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Abstract

We introduce Omni-MMSI, a new task that requires com-
prehensive social interaction understanding from raw au-
dio, vision, and speech input. The task involves perceiving
identity-attributed social cues (e.g., who is speaking what)
and reasoning about the social interaction (e.g., whom the
speaker refers to). This task is essential for developing
Al assistants that can perceive and respond to human in-
teractions. Unlike prior studies that operate on oracle-
preprocessed social cues, Omni-MMSI reflects realistic sce-
narios where Al assistants must perceive and reason from
raw data. However, existing pipelines and multi-modal
LLMs perform poorly on Omni-MMSI because they lack
reliable identity attribution capabilities, which leads to in-
accurate social interaction understanding. To address this
challenge, we propose Omni-MMSI-R, a reference-guided
pipeline that produces identity-attributed social cues with
tools and conducts chain-of-thought social reasoning. To
facilitate this pipeline, we construct participant-level ref-
erence pairs and curate reasoning annotations on top of
the existing datasets. Experiments demonstrate that Omni-
MMSI-R outperforms advanced LLMs and counterparts on
Omni-MMSI. Project page: https://sampson—lee.
github.io/omni-mmsi-project-page.

1. Introduction

Multi-modal Multi-party Social Interaction Understanding
(MMSI), aiming to interpret human behaviors in social sit-
uations, is fundamental for advancing socially-intelligent
Al systems [24, 44—47]. As shown in Figure 1, given
audio-video input, the system is required to extract identity-
attributed verbal and non-verbal social cues. For in-
stance, the chronological utterances, [Player2]: All right.
[Player4]: Okay. Do you need the script?, and their corre-
sponding bounding boxes, [0.018, 0.736, 0.186, 0.992] and
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(0,018, 0.736, 0.186, 0.992]: All right.
g-[o 668, 0.742,0.875, 0.989]: Okay. Do you need the script?
! Identity-attributed Social Cues :

Social Interaction: Determine whom the last speaker refers to.

Omni-MMSI-R: Pl i
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¥
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Figure 1. Overview of the Omni-MMSI task and Omni-MMSI-R
pipeline. The Omni-MMSI explores social interaction understand-
ing in a multi-party social scene only using raw audio and video,
unlike prior studies that assume identity-attributed social cues are
perfectly provided. To address the challenge of attribution, our
Omni-MMSI-R is explicitly guided by individual references to
generate identity-attributed multi-modal cues and performs CoT
reasoning for accurate social interaction understanding.

[0.668, 0.742, 0.875, 0.989], constitute essential identity-
attributed social cues. Then, the system should analyze
these multi-modal social cues to infer the social interaction,
i.e. determine whom the last speaker refers to in the query
audio-video. These capabilities are essential for enabling
Al assistants that can perceive, reason over, and respond to
human interactions in social scenarios [4, 20, 32].



Recent computer vision studies have explored social in-
teraction understanding and advanced it with representation
alignment [45] and conversation forecasting [50]. Despite
the rapid progress, they remain limited in scope: they as-
sume the individual-attributed social cues are perfectly pro-
vided, typically via oracle-preprocessing. However, in real-
world deployment, Al assistants must understand social in-
teractions from raw data input. To better align with real-
istic applications, we introduce a new task, named Omni-
MMSI, which requires social interaction understanding on
raw audio-video input. The system needs to extract identity-
attributed social cues, including who speaks what and where
they are, and then infer the social interaction.

However, identity attribution is challenging in multi-
party scenes, where people show subtle movements, and
their voices also sound alike, with a lot of overlap. First,
the off-the-shelf extractors [42, 68] that can be used in ear-
lier studies were designed for single-person scenarios and
fail to handle the crucial attribution step required in Omni-
MMSI. Second, while Omni-modal Large Language Mod-
els (Omni-LLMs) demonstrate strong cue extraction, they
still struggle to correctly associate these cues with individu-
als across modalities. Therefore, prior pipelines and Omni-
LLMs degrade significantly when transitioning from oracle
identity-attributed cues to raw inputs. As shown in Fig. 2,
the accuracy of prior pipelines [45, 50] drops by an average
of 28.1%, and even human annotators and advanced Omni-
LLMs [18, 90] exhibit an average decline of 9.52%.

