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Abstract

In this paper, we introduce a new problem, Online-MMSI, where the model must per-
form multimodal social interaction understanding (MMSI) using only historical information.
Given a recorded video and a multi-party dialogue, the AT assistant is required to immedi-
ately identify the speaker’s referent, which is critical for real-world human-AlI interaction.
Without access to future conversational context, both humans and models experience sub-
stantial performance degradation when moving from offline to online settings. To tackle the
challenges, we propose Online-MMSI-VLM, a novel framework based on multimodal large
language models. The core innovations of our approach lie in two components: (1) multi-
party conversation forecasting, which predicts upcoming speaker turns and utterances in a
coarse-to-fine manner; and (2) socially-aware visual prompting, which highlights salient so-
cial cues in each video frame using bounding boxes and body keypoints. Our model achieves
state-of-the-art results on three tasks across two datasets, significantly outperforming the
baseline and demonstrating the effectiveness of Online-MMSI-VLM.

1 Introduction

Multimodal Social Interaction Understanding (MMSI) plays a critical role in advancing human-Al social
interaction, aiming to interpret social behaviors by jointly leveraging verbal and non-verbal cues (Lee et al.
2024b; [Lai et al., 2023; [Lee et al.| 2024al). Recent work has explored tasks such as speaking target identi-
fication, pronoun coreference resolution, and mentioned player prediction. One common goal is to identify
a speaker’s referent among multiple participants using recorded dialogues and video streams. For example,
as illustrated in Figure [1| (1), when a user asks Which player is the speaker referring to? at a moment,
the model analyzes the multimodal input and responds, “Player0.” MMSI can enable applications such as
Al-powered assistants for social support and collaborative tasks. Smart AR glasses, for instance, can help
autistic individuals better understand social cues (Haber et al., |2020; [Elsherbini et al.| |2023)), while intelligent
assistants can actively participate in social settings (Breazeal et all|2016). As a result, MMSI has attracted
growing interest from the social Al research community (Lee et al.,[2024bj |Li et al.| |2024a} Feng et al., 2025)).

Prior MMSI studies focused on offline setting, conducting referent identification by leveraging both past
and future context at a given moment (Lee et al., [2024a)). They rely on extended transcripts and video
data, producing responses with inherent delays. However, real-world Al assistants are expected to respond
in real time, interpreting and responding to social dynamics without access to future information (i.e.,
online setting). To bridge this gap, we introduce Online-MMSI, a new problem formulation where models
must perform MMSI tasks using only historical information. This setting is crucial for building responsive,
real-time intelligent systems that are practical and deployable in real-world social environments.

Yet, Online-MMSI presents substantial and unique challenges compared with traditional offline settings. As
shown in Figure 1| (2), performance drops significantly when both models and humans shift from offline to
online settings across three social tasks. First, online models lack access to delayed and explicit cues, such as
future transcripts or the referent’s responses. For example, the referent may respond directly to the initial
speaker, or other participants might clarify or reiterate the referent in later turns. Traditional offline MMSI
model (Lee et al.,[2024a)) rely on seeing the future social cues directly, making it not an ideal solution for real-
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Figure 1: (1) Existing MMSI studies depend on both past and future context (offline setting), limiting
their practicality in real-world scenarios that require immediate interpretation and response. To bridge
the gap, we introduce a new problem, Online-MMSI, where the model must perform MMSI using only
historical information (online setting). To address the challenge, we propose Online-MMSI-VLM, a novel
multimodal large language model-based framework that integrates multi-party conversation forecasting and
socially-aware visual prompting. (2) Performance drops significantly when both models and humans shift
from offline to online settings across three social tasks on the YouTube dataset .

time scenarios where such cues are unavailable. Second, online models must rely entirely on immediate and
past signals, where subtle social cues—such as pointing gestures and posture, head turns, or body orientation—
are crucial for resolving referents. Figure [1f (1) illustrates such a case: the speaker is gesturing toward the
referent with the index finger, serving as critical disambiguating contexts for referent resolution. Since social
scenes often involve multiple participants engaged in dynamic interactions, it is difficult to detect such subtle
yet informative social signals from raw RGB video frames alone without explicit guidance.

To address these challenges, we propose Online-MMSI-VLM, a novel multimodal large language model-
based framework that integrates multi-party conversation forecasting and socially-aware visual prompting.
For the first challenge, cognitive studies suggest that humans improve online interpretation by anticipating
upcoming social interactions (Epperlein et al.,2022; Ma et al.,|2024; Hadley & Culling [2022). This motivates
us to leverage multimodal large language models to anticipate future conversations to enrich social context.
Our coarse-to-fine strategy first predicts the identity of the upcoming speaker, followed by generating their
likely utterance. For the second challenge, we propose to enhance the representation of past video by using
socially-aware visual prompting, which employs off-the-shelf detectors to extract and highlight the positions,
postures, and gestures of participants. This facilitates the model to attentively interpret subtle and complex
social interactions in the previous video. By jointly forecasting future dialogue and enriching past visual
context, our framework can effectively tackle the challenges of Online-MMSI. We evaluate our approach
using two VLM models on three referent identification tasks within two social datasets .
The results indicate that Online-MMSI benefits from multi-party conversation forecasting and socially-aware
visual prompting, and Online-MMSI-VLM achieves state-of-the-art performance.

