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Abstract

Xinpeng Li*

In this paper, we present a new task, Omni-MMSI, which
requires systems to understand multi-party multi-modal so-
cial interaction (MMSI) from raw audio-video. Unlike prior
MMSI work, Omni-MMSI does not assume oracle identity-
attributed cues such as speaker labels or participant boxes.
The key difficulty is identity attribution: the system must
determine who says what and to whom. We address this
challenge with Omni-MMSI-R, a reference-guided pipeline
that anchors participants with paired voice-image refer-
ences, extracts identity-attributed verbal and non-verbal
cues using lightweight tools, and performs two-step chain-
of-thought reasoning. On Ego4D and YouTube subsets
of Werewolf Among Us, Omni-MMSI-R improves aver-
age social-interaction accuracy over prior MMSI pipelines
by 12.1% and 15.1%, respectively, while achieving much
stronger identity attribution than large omni-LLMs.

1. Introduction

Multi-modal Multi-party Social Interaction Understand-
ing (MMSI), which aims to interpret human behaviors in
social situations, is fundamental for advancing socially in-
telligent Al systems [13, 11, 12, 14, 6]. As illustrated in
Fig. 1, given raw audio-video input, the system must ex-
tract identity-attributed verbal and non-verbal social cues.
For example, chronological utterances [Player2]: All right.
[Player4]: Okay. Do you need the script?, with participant
locations [0.018, 0.736, 0.186, 0.992] and [0.668, 0.742,
0.875, 0.989], form the evidence needed to infer the under-
lying social interaction. These abilities are important for
Al assistants that can perceive, reason over, and respond to
human interactions in natural social scenarios [7, 5, 2].

Recent computer vision studies have improved MMSI
with better representation alignment and conversation fore-
casting [12, 15]. However, they remain limited in scope be-
cause they assume identity-attributed social cues are avail-
able through oracle preprocessing. In realistic deployment,
an assistant must instead operate directly on raw audio-
video signals. Here, we introduce Omni-MMSI, which re-
quires models to perceive who says what and where, and
then infer the relevant social target or referent.

In Omni-MMS], identity attribution is difficult in multi-
party scenes with subtle motion, similar voices, and over-
lapping speech. First, off-the-shelf extractors such as Whis-
per and YOLO can provide transcriptions or detections,
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Figure 1. Omni-MMSI explores social interaction understanding
in a multi-party social scene using only raw audio and video. To
address the task, we propose Omni-MMSI-R, a reference-guided
pipeline that anchors participants with paired voice-image refer-
ences, extracts identity-attributed verbal and non-verbal cues us-
ing lightweight tools, and performs chain-of-thought reasoning.

but they do not solve person-level cross-modal binding in
crowded scenes [16, 10]. Likewise, strong Omni-modal
Large Language Models (Omni-LLMs) often transcribe
speech or describe people correctly in isolation, yet still
mismatch utterances and visible participants across modal-
ities. Therefore, prior pipelines and Omni-LLMs degrade
when transitioning from oracle input to raw input.

To tackle this challenge, we propose Omni-MMSI-R, a
LLM-based pipeline that utilizes references to guide iden-
tity attribution. Our key insight is that humans remember
the appearance and voice of familiar people, and readily as-
sociate their gestures or speech with these memories when
interpreting social interactions. In practical use, these ref-
erences are usually easy to collect on devices through the
enrollment or verification processes [9, 3]. As shown in
Fig. 1, task-specific tools associate cues with references to
generate accurate identity-attributed social cues. Then, to
further enhance MMSI ability, the model performs chain-
of-thought (CoT) reasoning. To facilitate such a pipeline,
we manually construct paired image-audio references for
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<think>Last speaker confirmation: The last speaker is Player2, confirmed by voice match.
Referent inference: Based on turn-taking in the dialogue and consistent mutual gaze
between Player3 and Player2, Player2’s utterance is directed towards Player3. </think>
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Figure 2. Omni-MMSI-R pipeline. Participant-specific voice-image references guide tool-based extraction of identity-attributed verbal and
non-verbal cues, which are then combined with the raw query clip for two-step social reasoning.

each sample and curate a CoT reasoning dataset.

