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Abstract

Social Intelligence Queries (Social-IQ) serve as the primary
multimodal benchmark for evaluating a model’s social in-
telligence level. While impressive multiple-choice question
(MCQ) accuracy is achieved by current solutions, increasing
evidence shows that they are largely, and in some cases en-
tirely, dependent on language modality, overlooking visual
context. Additionally, the closed-set nature further prevents
the exploration of whether and to what extent the reason-
ing path behind selection is correct. To address these limi-
tations, we propose the Visually Explainable and Grounded
Artificial Social Intelligence (VEGAS) model. As a gener-
ative multimodal model, VEGAS leverages open-ended an-
swering to provide explainable responses, which enhances
the clarity and evaluation of reasoning paths. To enable visu-
ally grounded answering, we propose a novel sampling strat-
egy to provide the model with more relevant visual frames.
We then enhance the model’s interpretation of these frames
through Generalist Instruction Fine-Tuning (GIFT), which
aims to: i) learn multimodal-language transformations for
fundamental emotional social traits, and ii) establish mul-
timodal joint reasoning capabilities. Extensive experiments,
comprising modality ablation, open-ended assessments, and
supervised MCQ evaluations, consistently show that VEGAS
effectively utilizes visual information in reasoning to produce
correct and also credible answers. We expect this work to of-
fer a new perspective on Social-IQ and advance the develop-
ment of human-like social Al

Code — https://github.com/lihac921/VEGAS

Introduction

Human-level Al necessitates not only formidable reasoning
abilities at the individual level, but also must exhibit social
intelligence akin to that of humans in social contexts. This
motivates the study of the topic of Artificial Social Intel-
ligence (ASI) (Bainbridge et al. 1994; Dautenhahn 2007),
which aims to advance machine comprehension and interac-
tion within complex social contexts. The Social-IQ bench-
mark (Zadeh et al. 2019) exemplifies this challenge through
a multiple-choice question (MCQ) task, which allows the
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How does the older woman feel when the woman in white throwing out her food?
A She feels upset because she thinks the woman in white is being ridiculous.

B:She feels happy ...  C:..is being rude. D:... is being wasteful.

(a) ABCD) A She feels upset.. || (b) ABCD
Multi- o Multi-
choice 2 choice =
3 +V 206 +V A She feels upset..
) The older woman seems Open :'heb older womughapplaeu;s
Open-  @@SAD to be upset..She is seen OPen- o be upset ... She looks
ended crying and looking sad. ended G at the woman in white
with a frown on her face.
(c) A" QA = QAV 1 Max unit: %
81
747476 1877 & 6o 74 76
63 65 g5 65 1 66
~82 57/ 57 A
2'8/:32 32 28
Social-1Q* DeSIQ* MMTC-ESC Video-LLaVA DeSIQ Ours

Figure 1: (a) An existing approach selects the correct option
without knowing the question or even the video context, re-
vealing incorrect rationale in the open-ended answers. (b)
Our study begins with a correct reasoning path grounded
in the video, ensuring reliable selection. (c) Our model en-
hances visual engagement, reduces the language shortcut,
and achieves comparable but more reliable MCQ accuracy.
* denotes the baseline of the corresponding method.

integration of video, audio, and subtitles to test models’ rea-
soning ability regarding social dynamics. This benchmark is
a valuable resource of ASI, as it mirrors the complexity of
real-world social scenarios.

Social-IQ posed significant challenges for advanced
VideoQA methods when it was first introduced (Zadeh et al.
2017; Lei et al. 2018; Liang et al. 2018): relying solely on
the question and answer (BlindQA) resulted in near-random
accuracy. With the ongoing advancements of Large Lan-
guage Models (LLMs), recent multimodal approaches incor-
porating them have more than doubled this accuracy. How-
ever, as illustrated in Figure 1 (c), these improvements are
largely due to the LLMs’ shortcut effect, i.e., exploiting
inherent spurious correlations between questions and op-
tions, while visual context is almost entirely disregarded in



the answering process. DeSIQ (Guo, Li, and Haffari 2023)
even found that a T5-small language model (Raffel et al.
2020) could achieve 100% accuracy on Social-1Q-1.0 under
BlindQA, highlighting a significant language bias in Social-
1Q. Moreover, current solutions, whether based on Trans-
former (Yang et al. 2021; Pirhadi, Mirzaei, and Eetemadi
2023), LSTM (Kumar, Mittal, and Manocha 2020), con-
trastive learning (Wilf et al. 2023; Xie and Park 2023), or
compositional models (Natu, Sural, and Sarkar 2023), typi-
cally rely on uniformly sampled frames that fail to provide
question-relevant visual context, let alone capture the nu-
anced social traits embedded in the videos. These limitations
and data biases lead models to exploit language shortcuts for
selection (Niu et al. 2021; Cho et al. 2023; Lao et al. 2023).

