ing, demographic profiling), single-speaker dynamic at-
tribute understanding (e.g., emotion state tracking, voice
quality evolution), multi-speaker background understanding
(e.g., venue/event inference, role identification), and multi-
speaker interaction understanding (e.g., dominance detec-
tion, interruption pattern analysis). This systematic decom-
position enables targeted evaluation of the social and in-
teractive dimensions of conversational understanding while
maintaining clear progression from basic perceptual tasks to
complex reasoning scenarios.

Our work makes the following key contributions:

* We present the first benchmark that is dedicated to con-
versational speaker-centric understanding. It uses a clear



Speech Understanding Benchmarks

Characteristics

VoiceBench MMSU MMAU AudioBench AIR-Bench SD-Eval MSU-Bench
Speaker-Oriented X X X X X X v
Audio Source TTS+RPC RPC RPC RPC RPC TTS+RPC RPC
Conversation Type Mono. Dial. Dial. Dial. Dial. Dial. Dial.
Multi-speaker X X X X X X v
Speaker-related Task v v v v v v v

Table 1: Comparative analysis of construction characteristics across seven speech understanding benchmarks. v~ indicates
support, x indicates no support. TTS: Text-to-Speech, RPC: Real Person Recordings, Mono.: Monologue, Dial.: Dialogue.

hierarchical structure from basic perception to advanced
reasoning.

* We propose a comprehensive “5SM” design. This covers
multi-tier, multi-speaker, multi-lingual, multi-scenario,
and multi-task aspects for thorough evaluation.

* We conduct extensive empirical analysis of both open-
source and closed-source models. Our results show per-
sistent performance gaps, especially in multi-speaker in-
teraction reasoning.

* We provide a detailed task construction pipeline and
open-source codebase. This supports reproducibility and
promotes future research on speaker-centric understand-
ing in conversations.

Related Works
Speaker Modeling and Analysis

Speaker information constitutes a crucial dimension of the
acoustic signal (Wang et al. 2024). Conventionally, the scope
of speaker modeling has been narrowly centered on iden-
tity for tasks like recognition and verification. However, a
more holistic perspective, often termed speaker understand-
ing, extends to a rich set of paralinguistic traits, including
a speaker’s accent, age, and emotional state. While early
research addressed these characteristics through separate,
task-specific systems, a recent paradigm shift has led to
the development of benchmarks that evaluate speaker at-
tributes more comprehensively. For instance, the VoxPro-
file (Feng et al. 2025) benchmark was introduced to ana-
lyze speaker profiles across various facets. A limitation of
such approaches is their inherent focus on single-utterance,
single-speaker scenarios, which precludes the analysis of
more complex, interactive contexts that are essential for un-
derstanding real-world conversational dynamics.

Speech Understanding Models

Speech understanding encompasses the machine interpreta-
tion of semantic content and emotional nuances in spoken
language, extending beyond simple transcription to include
intent recognition, sentiment analysis, and dialogue act iden-
tification. Recent advances in large language models have
significantly enhanced this capability by integrating audio
modalities with LLMs (Huang et al. 2024; Zhang et al. 2023;
Ghosh et al. 2025; Goel et al. 2025; Chu et al. 2024a; Xu

et al. 2025). Current approaches fall into two categories: cas-
cade and end-to-end methods. Cascade approaches utilize
automatic speech recognition followed by natural language
processing, as exemplified by AudioGPT (Huang et al.
2024) combining Whisper with LLMs. While modular and
industrially mature, this method suffers from error propaga-
tion and acoustic information loss. End-to-end approaches
directly map speech signals to semantic representations,
demonstrated by models such as SpeechGPT (Zhang et al.
2023), Salmonn (Tang et al. 2024b; Yu et al. 2025), Glm-4-
voice (Zeng et al. 2024), GPT 40-Audio, Gemini (Team et al.
2023), Kimi-Audio (Ding et al. 2025), Step-audio (Wu et al.
2025; Huang et al. 2025) and the Qwen-Audio series (Chu
et al. 2023, 2024b). These models exhibit greater robustness
and universal audio understanding capabilities. Recent mul-
timodal extensions like Gemini and Qwen2.5-Omni further
integrate audio and visual information.