We evaluate Omni-MMSI-R on two social interaction
tasks across two social datasets, Ego4D and YouTube [12].
Our method improves social interaction understanding over
prior MMSI pipelines by 12.1% on Ego4D and 15.1% on
YouTube, and exceeds advanced omni-LLMs by 23.7%
on Ego4D and 18.9% on YouTube in identity attribution.
These results show that reference guidance is effective for
social interaction understanding on raw data.

2. Related Work

Multi-modal social interaction understanding. Recent
MMSI benchmarks and models study social reasoning in
conversations, games, and embodied settings by combining
verbal and non-verbal evidence [13, 11, 12, 14,6, 15]. How-
ever, these formulations typically assume identity-attributed
transcripts, keypoints, boxes, or other oracle cues are al-
ready available. Omni-MMSI differs in that attribution is
part of the task: the model must perceive who spoke what
and where and then reason about to whom.

Omni-LLMs and multimodal reasoning. Recent omni-
LLMs have made rapid progress on speech, image, and
video understanding, including Qwen2.5-Omni, Phi-4-
Multimodal, HumanOmni, OmniVinci, Qwen3-Omni, R1-
Omni, and Gemini [18, 1, 22, 20, 19, 21, 4]. Yet strong
general multimodal perception does not automatically solve
cross-modal identity binding in crowded social scenes. Our
results suggest that explicit references, tool-based attribu-
tion, and proper reasoning traces are a stronger recipe for
Omni-MMSI than direct end-to-end prompting alone.

3. Approach

Task. Omni-MMSI targets MMSI on raw audio-visual in-
put instead of relying on oracle cues. Specifically, we study
two typical MMSI tasks [12, 15]: Speaking Target Identi-

fication (STI) and Pronoun Coreference Resolution (PCR).
STI aims to identify who the speaker is talking to when the
utterance contains a second-person reference, e.g., “you”
and “your”; PCR focuses on resolving which participant
a third-person pronoun refers to, e.g., “he”, “she”, “him”,
“her” and “his”. The inputs are a raw audio-video segment
T4y and system prompt P that configures a specific task.
The output X, swer 1S the predicted referent identity. The
goal of Omni-MMSI is to build a system f:

f : (P7 IAV) — Xanswer~ (l)

To tackle the difficulty of social-cue attribution, we intro-
duce Omni-MMSI-R, which leverages references R to gen-
erate identity-attributed social cues and perform CoT social
reasoning. The system objective can be formulated as:

f : (Pa IAV7R) — Xanswer- (2)

Pipeline. Figure 2 summarizes Omni-MMSI-R. The sys-
tem augments the query with participant-specific reference
pairs. First, the system extracts identity-attributed social
cues using tools. For audio, Whisper transcribes the clip
and SpeechBrain verifies each utterance against reference
voices to assign speaker identity [16, 17]. For vision,
YOLO detects participants in the final frame and OSNet
matches each crop to the reference images [10, 24]. The
result is a set of identity-attributed verbal and non-verbal
social cues. Second, an Omni-LLM performs CoT reason-
ing on the query clip, reference pairs, and extracted cues to
predict the social referent. The model is Qwen2.5-Omni-
7B [18] fine-tuned with LoRA [&] in LLaMA-Factory [23].
The CoT supervision is structured with: (1) confirm the last
speaker using voice, transcript, and visible evidence, and
(2) infer the referent from verbal and non-verbal signals.

Data Curation. For each participant, we manually pre-
pare a reference image and short voice clips that capture
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[Playerl]: I suppose so.
[Player0]: That's fair.
[Player3]: And Jess, you're still be in Insomniac.
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[Player3]: And Jess you're still the insomnia.n/

yerl]: Yeah. % v
[Player0]: And, so you saw that you were the Insomniac? | |[Player3]: And so, so you saw that you were the insomniac.X|| [Player0]: And so you saw that you were the insomnia. v/
Referent: Player2 Referent: Playerl X Referent: Player2 «/
i <think>1. Last Speaker Confirmation: The preliminary transcript identifies Player0 as the last speaker with the utterance, “And so you saw that you were the insomnia.” 2.
Referent Analysis: The use of the second-person pronoun “you” indicates he is directly addressing another person at the table. The content of the statement is a direct accusation
or observation about someone‘s role in the game. During the final utterance, Player0 turns his head and directs his gaze specifically at Player2 (the girl in the black shirt). Player2
i is looking back at Player0, establishing clear mutual gaze. Final Decision: The last speaker is Player0. He is referring to Player2.</think>

Figure 3. Qualitative comparison with Gemini 2.5 Pro. The baseline often mismatches utterances and visible participants, while Omni-
MMSI-R better aligns verbal and non-verbal cues to the correct identity references and therefore predicts the referent more reliably.