The consequences are profound. i) Such models face
doubts about their ability to meet Social-IQ’s goal: dis-
cerning the correct option through comprehensive reasoning
about multimodal social traits. ii) The closed-set nature of
MCQ amplifies these concerns, as it restricts the exploration
and assessment of whether the selected answers truly reflect
the underlying reasoning. In contrast, open-ended answers
provide deeper insights, as shown in Figure 1 (a), where a
model reliant on shortcuts reveals its ungrounded rationale.
These challenges and opportunities encourage us to develop
a more transparent and reliable approach to Social-IQ.

To combat these issues, in this paper, we propose a novel
Visually Explainable and Grounded Artificial Social Intel-
ligence (VEGAS) framework for Social-IQ. Specifically,
we opt for a generative approach, as seen in recent Mul-
timodal Large Language Models (MLLMs), to enable Ex-
plainable open-ended responses, facilitating the probing and
measuring of reasoning paths. To deliver visually Grounded
answering, we employ a dual-pronged strategy consist-
ing of Language Guided Sampling (LGS) and Generalist
Instruction Fine-Tuning (GIFT). Firstly, the LGS equips
the model with the ability to sample question-relevant video
frames in social interactions, guided by language cues in
the form of explicit descriptions, causal questioning, and
nuanced differentiation. We craft the dataset and learning
strategy to enable effective LGS supervision in the absence
of timestamp annotations. However, the sampled frame fea-
tures often exhibit disordered temporal relationships due to
the temporal embedding in the pre-trained video encoder,
which is optimized for uniformly spaced frames. This leads
to misinterpretations of social activities, such as touching vs
hitting, which are crucial for understanding latent social at-
titudes. To address this, we propose a Temporal Attention
Module (TAM) to restore the order in these frames, en-
suring coherent sequencing without a secondary encoding.
Secondly, the goal of GIFT is to learn an effective un-
derstanding of sampled visual features, which requires ad-
vanced abilities from the subsequent reasoning modules. To
achieve that, we first integrate the Social Traits Projector
(STP) to learn transformation for fundamental emotional
traits (video, image, and audio) into the language space. Fol-
lowing this, we perform joint fine-tuning of STP and LLM
using an expansive multimodal social interaction dataset.
This results in VEGAS-generalist, an enhanced version ex-
celling in joint reasoning, enriched social commonsense, and
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advanced expertise in sociology and psychology.

In this study, we prioritize the correctness of the reasoning
path over mere pursuit of maximum accuracy. We uncover
and assess the reasoning of open-ended answers using Chat-
GPT. The evident accuracy improvement of VEGAS high-
lights the consistency between its reasoning and the correct
selection, cf. Figure 1 (b). Furthermore, modality ablation in
MCQ reveals that VEGAS significantly suppresses language
shortcuts, improving visual context utilization from -0.43%
to 9.28%. Finally, VEGAS achieves state-of-the-art perfor-
mance with a more credible and scalable implementation.
Contributions of this paper are summarized as follows:

o We for the first time introduce VEGAS, a visually ex-
plainable and grounded social intelligence model that
mitigates language shortcut effect in Social-IQ and ef-
ficiently considers visual context answering.

e We propose a dual approach to enhance the relevance of
video frames and improve their interpretation, ensuring
accurate and visually grounded answers.

e We introduce VEGAS-generalist, a sophisticated
human-like social Al that demonstrates profound under-
standing and analytical expertise in social dynamics.