Speech Understanding Benchmarks

Recent advances in LALMs have catalyzed the emergence
of diverse benchmarks for speech understanding. To system-
atically assess the current landscape, we compare several
representative benchmarks with our proposed MSU-Bench
in Table 1. Early efforts such as AudioBench (Wang et al.
2025a) mainly target foundational capabilities, including au-
tomatic speech recognition (ASR) and audio classification.
More recent benchmarks, such as MMAU (Sakshi et al.
2025) and MMSU (Wang et al. 2025b), extend the scope to
encompass audio-based question answering and the assess-
ment of paralinguistic features. Nevertheless, as summarized
in Table 1, none of the existing benchmarks are explicitly
speaker-centric or designed to evaluate multi-speaker inter-
actions. While many adopt dialogue recordings (Dial.) and
include speaker-aware tasks, they fail to address the criti-
cal challenge of modeling the relationships and interaction
logic among different speakers, which is essential for a com-
prehensive conversational understanding. To bridge this gap,
we introduce MSU-Bench, the first benchmark specifically
dedicated to the rigorous evaluation of multi-speaker under-
standing in realistic conversational scenarios.
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Background:This conversation took place in a humble room. Speaker 2 is a wealthy businessman who fled abroad
after committing a crime and has come to seek refuge with Speaker 1.

anymore. You're in a very dangerous
situation right now. They're trying to catch
you and take you back to China.

Speaker 2 Can't
G i ElH I know. But I still have to survive. I can't just e o
stay in this shabby hotel all day, staring into -

space.
Sad

m Uncle Ding, you can't contact your sister ‘

—
small favor I'd like to ask of you.

Speaker 1 asks
him for help —
[Ah, sure, sure. My English is pretty good. I F &5

can do anything.
Happy

That's why I came to find you. There's a J

G

got nothing to do, just sweep the floor or do

Come over to my place, lend a hand. I’ll
cover your food and lodging. When you’ve
some odd jobs.

Speaker 1 let him
to do chores —
[ Sweep the floor? F 9
Surprise

to stay—just some sweeping and odd jobs,

sT Uncle Ding, I’'m giving you food and a place
that’s not beneath you, right?

Section I: Conversation Transcription

(a)Single-Speaker Static Attribute Understanding

Task: Emotion Recognition

Task Definition: Identify the basic emotions expressed by the speaker during their
utterance (excluding neutral emotion), including anger, sadness, joy, anxiety, etc..
Question: What is the emotion of Speaker 2 when saying “Ah, sure, sure. My English
is pretty good. I can do anything.”?

Answer: Happy

(b)Single-Speaker Dynamic Attribute Understanding

Task: Emotion Evolution

Task Definition: Identify the different emotional states expressed by the speaker
during the conversation and the turning points of emotional changes.

Question: What emotions does Speaker 2 express throughout the audio? In which
utterances do clear emotional shifts occur?

Answer: Sadness, happiness, and surprise. Clear emotional shifts occur at “Ah, sure,
sure. ” and “Sweep the floor?”.

(c)Multi-Speaker Background Understanding

Task: Speaker Role Recognition

Task Definition: Identify and assign roles or social functions to different speakers
within a conversation.

Question: Is Speaker 1 in a dominant position in the conversation? What aspects
indicate this?

Answer:Yes, Speaker 1 is dominant in the conversation. This is indicated by the fact
that Speaker consistently make demands toward Speaker 2 and use a forceful tone.

(d)Multi-Speaker Interaction Understanding

Task: Causal Attribution

Task Definition: Analyze whether emotional or behavioral changes are triggered by
others and identify the causal chain.

Question: What are the emotions expressed by Speaker 2 when saying “Ah, sure,
sure.” and “Sweep the floor?”, and are they related to any utterance by Speaker 1?
Answer: When saying “Ah, sure, sure.”, Speaker 2 expresses a happy emotion.
However, when saying “Sweep the floor?”, the emotion shifts to surprise. This change
is related to Speaker 1’s statement “just sweep the floor or do some odd jobs.” The
reason is that Speaker 2 was asked to help but was unexpectedly assigned to do
menial tasks.

