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Abstract

Multimodal social interaction understanding (MMSI) is
critical in human-robot interaction systems. In real-world
scenarios, AI agents are required to provide real-time feed-
back. However, existing models often depend on both past
and future contexts, which hinders them from applying to
real-world problems. To bridge this gap, we propose an
online MMSI setting, where the model must resolve MMSI
tasks using only historical information, such as recorded
dialogues and video streams. To address the challenges of
missing the useful future context, we develop a novel frame-
work, named Online-MMSI-VLM, that leverages two com-
plementary strategies: multi-party conversation forecast-
ing and social-aware visual prompting with multi-modal
large language models. First, to enrich linguistic context,
the multi-party conversation forecasting simulates poten-
tial future utterances in a coarse-to-fine manner, antici-
pating upcoming speaker turns and then generating fine-
grained conversational details. Second, to effectively in-
corporate visual social cues like gaze and gesture, social-
aware visual prompting highlights the social dynamics in
video with bounding boxes and body keypoints for each per-
son and frame. Extensive experiments on three tasks and
two datasets demonstrate that our method achieves state-of-
the-art performance and significantly outperforms baseline
models, indicating its effectiveness on Online-MMSI. The
code and pre-trained models will be publicly released at
https://github.com/Sampson-Lee/OnlineMMSI.

1. Introduction

Multi-modal Social Interaction Understanding (MMSI) fo-
cuses on interpreting complex interactions among multiple
participants by leveraging both verbal and non-verbal cues,
such as language, gestures, and gaze [6, 14, 34, 50, 52, 53,
73]. Key tasks in MMSI include speaking target identifica-
tion, pronoun coreference resolution, and mentioned player
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Figure 1. Existing multimodal social interaction methods rely on
both past and future contexts for accurate social understanding.
This mechanism is not practical in real-world use case, which
requires immediate interpretation and response. Our proposed
model is able to correctly learn the features from solely the his-
torical data, and respond to users in an online stream.

prediction [52]. MMSI is pivotal for advancing human-
robot social interactions, enhancing applications such as AI-
powered assistants for social assistance and collaborations.
For example, smart AR glasses can aid autistic individu-
als in understanding social cues [27, 38], while intelligent
robots can get involved with humans at social events [9].
Hence, the development of MMSI has garnered significant
interest within the computer vision community [52].

Prior studies primarily focused on offline setting, extract-
ing language-keypoint features by leveraging both past and
future contexts at a given moment [52]. However, real-
world AI assistants must interpret and respond to social
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dynamics in real time without access to future information
(i.e., an online setting). To bridge this gap, we introduce
Online-MMSI, a new problem setting aiming to develop
a more responsive and practical intelligent system. As il-
lustrated in Figure 1, when prompted with a query such as
Which player is the speaker referring to?, the AI assistant
must reply based solely on previous frames and utterances.

However, relying solely on past information can leave
the model uncertain about social cues that often become
clear through subsequent context. As illustrated in Figure 1,
in the speaking target identification task, when Player2 says,
“I robbed with you,” the referent Player0 later responds with
“You robbed me,” providing crucial cues for the model to
identify whom Player2 is referring to. Similarly, in the pro-
noun coreference resolution and mentioned player predic-
tion tasks, when a speaker refers to another participant, sub-
sequent utterances from others often help clarify the refer-
ent. Hence, without access to future context, models expe-
rience a significant performance drop in the online setting.

Cognitive studies shows that humans overcome the ab-
sence of future context by anticipating social interac-
tions [28, 39, 68]. For instance, for better decisions in social
interactions, humans often must understand the thinking of
others and predict their intentions and actions. Additionally,
integrating visual cues such as gaze and gestures with lan-
guage enhances contextual understanding [51, 52, 91]. As
shown in Figure 1, when historical utterances alone are am-
biguous, the visual cues–such as the pointing gesture of the
speaker–serve as critical disambiguating contexts. Inspired
by these findings, we propose a novel framework, named
Online-MMSI-VLM, that leverages multi-modal large lan-
guage models [4, 26, 96, 98, 99, 103]. To capture compre-
hensive social linguistic-visual context, we introduce two
key techniques: (i) multi-party conversation forecasting and
(ii) social-aware visual prompting. The proposals are in-
spired by the cognitive strategies and enabled by the strong
reasoning ability of the multi-modal large language models.