Related Work
Social-1Q

The Social-IQ-1.0 benchmark (Zadeh et al. 2019) was in-
troduced in 2019 to evaluate the social intelligence level of
Al models with MCQ task. Social-IQ-2.0 soon updates the
benchmark with newly annotated questions and answers. As
solutions, (Natu, Sural, and Sarkar 2023) incorporate ex-
ternal knowledge retrieved from Visual COMET (Park et al.
2020) to augment the multimodal features with social com-
monsense. MMTC-ESC (Xie and Park 2023) leverages con-
trastive learning with emotional cues to build cross-modal
correlations of features. Just Ask Plus (Pirhadi, Mirzaei,
and Eetemadi 2023) uses multi-headed attention and trans-
former encoders to compute representations for the ques-
tions and answers, then calculates their similarity for selec-
tion. F2F-CL (Wilf et al. 2023) conducts fine-grained graph
contrastive learning by decomposing the social interaction
according to speaking turns. Moreover, Social-IQ is also a
popular benchmark in many generic video understanding
models (Li et al. 2024; Xu et al. 2023; Fei et al. 2024b).
Despite ongoing efforts, few studies have addressed the
language shortcut issue in Social-IQ. A model-side solution
(Gat et al. 2020) once proposed to use loss regularization
for generic classifier debiasing, achieving a 2% improve-
ment on Social-IQ but lacked further analysis. DeSIQ (Guo,
Li, and Haffari 2023) is the only approach so far address-
ing language biases by empirically substituting incorrect an-
swers with correct ones from other samples. In contrast, our
model-side approach directly enhances visual information
usage as effectively as DeSIQ but with higher accuracy.

Multimodal Large Language Models

Recent advancements in MLLMs have significantly en-
hanced video question answering (VideoQA) (Chen and



Dolan 2011; Yu et al. 2019; Fei et al. 2024a,d). These mod-
els effectively integrate various modalities (Yu, Yoon, and
Bansal 2024; Wu et al. 2024a; Zhu et al. 2023; Yu, Yoon,
and Bansal 2024; Wu et al. 2024b; Fei et al. 2024c¢), such as
audio, video, and depth, by projecting features from frozen
encoders into the language space, leveraging them to pro-
duce natural language responses. Video-LLaMA (Zhang, Li,
and Bing 2023) integrates visual and audio features from
frozen encoders using Q-Former (Li et al. 2023). Video-
ChatGPT (Maaz et al. 2023) uses liner layers to project tem-
poral and spatial features extracted from videos to the LLM,
and generate conversations accordingly. PG-Video-LLaVA
(Munasinghe et al. 2023) strengthens the MLLM with pixel
level grounding ability by introducing grounding modules
like scene detector and object tracker. Video-LLaVA (Lin
et al. 2023) incorporates visual encoders pre-aligned with
language for unified understanding.

Although appealing, using them for social intelligence is
non-trivial, as they default to uniformly sampled frames,
missing critical visual details for Social-IQ. Recent generic
models that retrieve relevant video segments (Xu et al. 2023)
or frames (Li et al. 2024) have shown some improvements
on Social-IQ, but the absence of targeted social designs
limits their abilities. Despite this, the generative pipeline
holds potential for bridging the gap between current research
and human-like social Al (Chandra, Shirish, and Srivastava
2022; Duéiiez-Guzman et al. 2023; Liu et al. 2025).

Methodology
VEGAS Framework

As shown in Figure 2, the VEGAS framework integrates
video, image, and audio encoders from LanguageBind (Zhu
et al. 2023) to process inputs of various modalities, along
with a word embedding layer for text encoding. While the
video encoder is primarily used for the Social-IQ task, we
include image and audio encoders for better scalability and
general applicability.

First, all n candidate frames are encoded by the video en-
coder. In the LGS, the sampler selects k£ frames that align
with the language hint—either a question (for inference) or
its fusion with an answer (for training). The TAM then re-
stores the temporal relationships among the sampled frames.
To connect the encoders with the LLM, we use linear layers
(Lin et al. 2023) to build the Social Traits Projector (STP),
which learns transformations of modality social traits. Based
on the multimodal features and word embeddings, the LLM
generates either free-form text or selected options as per user
instructions. During the GIFT stage, we fine-tune the STP
along with the LLM, resulting in VEGAS-generalist.

Language Guided Sampling (LGS)

Sampler Structure. Let V' represent the sequence of n
uniformly sampled video frames, and () denote the language
hint consisting of m words. We encode these inputs using the
video and text encoders, producing f,q for the visual frames
and f, for the text. Here, f,o is computed with pre-trained
temporal embeddings, where each frame is associated with
a CLS token that encapsulates its global visual feature. To
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The man feels surprised. This sudden interaction may have
caught him off guard, leading to a moment of surprise and

possibly a mix of emotions such as curiosity, confusion, or

even a sense of discomfort.