Section II: Progressive question design with
speaker emotions in conversations

Figure 1: Example of MSU-Bench QA. The conversation scenario involves two speakers with different emotional states and
social dynamics, demonstrating the progression from basic emotion recognition to complex causal reasoning.

MSU-Bench: Hierarchical Design for
Multi-Speaker Understanding
Hierarchical Task Framework

We propose a four-tier hierarchical framework for multi-
speaker understanding tasks, organized by increasing com-
plexity to systematically evaluate model capabilities across
different tiers of conversational understanding, the defini-
tions and scope of each tier are demonstrated in Table 2.

Framework Overview. Our framework progresses from
basic speaker-level perception to complex multi-party in-
teraction reasoning as Figure 1. The progression follows a
natural cognitive hierarchy: Tier 1 establishes foundational
recognition capabilities for static speaker attributes, Tier
2 extends to temporal dynamics analysis within individual
speakers, Tier 3 advances to contextual inference and back-
ground understanding across multiple speakers, and Tier 4
culminates in comprehensive multi-speaker interaction un-
derstanding. Models can be assessed at each tier indepen-
dently, enabling precise identification of strengths and limi-
tations across the full spectrum of multi-speaker understand-
ing tasks.

Tier 1: Single-Speaker Static Attribute Understanding.
This tier focuses on identifying and characterizing individ-
ual speakers’ static attributes. The primary objectives in-
clude speaker differentiation, demographic profiling (gen-
der, age, accent), and paralinguistic analysis (voice quality,
emotional tone). These capabilities establish the perceptual
foundation necessary for higher-level reasoning tasks.

Tier 2: Single-Speaker Dynamic Attribute Understand-
ing. Building upon static attribute recognition, this tier ad-
dresses temporal dynamics within individual speakers. Key
capabilities include tracking emotional evolution, detect-
ing voice quality changes, and identifying opinion shifts
throughout conversations. Unlike Tier 1, this level requires
models to reason about causality and context—understanding
not just what changes occur, but why they occur. This tier
evaluates models’ ability to capture speaker-internal dynam-
ics and infer cultural identity through language patterns and
expression preferences.

Tier 3: Multi-Speaker Background Understanding.
This tier focuses on contextual inference beyond immedi-
ate interaction dynamics. Tasks include inferring conversa-



Capability

Description

Representative Tasks

Tier 1: Single-Speaker Static Attribute Understanding

Multi-Speaker Interac-
tion Analysis (MSIA)

Multi-Speaker Contex-
tual Reasoning (MSCR)

Understand interpersonal dynamics in multi-
speaker interactions through paralinguistic and
social cues.

Analyze emotional shifts, intention changes,
and interaction logic among speakers, enabling
semantic-based cross-speaker reasoning.

Speaker Recognition Identify and track speakers in multi-speaker en- Speaker Recognition
“©  (SR) vironments, focusing on speech content, timing,  Speaker Counting
UE alternation, frequency, and interaction structure. Silence/Overlap Detection
N
B Speaker Attribute Com- Determine static attributes such as gender, age, Accent/Dialect Recognition
o . ..
‘E- prehension (SAC) accent, and language background of the speaker.  Language Recognition
1 Gender Recognition
5 Age Recognition
E Speaker Paralinguistic Analyze vocal characteristics such as timbre, flu- Voice Quality Analysis
E Analysis (SPA) ency, and emotional tone. Speech Flow Analysis
:”s- Emotion Recognition

Tier 2: Single-Speaker Dynamic Attribute Understanding

Speaker Dynamic Analy- Detect and interpret dynamic changes in emotion, Emotion Evolution
w  Sis (SDA) voice quality, and perspective over the course of a2 Vojce Quality Evolution
g'. conversation. Opinion Change Recognition
é Speaker Cultural Iden- Infer cultural background, geographical affilia- Language/Accent Cultural Reasoning
< tity Integration (SCII) tion, age group, and cognitivq style by analyzing  Expression Preference Recognition
5. language, accent, and expression preferences. Geographical Location Estimation
(g}

Tier 3: Multi-Speaker Background Understanding

Multi-Speaker Scene In- Infer conversational venue and predict conversa- Dialogue Background Reasoning
o ference (MSSI) tional outcomes from topics and language styles.  Dijalogue Result Reasoning
&
.§ Multi-Speaker Relation- Understand speaker relationships and infer social =~ Speaker Role Recognition
§ ship Inference (MSRI) roles in multi-speaker conversations. Social Role Recognition
i’d Tier 4: Multi-Speaker Interaction Understanding
% Multi-Speaker Tran- Identify and distinguish multiple speakers in con- Dialogue Transcription
S scription (MST) versations, ensuring accurate restoration of se-
= mantic content.