First, to enrich the linguistic context in real-time so-
cial interations, we introduce multi-party conversation fore-
casting. Some studies have explored conversation fore-
casting [12, 79, 90], which aim to address structure con-
straints, detect detrailment, and moderate harmful behav-
iors between the user and the AI agent. In this paper, we
focus on conversation forecasting in real-world multi-party
social interaction, which is more complicated. We observe
that directly forecasting detailed multi-party conversations
in one step is overly complex and leads to sub-accurate pre-
dictions. To improve the quality of forecasting, we propose
a coarse-to-fine approach: the model first predicts upcom-
ing speaker turns and then generates the corresponding ut-
terances. This step-by-step strategy better mimics human
social reasoning and improves forecasting accuracy.

Second, we propose social-aware visual prompting to

highlight the dynamic social cues from the visual modality.
Our empirical results indicate that naively feeding raw im-
ages to the model degrades performance or achieves subop-
timal results, as capturing dynamic and complex social cues
remains challenging for the model. Recent studies show
that visual prompting enable more fine-grained and pixel-
level instructions on multimodal input for multimodal large
language models [55, 107]. Therefore, we introduce a novel
social-aware visual prompting for MMSI, which marks the
positions, postures and gestures of the whole group. This
approach enables the model to better interpret visual social
dynamics, e.g., a person is pointing or looking at another.

We evaluate our approach using two multi-modal large
language models on three key MMSI tasks: speaking tar-
get identification, pronoun coreference resolution, and men-
tioned player prediction. Experiments are conducted on the
Werewolf Among Us dataset, which comprises two sub-
sets (YouTube and Ego4D) of social deduction games [50].
On the YouTube subset, our method improves the counter-
part by 5.78% in speaking target identification, 5.43% in
pronoun coreference resolution, and 1.13% in mentioned
player prediction in performance. Similarly, on the Ego4D
subset, our approach surpasses the prior art by 2.08% in
speaking target identification, 5.36% in pronoun corefer-
ence resolution, and 2.40% in mentioned player prediction
in performance. These results highlight the effectiveness of
our proposed methods in real-world Online-MMSI systems.

In summary, our contributions are threefold:
• We introduce Online-MMSI, a novel task where AI sys-

tems must interpret multimodal social interactions in real
time using only historical dialogues and videos.

• We propose Online-MMSI-VLM, a multimodal large lan-
guage model framework that integrates multi-party con-
versation forecasting and social-aware visual prompting.
To the best of our knowledge, it is the first work to use
multi-modal large language models for advancing MMSI.

• We conduct extensive experiments for three tasks using
two models on two social datasets. The experimental re-
sults establish a strong benchmark for Online-MMSI and
demonstrate the effectiveness of our proposals.

2. Related Works

2.1. Multi-modal Social Interaction Understanding

Multi-modal Social Interaction Understanding (MMSI)
aims to interpret complex interactions among multiple par-
ticipants by leveraging both verbal and non-verbal cuese [6,
14, 34, 50, 52, 53, 73]. For non-verbal social cues, MMSI
intends to perceive social meaning from visual behaviors
such as body gestures [3, 7, 15, 46, 65, 72, 102, 118], gaze
patterns [22, 30, 31, 37, 59, 60, 71, 84, 85, 93], and facial
expressions [3, 24, 25, 29, 36, 57, 67, 75, 78, 88, 100, 119].
For verbal social cues, MMSI addresses techniques for un-
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derstanding linguistic signals such as speaker intent [19, 40,
41, 49, 69, 89, 92, 105], dialogue sentiment [13, 18, 32, 58],
and commonsense reasoning [8, 56, 76, 82, 83, 87, 94, 117].
For multimodal social cues, MMSI integrates verbal and
non-verbal modalities to holistically interpret social interac-
tions, such as recognizing emotions [10, 74, 80, 111, 113],
conversational dynamics [1, 42, 45, 52, 81, 86], and social
situations [44, 50, 54, 64, 101, 106, 112].

Despite these advances, current research typically fo-
cuses on the offline setting, where the model can have ac-
cess entire video frames and dialogues to make predictions.
However, such setting does not align well with many real-
time demands, where the model can only leverage histori-
cal information (i.e. the online setting). Although methods
from recent research [52] can theoretically be adapted to
online settings through data rearrangement, they do not ad-
equately account for the challenge of missing future social
cues in the online setting, resulting in limited effectiveness.
In our work, we investigate the online setting for MMSI and
propose novel methods to address the challenge.

2.2. Multi-Modal Large Language Models
Multi-Modal Large Language Models (MLLMs) have
demonstrated outstanding performance in vision-language
tasks [2, 5, 16, 20, 21, 61, 62, 66, 77, 95–97, 109, 110, 114–
116, 122]. This success is attributed to their strong under-
standing and reasoning capabilities, which are particularly
beneficial for addressing complex and dynamic MMSI.