& Lora)

A: He feels confused
by the woman because
he doesn't know her.

LLM (Vicuna)
4 {GIFT ;

Word o Image Audio Word
Embedding Video Encoder Encoder Encoder Embeddlng
How does the man 788 B 6 ..Uh, Holly listen,
feel when the woman t‘ :‘l{'z‘.‘m Ny | gm MHM“ T'm a little late for
runs up to him? — this thing.

Figure 2: Architecture of VEGAS. The system encodes mul-
timodal inputs with frozen encoders. These inputs are pro-
jected into LLM space using a trainable Multimodal Projec-
tor, enabling nuanced answer generation that captures social
attitudes in interactions like emotions.

explore the causal relevance between V' and (), we compute
a contextualized representation for the visual features using
the ATP transformer block (Buch et al. 2022) as

fqo = ATP(Linear v(f$53), Linear_q( f,)). (1)

Here, f$35 denotes the CLS token for each frame. Based
fqu. We calculate the relevance logits as:

logits = Linear_qv(f,,) € R™*4, (2)

where d is the dimension of visual feature. Then, we select
the top-k frames as

fo = Top-K(logits, f,o) € RF*%. 3)

The Top-K function is implemented to be differentiable by
introducing stochastic perturbations during training (Cor-
donnier et al. 2021) for optimization. At inference, we di-
rectly select the indices of logits with the top-k values as
key frame indicators.

Temporal Attention Module (TAM). The selected k
frame features from Eq. (3) are encoded with temporal em-
bedding T* designed for k frames (typically k = 8). In such
a process, encoding n frames (n > k) requires repeating 7'
for n/k times, which disrupts temporal coherence. We in-
troduce the TAM to restore the order of sampler output f,.
First, the f, from Eq. (3), as illustrated in Figure 3, can be

broken down as
fo=Fi+TY. )

We additionally learn a new temporal embedding 7% for
sampled frames, which is defined and initialized as

1
va
Then, we construct new relationships using a CLIP attention
module (Zhu et al. 2023) as

TF e R**4 ~ N(0

for = fo +TF, ©
fu2 = CLIPAtt(LayerNorm( f,1)), (7
Fos = for + foz. ®)
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Qt: What is happening in the video?
At: A group of older men walks into an ice
rink to play curling.

S2: A man sitting on a couch and
reading a book. A woman enters
the room and starts talking to him.

S1: The man is reading and the
woman is pointing at something.

Causal

LGS Datasets

[Ql;Al] LGS & [Q:A]
Q Q
MUY Q: How does the baby react after the boy
| feeds himself near the end?
Loss Al A" <-Loss_, A: Swing her arms.

Q1: What are they doing?
Al: The man is reading the papers while

the woman is pointing at something.
— GPT#—

Q2:What is the man doing on the couch
when the woman enters the room?
A2: The man is reading a book.

> Al > A
— >A) Loss > A,
> 81/S5 > 51/8:

Figure 3: Left: The proposed Language Guided Sampling modules. Right: Three datasets are crafted for LGS training, incor-

porating descriptive, causal, and nuanced language cues.

Here, f,3 is the final output of LGS and then used as input
of STP. We use residual connections considering uniform
frames may still be needed in tasks like video captioning.

Sampling Data Construction. We craft targeted data for
LGS learning due to the lack of timestamp annotations. We
aim for three kinds of sampling ability as illustrated in Fig-
ure 3. Firstly, the basic localization ability based on ex-
plicit description. We create a composite video V' by ran-
domly selecting, shuffling, and merging three video clips
from the Video-ChatGPT dataset (Maaz et al. 2023). The
training sample is then defined as (V,Q1, A1), where the
QA pair from clipl is used for video captioning training.
This setup compels the sampler to accurately locate frames
in clipl when provided with the language hints ()1 and A;.
Secondly, the ability to capture frames that have causal rela-
tions with language hints. For this, we employ the QA sam-
ples from the temporal subset of Next-QA (Xiao et al. 2021).