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 [16, 40]. As shown in
Fig. 1, to generate accurate identity-attributed social cues,
task-specific tools associate cues with references. 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
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 [45].
Our method outperforms previous studies by 12% on
Ego4D and 15.1% on YouTube in social interaction under-
standing and exceeds advanced LLLMs by 23.7% on Ego4D
and 18.9% on YouTube in identity attribution, demonstrat-
ing that Omni-MMSI-R benefits from reference guidance.

In summary, our contributions are four-fold:

* We present Omni-MMSI, a new task for realistic scenar-
ios that requires multi-party multi-modal social interac-
tion understanding only using raw audio-vision input.
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We propose Omni-MMSI-R, a reference-guided pipeline
that generates identity-attributed social cues with tools
and performs CoT reasoning for accurate MMSI.

We curate paired audio-vision references and CoT reason-
ing annotations for two current datasets for future study.
Experiments on two social interaction tasks across two
datasets demonstrate that the proposal benefits from refer-
ence guidance and achieves state-of-the-art performance.

2. Related Works

2.1. Multi-modal Social Interaction Understanding

MMSI aims to interpret complex interactions among mul-
tiple participants by using verbal and non-verbal cues [5,
31, 44-47, 50, 65, 93]. The non-verbal social cues include
visual behaviors such as body gestures, gaze patterns, and
facial expressions [3, 6, 7, 15, 28, 41,43, 48, 49, 58, 61, 63,
72,773,776, 83, 87, 100, 102]. The verbal social cues include
linguistic signals such as conversational dynamics, speaker
intent, speaker diarization, and dialogue sentiment [11, 13,
23,24, 30, 33, 37, 52-54, 60, 62, 67, 69, 71, 88].

Despite these advances, these works all assume perfectly
provided individual-attributed cues as model input, over-
looking the gap between raw audio-visual input and at-
tributed social cues in realistic deployment. In contrast,
Omni-MMSI focuses on social interaction understanding
only using streaming audio and video, where the system
must first extract identity-attributed verbal and non-verbal
social cues and then reason about the social interaction.

2.2. Multi-modal Foundation and Reasoning Model

Multi-modal foundation models pave the way toward better
intelligent systems. While proprietary models [17, 36, 78]
often showcase strong performance, open-weight mod-
els [1, 2, 9, 12, 14, 55, 56, 79-82, 90, 92, 94, 96, 97, 101,
103, 104, 108] provide more opportunities for specialized
downstream tasks, making them useful for multi-modal so-
cial interaction understanding. Reasoning [86] as an emer-
gent ability of LLMs [85] has recently attracted attention re-
cently for its effectiveness under text-only settings [29, 39,
64, 66]. Multi-modal reasoning models extend this success
to general image understanding [8, 10, 19, 59, 74, 89], video
understanding [22, 51, 84, 95, 99] and some vertical do-
mains like medical image understanding [35, 75]. Tooling
further extends LLLMs’ ability to perform a broad spectrum
of tasks through the use of tools [21, 25-27, 57, 98, 106].

However, CoT reasoning and tooling paradigms remain
unexplored in MMSI. To advance computer vision and so-
cial Al community, we curate paired audio-vision refer-
ences and CoT reasoning traces on top of existing datasets,
and demonstrate the effectiveness of CoT and tooling.
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Figure 2. Illustration of the challenge in Omni-MMSI. The quantitative results (left) show prior pipelines, humans, and advanced Omni-
LLMs show substantial accuracy drops when transitioning from oracle cues to raw audio-video input. Typical attribution failures (right),
where speech and bounding boxes are mismatched to identities, reveal the weak multi-modal identity attribution of advanced Omni-LLM:s.

3. Problem Formulation and Challenges

Omni-MMSI pursues the MMSI abilities on raw audio-
visual input instead of relying on oracle cues. Specifically,
we study two typical MMSI tasks [45, 50]: Speaking Target
Identification (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 par-
ticipant a third-person pronoun refers to, e.g., “he”, “she”,
“him”, “her” and “his”. The inputs are a raw audio-video
segment [ 4y and system prompt P that configures a spe-
cific task. The output X, swer 1S the predicted referent
identity. The Omni-MMSI is to build a system f:

f : (P, IAV) — Xanswer~ (1)

Unlike previous studies [45, 50] that assume oracle-
preprocessing social cues as input, Omni-MMSI operates
on the raw audio-video segment, requiring models to au-
tomatically extract social cues and infer social interaction.
To assess the challenge, we evaluate performance on the
social Ego4D dataset across two social tasks when transfer-
ring from oracle input to raw-data one. As shown in Fig. 2,
previous pipelines [45, 50] and advanced Omni-LLMs such
as Qwen2.5 Omni 7B [90] and Gemini 2.5 Pro [18] exhibit
significant performance drops, confirming that the Omni-
MMSI poses a significant challenge. It also underscores that
current LLMs still fall short of human-level understanding
in multi-modal and multi-party social reasoning [38, 77].