With the growing focus on online scenarios [23, 35, 48,
104, 120, 121], several online MLLMs have been devel-
oped for training and deployment [17, 33, 63]. Prior work
has explored conversation forecasting for predicting derail-
ment [12], harmful behaviors [90], and turn-taking [70]. Vi-
sual prompting [11, 55, 107, 108] has also proven effec-
tive in enhancing MLLM performance. In this work, we
introduce online MMSI and propose multi-party conversa-
tion forecasting and social-aware visual prompting to cap-
ture social cues in real-time interactions.

3. Methodology
Our goal is to develop a multimodal large language model
capable of interpreting real-time social interactions solely
based on historical information. As illustrated in Figure 2,
our framework, Online-MMSI-VLM, takes as input the user
prompt, the historical utterances and video frames. It then
generates an immediate response for social tasks such as
speaking target identification, pronoun coreference resolu-
tion, or mentioned player prediction. To fully leverage the
previous context and address the missing future informa-
tion, we propose two complementary techniques: (i) multi-
party conversation forecasting and (ii) social-aware visual
prompting. Below, we detail our training pipeline and ex-
plain how they improve online social comprehension.

3.1. Training Pipeline
Overview. At timestep t, the system receives:
• User prompt (Pt): a query or instruction regarding the

social context. The task-specific prompts are “Identify
which player the speaker is talking to?”, “Determine
which player a pronoun refers to?”, and “Predict which
player is mentioned by name?”. The forecasting query is
“ Predict the upcomping speakers’ turns and then predict
the upcoming utterance of each speaker”.

• Historical dialogues (D(t−d):t): the most recent d time
steps of dialogue history are included. Each entry con-
sists of both the speaker identity and the corresponding
utterance, e.g., “[Player0]: I’m the troublemaker.”

• Recorded video frames (V(t−d):t): the most recent d
time steps of video frames that includes the participants’
faces, gestures, gaze, and other social cues. These frames
help the model interpret dynamic non-verbal behaviors.

To ensure the model focuses on the most relevant and re-
cent context, we set the window length d as a fixed hyper-
parameter (e.g., covering the last few seconds or dialogue
turns). We adopt Qwen2.5 VL 7B [96] and Llama3.2 VL
11B [26] as our MLLM backbones. For Qwen2.5 VL 7B,
we dynamically sample video at a rate of 1 frame per sec-
ond (fps) as visual input. While for Llama3.2 VL 11B, we
sample six frames from each video clip evenly and arrange
them into a single 3×2 grid-like image as suggested by pre-
vious work [47]. During training, we fine-tune the model
via supervised learning on two objectives:
1. Task-specific objective: The model learns to produce

correct answers for MMSI tasks (i.e., the speaking target,
the referred player, and the mentioned person).

2. Forecasting objective: An auxiliary utterances predic-
tion objective, forcing the model to anticipate future di-
alogue turns and content (detailed in Section 3.2).
Let Lmmsi and Lforecast denote the loss for the MMSI task

and forecasting respectively, our training objective is:

Ltotal = Lmmsi + Lforecast. (1)

We employ parameter-efficient fine-tuning, LoRA [43],
on top of a MLLM. This reduces overall computational cost
and helps the model adapt to the new domain of social in-
teraction understanding. Specifically, we train all new or
adapted parameters with a unified cross-entropy loss.

3.2. Multi-party Conversation Forecasting
Motivation. Purely relying on past utterances can leave the
model uncertain about social cues that often become clear
in subsequent conversation turns. Inspired by humans’ an-
ticipation for social interaction [39, 68], we introduce multi-
party conversation forecasting to predict future utterances.
Coarse-to-fine forecasting. Directly predicting the full ut-
terances of each future speaker in a single step can be overly
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Multi-party Conversation ForecastingResponse
Player0. 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?

Player0 Player1 Player2 Player3 Player4

Player0 Player1 Player2 Player3 Player4

Figure 2. The training pipeline in our Online-MMSI-VLM. The model takes the user prompt, historical dialogues and recorded video
as input and generates an immediate response. To capture rich linguistic-visual social dynamics, we introduce two novel techniques: (i)
multi-party conversation forecasting to enrich language context, and (ii) social-aware visual prompting to facilitate the social visual cues.

complex and may lead to sub-par generation. Instead, we
propose a two-stage, coarse-to-fine approach:

1. Speaker-turn prediction: The model first generates a
sequence of four upcoming speaker labels, e.g. “The
upcoming speakers’ turns: Player0, Player4, Player0,
Player3”, specifying who speak next and in what order.