In summary, our contributions are threefold: 1) We propose a new task, Online-MMSI, where the AT assistant
must interpret multimodal social interactions and provide immediate feedback using only historical dialogues
and videos. 2) We propose Online-MMSI-VLM, a multimodal large language model-based framework that
integrates multi-party conversation forecasting and socially-aware visual prompting. To the best of our
knowledge, it is the first work to use multimodal large language models for advancing MMSI. 3) Extensive
experiments, for three tasks on two social datasets, demonstrate the effectiveness of our approach and show
Online-MMSI-VLM establishes a strong benchmark for Online-MMSI.
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2 Related Works

2.1 Multimodal Social Interaction Understanding

Multimodal Social Interaction Understanding (MMSI) aims to interpret complex interactions among multiple
participants by leveraging both verbal and non-verbal cues, which has attracted increasing attention in the
machine learning and social Al communities. For non-verbal social cues, some studies have attempted to
perceive social meaning from visual behaviors such as body gestures (Benitez-Garcia et al. 2021} [Liu et al.
2021; |Chen et al., 2023a; Kapitanov et al., 2024)), gaze patterns (Jindal & Manduchi, 2023; (Chong et al.
2020} (Grauman et al., [2022; Tafasca et al., [2023)), and facial expressions (Zhang et al.| |2021}; [Savchenkol, 2023
Zhao et al., 2024} |Li et al., |2024b)). For verbal social cues, prior works have explored social understanding
from linguistic signals such as game-theoretic agents (Feng et al.| [2025)), speaker intent (Malhotra et al. [2022;
|Chen et al., 2023c), and dialogue sentiment (Feng et al., 2021). For multimodal social cues, several studies
integrate verbal and non-verbal modalities to holistically interpret social interactions, such as recognizing
emotions (Cheng et all [2024a; [Lian et all |2025} |2024)), conversational dynamics (Raman et al., |2022; Ryan|
let al.l |2023} [Hou et al.| [2024), and social situations (Hyun et al.l [2023} |Guo et al.| [2025).

Recently, integrate the perception capability of vision models and the reasoning capability of
LLMs for social relation recognition. |Gupta et al.| (2024) introduce a novel framework to jointly predict the
gaze target and social gaze label for all people in the scene. [Lee et al.| (2024b)) conduct a comprehensive survey,
identifying three keys for effective social understanding: multimodal social cues, multi-party dynamics, and
beliefs. introduce a multimodal dataset for modeling persuasion behaviors. |Cao et al.
introduce a large-scale dataset for multi-person gesture analysis. [Lee et al| (2024a) introduce three
tasks to model the fine-grained dynamics between multiple people: speaking target identification, pronoun
coreference resolution, and mentioned player prediction. To address these tasks, [Lee et al. (2024a) introduce
a densely-aligned multimodal framework to capture social cues from transcript and video.

Despite these advances, current research typically focuses on the offline setting, where the model can have
access to entire video frames and dialogues to make predictions. However, this setup does not align well
with real-time requirements in interactive Al assistant systems, where the model can only leverage histor-
ical information (i.e., the online setting). Although methods from recent research (Lee et all [2024a) can
theoretically be adapted to online settings through data rearrangement, they do not adequately account for
the challenge of missing future social cues and exploiting historical information in the online setting. In our
work, we investigate the online setting for MMSI and propose novel methods to address the challenge.

2.2 Multimodal Large Language Models

Multimodal large language models (MLLMs) have demonstrated outstanding performance in vision-language
tasks (Liu et all [2023; Team et all 2024; | Team), [2025; Zhang et al. 2023a} [Zhu et al., 2023; |Zhang et al.
2023D; [Chen et al.l 2023b} [Lin et al. [Chen et all, 20245} [Cheng et all, [2024b; [Zhang et all, 20245
Thawakar et al., 2025; Zhang et al 2024c). This success is attributed to their strong perception and
reasoning capabilities, which benefit addressing dynamic multimodal social interaction understanding.

Online scenarios attract growing attention (Wang et all) 2021; [Zhao & Krahenbiihl, |2022; |Girdhar &|
Grauman) 2021; Zhao et al. 2023). While several online MLLMs have been developed for training and
deployment (Chen et all [2024a} [Liu et al., 2024} [Fu et al.l [2025)), our work aims to conduct Online-MMSI.

Conversation forecasting has been explored for conversation agents (Hassan et al. [2024; |[E1 Hattami
et al} [2023), predicting derailment (Chang & Danescu-Niculescu-Mizil, [2019), and harmful behaviors (Sicilia
& Alikhani| 2024)). These studies mainly focus on conversation between agents and users. Instead, we focus
on understanding multi-party conversations of multimodal social events.

Visual prompting has also proven effective in enhancing MLLM performance (Wu et al., 2025; Cai et al.
[2024; Wu et al., [2024; Lei et al.l 2024} [Yang et al.,|2023; Xu et al., 2024). Some studies show that attentively
leveraging the history is crucial for improving online video understanding in noisy and large-volume visual
data (Yao et all [2025; |Zhang et al., [2024a; [Huang et al., |2024; |(Chandrasegaran et al. 2024} [Patil et al.
. In this work, we propose to leverage visual prompting to enhance historical video for Online-MMSI.
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[Player2]: I think we're voting to the left. LAl e, VAL TR oG e alie

[Player4]: We think there are two werewolves in the middle? [Elayer0]ZAlliight .

[Player2]: Yeah [Player4]: I'd be ready to vote if you guys are.

: ) [Player0]: I'm just, honestly, now I'm worried about [Player3].

[Player0]: And you saw villager and werewolf when you were seer, right?

Online output: Player2 x Offline output: Playerl v/

Speaking Target Identification

[Player2]: That makes me believe [Player0]

[Player0]: How does it feel to be lying about being the villager right now.
[Player4]: Feels good.

[Player0]: I was the Insomniac. This is a problem. He's lying.

[Player3]: No, I'm not.

[Player0]: I think [Player3] is the tanner.

[Player2]: I think [Player3] is the tanner as well.

[Player0]: I think [Player3], this is a good gambit to be as the tanner.

Online output: Player4 x Pronoun Coreference Resolution Offline output: Player3 v/

""" [Player4]: Rip.

[Player0]: Rip [Player4].

[Player4]: So what are we doing?
[Player2]: I think we're voting to the left.

[Player4]: Fascinating.
[Player0]: I'm the troublemaker and I switched [Player3] with somebody.
[Player2]: That's true, yeah.