The major bottleneck is identity attribution ability on raw
audio-visual input. On the one hand, off-the-shelf extractors
in prior pipelines [45, 50] are designed for single-person
scenarios, failing to attribute cues to individuals in a multi-
party setting. On the other hand, although recent Omni-
LLMs [18, 90] have shown promising performance in ex-
tracting cues, they still struggle to associate detected cues
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with the corresponding subjects. As illustrated in Fig. 2,
Gemini 2.5 Pro often assigns speech content or bounding
boxes to the wrong identity. Specifically, for visual attribu-
tion, Gemini 2.5 Pro attributes participants based on their
left-to-right spatial order, but this assumption leads to iden-
tity swaps when detection fails under occlusion or overlap-
ping. For speech attribution, Gemini 2.5 Pro often mis-
matches the recognized utterance with wrong identity. Such
weak multi-modal association results in inaccurate social
cues, ultimately degrading social interaction reasoning.

4. Methodology
4.1. Overview of Omni-MMSI-R

To tackle the difficulty of social cues attribution, we intro-
duce Omni-MMSI-R that leverages references R to gener-
ate identity-attributed social cues and perform CoT social
reasoning. The system target can be formulated as:
f : (Pa IA\/,R) — Xansu)er- (2)
As shown in Fig. 3, given a query audio-video segment,
Omni-MMSI-R loads a set of reference audio-image pairs
that store representative visual and acoustic profiles for each
individual. Based on these references, task-specific tools
generate identity-attributed multi-modal social cues, such
as conversation transcripts and individual locations. Then,
an Omni-LLM performs CoT reasoning on the audio-video
segment and reference audio-image pairs, along with gen-
erated attributed cues, and produces an accurate answer.

4.2. Reference Guidance

To address the difficulty of identity attribution on raw audio-
video input, we propose to associate social cues with guided
references. The insight is that humans rely on the appear-
ance and voice of memorized people to guide identity as-
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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>
Final Answer: The last speaker, Player2, is speaking to Player3. v

Figure 3. Overview of the Omni-MMSI-R pipeline. Given a query audio-video segment with multiple participants, the system first retrieves
reference audio-vision pairs that represent each individual. Task-specific tools, for transcription, diarization, detection and RelD, generate
identity-attributed verbal and non-verbal social cues, specifying who speaks what and where they are. These cues, together with the
references and the raw audio-video stream, form the reference-guided input. The Omni-LLM (Qwen2.5 Omni 7B fine-tuned with LoRA)
then performs chain-of-thought reasoning over this input to produce an accurate response for social interaction understanding.

Figure 4. Illustration of preparation of reference audio-vision pairs
for each participant, which serve as anchors for identity attribution.

sociation in multi-party situations. In practical use, the ref-
erences are usually easy to collect on devices through the
enrollment or verification processes [16, 40].

For research purposes, we manually crop each partici-
pant’s upper body image and extract several corresponding
voice clips to build the reference pairs, as shown in Figure 4.
In total, we curate 69 audio-visual reference profiles cover-
ing different participants across the experimental datasets.

Omni-MMSI-R can access the reference audio-visual set
R = {(a;,v;)} Y, forall N participants in the scene, where
a; and v; denote the representative voice and appearance
of participant ¢. These references anchor identities across
modalities and time, reducing common failures, like iden-
tity swaps under occlusion and cross-modal mismatches,
and yielding accurate identity-attributed social cues.

4.3. Social Cue Extraction with Tools

To generate accurate cues, we leverage tools to help detect
social cues and associate them with reference identities.