Paralinguistic Interaction Analysis

Social Interaction Analysis

Causal Attribution
Motivation Reasoning

Table 2: Hierarchical Multi-Speaker Understanding Tasks. The framework systematically progresses from single-speaker
static perception to multi-speaker dynamic reasoning, encompassing 10 core capabilities and 25 representative tasks, detailed
description and examples of individual tasks can be found in the appendix.

tional venues, predicting dialogue outcomes, and determin-
ing speaker roles and social relationships. Models must an-
alyze contextual cues, topic patterns, and language styles to
understand the broader situational context. This tier evalu-
ates the ability to reason about environmental factors and
social structures that influence multi-speaker conversations.

Tier 4: Multi-Speaker Interaction Understanding. The
highest tier extends analysis to inter-speaker dynamics
and conversational interactions. Tasks include multi-speaker
transcription with accurate attribution, paralinguistic and so-
cial interaction analysis, and cross-speaker reasoning about
emotional shifts and motivations. This tier requires mod-
els to simultaneously track multiple speakers while reason-



Models \ Tier 1 \ Tier 2 \ Tier 3 \ Tier 4 \ Ave
| SR SAC SPA Avg | SDA SCH Avg | MSSI MSRI Avg | MST MSIA MSCR Avg |
Kimi-Audio 039 053 038 044|021 029 025] 038 040 039] 035 023 024 025]035
Qwen2.5-Omni | 048 0.48 037 045|026 034 029 | 033 044 036|029 034 026 030|037
GPT-40-Audio | 0.52 0.65 0.55 0.58 | 038 0.52 044 | 070 051 064 | 037 049 036 043|052
Gemini-2.5-Flash | 049 0.70 0.51 0.58 | 041 057 048 | 076 066 0.73 | 038 051 039 045|055
Gemini-2.5-Pro | 0.55 0.70 0.54 0.61 | 0.46 0.61 0.53 | 0.80 0.67 0.76 | 044 0.56 047 0.51 | 0.59

Table 3: Performance comparison of different models across four tiers and various capabilities. Bold values indicate the best
performance in each group. Definitions of all capability abbreviations are provided in Table 2. Note that the Avg values are
computed on all involved cases, instead of simply averaging individual capability values.

ing about their mutual influence, conversational control, and
collaborative behaviors. Success at this level demonstrates
comprehensive understanding of dynamic multi-party con-
versational structures.

The four-tier architecture ensures systematic progression
from perceptual to reasoning tasks, from static to dynamic
understanding, and from single-speaker to multi-speaker
analysis. This design principle allows for granular evalua-
tion of model capabilities while maintaining clear relation-
ships between different complexity levels.

QA Construction Pipeline

To construct the four-tier benchmark with diverse speaker-
centric audio-text tasks, we build a rigorous QA genera-
tion pipeline that automatically produces high-quality ques-
tion—answer pairs from multi-speaker dialogues spanning
various real-world scenarios and acoustic conditions. For
each core ability, we design dedicated prompts to guide
template construction and question formulation, ensuring
that the resulting QA samples are tightly aligned with task-
specific objectives. All selected audio segments span 60-120
seconds and include at least two speakers, thereby guaran-
teeing meaningful multi-speaker interaction and benchmark
reliability. The overall QA pipeline(see Figure 2), will be
further detailed in the subsequent sections.