[Player0]: And then you were the last to say robber. So we kill [MASK].

Online output: Player3 x Offline output: Playerd v/

Mentioned Player Prediction

Figure 2: Illustration of the challenge of missing future information when transitioning from the offline
setting to the online setting. In the online setting, only immediate (blue font) and past data (black) is
available, whereas the offline setting additionally includes useful future context (green), such as the referent’s
responses. As a result, the online model may be confused and provide an incorrect answer.

3 Problem Formulation and Challenges

Following Lee et al.| (2024a)), we focus on three social interaction understanding tasks: speaking target identi-
fication, pronoun coreference resolution, and mentioned player prediction, using video and its corresponding
transcript. The online task formulation is as follows: At timestep ¢, the system receives:

o User prompt (P;): a query related to the specific task. The prompts for the three social tasks are
“Identify which player the speaker is talking to?”, “Determine which player a pronoun refers to?”,
and “Predict which player is mentioned by name?”, respectively.

 Historical dialogues (D(;_q)./): the most recent d time steps of dialogue history. Each entry
consists of both the speaker identity and the corresponding utterance. E.g., “[Player0]: So, you're a
mason? [Player0]: I'm the troublemaker. [Player3]: Did you swap me with anybody?”

» Recorded video frames (V(;_g).;): the most recent d time steps of video frames involving multiple
participants. These frames include dynamic non-verbal social cues, such as gestures and gazes.

The AT assistant is required to provide an immediate reply:
o Response (R;): the answer to the referent identification query. For instance, “Player0”.

Given Py, D(;_q):t, and V(;_q).¢, the objective is to optimize the model to generate an accurate R;.

In the offline setting, the model has access to both past and future data—P;, D(;_q):(t+a), and V;_q).(t+q)—and
generates a response ;4 at timestep ¢ +d. In contrast, the online setting restricts access to only historical
video and dialogue, cutting off any future context. To quantify the impact of this constraint, Figure 1| (2)
compares performance across the three social tasks under both settings using the YouTube dataset (Lai
et all 2023). We evaluate the previous method (Lee et al.l 2024a)), human participants, GPT-40 (OpenAl,
2024), and Gemini 2.5 Pro (Comanici et al., 2025)). To ensure fairness in the user study, each participant first
viewed the online input, followed by the offline version. This design mitigates potential bias by preventing
participants’ online judgments from being influenced by future context seen in the offline setting.

As shown in the results, there is a considerable drop in accuracy across all three tasks when both humans and
models when transitioning from offline to online scenarios. The prior model (Lee et all [2024a) suffers 13.6%
in speaking target identification, 2.5% in pronoun coreference resolution, and 11.5% in mentioned player
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The scene shows four people, two men and two women, sitting around a table.
The player on the far left The player next to her
The player next to him
The player on the far right
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VLM’s description the social interaction cues in the video.

Figure 3: Illustration of the challenge in relying solely on immediate and past context when transitioning
from offline to online settings, where subtle social cues become increasingly critical. In complex multi-party
interactions, such cues are often too nuanced to be reliably inferred from raw RGB video alone, especially
in the absence of explicit visual prompting. When asked to describe social interactions, the VLM frequently
produces coarse spatial references (green), generic appearance descriptions (yellow), or even hallucinated
content (red), while failing to capture the subtle and intricate social signals in multi-person dynamics.

prediction. The average accuracy of humans, GPT-40, and Gemini 2.5 Pro drops by around 7%, 5%, and
10%, respectively, confirming that the performance gap stems from task difficulty. The evaluation results
of GPT-40 and Gemini 2.5 Pro underscore that current LLMs still struggle with understanding multimodal
multi-party social interaction compared with humans (Inoue et al. 2025; |Tan et al.,|2023]).

This performance degradation arises from two fundamental limitations. First, online models lack access to
delayed and explicit cues—such as future transcripts or the referent’s responses—that are available in offline
settings. The referent frequently replies to the speaker or is clarified by other participants in subsequent turns.
For instance, as seen in Figure [2| in speaking target identification, after the speaker says “[Player0]: And you
saw villager and werewolf when you were seer, right?”; the referent later replies “[Playerl]: Yeah. Villager
and werewolf.” Offline models can leverage such useful future context to correctly identify “Player0” as the
referent. In contrast, online models must rely solely on historical information, which may be ambiguous. For
example, in mentioned player prediction, before the speaker says “[Player0]: And then you were the last to
say robber. So we kill [MASK].”, a previous utterance states “[Player0]: I'm the troublemaker and I switched
[Player3] with somebody.” The online model may be confused and incorrectly answer “Player3”.

Second, online models must resolve social references based entirely on immediate and past signals, where
subtle social cues—such as pointing gestures, posture, head turns, and body orientation—become essential.
However, in complex interactions involving multiple participants, such signals are often too subtle to interpret
from raw RGB video alone, especially without structured visual guidance. Experimental results, as shown
in Figure [3] indicate that VLMs fail to capture detailed and accurate social cues from raw RGB video.
When prompted to describe the social interaction cues in the video, the VLM typically returns only coarse
attributes—such as the relative positions and appearances—using phrases like “on the far right” and “shaved
head and a mustache,” and occasionally produces hallucinations, such as incorrectly stating “four people.”

4 Methodology

To address these challenges, we introduce Online-MMSI-VLM, a framework designed to respond to social
tasks using only historical input. As illustrated in Figure [4] the model takes as input the user prompt,
historical utterances, and video frames, and produces a real-time response under the online setting. To
compensate for the lack of future information and enhance the quality of historical signals, we propose two
key components: (i) multi-party conversation forecasting, which anticipates future dialogue turns; and (ii)
socially-aware visual prompting, which guides the model to attend to socially relevant visual cues.