Audio Tools. We first apply Whisper [68] to transcribe the
query audio into a sequence of utterances with timestamps.
For each utterance, SpeechBrain [70] performs speaker ver-
ification by encoding both the utterance audio and each
reference voice into embeddings and computing their co-
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sine similarity. The reference with the highest similarity
is selected as the predicted speaker identity. This pro-
cess yields identity-attributed verbal social cues that contain
transcribed speech and the corresponding speaker identity.
Visual Tools. We first leverage YOLO [42] to detect all
visible participants in the last frame of the query video. For
every detected bounding box, we then employ OSNet [107]
for person re-identification. Specifically, both the detected
image crop and each reference image are encoded into vi-
sual embeddings, and the similarity between them is com-
puted. The reference with the highest similarity is selected
as the predicted visual identity. This produces identity-
attributed non-verbal social cues that specify both the spa-
tial position and identity of each participant in the scene.
After extraction, the identity-attributed social cues S,
along with the query audio-video segment [ 4y and the ref-
erence audio-image pairs R, are fed into an Omni-LLM.

4.4. Social Interaction Understanding with CoT

Omni-MMSI naturally involves multi-step fine-grained un-
derstanding: (1) confirming the last speaker from audio, vi-
sual, and speech evidence, and (2) inferring the speaker’s
referent by integrating verbal cues, such as matching the
utterance with prior dialog and speaker context, and non-
verbal interaction signals, including mutual eye contact or
pointing. Training models to directly output answers often
fails to capture the fine-grained evidence, resulting in less
reliable responses. Therefore, we propose to supervise the
model with structured CoT reasoning traces.

CoT Data Curation. To facilitate the training, we curate
CoT annotations by a generate-and-filter pipeline. As il-
lustrated in Fig. 5, (i) we upload query segment, reference
input, and social cues to Gemini 2.5 Pro and request it to
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Figure 5. Illustration of the construction of CoT datasets.

generate both social reasoning traces and a final answer,
including last speaker confirmation and referent inference
with verbal and non-verbal evidence. (ii) Based on the re-
jection sampling principle, a generated sample is retained
only if the reasoning trace leads to a final answer that is
consistent with the ground truth. Otherwise, we repeatedly
query Gemini 2.5 Pro until a correct answer is obtained,
or stop after 10 attempts. (iii) To further ensure the CoT
quality, we perform a lightweight human review to discard
or minimally revise reasoning traces that are implausible or
inconsistent with the audio-visual evidence. Through this
process, we obtain a set of samples with reliable and inter-
pretable social reasoning traces. Fig. 3 shows a CoT exam-
ple: <think>Last speaker confirmation: The last speaker
is Player2, confirmed by voice match. Speaker’s referent
inference: Based on turn-taking in the dialogue and consis-
tent mutual gaze between Player3 and Player2, Player2’s
utterance is directed towards Player3. </think>

Model Training. After obtaining the CoT reasoning traces
Xthink, we train the model for MMSI, formulated as:

fEmHM(P T4y, R, S), ()

Xanswem Xthink

where fOmEM denotes the Omni-LLM. By learning rea-
soning over raw data, augmented with references and tool-
extracted cues, the model can address Omni-MMSI.

5. Experiments

5.1. Implementation Details

We select Qwen2.5-Omni-7B [90] as our omni-modal large
language model and LLaMA-Factory [105] framework for
supervised fine-tuning (SFT). We apply LoRA [34] fine-
tuning with a rank of 8 while other LoRA hyperparame-
ters follow LLaMA-Factory defaults. Training uses cross-
entropy loss, a cosine learning-rate scheduler with 10%
warm-up and a context length of 16,384 tokens. We train
for 3 epochs with per-device batch size 1 and gradient accu-
mulation 1. The learning rate is set to 1 x 10~* empirically
for the speaking target identification and the pronoun coref-
erence resolution task. The query segment is standardized
to contain 5 dialogue turns, with average duration of 14 sec-
onds. The reference audio clips are trimmed to 5 seconds,
whereas the reference images vary in size. Additional im-
plementation details are provided in the supplementary.

5.2. Dataset and Metrics

Experiments are conducted on the Werewolf Among
Us dataset, which comprises two subsets (YouTube and
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Table 1. Performance comparison of different pipelines on STI
and PCR tasks. The upper block reports results (%) on Ego4D,
and the lower on YouTube. The results highlight the effectiveness
of our Omni-MMSI-R pipeline design for Omni-MMSI.