2. Utterance refinement: For each predicted speaker, the
model then produces a fine-grained utterance. For in-
stance, “The upcoming 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?”. This step mimics human conversa-
tion patterns, where we first anticipate who might speak
and then try to guess what they would say.

The above process can be formulated as:

Ŝt+1:t+K = fVLM
θ (D(t−d):t), (2)

Ût+1:t+K = fVLM
θ

(
Ŝt+1:t+K ,D(t−d):t

)
, (3)

where Ŝt+1:t+K denotes the predicted sequence of speakers
over the next K turns, and Ût+1:t+K represents the corre-
sponding generated utterances for each speaker.

During fine-tuning, we append future conversation to-
kens to the training examples. After the answer for the
MMSI task at time t, we let the model generate the next four
speaker labels and utterances and calculate the total loss.

3.3. Social-aware Visual Prompting
Motivation. We aim to capture non-verbal social cues like
gaze direction, pointing gestures, or the proximity between

participants. Simply feeding raw frames into the MLLM of-
ten proves insufficient, as subtle body motions of social in-
teraction are easily lost in standard visual encoders. Hence,
we propose a social-aware visual prompting mechanism
that better highlights social visual cues of the participants.
Social-aware annotations. For each frame in the recent
history, we annotate all visible participants with:
• Speaker labels, aligning players with linguistic speaker.
• Bounding boxes, indicating the location of participants.
• Body keypoints, highlighting each person’s posture, gaze

direction, facial expression, and possible gestures.
As shown in Figure 2, we integrate these annotations by

overlaying them directly onto the video frames. To distin-
guish between individuals, we assign a unique color to each
person’s annotation and include a system prompt specify-
ing the mapping: “The red, blue, green, yellow, purple,
and orange colors correspond to Player0, Player1, Player2,
Player3, Player4, and Player5, respectively.” Annotated
frames are fed into the visual encoder, providing a more
fine-grained representation of the social scene, such as who
is speaking and how they are oriented relative to each other.

The annotated frame V(t−d):t are extracted into a visual
feature representation via the visual backbone. This repre-
sentation is then concatenated with the tokenized historical
dialogues D(t−d):t and the user prompt Pt. The final multi-
modal embedding is then processed by the language head to
produce an online response ŷt for each social query:

ŷt = fVLM
θ

(
[V(t−d):t, D(t−d):t, Pt]

)
, (4)

where ŷt represent the predicted speaking target, the refer-
ent of a pronoun, or the name of a mentioned player. In this
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Past Future

Speaking Target Identification

Pronoun Coreference Resolution

Mentioned Player Prediction

[Player2]: I think we're voting to the 
left. 
[Player4]: We think there are two 
werewolves in the middle? 
[Player2]: Yeah. 
[Player0]: And you saw villager and 
werewolf when you were seer, right?

[Player1]: Yeah. Villager and 
werewolf.
[Player0]: All right. 
[Player4]: I'd be ready to vote if you 
guys are. 
[Player0]: I'm just, honestly, now 
I'm worried about [Player3].

Online output: Player2 × Offline output: Player1 

[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 × Offline output: Player3 

[Player0]: I said I'm the 
troublemaker and I switched 
[Player3] with somebody. 
[Player2]: That's true, yeah. 
[Player0]: And [Player3] then said 
villager. And then you were the last 
to say robber. So we kill [MASK].

[Player4]: Rip. 
[Player0]: Rip [Player4]. 
[Player4]: So what are we doing?
[Player2]: I think we're voting to 
the left.

Online output: Player3 × Offline output: Player4 

…

…

…

Figure 3. Illustration of the challenges in transitioning from offline
to online settings. In the online-MMSI scenario, the model lacks
access to future utterances, which often contain crucial social cues.

way, the model can focus on important regions like body
keypoints (e.g., to decode “Player0 is pointing at Player4”).

4. Experiments
4.1. Implementation Details
We select LLaMA-3.2-Vision-11B [26] and Qwen2.5-VL-
7B [96] as our multimodal large language models, which
are representative state-of-the-art models. We apply instruc-
tion tuning with LoRA [43], which is applied specifically to
the query and value projection layers, to further specialize
these two models for our tasks. Specifically, we use an al-
pha value of 16, dropout of 0.05, and rank of 512 for the
LoRA settings. We use a learning rate of 1 × 10−4 for the
speaker identification and mentioned player prediction tasks
and 1×10−3 for the pronounce coreference task. The batch
size is set to 1, with gradient accumulation steps of 4. The
models are trained for 5 epochs on the three tasks. The
historical window length d is set as 10 dialogue turns and
forecasting is set as 4 utterance turns. The average duration
of each turn is around 2.8 seconds. More detailed hyperpa-
rameters are provided in the supplementary material.