4.1 Multi-party Conversation Forecasting

To enable forecasting multi-party conversations, we append a forecasting query after the task prompt, which
is: “Predict the upcoming speakers’ turns and then predict the upcoming utterance of each speaker.” After
answering the Online-MMSI task, the model generates the next few speaker labels and utterances. Directly
predicting the full utterances of each future speaker in a single step can be overly complex and may lead to
sub-par generation. Instead, we propose a coarse-to-fine approach with the following two phases:



Under review as submission to TMLR

Training Target

[Response][ Multi-party Conversation Forecasting ]

Historical Input

The turns: Player0, Player4, Player0, Player3. The utterances: [Player0]: I didn't swap you. [Player4]:
I was the Insomniac. I did not wake up as myself. So I... [Player0]: Yes. [Player3]: Who did you swap?

@0 00- D[h[hm

[ Multimodal Large Language Model LoRA 'f

1. Identify which player
the Player3 is talking to?

2. Predict the upcomping
speakers' turns and then
predict the upcoming

Soclally-aware Vlsual Promptmg utterance of each speaker.
Video Dialogues User Prompt

Player0.

Video
[Player0]: She just went to sleep as a
villager and woke as an alien.

[Player0]: So, you're a mason?
[Player2]: I'm a mason. [Player0]:
I'm a troublemaker. [Player3]: Did
you swap me with anybody?

Dialogues
| J/

J

Figure 4: The training pipeline of Online-MMSI-VLM. The model takes the user prompt, historical di-
alogues, and recorded video as input and generates an immediate response. To tackle the challenges of
Online-MMSI, we introduce two techniques: (i) multi-party conversation forecasting to enrich language con-
text, and (ii) socially-aware visual prompting to facilitate historical social cues modeling.

e Speaker-turn prediction: The model first generates a sequence of four upcoming speaker identi-
ties, e.g., “The upcoming speakers’ turns: Player0, Player4, Player0, Player3.”

o Utterance refinement: For each predicted speaker, the model then produces a fine-grained utter-
ance. For instance: “The upcoming utterances: [Player0]: I didn’t swap you. [Playerd]: I was the
Insomniac. I did not wake up as myself. So L... [Player0]: Yes. [Player3]: Who did you swap?”

This strategy mimics human conversation patterns, where we first anticipate who might speak and in what
order, and then try to guess what they would say. The above process can be formulated as:

Sivrrr = fo"™(Dpu—ayt)s (1)
Uirarrx = QVLM(St-kl:t-kK,D(tfd):t)v (2)

where 5‘t+1:t+ k denotes the predicted sequence of speakers over the next K turns, and 0t+1:t+ K represents
the generated sequence of corresponding utterances for each speaker.

4.2 Socially-aware Visual Prompting

Since online models must rely on immediate and past information, capturing subtle visual cues is crucial for
resolving referents. Social scenes often involve multiple participants engaged in dynamic non-verbal inter-
actions, making it difficult to localize and interpret key visual cues such as posture and gestures. Without
explicit guidance, the model may fail to attend to the socially salient regions in raw RGB image input, espe-
cially in cluttered situations. To address this, we propose socially-aware visual prompting, which explicitly
highlights important social cues in the historical video frames. Specifically, we annotate all visible partici-
pants with: (a) speaker labels, aligning players with their spoken utterances; (b) bounding boxes, indicating
each participant’s spatial position; and (c) upper body keypoints, capturing posture, gaze direction, facial
expressions, and gestures. These annotations are generated using AlphaPose (Fang et all [2022).

As shown in Figure [4] we integrate these annotations by overlaying them directly onto the video frames. To
distinguish between individuals, we assign a unique color to each person’s annotation and include a system
prompt specifying the mapping: “The red, blue, green, yellow, purple, and orange colors correspond to
Player(, Playerl, Player2, Player3, Player4, and Playerb, respectively.” The annotated frames f)(t,d):t are
fed into the visual encoder of the VLM, providing a more semantic representation of the social scene. This
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representation is then concatenated with the tokenized historical dialogues D(;_q).; and the user prompt F;.
The final multimodal embedding is processed by the language head to produce a response Rj:

Ry = fQ’LM([\?(t_d):t, Dt—ayt, Pr), (3)

where R, represents the predicted speaking target, the referent of a pronoun, or the name of a mentioned
player. By visually highlighting key social signals, this prompting approach helps the model focus on the
most relevant regions, improving its ability to interpret past visual context in the absence of future cues.

4.3 Supervised Instruction Tuning

To enhance the VLM'’s performance on specific social tasks, we first construct instruction—output pairs using
existing social datasets (Lee et al.| |2024a)), incorporating future utterances from transcripts into these pairs.
We then fine-tune the model via supervised learning with two objectives: (a) task-specific objective: the
model learns to produce correct answers §; for a specific Online-MMSI task; (b) forecasting objective: the
model learns to anticipate future dialogue turns §t+1;t+ x and corresponding utterance content Ut+1:t+ K-

Let Limsi and Leorecast denote the loss for Online-MMSI and forecasting. Our training objective is:

»Ctotal = Emmsi + »Cforecast~ (4)

This multi-task formulation enables the model to not only answer current queries but also to anticipate future
interactions, leading to better context understanding and improved performance in online social scenarios.