Pipeline (Ego4D) STI PCR Avg. Acc.
Qwen2.5 Omni 7B [90] 26.29  28.57 27.43
Phi-4-Multimodal [1] 14.86 8.93 11.90
HumanOmni [104] 21.71 14.29 18.00
R1-Omni [103] 0.57  0.00 0.29
OmniVinci [92] 24.57 37.50 31.04
Qwen3 Omni 30B [91] 30.86 28.57 29.72
Gemini 2.5 Pro [18] 36.12  39.28 37.70
Lee et al.* [45] 28.98 32.14 30.56
Li et al.* [50] 29.73 3227 31.00
Omni-MMSI-R (ours) 40.57 45.54 43.06
Pipeline (YouTube) STI PCR Avg. Acc.
Qwen2.5 Omni 7B [90] 14.00 26.18 20.09
Phi-4-Multimodal [1] 16.21 21.11 18.66
HumanOmni [104] 20.80 28.02 24.41
R1-Omni [103] 0.15  0.19 0.17
OmniVinci [92] 19.57 29.17 24.37
Qwen3 Omni 30B [91] 18.81 36.85 27.83
Gemini 2.5 Pro [18] 36.13 5347 44.80
Lee et al.* [45] 29.01 34.80 31.91
Li et al.* [50] 26.30 30.14 28.22
Omni-MMSI-R (ours) 37.46 56.62 47.04

Ego4D) of social deduction games [44]. We follow Lee
et al. [45] and Li et al. [50] to set up STI and PCR tasks.
In Omni-MMSI, we remove oracle cues, transcript and key-
points, but provide references and CoT reasoning traces.

YouTube contains 3,255 samples for STI and 2,679 sam-
ples for PCR, with an average of 5 individuals per sample.
For each sample, we manually construct reference audio-
image pairs. For the training split, we generate CoT reason-
ing traces and filter out 2,124 samples for STI (average 202
words) and 1,935 samples for PCR (average 220 words).

Egod4D contains 832 STI samples and 503 PCR samples,
with each sample involving an average of 5 individuals.
For each sample, we manually construct reference audio-
image pairs. For the training split, we generate CoT reason-
ing traces and filter out 521 samples for STI (average 206
words) and 321 samples for PCR (average 226 words).

Evaluation. To evaluate social interaction understanding,
we follow previous studies [45, 50] to report the overall ac-
curacy of the predicted referent. To further evaluate identity
attribution ability, we compute the accuracy of attributed
identity of each utterance (verbal attribution) and detected
location on the last frame (non-verbal attribution).
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[Playerl]: I suppose so.
[Player0]: That's fair.
[Player3]: And Jess, you're still be in Insomniac.

[Playerl]: I told you so.

[Playerl]: Yeah.

[Player0]: And Jess, you're still the insomniac. %X

Omni-MMSI-R

[Player3]: And Jess you're still the insomnia.n/

[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 «/
<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 6. Qualitative comparison between Gemini2.5 Pro and our proposed Omni-MMSI-R on multi-party situations. Gemini2.5 Pro often
misattributes utterances to incorrect visual identities, leading to wrong referent predictions, while Omni-MMSI-R accurately aligns verbal
and non-verbal cues with individual references, yielding reliable identity-attributed social cues for social interaction reasoning.

5.3. Pipeline Performance Comparison

To evaluate the effectiveness of different pipelines for (1),
we conduct evaluation on Ego4D and YouTube. For recent
advanced Omni-LLMs [1, 18, 90-92, 103, 104], we directly
feed them with the query audio-video pairs and prompt
them to generate attributed social cues and social interaction
answers. Note that participant identities are deterministi-
cally defined by spatial ordering in the system prompt. For
the previous MMSI counterparts [45, 50], which overlook
the attribution process, we first generate unattributed social
cues using extractors and then feed them to the model.

Tab. 1 quantitatively compares the pipelines on social
interaction understanding, including STI and PCR. Omni-
MMSI-R achieves state-of-the-art performance, reaching
43.06% on Ego4D and 47.04% on YouTube. Relative to
existing Omni-LLMs, Omni-MMSI-R improves the aver-
age accuracy by 5.36% on Ego4D and 2.24% on YouTube.
Compared to previous MMSI pipelines, the improvement
reaches 12.06% on Ego4D and 15.13% on YouTube. These
results confirm that explicit reference guidance greatly
strengthens multi-modal social interaction reasoning.