Thirdly, the ability to distinguish key frames based on nu-
anced details in less varying social interactions.We use the
TVQA dataset (Lei et al. 2018) for its rich social dynamics.
We use a self-refinement strategy to enforce the model to
recall and locate these dynamics according to its own mem-
ory. For each video, we begin by creating pseudo samples
through two rounds of random sampling (: € {1,2}), each
selecting k frames from the video. We then use the base-
line model to generate captions S7 and .S, for the two clips,
which serve as the memory. Next, we prompt ChatGPT to
craft distinctive QA pairs based on the captions. Finally, we
construct two samples of the same video as

Sample, = (V,Q;, A;, Si) ,i € {1,2}. 9)

This design ensures that (); can only be correctly answered
with A,, with temporal moment in V' captured by .S;.

Training Pipeline
LGS Training. To effectively train the LGS modules, we
employ QA pairs as language hints of sampler for the de-
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scriptive and causal samples generated above. The predicted
free-form answers A} and A’ are supervised with their
ground truths. For the generated pseudo data, each sample
is utilized in two ways, as depicted in Figure 3. i) The QA
task is formulated as

Al = LLM(Q;, S(V, Q;, Ay)),i € {1,2}, (10)

where the sampler S(-) generates key frame features for V
conditioned on @; and A;. ii) The video captioning task is
conducted as

S; =LLM(Q,S(V, S;, 4i)),i € {1,2}, (11)

where (Q = “Describe the video.”. The model predictions
are supervised with the CrossEntropyLoss function.

GIFT 1: STP Emotion Transformation Learning. We
initialize the STP module using the linear visual projector
from Video-LLaVA (Lin et al. 2023), which ensures optimal
alignment between visual and language modalities through
captioning tasks. For social intelligence purposes, we cus-
tomize STP by multimodal-language transformation learn-
ing using emotion recognition as the proxy task. The process
is formulated as optimizing p(F | LLM(STP(Z))), where
Z represents the encoded multimodal features and E de-
notes the predicted emotional category. In this process, Mel-
spectrogram features are extracted from audio tracks and en-
coded with a Vision Transformer (ViT). We also incorporate
audio captioning data to augment the model’s understanding
of the ongoing audio events.

GIFT 2: STP&LLM Joint Representation Learning.
We fine-tune the STP and the LLM together on an ex-
tensive multimodal social interaction dataset, which is
helpful for joint reasoning and human-aligned answer-
ing. By “joint”, we refer to both the model and data
aspects, allowing a sample to contain multiple modali-
ties instead of only one. Specifically, we process multi-
modal input <mm> concurrently by concatenating visual fea-
tures with audio features (if any). For subtitles, we treat



them as an individual modality in training to differenti-
ate the primary user instruction (question) from the dia-
log content. This also helps in understanding ongoing so-
cial interactions through conversations. To enhance robust-
ness, we organize modalities of each training sample us-
ing two sequences: <mm><subtitle><question> and
<gquestion><mm><subtitle>.

Experiments
Settings

Data Details. In this study, we report results on Social-
1Q-2.0 and leverage various datasets and their transforma-
tions in training as Table 1 shows. For the LGS, we craft
data based on TVQA (Lei et al. 2018), Next-QA (Xiao et al.
2021), and Video-ChatGPT (Maaz et al. 2023). For the STP,
we use RAVDESS (Livingstone and Russo 2018), Audio-
Caps (Kim et al. 2019), CMU-MOSEI (Zadeh et al. 2016),
and Expression in-the-Wild (ExpW) (Zhang et al. 2018). For
VEGAS-generalist, we integrate TVQA and CMU-MOSEI
for multimodal joint training. We incorporate expert insights
distilled by ChatGPT from Social-IQ data (Zadeh et al.
2019) to provide in-depth analysis. We also use a portion of
Video-ChatGPT data to mitigate catastrophic forgetting. We
use the original Social-IQ in MCQ experiments. The com-
bined dataset totals approximately 240,000 samples.

Joint

< =

Dataset | Sampling | STP |

TVQA =
Next-QA
Video-ChatGPT
RAVDESS

AudioCaps
CMU-MOSEI

ExpW
Social-1Q-expert&MCQ

Data size |

PANVAN

d

i ]

B A

-
43k

3k | 165k |

Table 1: Datasets used at different training stages.