4.4 Implementation

We select LLaMA-3.2-Vision-11B (Dubey et al.,[2024) and Qwen2.5-VL-7B (Team) [2025)) as our multi-
modal large language models, both of which are representative state-of-the-art models. For Qwen2.5-VL-7B,
we dynamically sample video at a rate of 1 frame per second (fps) as visual input. For LLaMA-3.2-Vision-
11B, we sample six frames from each video clip evenly and arrange them into a single 3 x 2 grid-like image,
following the suggestion from prior work (Kim et al., 2024). We apply instruction tuning with LoRA (Hu
et al.| [2022)), targeting the query and value projection layers, to further specialize these models for our tasks.
Specifically, we use an alpha value of 16, a dropout rate of 0.05, and a rank of 512 for the LoRA configuration.
We train all new or adapted parameters with a unified cross-entropy loss. The learning rate is set to 1 x 10~*
for the speaker identification and mentioned player prediction tasks, and 1 x 1073 for the pronoun coreference
task. The batch size is set to 1, with gradient accumulation steps of 4. Fach model is trained for 5 epochs
on all three tasks. The historical window length d is set to 10 dialogue turns, and the forecasting horizon K
is set to 4 utterance turns. The average duration of each dialogue turn is approximately 2.8 seconds. The
tracking and keypoints for prompting are generated by AlphaPose (Fang et al., 2022) and curated using the
reference frame from |Lee et al.| (2024a)). More implementations are provided in the supplementary material.

4.5 Datasets

Experiments are conducted on the Werewolf Among Us dataset, which comprises two subsets (YouTube and
Ego4D) of social deduction games (Lai et al. [2023). We follow the dataset and task setup of |Lee et al.
(2024a)), while cutting the future video and transcript in each sample for the online setting.

YouTube contains 151 games of One Night Ultimate Werewolf, which corresponds to 151 separate videos
with 14.8 hours and transcripts comprising 20,832 utterances. It has 3,255 samples for speaking target
identification, 2,679 for pronoun coreference resolution, and 3,360 for mentioned player prediction.

Ego4D has 40 games of One Night Ultimate Werewolf and 8 games of The Resistance: Avalon. It contains
101 separate videos with 7.3 hours and transcripts containing 5,815 utterances, with 832 samples for speaking
target identification, 503 for pronoun coreference resolution, and 472 for mentioned player prediction.

Evaluation. We follow |Lee et al.|(2024a) to report the overall accuracy of the predicted referent.
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Figure 5: Qualitative results of Online-MMSI-VLM on three social tasks. Compared to the prior work
2024a)), our method provides immediate and accurate referents based on historical video and dialogue.

Table 1: Performance comparison (%) of different methods on three social tasks across the YouTube and
Ego4D datasets. Our proposed method, Online-MMSI-VLM, achieves state-of-the-art performance across
all tasks. Bold indicates the best result for each task, and 1 denotes improvement over the baseline.

YouTube / EgodD Lee et al|(2024a) Qwen (Ours) LLaMA (Ours)
Speaking Target Identification 59.1 / 59.6 64.6 / 61.7 64.9 / 65.1
Pronoun Coreference Resolution 63.4 / 55.4 68.8 / 60.7 68.5 / 59.8
Mentioned Player Prediction 47.3 / 41.0 47.2 / 39.5 48.4 / 43.4
Average Accuracy 56.6 / 52.0 60.27 / 53.97 60.67 / 56.11

4.6 Performance Comparison

Table [I] presents the performance of our proposed Online-MMSI-VLM framework with two MLLM
backbones-Qwen and LLaMA-compared to the existing method (Lee et all 2024a)) across three social un-
derstanding tasks: speaking target identification, pronoun coreference resolution, and mentioned player
prediction. Evaluations are conducted on both the YouTube and Ego4D subsets. Both variants of Online-
MMSI-VLM consistently outperform the baseline across all tasks and datasets. Notably, the LLaMA-based
model achieves the highest average accuracy on YouTube (60.6%) and EgodD (56.1%). Specifically, on the
YouTube subset, Online-MMSI-VLM outperforms the baseline by up to 5.78% in speaking target identifi-
cation, 3.9% in pronoun coreference resolution, and 1.13% in mentioned player prediction. On the Ego4D
subset, improvements reach up to 2.08%, 5.36%, and 2.40% respectively for the same tasks.

Across tasks, we observe that pronoun coreference resolution generally achieves the highest accuracies (up
to 68.8%), followed by speaking target identification, while mentioned player prediction remains the most
challenging, with accuracies typically below 50%. This pattern can be explained by the differences how
each task depends on context. Both pronoun coreference and speaking target identification often involve
referents located in adjacent utterances—either the preceding or following turn—making them more amenable
to forecasting and short-range historical modeling. In contrast, we find mentioned player prediction typically
requires tracking entities introduced several turns earlier, as the referent is often not mentioned in the
immediate context. This temporal gap increases the difficulty of reasoning mentioned player.

Figure []illustrates qualitative comparison examples of the three social tasks in streaming video, demonstrat-
ing how our method leverages only past dialogue turns and annotated frames to accurately identify social
references. For user queries such as “Predict which player is mentioned by name,” “Determine which player
a pronoun refers to,” and “Identify which player the speaker is talking to,” our model consistently provides
immediate and accurate referents based solely on prior context. In contrast, the prior method
often struggles in online settings due to a lack of tailored design for these challenges.

To assess Online-MMSI-VLM’s real-time applicability, we evaluate the model’s latency and throughput.
Experiments show the model achieves a median latency of 300 ms and a throughput of 1.99 samples per
second when running on a single A6000 GPU, supporting deployment in natural conversational scenarios.
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Table 2: Ablation study of proposed components for three social tasks on the YouTube and Ego4D datasets.
Both socially-aware visual prompting and multi-party conversation forecasting consistently improve perfor-
mance over the baseline. Their combination yields the best results across all three tasks and both datasets.

Speaking Target | Pronoun Coreference | Mentioned Player

Model Forecasting Prompting Identification Resolution Prediction
YouTube Egod4D | YouTube  Ego4D YouTube EgodD
Qwen - - 60.76 57.71 62.88 48.21 45.83 32.89
Qwen - v 61.45 58.10 64.43 58.93 46.24 35.52
Qwen v - 63.96 60.00 65.20 54.46 46.52 36.84
Qwen v v 64.58 61.71 68.83 60.71 47.20 39.47
LLaMA - - 63.20 60.20 65.39 54.46 46.61 38.15
LLaMA - v 64.02 64.00 67.87 55.35 47.33 42.10
LLaMA v - 64.43 61.71 67.30 55.35 47.34 40.78
LLaMA v v 64.88 65.14 68.45 59.82 48.43 43.42

Table 3: Performance impact of forecasting components on three social tasks using Qwen on the YouTube
dataset. Detailed future utterance generation consistently enhances results, while adding speaker-turn pre-
diction yields further improvement, demonstrating the strength of a coarse-to-fine strategy.