4.2. Datasets
We conduct experiments on two social deduction game
datasets: YouTube and Ego4D. In the Online-MMSI set-
ting, we cut the future information and extend the historical

Offline → Online MMSI [52] Qwen [96] Llama [26]

Speaking Target
Identification 72.7 → 59.1 72.8 → 62.4 77.8 → 55.2

Pronoun Corefer-
ence Resolution 65.9 → 63.4 67.3 → 61.9 68.2 → 62.9

Mentioned Player
Prediction 58.8 → 47.3 54.5 → 46.2 62.8 → 45.4

Table 1. Performance comparison (%) between offline and online
settings for three social tasks on the YouTube dataset. Here, Qwen
and Llama only used conversation information.

length to 10 utterance turns in each sample.
YouTube dataset. This dataset contains 151 games of One
Night Ultimate Werewolf, which corresponds to 151 sep-
arate videos with 14.8 hours and transcripts comprising
20,832 utterances. Specifically, it has 3,255 samples for
speaking target identification, 2,679 for pronoun corefer-
ence resolution, and 3,360 for mentioned player prediction.
Ego4D dataset. This dataset 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 tran-
scripts containing 5,815 utterances, with 832 samples for
speaking target identification, 503 for pronoun coreference
resolution, and 472 for mentioned player prediction.
Evaluation. In our experiments, we follow MMSI [52] to
report the overall accuracy of the predicted referent.

4.3. Performance Comparison
Offline vs. Online. We first compare performance between
the offline setting (where future context is available) and the
new online setting (where only past information is used).
Table 1 shows the performance of three models for three
social tasks on the Youtube dataset. We can see remov-
ing future context leads to a considerable drop in accuracy
for all three tasks, i.e., from 10.4% to 22.7% in speak-
ing target identification, from 2.5% to 5.4% in pronoun
coreference resolution, and from 8.3% to 17.4% in men-
tioned player prediction. This underscores the challenge of
Online-MMSI, inferring social cues without looking ahead.

In addition, we evaluate language-only models, Qwen
and LLaMA, in the online setting. We observe that, in
the offline setting, these two LLMs generally outperform
MMSI (a VL model). However, their performance signif-
icantly declines in the online setting, falling below that of
MMSI. This indicates that both LLMs effectively leverage
future context to enhance performance, underscoring the
importance of future context across all three tasks. Addi-
tionally, visual information remains critical, particularly in
the more challenging online setting.

Figure 3 illustrates example inputs for three social tasks.
In the online setting, only past data is available, whereas the
offline setting includes both past and future context. Blue
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text marks the time step when a social query begins regard-
ing to the speaker, while green text highlights future utter-
ances containing useful social cues. As shown, future con-
text often provides critical signals for social interaction un-
derstanding. For example, in speaking target identification
and mentioned player prediction, the referent frequently re-
sponds to the initial speaker, offering strong cues. Similarly,
in pronoun coreference resolution and mentioned player
prediction, other participants often reiterate or clarify the
referent in subsequent turns. These future cues significantly
enhance the performance of offline MMSI models. How-
ever, in real-world applications, it is impractical for systems
to delay responses while waiting for future context (e.g.,
several conversation turns). To address this challenge, we
introduce the Online-MMSI task and propose the Online-
MMSI-VLM framework, which enables real-time social un-
derstanding without relying on future information.
Online-MMSI-VLM. Tables 2, 3, and 4 summarize the
performance of our proposed Online-MMSI-VLM across
speaking target identification, pronoun coreference resolu-
tion, and mentioned player prediction. “Mod”, “L”, and
“V” are abbreviations for modality, language, and vision,
respectively. We can see our models achieve state-of-the-
art performance compared to MMSI. Specifically, on the
YouTube subset, our Llama-based full models improve the
counterpart by 5.78% in speaking target identification, 3.9%
in pronoun coreference resolution, and 1.13% in mentioned
player prediction in performance. Similarly, on the Ego4D
subset, our approach surpasses the prior art by 2.08% in
speaking target identification, 5.36% in pronoun corefer-
ence resolution, and 2.40% in mentioned player prediction.