Beyond interaction reasoning, Tab. 2 reports evaluation
results on social cues attribution, including verbal and non-
verbal attribution accuracy. Omni-MMSI-R substantially
outperforms strong Omni-LLMs, improving the average at-
tribution accuracy by 23.68% on Ego4D and 18.91% on
YouTube. Note that since some weak Omni-LLMs [1, 90,
103, 104] fail to generate valid identity-attributed social
cues during inference, their attribution accuracy is not re-
ported. These improvements indicate that references signif-
icantly enhance the pipeline’s ability of identity attribution.

Fig. 6 illustrates qualitative comparisons between Gem-
ini 2.5 Pro and our proposed Omni-MMSI-R. We can see
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Table 2. Performance comparison of different pipelines on social
cues attribution, including Verbal, Non-Verbal, and Average Attri-
bution accuracy (%). The upper block reports results on Ego4D,
and the lower block reports results on YouTube. The results show
our Omni-MMSI-R pipeline can achieve better identity attribution.

Pipeline (Ego4D) Verbal Non-Verbal Avg.
OmniVinci [92] 54.04 27.42 40.73
Qwen3 Omni 30B [91]  52.61 57.61 55.11
Gemini 2.5 Pro [18] 44.75 26.52 35.64
Omni-MMSI-R (ours) 71.09 86.48 78.79
Pipeline (YouTube) Verbal Non-Verbal Avg.
OmniVinci [92] 58.10 32.35 45.23
Qwen3 Omni 30B [91]  57.73 52.54 55.14
Gemini 2.5 Pro [18] 50.57 65.51 58.04
Omni-MMSI-R (ours) 67.57 86.33 76.95

Gemini 2.5 Pro fails to attribute utterances to the right visual
identities, leading to inaccurate referent prediction. It re-
flects its limited ability in cross-modal attribution for multi-
modal social interaction understanding. Instead, Omni-
MMSI-R correctly aligns verbal and non-verbal cues to
individual references, producing more reliable identity-
attributed social cues. Based on these cues, the model per-
forms CoT reasoning with last speaker confirmation and
referent analysis to obtain an accurate social interaction an-
swer. Overall, these quantitative and qualitative results val-
idate the effectiveness of our reference-guided pipeline.

5.4. Referential Pipeline Comparison

To evaluate the effectiveness of different pipelines for (2),
we compare our proposal with Omni-LLMs [18, 90-92]
on Ego4D and YouTube. We provide the references along



Table 3. Performance comparison of different referential pipelines
on STI and PCR tasks. The upper block reports results (%) on
Ego4D, and the lower on YouTube. The results highlight the effec-
tiveness of our Omni-MMSI-R pipeline design for Omni-MMSI.

Pipeline (Ego4D) STI PCR Avg. Acc.
Qwen2.5 Omni 7B [90] 21.23 10.71 15.97
OmniVinci [92] 24.00 36.61 30.31
Qwen3 Omni 30B [91] 28.57 39.28 33.94
Gemini 2.5 Pro [18] 40.57 44.64 42.61
Omni-MMSI-R (ours) 40.57 45.54 43.06
Pipeline (YouTube) STI PCR Avg. Acc.
Qwen2.5 Omni 7B [90] 12.08 15.16 13.62
OmniVinci [92] 20.95 28.29 24.62
Qwen3 Omni 30B [91] 34.78 36.19 35.48
Gemini 2.5 Pro [18] 39.87 57.58 48.72
Omni-MMSI-R (ours) 37.46 56.62 47.04