Training Details. For the sampler, we set n = 32 and
k = 8, and encode language hints with the text encoder from
CLIP ViT-B/32 (Radford et al. 2021). We initiate the LGS
from scratch and train the sampling process with a learning
rate of 2e-4. The STP module is pre-trained with a learn-
ing rate of le-6. For the joint tuning of the STP and LLM,
we set their learning rates to 2e-5 and 2e-4, respectively and
train for three epochs. The Vicuna-7b LLM (Chiang et al.
2023) is fine-tuned using Low-Rank Adaptation (LoRA)
with 7 = 128 and a@ = 256. Note that the joint tuning is
performed for both VEGAS-generalist in open-ended QA
and VEGAS in supervised MCQ, but on different datasets.
All training is conducted on 4 A100 40G GPUs with a batch
size of 64. All training proceeds for one epoch except for
supervised MCQ, which is trained for three epochs.

Metrics. Following Video-ChatGPT (Maaz et al. 2023),
we use GPT-3.5-turbo to assess Accuracy (%) and Score (1-
5) for open-ended answers. Accuracy determines if the an-
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swer matches the correct option, while the Score measures
how closely they are aligned. All four candidate options are
included in the evaluation for rigor. For MCQ, Accuracy is
calculated directly by literal matching. We use the first letter
of Question, Answers, Video, and Subtitles to denote each
modality, respectively.

Open-Ended QA

Zero-shot Results. We start by probing the correctness
of the reasoning path in the answers. Table 2 presents re-
sults comparison with strong MLLM baselines, and module
ablations of our proposed designs. By zero-shot, we refer
to the VEGAS model with LGS rather than the fine-tuned
VEGAS-generalist.

The ablations in the QV setting demonstrate the effective-
ness of the proposed sampling strategy and the temporal at-
tention. We find that using fewer candidate frames (n = 16)
improves accuracy but harms the consistency score. This
might indicate that the generated answers only roughly align
with the correct option, but fail to cover details or rationales.
The TAM addresses this problem by reconstructing temporal
relationships when working with more candidate frames. In-
terestingly, even though the VEGAS model primarily affects
vision branch, the improved QVS metric (49.5% vs 51.2%)
indicates that better visual features can enhance the model’s
understanding of the conversation in subtitles.

Model Qv Qvs
Score Accuracy Score Accuracy
Video-LLAMA 1.6 36.1 1.7 37.9
Video-ChatGPT 34 43.5 34 49.2
PG-Video-LLaVA 34 42.8 35 48.5
Video-LLaVA 34 422 34 49.5
2.7 -

VEGAS -6 2.8 46.1 - -
VEGAS 1232 wio TAM 32 46.1 33 49.0
VEGAS -3 34 46.1 3.5 51.2
VEGAS-generalist wostp 3.1 48.4 3.6 51.5
VEGAS-generalist 34 48.5 3.9 54.9

Table 2: Modality and module ablation results in the open-
ended setting.

VEGAS-generalist. The results in Table 2 highlight the
modular effectiveness of GIFT and its learning strategy.
Similar to TAM in VEGAS, the STP module significantly
improves VEGAS-generalist, mitigating score drops from
newly introduced designs. The STP shows notable gains in
both Score and Accuracy across QV and QVS settings. The
improvement in QVS further supports the beneficial inter-
actions between modalities. Note that, despite leveraging
Social-IQ expertise in GIFT, we avoid using answers as la-
bels directly for better generalization ability.

Figure 4 shows examples comparing answers from frozen
VEGAS and tuned VEGAS-generalist. VEGAS accurately
identifies relevant frames and provides correct visual evi-
dence (e.g., “ironing the clothes™), but struggles with in-
depth analysis. As expected, VEGAS-generalist provides re-
sponses well-aligned with ground truths and enriched with



Why doesn't the woman turn around when the man starts talking to her?
A: She doesn't turn around because she doesn't want to face the man and talk o him.

The woman doesn't turn around when the man starts
talking to her because she is focused on her task of
ironing the clothes.

The woman doesn't turn around when the man starts

SPEAKER_00 :
SPEAKER_O1:
SPEAKER_00 :
SPEAKER_O1:
SPEAKER_0O :
don't know.

SPEAKER_O1:
SPEAKER_00 :

So, how are you?

Fine.

Are you sure? Is anything wrong?
No, nothing.

No. I don't know either.