In addition, we observe that conversation forecasting
consistently improves performance across all tasks. For ex-
ample, in the pronoun coreference resolution task on the
YouTube dataset, applying forecasting boosts Qwen’s ac-
curacy from 61.95% to 65.20%. Similarly, in speaking
target identification, forecasting improves Llama’s perfor-
mance from 55.19% to 63.36%. This confirms that predict-
ing upcoming conversational turns and utterances helps the
model compensate for the lack of future context in the on-
line setting. Moreover, social-aware visual prompting fur-
ther enhances model performance by effectively incorpo-
rating non-verbal social cues. This is particularly evident
in the pronoun coreference resolution task, where adding
visual prompting raises Qwen’s accuracy from 65.20%
to 68.83% and Llama’s from 64.63% to 67.30% on the
YouTube dataset. Furthermore, we find that the full config-
uration combining language forecasting and visual prompt-
ing achieves the best overall performance in nearly all cases.

When comparing tasks, we observe that pronoun coref-
erence resolution is generally the easiest task, achieving the
highest accuracies (up to 68.83%), followed by speaking
target identification, while mentioned player prediction is

Model Mod Forecast Prompt Youtube Ego4D
MMSI L+V - - 59.10 59.63
Qwen L - - 62.44 56.57
Qwen L

√
- 63.96 60.00

Qwen L+V
√

- 63.51 60.00
Qwen L+V

√ √
64.58 61.71

Llama L - - 55.19 52.00
Llama L

√
- 63.36 58.28

Llama L+V
√

- 64.43 57.14
Llama L+V

√ √
64.88 61.71

Table 2. Performance comparison results for the speaking target
identification task on YouTube and Ego4D datasets.

Model Mod Forecast Prompt Youtube Ego4D
MMSI L+V - - 63.40 55.35
Qwen L - - 61.95 50.89
Qwen L

√
- 65.20 54.46

Qwen L+V
√

- 67.87 54.46
Qwen L+V

√ √
68.83 60.71

Llama L - - 62.88 55.35
Llama L

√
- 64.63 56.25

Llama L+V
√

- 60.17 55.35
Llama L+V

√ √
67.30 58.03

Table 3. Performance comparison results for the pronoun corefer-
ence resolution task on YouTube and Ego4D datasets.

Model Mod Forecast Prompt Youtube Ego4D
MMSI L+V - - 47.30 41.02
Qwen L - - 46.24 35.52
Qwen L

√
- 46.52 36.84

Qwen L+V
√

- 46.24 32.89
Qwen L+V

√ √
47.20 39.47

Llama L - - 45.43 38.15
Llama L

√
- 45.98 38.15

Llama L+V
√

- 47.34 32.89
Llama L+V

√ √
48.43 43.42

Table 4. Performance comparison results for the mentioned player
prediction task on YouTube and Ego4D datasets.

the most challenging task, with accuracies below 50% in
most settings. This suggests that resolving ambiguous pro-
nouns benefits more from the historical context and fore-
casting, whereas predicting masked mentioned players is
more difficult due to sparse clues and less references.

4.4. Conversation Forecasting
Table 5 examines how the two components of our coarse-to-
fine forecasting–speaker-turn prediction and detailed utter-
ance generation–impact each MMSI task. For this ablation,
we adopt Qwen2.5-VL on the YouTube dataset for three so-
cial tasks. Enabling both forecasting steps yields the high-
est accuracy, confirming that anticipating upcoming speaker
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Task
Speaker
Turns

Detailed
Utterances Result(%)

Speaking Target
Identification

- - 62.44√
- 60.31

-
√

62.69√ √
63.96

Pronoun Corefer-
ence Resolution

- - 61.95√
- 64.63

-
√

64.92√ √
65.20

Mentioned Player
Prediction

- - 46.24√
- 46.39

-
√

45.93√ √
46.52

Table 5. Effects of the conversation forecasting components on
the performances for three social tasks. We adopt the Qwen model
and conduct evaluations on the YouTube dataset.

Dataset Youtube (%) Ego4D (%)
Length 2 4 8 2 4 8
Speaking Target
Identification 62.44 64.58 61.98 62.03 61.71 59.43

Pronoun Corefer-
ence 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 6. Effects of the conversation forecasting length on the per-
formances for three social tasks. We adopt the Qwen model and
conduct evaluations on the YouTube and Ego4D datasets.

roles and content helps the model clarify ambiguous refer-
ences. We further test different forecasting lengths (i.e., 2,
4, or 8 future turns). Table 6 shows that 4-turn forecasting
typically offers the best trade-off between performance and
complexity on both YouTube and Ego4D datasets.