with query videos to Omni-LLMs for social cue attribu-
tion and social interaction understanding. For social inter-
action understanding, as shown in Tab. 3, Omni-MMSI-R
achieves comparable accuracy to Gemini 2.5 Pro and ex-
ceeds open-source Omni-LLMs by 9.12% on Ego4D and
11.56% on YouTube. Compared to non-reference setting,
large Omni-LLMs like Qwen3 Omni 30B [91] and Gem-
ini 2.5 Pro [18] obtain performance gains, demonstrating
the benefits of reference guidance. However, small Omni-
LLMs like Qwen2.5 Omni 7B [90] and OmniVinci [92] de-
grade in performance. Small models might not be able to
utilize the reference, showing the necessity of using tools.
For identity attribution, Tab. 4 shows reference guid-
ance generally improves attribution for Gemini 2.5 Pro,
which achieves gains of 11.53% on Ego4D and 4.99% on
YouTube. However, not all Omni-LLMs can reliably in-
corporate references. OmniVinci [92] cannot produce valid
social cues when receiving both query and reference audio-
vision pairs, so its attribution accuracy cannot be reported.
Qwen3 Omni 30B [91] shows lower attribution accuracy af-
ter including reference pairs. This indicates LLMs alone
struggle to use references effectively for identity attribu-
tion. In addition, generating identity-attributed verbal and
non-verbal cues through LLMs introduces considerable in-
ference latency. In comparison, the lightweight tools in
Omni-MMSI-R provide fast and reliable social cues.

5.5. Effects of Different Reference-guided Input

To further investigate how different reference-guided input
in (3) contribute, we conduct ablation studies on Ego4D for
social interaction understanding. The baseline means fine-
tuning with only the query audio-video segment. The com-
plete reference-guided input further includes (i) the refer-
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Table 4. Comparison of referential pipelines on social cues at-
tribution, including Verbal, Non-Verbal, and Average Attribution
accuracy (%). The upper block reports results on Ego4D, and the
lower block on YouTube. The results show Omni-MMSI-R, using
tools, provides the strongest attribution performance.

Pipeline (Ego4D) Verbal N-Verbal Avg.
Qwen3 Omni 30B [91] 21.92 71.26 46.59
Gemini 2.5 Pro [18] 59.09 35.24 47.17
Omni-MMSI-R (ours) 71.09 86.48 78.79
Pipeline (YouTube) Verbal N-Verbal Avg.
Qwen3 Omni 30B [91] 23.37 50.39 36.88
Gemini 2.5 Pro [18] 60.61 65.45 63.03
Omni-MMSI-R (ours) 67.57 86.33 76.95

ence voice-image pairs anchoring individual identities, and
(ii) the tool-extracted social cues, consisting of attributed
verbal and non-verbal cues. Note that modality is paired:
audio references enable verbal cues, while visual references
enable non-verbal cues. When one modality is removed, the
corresponding attributed cues are also excluded.

As shown in Table 5, the baseline model that finetuned
with the query audio-video segment achieves an average ac-
curacy of 33.97%. Adding audio-vision references without
attributed cues improves the performance to 35.98%, indi-
cating that raw references alone already help ground more
reliable social cues implicitly. Adding attributed cues with-
out audio-image pairs boosts the performance to 39.44%,
showing that explicit extracted cues help model understand-
ing social interaction in raw data. By jointly using raw refer-
ence data and extracted cues, the model obtains the highest
performance 43.05%. It demonstrates that our LLM is not
restricted to blindly trusting extracted cues: (1) The LLM
is prompted to jointly use extracted identity cues and direct
audio-visual evidence from the video, allowing inaccurate
cues to be complemented by raw evidence or corrected. (2)
The LLM performs explicit reflection on the last speaker
identity in its CoT reasoning. As illustrated in ??, the first
CoT step verifies the last speaker by jointly examining voice
similarity and visible mouth movement.

Compared to the baseline, incorporating the audio
modality together with its attributed verbal cues further
increases the accuracy to 39.84%, while adding the vi-
sion modality and its attributed non-verbal cues yields
38.56%. When all modalities and their attributed cues are
jointly used, the model achieves the highest accuracy of
43.06%, demonstrating complementary contribution of dif-
ferent modalities. These results show multi-modal refer-
ence and extracted identity-attributed cue together provide
the strongest social cues for social interaction reasoning.



Table 5. Effect of different reference-guided input configurations
on social interaction understanding (%). RA: Reference Audio,
RV: Reference Visual Image, VC: Verbal Cues, NC: Non-Verbal
Cues. The results show leveraging audio-visual reference and tool-
extracted cue together brings the highest performance.