Something's wrong. I don't see you for almost two years, and then... T

I guess they say that, you know, that it's difficult at first and...

talking to her because she is feeling overwhelmed
and emotionally distressed. Her body language, such
» as not turning around, can indicate her discomfort
or reluctance to engage in the conversation. This
behavior could be a sign of her trying to avoid
confrontation or emotional distress, as turning
around can be a nonverbal cue of disinterest or
discomfort in social interactions

How do the people feel about their situation?

in the middle of nowhere.

B: The people feel dissatisfied in their situation because they are lost

SPEAKER_00: What you got? I got no service. How about you?

got nothing, man.
SPEAKER_00: Where the hell are we, anyway?

hour ago. I think we're in here someplace. That's like 60 miles back...

SPEAKER_O1: T hardly get service in the city, let alone the desert. Yeah,

SPEAKER_O1: Uh, let me see. Okay. We, um... We passed this dot about an

2 , flat tire. They are also seen walking down the road, which
suggests that they are in a difficult situation.
The individuals in the conversation feel a sense of
frustration and discomfort due to the lack of service in the
T = desert and the long journey ahead. They express a desire to

The people in the video seem to be in a state of disfress, as
they are seen standing in the middle of the desert with a

be closer to civilization and amenities, indicating a sense of
dissatisfaction with their current location. ...Overall, their
tone and comments reflect a mix of impatience and a desire
for change in their circumstances.

Figure 4: Open-ended QA examples of VEGAS (blue arrows) and VEGAS-generalist (

video with subtitles, respectively.

expert analysis, demonstrating a deeper understanding.

Multi-Choice QA

Modality Ablation. We first perform modality ablation
studies in supervised MCQ. Table 3 shows that while DeSIQ
improves performance in setting A, its advantage wanes in
setting QA due to unresolved data bias. Additionally, it has
difficulty understanding conversations in subtitles. In con-
trast, VEGAS mitigates shortcut effect in both A and QA
settings while improving subtitle comprehension. More im-
portantly, it significantly enhances the use of visual informa-
tion, with a notable accuracy increase of 9.28%.

We also conduct full-parameter fine-tuning of LLM to ex-
plore potential improvements over LoRA tuning. Unexpect-
edly, the baseline method performs worse under this set-
ting, likely due to the disruption of strong prior knowledge.
Contrastively, despite a decrease in maximum accuracy for
VEGAS-full, it surprisingly demonstrates significant im-
provements in reducing language shortcuts and enhancing
the visual modality contribution by 30.63%. This evident
advantage proves that, despite the overfitting risk associated
with full-parameter fine-tuning, our approach avoids relying
on spurious correlations in the language input. In subsequent
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arrows) using video alone and

Model Al QAl QaAv QAVS
DeSIQ* 6335 64.63 6228 (g5 -
DeSIQ 2807 5723 6893 1,7 37720
Video-LLaVA 69.57 7177 7134 (_g43 7917
VEGAS 5700 6623 7551 (1905 80.90
Video-LLaVAfill  66.01 7346 T4.75(41 09) 7551
VEGAS-full 3053 4746 73.67(13063) 7637

Table 3: Modality ablation results in supervised MCQ. 4 de-
notes that the audio modality is used along with the subtitles.
* denotes baseline of the method.

experiments, we continue with the LoRA version of VEGAS
due to its comprehensive and balanced performance.

Maximum Accuracy Comparison. The upper part of Ta-
ble 4 compares maximum accuracy across models. DeSIQ
shows better performance when using audio rather than
subtitles as an auxiliary modality. Overall, the proposed
VEGAS model demonstrates state-of-the-art performance.
There are some generative vision-language models (Xu et al.
2023; Li et al. 2024) also reported zero-shot binary Accu-



Mode | Model Setting Accuracy
Just-Ask MC 52.12

- Just-Ask-Plus MC 53.35

51 DeSIQ* MC 64.63

= DeSIQ MC 74.134)

g MMTC-ESC* MC 74.91

a MMTC-ESC MC 75.94
Video-LLaVA MC 79.17
VEGAS MC 80.90
R-VLM Unknown 63.7

:é IVA Unknown 68.0

B Video-LLaVA MC 60.6

g Video-LLaVA OE 52.5

N VEGAS MC 60.0
VEGAS OE 66.0

Table 4: Maximum accuracy comparison under supervised
(upper) and zero-shot (lower) settings. 4 denotes that the
audio is used as an auxiliary modality.

racy evaluated with ChatGPT on Social-IQ, which means
they only compare the prediction with the correct answer. It
is also unclear whether they handle open-ended or closed-
set QA, the latter being defined by provided answer options.
Therefore, we compare under both scenarios in the lower
part of Table 4. Note that IVA was jointly trained with 34k
NEXT-QA samples in addition to 136k instruction-tuning
data. In contrast, our VEGAS model, trained on only 33k
samples designed for the sampler, achieves 66.0% accuracy,
closely matching IVA’s 68.0%.