/ Hierarchical Task Framework N\ _

" Multi-Speaker
Background

Multi-Speaker \
Intcractlon

Define

J)[

Evaluation
A

Define

\ ~ - ~
( (,apahlhly Qucsuon \ J/ Prompt \
Smg]c Speaker Static | e ) » e ) » e )
AN VAN 4
Single-Speaker ‘ — =
Dynamic
Capability Retrieval Question List Prompt Retrieval

Evaluation
“. | Capabilities

!

Data Processing

QAC istructio
|"|||I|I||| { Dialogue

QA Pair
Selectlon ‘ -‘ Constructmn
VoxProfile T o a L )
L SDASR | === Tag aing
Y ' m D— Deepseek V3

Age

){

Define
Prompts

g‘%
Pmmpl & Query J

Gender

QA }

« 1<]t

Voice Quality

- Emotion Accent

Figure 2: The QA Construction Pipeline

Data Selection and Preparation. To support the con-
struction of multi-lingual and multi-scenario conversational
datasets, we curate dialogue data from diverse real-world
sources. For both near-field and far-field multi-speaker in-
teractions, the full QA pipeline is applied to generate high-
quality QA pairs. For film and television content, a denois-
ing module was applied prior to subsequent processing. All
QA data generated for downstream evaluation go through an
additional filtering stage, guided by large language model
(LLM) assessments, to ensure its quality and relevance.

Specifically, the Chinese near-field data is sourced from
MDT-AA007, while the far-field data comes from al-
imeeting (Yu et al. 2022a,b), a corpus of multi-speaker,
meeting-style conversations recorded with distant micro-
phones in acoustically complex environments. For English,
near-field data is collected from MDT-ADOI15, which con-
tains telephone-based conversational speech. The far-field
data is drawn from CHIME6 (Watanabe et al. 2020), com-
prising real home-based multi-party conversations captured
with distant microphones, featuring challenges such as back-
ground noise and overlapping speech.

Pipeline Design. Considering the complexity and hetero-
geneity of the data, the following sequential modules' are
employed, as demonstrated in Figure 2:

1. Transcription with Speaker Diarization: Multi-
speaker dialogues are first transcribed using an SDASR
(Speaker-Diarized ASR) system, which aligns speech
content with speaker identities over time.

[\

. Speaker Attribute Tagging: The transcriptions are then
processed by the VoxProfile module, which annotates
each speaker with metadata such as gender, role (e.g.,
host or guest), and secondary language usage.

. Dialogue Segment Selection: Utilizing Deepseek v3, di-
alogue segments are selected based on annotated speaker
information and task-specific configuration, ensuring
both relevance and diversity in the selected content.

. QA Pair Construction: QA pairs are generated from the
selected segments using Deepseek v3, following prede-
fined strategies tailored to the model’s capabilities and
the conversation context.

'The QA construction pipeline will be released alongside the
benchmark



5. Automated QA Evaluation: The resulting QA pairs
undergo automated evaluation via Deepseek v3’s built-
in assessment mechanism, which measures QA quality
against the original dialogue context and annotations.

This structured and modular pipeline enables consistent,
scalable, and high-quality QA data generation across com-
plex, language-diverse, and acoustically challenging multi-
speaker conversational scenarios.

Experiments and Results
Dataset and Evaluation Protocols

Dataset MSU-Bench leverages six open-source datasets
to cover diverse conversational scenarios >: MDT-AA007
(Chinese telephone) and MDT-ADO15 (English telephone)
for near-field dialogue, AliMeeting (Yu et al. 2022a,b) (Chi-
nese meeting) and CHiME6 (Barker et al. 2018; Watan-
abe et al. 2020) (English home dialogue) for far-field set-
tings, and Chinese MovieClips and English MovieClips for
challenging acoustic conditions (film audio post-processed
to remove background music). For each task, sessions are
randomly sampled from all datasets to ensure linguistic
and acoustic diversity. Ten question-answer pairs per ses-
sion are manually verified and constructed using varied
templates, balancing phrasing diversity with consistent rea-
soning requirements. This ensures that performance differ-
ences are mainly attributable to audio complexity rather than
variations in question form. We find that multiple-choice
questions can unintentionally provide LALMs with addi-
tional cues, potentially inflating performance. Instead, we
use open-ended questions with answer formats and con-
straints in the inference prompts.