Speaker | Detailed Speaking Target | Pronoun Coreference | Mentioned Player
Turns | Utterances Identification Resolution Prediction

- - 60.76 62.88 45.83

v - 60.31 64.63 46.39

- v 62.69 64.92 45.93

v v 63.96 65.20 46.52

4.7 Effects of Conversation Forecasting

Table [2] shows the effects of multi-party conversation forecasting, where forecasting consistently improves
performance across all tasks. For example, in the pronoun coreference resolution task on the YouTube
dataset, applying forecasting boosts Qwen’s accuracy from 62.88% to 65.20%. Similarly, for speaking target
identification, forecasting improves Qwen’s performance from 60.76% to 63.96%. These results confirm that
anticipating future conversational turns and utterances helps the model compensate for the lack of future
context in the online setting. The improvement for mentioned player prediction is relatively smaller, possibly
because this task, mentioning someone in a dialogue, relies less on future context.

Table [3| further analyzes the impact of the two components in our coarse-to-fine forecasting framework:
speaker-turn prediction and detailed utterance generation. Results indicate that enabling both components
yields the highest overall performance. In particular, direct detailed utterance generation consistently en-
hances accuracy by enriching the context. Moreover, integrating speaker-turn prediction provides additional
gains, suggesting that predicting turn structure first facilitates the generation of relevant utterances.

Table [4] explores the effects of different forecasting turn lengths (i.e. 2, 4, or 8 future turns). Empirically,
a 4-turn forecasting length provides the most reliable performance gains across the three social tasks on
both datasets. From the observation in multi-party conversation forecasting is challenging due to its
uncertainty nature. Extending the forecasting length further increases the risk of hallucinated, question-
irrelevant content and adds computational complexity, while contributing little additional useful context.
Thus, longer forecasts do not improve performance linearly; instead, they exhibit diminishing returns. For
these reasons, forecasting 4 turns strikes the most practical balance between accuracy and complexity.

4.8 Effects of Visual Prompting

Table [2| also shows the effects of socially-aware visual prompting, where prompting further enhances model
performance by effectively enhancing past information. For example, in the pronoun coreference resolution
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Table 4: Impact of conversation forecasting length on three social tasks using Qwen across YouTube and
Ego4D datasets. Forecasting 4 future turns typically yields the highest performance gains across all tasks.

Dataset YouTube (%) Ego4D (%)
Forecast Length (Turns) 2 4 8 2 4 8
Speaking Target Identification 62.44 64.58 6198 | 62.03 61.71 59.43

Pronoun Coreference Resolution ‘ 68.26 68.83 67.11‘ 56.07 60.71 55.54
Mentioned Player Prediction | 45.98 47.20 46.25 | 34.26 39.47 39.47

Table 5: Effects of the different visual prompting on the performances for three social tasks. We adopt the
Qwen model and conduct evaluations on the YouTube dataset. The improvement illustrates that highlighting
players’ position and gestures helps the model better understand the social scene.

Visual Cres Speaking Target | Pronoun Coreference | Mentioned Player

Identification Resolution Prediction
Raw RGB frames 63.96 65.20 46.52
+ Bounding boxes 64.13 68.13 46.71
+ Upper body keypoints (on top) 64.58 68.83 47.20

task, adding visual prompting raises Qwen’s accuracy from 62.88% to 64.43% and LLaMA’s from 65.39%
to 67.87% on the YouTube dataset. This result verifies that visual prompting can serve as highlighting the
crucial areas in the video, enabling VLMs to capture subtle and informative social cues in historical video.

We investigate the impact of incorporating different types of visual annotations—namely, bounding boxes
and upper body keypoints—on model performance. In the baseline setting, raw RGB frames are annotated
only with speaker identities to align visual input with the corresponding utterances. As shown in Table [f]
augmenting the visual input with bounding boxes yields consistent performance gains across all tasks. Adding
upper body keypoints on top of bounding boxes further enhances performance, achieving the highest results
on all three tasks. These improvements demonstrate that explicitly highlighting players’ spatial positions
and gestures enables the model to better interpret social dynamics within the scene.

The tracking and keypoints are provided by |Lee et al.|(2024a), where annotations are generated by Alpha-
Pose (Fang et al.l 2022)) followed by human curation with the reference frame. To further investigate model
robustness to inaccurate tracking and keypoints, we conducted a preliminary study for visual prompting.
During inference, we explored 20% dropout to keypoints or 10% dropout to tracking, simulating keypoint
jitter (motion/occlusion) and short-term tracking loss. Our Qwen-based approach maintains strong perfor-
mance on the speaker target identification task, with 64.5% on Youtube and 61.7% on Ego4D.

Furthermore, as shown in Table 2] combining socially-aware visual prompting and multi-party conversation
forecasting consistently yields the best performance across all three tasks and both datasets. This demon-
strates the complementary strengths of forecasting future conversations and enriching visual understanding.

4.9 Evaluation of Generated Conversations

Figure [6] presents two examples of generated future speaker turns and utterances, where green text indicates
accurate and consistent conversations with the ground truth and yellow denotes different but reasonable
utterances. Although the predicted turns and wording may differ slightly from the ground truth, the model
successfully produces plausible speakers and content that align with the surrounding context and human
social reasoning. This helps the model build a more coherent understanding of the ongoing dialogue while
missing future context. In the first example, the generated utterances reinforce the exchange between Playerl
and Playerb regarding the Insomniac role. In the second, the forecasting captures a multi-party interaction
among Player(, Playerl, and Player2 concerning the observation of another player’s card.