RA RV VC NC STI PCR Avg. Acc.
X X X X 29.19 38.68 33.97
v o/ X X 3278 39.18 35.98
X X 4 v 3714 41.75 39.44
v X v X 3789 41.78 39.84
X v X v 3478 4233 38.56
v v/ v 4057 45.54 43.06

5.6. Effectiveness of CoT Reasoning

To analyze the effectiveness of CoT reasoning, we con-
duct ablation studies on Ego4D dataset. First, we remove
the reference pairs and extracted social cues from the in-
put to examine whether reasoning helps social understand-
ing from raw query input. Since last-speaker confirmation
depends on the references, we remove that part and keep
only referent inference in the reasoning traces to supervise
the model. Tab. 6 shows adding only the CoT reasoning
enhances performance over the baseline by 1.5%, indicat-
ing that reasoning benefits complex social interaction un-
derstanding. This may be because the model is trained with
fine-grained evidence grounding contained in the reasoning
traces. Therefore, the model can better exploit the multi-
modal cues, such as pointing and spoken utterances. When
jointly using reference-guided input and CoT reasoning, our
model achieves the best performance with an average ac-
curacy of 43.06%, a significant improvement of 9.1% com-
pared to baseline, demonstrating their complementary roles:
reference-guided input provides more reliable cues, while
CoT supervision brings more accurate social interaction un-
derstanding. For instance, as you can see in Fig. 6, with
accurate reference guidance, the model performs more ac-
curate reasoning to confirm the last speaker as Player(; with
CoT, the model exploits fine-grained multi-modal cues.

Second, we investigate the effect of reasoning granular-
ity in CoT supervision, which determines how many inter-
mediate reasoning steps are included during model training.
We define four levels of reasoning granularity. The None
setting provides no intermediate reasoning. The /-step set-
ting performs referent inference, where the model explicitly
reasons about the target referent of the last speaker. The 2-
step setting further adds last speaker confirmation before
referent inference, and the 3-step setting additionally in-
troduces social cues extraction on top of 2-step, where the
model itself is required to recognize more fine-grained ver-
bal and non-verbal social cues prior to reasoning.

As shown in Tab. 6, introducing moderate reasoning
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Table 6. Effect of CoT reasoning and different granularity on
Ego4D. Reference indicates whether reference pairs and attributed
social cues are provided. Reasoning controls the level of CoT su-
pervision: None denotes no reasoning; CoT denotes generic rea-
soning without structured decomposition; I-step, 2-step, and 3-
step represent increasingly fine-grained reasoning strategies. The
results show that CoT improves performance even without refer-
ence, while combining reference with structured reasoning yields
the best results, with 2-step achieving the optimal balance.

Reference Reasoning STI ~ PCR  Avg. Acc.
X X 29.19 38.75 33.97
X v 30.71 40.18 35.45
v None 36.57 4225 39.41
v 1-step 36.65 4275 39.70
v 2-step 40.57 45.54 43.06
v 3-step 29.71 39.14 34.43

granularity substantially improves performance. Adding
referent inference slightly increases the average accuracy
compared with no reasoning, and further including last
speaker confirmation yields the highest average accuracy.
However, adding one more reasoning stage, explicit social
cues extraction, leads to a noticeable decrease in perfor-
mance. This may be attributed to three factors: first, overly
long reasoning sequences could distract the model from fo-
cusing on the key reasoning path; second, the model’s lim-
ited ability to accurately perceive and utilize social cues
makes such explicit cue extraction overly demanding; and
third, training data size may be insufficient to support effec-
tive learning of such multi-step reasoning processes. Over-
all, these results demonstrate that a 2-step CoT supervision
strategy, which includes first confirming the speaker and
then inferring the referent, achieves the best performance.

6. Conclusion

We introduced Omni-MMSI, a new task that requires un-
derstanding multi-party social interactions from raw audio-
visual input without access to oracle-provided identity-
attributed social cues. This setting reflects realistic deploy-
ment scenarios where Al systems must operate on auto-
matically extracted cues. To address the resulting chal-
lenge of identity attribution, we proposed Omni-MMSI-R, a
reference-guided pipeline that aligns multi-modal cues with
individual references and performs chain-of-thought (CoT)
social reasoning. Through extensive experiments on two so-
cial interaction tasks and two social datasets, Omni-MMSI-
R demonstrates clear advantages over previous pipelines
and advanced Omni-LLMs, achieving state-of-the-art per-
formance. We hope this work establishes a step toward so-
cially intelligent Al that can perceive, reason about, and in-
teract with humans in natural environments.
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