Exploring Emotion Understanding Ability

Emotion Recognition. Emotions are crucial indicators of
people’s attitudes during social interactions. We use the
IEMOCAP (Busso et al. 2008) dataset for multimodal emo-
tion recognition validation, which includes emotional con-
versations from actors in both scripted and spontaneous spo-
ken scenarios. As shown in Table 5, baseline models display
varying performance, likely due to characteristics of their
instruction tuning datasets. For instance, Video-ChatGPT is
trained on ActivityNet-200 (Caba Heilbron et al. 2015) with
a stronger focus on human activities. VEGAS-generalist
achieves superior performance: 25.5% with video alone,
35.8% with video and subtitles, and 37.4% when incorpo-
rating audio additionally.

Emotional Video Captioning. When observing social
events, we humans naturally perceive the underlying sen-
timents and the nuanced emotions at play. In this part,
we investigate such ability on a random subset of EmVid-
Cap dataset (Wang et al. 2022). The dataset bridges visual
content and linguistic sentences by combining factual and
emotional elements in captions. We use uniformly sampled
frames as input since a captioning task often requires full-
length video understanding.

The lower part of Table 5 presents scores reported by
GPT-3.5-turbo, which was prompted to focus on emo-
tional consistency. Despite the zero-shot setting, VEGAS-
generalist gains evident advantages over generic MLLM
baselines. Examples in Figure 5 further demonstrate human-
like reasoning and analyzing processes, underscoring the in-
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Model v V+Sub V+Sub+Aud
Video-LLAMA 15.3 17.8 17.1
Video-ChatGPT 222 25.0 -
PG-Video-LLaVA 7.6 18.9 -
Video-LLaVA 16.4 16.6 -
VEGAS-generalist 25.5 35.8 37.4
Video-LLAMA 0.5 0.5 0.4
Video-ChatGPT 1.1 1.3 -
PG-Video-LLaVA 0.9 1.2 -
Video-LLaVA 1.5 2.0 -
VEGAS-generalist 1.7 2.3 1.7

Table 5: Accuracy of emotion recognition on IEMOCAP
(upper), and ChatGPT score on EmVidCap (lower).

telligence level and broader implications of our approach.

The video captures a young boy's infense concentration and
determination as he tries to solve a Rubik's cube. His facial expressions reveal
his frustration and exasperation as he struggles to solve the puzzle. The boy's
body language and gestures convey his emotional state, from his fense fingers
gripping the cube to his exasperated sighs and throws of the puzzle.

The video captures a young boy sitting at a desk, working on a
math problem. He appears to be struggling with the problem, as he slams his
head down on the desk in frustration. The camera captures his emotional
reaction, showing the viewer the intensity of his feelings. The boy's facial
expressions and body language convey a sense of overwhelm and despair, as he
grapples with the difficulty of the problem. The scene is a poignant reminder
of the challenges that children can face in their academic pursuits, and the
emotional toll that these challenges can take on young individuals.

Figure 5: Video captioning examples from EmVidCap.

Conclusion

In this study, VEGAS is introduced to address the trust
crisis in Social-IQ, where high selection accuracy often
stems from significant language shortcuts. VEGAS utilizes
a modality scalable, generative, multimodal large language
model (MLLM) to deliver open-ended answers that re-
veal the reasoning behind selections. We first incorporate
a novel Language Guided Sampling (LGS) technique to
extract question-relevant visual features. Then we employ
a specialized Generalist Instruction Fine-Tuning (GIFT) to
produce VEGAS-generalist to interpret social traits from
them, which excels in broader social reasoning with expert-
level analytical capabilities. Extensive evaluations demon-
strate that VEGAS significantly enhances the integration of
visual context, ensuring that it plays a pivotal role in rea-
soning, while effectively mitigating reliance on language
shortcuts. Notably, VEGAS-generalist excels in social un-
derstanding with expertise in psychology and sociology, po-
sitioning it as an advancing human-like social Al.
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