To further measure the quality of the generated conversations, we employ Macro F1 (Pedregosa et al.,
2011) and BERTScore (Zhang et al., 2019) as evaluation metrics. Macro F1 measures the accuracy of
predicted speaker turns, while BERTScore evaluates the semantic similarity between generated and ground-
truth utterances. We exclude BLEU (Papineni et al. [2002)) from our evaluation due to its reliance on
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Previous Previous
[Player5]: For real. [Player2]: He could be a drunk.
[Playerd]: Ah, that's a convenient card. [Player1]: Which ones did you look at again? I can't remember.
[Player1]: I was the Insomniac. [Player0]: I looked at just his card.
[Player5]: What were you now? [Player1]: Just his card.

Ground Truth Ground Truth

[Player1]: The Insomniac. [Player0]: Yes.
[Player5]: That's funny because I'm the Insomniac. [Player1]: And it said it was a werewolf?
[Player1]: That's funny because I'm the Insomniac. [Player2]: I suddenly don't think you're a seer.
[Player4]: They have the same story. [Player1]: His said werewolf?

Forecast Forecast
[Player1]: I was the Insomniac. [Player0]: Yeah.
[Players5]: [Player1]:
[Playerl1]:

And you're saying you're the Insomniac? || [Player2]: That's a little suspicious.

Figure 6: Samples of ground truth future conversations and generated forecasts. Although the predicted
turns and wording may differ slightly from the ground truth (yellow), the model successfully produces
plausible speakers and content that align with the surrounding context and human social reasoning (green).

History Ground Truth Future Forecast
[Player0]: [Playerd] could. | [Player0]: These two. Yeah. { |pjayerd): Yeah.
28 [Playerd]: I was. [Player1]: Yeah. [Player2]: Okay. So we have two
W4 [Player2]: Okay. You [Player0]: So we're a nice, | ,oople who were the robber.
@, confirmed your story. You { happy town after thatlast 4 pjyverq): I was the robber.
8 switched her and him. yelling around.

Figure 7: Failure case of the forecasting module on the STI task. The predictions align with historical context
but deviate from the ground truth, illustrating the challenge of anticipating uncertain social dynamics.
Notably, the goal of forecasting is to enhance social understanding, rather than exact future prediction.

exact n-gram matches, which makes it less reliable for assessing short and diverse conversational responses,
where minor paraphrasing or changes in word order can disproportionately penalize the score. Our approach
achieves a Macro F1 of 0.68 and a BERTScore of 0.86, indicating accurate upcoming speaker prediction and
strong semantic alignment with the ground truth. These results validate the effectiveness of conversation
forecasting in enhancing linguistic context for Online MMSI.

Figure[7]shows a failure case of forecasting where forecasts are consistent with history but diverge from ground
truth, highlighting the challenge of anticipating uncertain social dynamics. Through these experiments
and evaluation, we observe that multi-party conversation forecasting remains a challenging task due to
the inherent unpredictability of real-world dialogue and the current limitations of LLMs in complex social
reasoning. Nevertheless, our goal is not to achieve precise forecasting, but to use the process as a means
of enhancing social understanding. Interestingly, we observe that even inaccurate forecasts can improve
performance—possibly because forecasting encourages the model to role-play the historical dialogue, thereby
deepening its understanding of social context and interaction dynamics.

4.10 Furthure Analysis of Visual Prompting

We explored how the model understands the social interaction in the historical video under different visual
prompting. We provide Qwen2.5 VL with videos containing different visual promptings and the query: “De-
scribe the social interaction cues in the video.” The generated descriptions are presented in Figure 8] where
green text indicates accurate social descriptions, red highlights misleading or incorrect descriptions, and
black denotes general, non-specific descriptions. The results demonstrate that, by annotating each partici-
pant with bounding boxes and body keypoints, the VLM produces more accurate and detailed descriptions
of social interactions. For example, the model generates the description: “The person in the yellow box is
also smiling and looking at the speaker.” Compared to other prompting’s generation, such an description has
more details about body movement and facial expression. This suggests that socially-aware visual prompting
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The person on the far left is gesturing with their hands, suggesting they are actively
contributing to the conversation. The person second from the left is holding a drink,
while the person second from the right is holding a phone, possibly taking a photo or
recording the moment. The person on the far right is looking at the person on the far
| left, indicating active engagement in the conversation.

soweay goy mey

+ Player0—Player]  Player2 Playerd

=

g :

g The person in the center appears to be speaking, as indicated by their open mouth and
=] . . . . . . . P

E the direction of their gaze towards the other participants. The other individuals are
§- looking at the speaker, indicating that they are listening attentively.

o

+ Playerd. Playerl Player2 V Player4

g The person in the red box is speaking, while the other two individuals are listening
= attentively. The person in the green box appears to be nodding and smiling, indicating
o . . . oy .

2 agreement or understanding. The person in the yellow box is also smiling and looking
s at the speaker, suggesting that they are engaged in the conversation.

Figure 8: VLLM-generated descriptions under different visual prompting settings. The results show that
using raw RGB frames yields generic descriptions with limited reference to social interactions. In contrast,
when participants are annotated with bounding boxes and body keypoints, the VLLM generates more accu-
rate and detailed accounts of social dynamics, such as “nodding and smiling” and “looking at the speaker”.

effectively emphasizes critical regions of interest, thereby improving the model’s ability to interpret subtle
social dynamics in noisy and large historical video. We also noticed that, in raw RGB frames input, the
description not only fails to capture detailed social interaction cues but also contains hallucinations: “The
person second from the left is holding a drink, while the person second from the right is holding a phone.”
The visual prompting shows capability of suppressing inaccurate description.