Table 1. Average social-interaction accuracy (%) on Omni-MMSI.

Method EgodD YouTube
Prior MMSI pipeline* [12, 15] 31.00 31.91
Gemini 2.5 Pro [4] 37.70 44.80
Gemini 2.5 Pro + references [4] 42.61 48.72
Omni-MMSI-R 43.06 47.04

representative appearance and vocal characteristics. Across
the datasets used in this paper, the full benchmark con-
tains 69 audio-visual identity profiles. For CoT training, we
further curate short reasoning traces with a generate-filter-
review process: a strong model, Gemini 2.5 Pro, proposes
reasoning, we retain samples whose final answer matches
the ground truth, and lightweight human review removes
implausible traces. This gives interpretable and reliable
CoT traces averaging 220 words per sample.

4. Experiments

Setup. We evaluate on the YouTube and Ego4D subsets
of Werewolf Among Us [11]. Following prior MMSI work,
we report average accuracy over STI and PCR. We also re-
port identity attribution performance. The YouTube subset
contains 3,255 STI samples and 2,679 PCR samples, while
Ego4D contains 832 STT and 503 PCR samples. Query clips
contain five dialogue turns on average and last about 14 sec-
onds; reference audio clips are trimmed to five seconds. The
omni-LLM backbone is fine-tuned for three epochs with
LoRA rank 8 and learning rate 1 x 104

Main results. Table 1 shows that Omni-MMSI-R sub-
stantially improves social interaction accuracy over prior
MMSI pipelines, gaining 12.1% on Ego4D and 15.1% on
YouTube. For prior MMSI pipelines, we remove oracle in-
formation, such as speaker identity, from the input. Com-
pared with Gemini 2.5 Pro without references, our method

Table 2. Identity attribution accuracy (%). Omni-MMSI-R is con-
sistently stronger on both verbal and non-verbal attribution.

Method Egod4D Avg. YouTube Avg.
Gemini 2.5 Pro 35.64 58.04
Gemini 2.5 Pro + references 47.17 63.03
Omni-MMSI-R 78.79 76.95

Table 3. Ego4D ablations (%). Each component is helpful, and the
full reference-guided two-step pipeline performs best.

Setting Avg. Acc.
Query clip only 33.97
+ CoT supervision only 35.45
+ Reference pairs only 35.98
+ Tool-extracted cues only 39.44
+ References + cues + 2-step CoT 43.06

improves by 5.4% and 2.2%. When Gemini also receives
references, social interaction accuracy becomes compara-
ble, but its identity attribution remains notably weaker. Ta-
ble 2 shows our method reaches 78.79% average attribu-
tion accuracy on Ego4D and 76.95% on YouTube, versus
47.17% and 63.03% for reference-enabled Gemini. Fig-
ure 3 shows the qualitative result: Gemini can bind speech
and boxes to the wrong person, leading to incorrect final ref-
erent predictions even if the model broadly understands the
scene. This gap supports the central claim: reliable social
reasoning requires reliable identity attribution, and tools an-
chored by references provide that much more consistently
than end-to-end prompting alone.

Ablations. Table 3 summarizes the main ablation trends
on Ego4D. CoT reasoning alone helps over direct predic-
tion, suggesting that explicit decomposition benefits com-
plex social understanding even without references. Refer-
ence pairs alone also help, but extracted identity-attributed
cues are stronger because they expose who-spoke-what and



where-each-person-is directly to the reasoning model. The
full system is best, showing that references, tools, and struc-
tured reasoning play complementary roles.

5. Conclusion

Omni-MMSI reframes MMSI as social interaction un-
derstanding from raw audio-video, where identity attribu-
tion is part of the task rather than an oracle preprocess-
ing step. Our results show that reference-guided attribution
plus short structured reasoning is a strong recipe for real-
istic MMSI. An important next step is to move beyond the
current game-based setting toward more open-ended multi-
party videos with camera changes, partial visibility, and dy-
namically changing participants.
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