Evaluation Protocols The evaluation uses a dedicated
scoring prompt to assess LALM outputs along 3 dimensions:
relevance, accuracy, and causal soundness. Relevance en-
sures that responses are tightly aligned with questions, filter-
ing out hallucinated or off-topic content. Accuracy measures
the factual correctness of the response against the ground
truth. Causal soundness evaluates the logical consistency
of cause-effect reasoning in inference tasks; for non-causal
questions, this component receives full marks by default.

Speech Understanding Models This work evaluates five
representative models® on MSU-Bench to assess multi-
speaker understanding. Specifically, Gemini-2.5-Pro (Team
et al. 2023), Gemini-2.5-Flash (Team et al. 2023), and GPT-
4o0-Audio are closed-source commercial systems, while
Kimi-Audio (Ding et al. 2025) and Qwen2.5-Omni (Xu
et al. 2025) are open-source models. This diverse selection
enables a systematic comparison between open-source and
commercial solutions across all benchmark tiers and tasks.

*Detailed statistics such as audio sources, duration distributions
can be found in the appendix

3Due to input length restrictions (e.g., a 30-second audio limit),
certain models could not be evaluated on multi-speaker scenarios.
We also noticed the latest Step-Audio2 (Wu et al. 2025) and Au-
dio Flamingo3 (Goel et al. 2025); however, as of submission, their
model weights and inference code were not publicly available.

Evaluation Results and Analysis

We present comprehensive evaluation results of both state-
of-the-art open-source and commercial models on our
benchmark (see Table 3). The test set is carefully balanced,
with samples drawn uniformly from six diverse data sources.
For each benchmark tier and capability, we report the aver-
age results of all tasks related to that capability, with the
task-capability mappings detailed in Table 2. Moreover, the
comparison of different systems across all 25 tasks is illus-
trated in Figure 3, providing a highly intuitive performance
comparison across models.
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Figure 3: Overall Performance Comparison

Commercial vs. Open-source Performance Gap. Our
evaluation reveals a significant and consistent performance
gap between commercial and open-source models. The
Gemini series shows superior performance across all tiers,
with Gemini-2.5-Pro achieving the best results in 8 out
of 9 capabilities. GPT-40-Audio shows strong performance
in paralinguistic analysis (0.55 in SPA) but weaker per-
formance in cultural identity integration (0.52 in SCII).
Among open-source models, Kimi-Audio shows relatively
strong performance in speaker recognition (0.39 in SR) but
struggles significantly with multi-speaker interaction analy-
sis (0.23 in MSIA), indicating limitations in handling com-
plex multi-party dynamics.This suggests that the involved
commercial models have significantly better capabilities in
handling complex multi-speaker reasoning tasks.

Static vs. Dynamic Attribute Understanding Our anal-
ysis reveals fundamental differences in how models han-
dle static versus dynamic speaker attributes. Static attributes
(e.g., age, gender) remain constant in dialogue, while dy-
namic ones (e.g., emotion, prosody) vary with context. To
bridge the training—inference label gap in audio models, we
provide explicit labels during inference. Evaluation shows
large performance gaps across models: Gemini (Team et al.
2023) excels in age, gender, and accent recognition, while
GPT-4o0 is accurate on gender but weaker on age and accent.



Most models struggle with dynamic attributes like timbre
and emotion, revealing limitations in current LALMs’ par-
alinguistic understanding.

Acoustic vs. Semantic Processing Patterns Our results
reveal a clear preference for semantic over acoustic process-
ing across all models. Tasks that primarily rely on seman-
tic content (e.g., SAC, MSSI) achieve significantly higher
performance than those requiring acoustic analysis (e.g.,
SPA, SDA). This pattern is consistent across all tiers and
model families, suggesting a fundamental limitation in cur-
rent LALM architectures. This pattern suggests that current
LALMs can not perfectly leverage fine-grained acoustic fea-
tures, even when these features are explicitly relevant to the
task. This limitation has significant implications for real-
world applications where acoustic cues are crucial for un-
derstanding speaker intent and emotional state.