To explore more auxiliary signals for visual prompting, we also extracted gaze signal from videos. However,
integrating gaze through visual prompting results in performance drops, i.e., 0.8%, 0.3%, and 0.5% on speaker
target identification, pronounce coreference recognition, and mentioned player prediction, respectively. It
might be due to inaccurate gaze estimations which are derived from GazeFollowing (Lian et al. |2018).
Besides, some studies show existing LLMs might struggle to incorporate gaze information within the context
of multi-party dialogues (Inoue et al., [2025)), indicating more sophisticated methods are needed.

5 Conclusion

We introduce a new task, Online Multimodal Social Interaction Understanding, which requires models to
interpret social interactions using only historical information. This setting better aligns with real-world
human-AT interaction scenarios, where the Al assistants are required to reply immediately. Since future con-
text is unavailable, the performance of existing models, human, and advanced Al tools degrade significantly.
To address this challenge, we propose Online-MMSI-VLM, a novel framework built upon recent advanced
MLLMs, integrating techniques: (1) multi-party conversation forecasting, which anticipates future dialogue
turns to enrich linguistic context, and (2) socially-aware visual prompting, which highlights critical visual
cues for more accurate social reasoning. Extensive experiments across multiple benchmarks demonstrate
the effectiveness of our method in online social understanding tasks. Further ablation studies validate the
individual contributions of each proposed component. We believe this work takes an important step toward
enabling practical and robust social Al systems capable of operating in realistic environments.

Limitations. While our method achieves strong performance on practical Online-MMSI, several limitations
remain. First, the approach relies on external preprocessing steps as previous approaches (Lee et al.l [2024a)),
such as visual tracking and speech transcription, which may introduce errors and affect overall performance.
Second, the capabilities of the model are bounded by the social reasoning abilities of current LLMs, which may
struggle with complex or subtle social dynamics. Future work may explore end-to-end solutions and more
advanced perception and reasoning mechanisms to further enhance online social interaction understanding.
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Online Setting

Tn the video, the red, blue, green, vellow, purple, and orange colors correspond to Player0, Playerl, Player?, Playerd, Playerd,

and Players, respectively.
The subtitles are

[Plavers]: Is there any information? What if I just

[Playert]: Don’t look at that.

[Player0]: We need to find out who [Player2] robbed from.

[Playerl]: What was that?

[Player0]: Did he rob from [Player1|?

[Player3]: How can we figure it out?

[Player0]: I think we just kill [Player2]

[Playerl |: Yo

[Player2]: Okay. k, k, k k. Somcbody here is lying and I haven't called them out yot because I know somcthing about them.
[Player3]: Do you want to say it?

[Player0]: Yeah, you should. Because I have the information that I gave you, which is I was a copycat
and 1 saw tanner or a werewolf in the center. (To [MASKI)

Progress

Progress: 1/60 (Online Setting)
it Identify which player the speaker is talking to in the sentenc with (To [ASK))?

Timing Information

Time elapsed: 0.0 seconds Select your answer (which player is being refer

Player0 Playerl Player2 Player3 Playerd Player5

Submit & Next Reset My Evaluation

0ffline Setting

Tn the video, the red, blue, green, vellow, purple, and orange colors correspond to Player0, Plaerl, Player2, Player3, Playerd,

and Players, respectively,

The subtitles are

[Player3]: Is there any information? What if I just ..
[Piayerii: Don't look at that
[Player0]: Ve need to find out vho [Player2] robbed from
[Playerl]: What was that?
[Player0]: Did he rob from [Playerl]?
[Player3]: How can we figure it out?
[Player0]: 1 think we just kill [Player2]
[Player1]: No.
[Player2]: Okay. k, k, k k. Somchody here is Tying and T haven’t called them oul yel because T know something sboul them.
I 0:11 7 0:25 e — ————— [Plavers]: Do you want to say it?
[Player0]: Yeah, you should. Because T have the information that T gave you, which is T was a copycat
Ll and | sav tanner or a werewolf in the center. (To [MASK])
Prog
Progress: 2/60 (Offline Setting) [Player1]: Not accurate, but .
[Playert]: Oh
e e [Player2]: Can you just tell me if I'm
[Playerl]: Vait
Time elapsed: 5 min 0.3 sec | Avg per sample: 5 min 0.3 sec

Tdentify which player the speaker is talking Lo in the sentence with (To [MASK])?

Select your answer (which player is being referred to):

Player0 Playerl Player2 Player3 Player4. Player5

Submit & Next Reset My Evaluation

Figure 9: Tllustration of human study on online setting and then offline.

A Appendix

A.1 Implementation Details

The training of our video-based model is built upon the Qwen2.5—VL-7B-Instruc1E| or LLaMA-
3.2-11B-VisiorE| (Dubey et al., 2024) architecture with image splitting disabled. The model operates with
bfloat16 precision and employs FlashAttention-2 for efficient memory usage. For Qwen2.5-
VL-7B-Instruct, the videos are sampled at 1.0 FPS and a resolution constraint of 36 x 42 x 10 pixels per
frame; for LLaM-3.2-11B-Vision, we transfer the video into a 3 x 2 grid-like image and set the maximum
image size as 1120 x 1120 pixels. The max new tokens is set as 1024 in both models. A LoRA-based
fine-tuning strategy is implemented, with LoRA alpha set to 16, a dropout rate of 0.05, a rank of
512, and modifications applied to the query and value projection layers. The training configuration includes

Thttps://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
2https://huggingface.co/meta-llama/Llama-3.2-11B-Vision
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a batch size of 1 per device, gradient accumulation steps of 4, and a total of 5 epochs. The optimizer used
is AdamW with a fused implementation, and the learning rate follows a linear decreasing scheduler strategy.
The regularization weight decay of 0.01 and a gradient clipping threshold of 0.3.

A.2 Human Study

We select 30 samples randomly for each participant and show the online input followed by its offline version,
as shown in[0] In this way, the participant gets rid of being affected by the prior offline information.
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