4.5. Visual Prompting
To highlight the effect of visual prompting, we introduce
three types of image annotations–text (speaker identity la-
bels), rect (bounding boxes), and point (body keypoints)–
and incrementally enable them. As reported in Table 7,
overlaying identity labels, bounding boxes, and body key-
points consistently boosts performance. This improvement
illustrates that highlighting each player’s position and ges-
tures helps the model better understand the social scene.

4.6. Qualitative Results
Online-MMSI-VLM. Figure 4 presents qualitative exam-
ples of three social tasks in streaming video, demonstrat-
ing how our method accurately identifies relevant social
context using only previous dialogue turns and annotated
frames. Given user queries such as “Predict which player is
mentioned by name?”, “Determine which player a pronoun

Speaking Target Identification

[Player0]: Is that you or is that, 
is it that... This is you.

[Player3]: I was a troublemaker and 
I switched [Player2] and [Player0]. 

Timestamp = 02:34 Timestamp = 02:37

…

T
he target is P

layer3. 

Identify w
hich player the 

speak
er is talk

ing to?

…

Video and dialogue streams

[Player3]: He like, what's he 
microwaving?

[Player2]: Is anyone going to 
say anything? 

Timestamp = 02:25 Timestamp = 02:27

Pronoun coreference resolution
Video and dialogue streams

Video and dialogue streams

T
he referent  is P

layer4. 

D
eterm

ine w
hich player a 

pronou
n refers to?

[Player0]: You saw [MASK]’s card?[Player2]: What? 

Timestamp = 02:18 Timestamp = 02:19
P

redict w
hich player is 

m
entioned by nam

e?

T
he nam

e is P
layer2. 

…

Mentioned player prediction

Real-world human-robot interaction

Player1 Player2 Player3Player0 Player4 Player1 Player2 Player3Player0 Player4

Player1 Player2 Player3Player0 Player4Player1 Player2 Player3Player0 Player4

Player1 Player2 Player3Player0 Player4 Player1 Player2 Player3Player0 Player4

Figure 4. Qualitative results demonstrating the effectiveness of
Online-MMSI-VLM for three online social tasks.

Task Text Rect Point Performance

Speaking Target
Identification

√
- - 63.51√ √

- 62.13√ √ √
64.58

Pronoun Corefer-
ence Resolution

√
- - 67.87√ √

- 68.13√ √ √
68.83

Mentioned Player
Prediction

√
- - 46.24√ √

- 46.31√ √ √
47.20

Table 7. Effects of the different visual prompting on the perfor-
mances for three social tasks. We adopt the Qwen model and con-
duct evaluations on the YouTube dataset.

refers to?”, and “Identify which player the speaker is talk-
ing to?”, our approach effectively predicts the correct refer-
ent solely based on previous video and dialogues, providing
immediate and contextually appropriate responses.
Generated Conversations. Figure 5 presents two exam-
ples of generated future speaker turns and utterances, where
green text indicates accurate and consistent conversations
with the ground truth and yellow denotes different but rea-
sonable utterances. Although the predicted turns and word-
ing may differ slightly from the ground truth, the model suc-
cessfully produces plausible speakers and content that align

7



Generated

Ground Truth

Previous
[Player2]: He could be a drunk. 
[Player1]: Which ones did you 
look at again? I can't remember. 
[Player0]: I looked at just his 
card. 
[Player1]: Just his card.

[Player0]: Yeah. 
[Player1]: Okay. What did you 
see? 
[Player0]: I saw a werewolf. 
[Player2]: That's a little 
suspicious.

[Player0]: Yes. 
[Player1]: And it said it was a 
werewolf? 
[Player2]: I suddenly don't think 
you're a seer. 
[Player1]: His said werewolf?

[Player1]: The Insomniac. 
[Player5]: That's funny because 
I'm the Insomniac. 
[Player1]: That's funny because 
I'm the Insomniac. 
[Player4]: They have the same 
story.

Generated

Ground Truth

Previous

[Player1]: I was the Insomniac.
[Player5]: So you're saying he's 
lying?
[Player1]: Yeah. 
[Player5]: And you're saying 
you're the Insomniac?

[Player5]: For real. 
[Player4]: Ah, that's a 
convenient card. 
[Player1]: I was the Insomniac. 
[Player5]: What were you now?

Figure 5. Samples of generated and ground truth conversations.

Video MLLM Description

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.

The person in the center appears to be
speaking, as indicated by their open mouth
and the direction of their gaze towards the
other participants. The other individuals
are looking at the speaker, indicating that
they are listening attentively.