Cross-Lingual Performance Analysis MSU-Bench en-
ables natural cross-lingual evaluation, revealing interesting
patterns in model performance across English and Chinese.
We present the average results of different tier tasks for each
model through a heatmap visualization, as shown in Fig-
ure 4. The results demonstrate that different models exhibit
largely consistent trends across both English and Chinese
languages, indicating that these models do not exhibit over-
optimization for any specific language. This also demon-
strates that the difficulty levels of our selected English and
Chinese data sources are comparable.

English Chinese

0.8

0.8

0.24 0.46 0.23 0.45 Kimi-Audio

0.7

0.28 Qwen2.5-Omni

0.5 0.42 GPT-40-Audio 0.5
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Gemini-2.5-Flash-

ro03

Gemini-2.5-Pro

Tier4  Tier3 Tier2 Tierl Tier4  Tier3 Tier2 Tierl

Figure 4: Performance comparison of different models on
tasks of different languages

Paralinguistic context v.s. Semantic context Our anal-
ysis of Tier 3 (Multi-Speaker Background Understanding)
versus Tier 4 (Multi-Speaker Interaction Understanding) re-
veals important distinctions in how models process different
types of contextual information. Tier 3 tasks focus on back-
ground understanding and rely heavily on semantic content
to infer dialogue scenes and speaker relationships. Notably,
even with speaker attribution errors, models with transcrip-
tion capability can still identify the dialogue setting and
social relations based on topical cues. In contrast, Tier 4

tasks require deeper analysis of emotional and semantic ex-
changes, serving as a more sophisticated analysis of speaker
dynamics. When emotional shifts are explicitly marked in
QA settings, models leveraging transcription and semantic
reasoning can infer causes accurately. However, when infer-
ring emotions solely from dialogue segments, models often
accumulate errors due to the difficulty of tracking emotional
dynamics across multiple speakers.

Error Analysis

For a systematic comparison of error causes, we select
Gemini-2.5-Pro and Kimi-Audio as two representatives of
commercial and open-source models, aggregating results
across all 25 sub-tasks and follow MMSU’s taxonomy to
classify errors into several key categories.We randomly sam-
pled 200 QA pairs from error cases across different tiers for
both Gemini-2.5-Pro and Kimi-Audio and analyzed the er-
ror causes, as summarized in Table 4.

Error Type Gemini-2.5-Pro (%) Kimi-Audio (%)
Rejection of Answer - 0.50
Answer Extraction Errors 4.04 48.24
Perceptual Errors 56.06 37.68
Reasoning Errors 37.37 13.57

Lack of Knowledge 2.53 -

Table 4: Error distribution analysis

Our evaluation reveals that Gemini-2.5-Pro provides
comprehensive responses with strong instruction-following
while Kimi-Audio frequently delivers partial answers. Both
models exhibit significant perception errors, consistent with
MMSU findings. Additional analysis of Tier 4 error distri-
bution shows perception errors dominate at 68.09%, high-
lighting the necessity of strong multi-speaker perception for

effective interaction comprehension®.

Conclusion

We present MSU-Bench, a comprehensive four-tier bench-
mark for multi-speaker conversational understanding that
systematically evaluates speaker-centric capabilities from
basic perception to complex reasoning. Our hierarchi-
cal framework covers single-speaker static/dynamic at-
tribute understanding and multi-speaker background/inter-
action understanding, with all tasks grounded in authen-
tic conversational contexts. Through extensive evaluation of
state-of-the-art models, we demonstrate significant perfor-
mance degradation as task complexity increases across tiers,
revealing persistent gaps between open-source and commer-
cial solutions, particularly in multi-speaker interaction rea-
soning. Our analysis reveals critical limitations in current
LALMSs’ ability to handle fine-grained acoustic cues and
complex multi-speaker dynamics, highlighting the need for
more efforts to the complex conversational understanding.
MSU-Bench provides a standardized evaluation platform
to facilitate future research in multi-speaker speech under-

“Tier-wise error distribution can be found in the appendix



standing and guide development of more robust conversa-
tional Al systems.

Limitations: Despite efforts to diversify scenarios and mod-
els, access limitations may constrain comprehensiveness.
We hope this dataset helps identify audio-language model
performance on speaker-centric tasks.
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