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

.

.
..

.

.
..

.

.

.

..

.
. .

.

.
. . .

.

.

Player1 Player2 Player3 Player4Player0

Player1 Player2 Player3 Player4Player0

Player1 Player2 Player3 Player4Player0

.
.

Speaker labels

Speaker labels + Bounding boxes 

Speaker labels + Bounding boxes
+ Body keypoints

Figure 6. VLLM descriptions on videos with different prompting.

with the surrounding context and human social reasoning.
This helps the model build a more coherent understand-
ing of the ongoing dialogue. In the first example, the gen-
erated utterances reinforce the exchange between Player1
and Player5 regarding the Insomniac role. In the second
example, the forecasting captures a multi-party interaction
among Player0, Player1, and Player2 concerning the ob-
servation of another player’s card. Through these experi-
ments, we observe that conversation forecasting remains a
challenging task due to the inherent unpredictability of real-
world dialogue and the current limitations of LLMs in com-
plex social reasoning. However, our purpose is to leverage

the forecasting to facilitate social interaction understanding,
which doesn’t require exact and detailed forecasting.
Descriptions on Different Visual Prompting. Figure 6 il-
lustrates how the model responds to annotated frames. We
provide Qwen2.5 VL with videos containing different vi-
sual promptings and issue the query: “Describe the social
interaction cues in the video.” The generated descriptions
are presented in Figure 6, where green text indicates accu-
rate social descriptions, red highlights misleading or incor-
rect descriptions, and black denotes general, non-specific
descriptions. The results demonstrate that, by annotating
each participant with bounding boxes, body keypoints, and
identity labels, the LLM produces more accurate and de-
tailed 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 social-aware visual prompting effectively
emphasizes critical regions of interest, thereby improving
the model’s ability to interpret subtle social dynamics.

5. Conclusion

We introduce a new task, Online Multimodal Social Inter-
action Understanding, which requires models to interpret
social interactions using only historical information. This
setting better aligns with real-world human-robot interac-
tion scenarios, where future context is unavailable, present-
ing the challenge of missing crucial future social cues. To
address this problem, we propose Online-MMSI-VLM, a
novel framework built upon state-of-the-art MLLMs. In-
spired by how humans manage real-time social interactions,
our approach integrates two key techniques: (1) multi-party
conversation forecasting, which anticipates future dialogue
turns to enrich linguistic context, and (2) social-aware vi-
sual 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. Fur-
ther ablation studies validate the individual contributions of
each proposed component. We believe this work takes an
important step toward enabling practical and robust social
AI systems capable of operating in realistic environments.

Limitations. While our method achieves strong perfor-
mance on practical Online MMSI, several limitations re-
main. First, the approach relies on external preprocessing
steps as previous approaches [52], 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 cur-
rent LLMs, which may struggle with complex or subtle so-
cial dynamics. Future work may explore end-to-end solu-
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tions and more advanced reasoning mechanisms to further
enhance online social interaction understanding.

6. Appendix

6.1. Implementation Details
The training of our video-based model is built upon
the Qwen2.5-VL-7B-Instruct1 [96] or Llama-3.2-11B-
Vision2 [26] architecture with image splitting disabled.
The model operates with bfloat16 precision and em-
ploys flash attention 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 × 42 × 10 pixels per
frame; for Llama-3.2-11B-Vision, the maximum image size
is 1120 × 1120 pixels. In preprocessing, we resize the video
to 640 × 360 and set the frame rate to 5.0 FPS. A LoRA-
based [43] 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 lay-
ers. The training configuration includes 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 imple-
mentation, 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.

6.2. Effects of Frame Per Second (FPS)

FPS 0.5 1.0 2.0 3.0 4.0 5.0
Speaking Target
Identification 62.98 64.58 63.05 63.51 62.29 64.12

Table 8. Impact of FPS on speaking target identification perfor-
mance (%). We use Qwen2.5-VL-7B-Instruct and conduct exper-
iments on the YouTube dataset.

Table 8 presents the performance of the Speaking Target
Identification task under different FPS settings. The FPS
values range from 1.0 to 5.0, and the corresponding iden-
tification accuracy is reported. The results indicate that
the performance remains relatively stable across different
FPS values, with minor fluctuations. The highest accuracy
(64.58%) is observed at 1.0 FPS, while the lowest (62.29%)
occurs at 4.0 FPS. These findings suggest that increasing the
FPS does not necessarily improve accuracy and that lower
FPS settings might be sufficient for this task.
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