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Abstract

Humans possess an innate ability to under-
stand fine-grained interpersonal relationships,
which is central to everyday social interac-
tions. Although such reasoning is inherently
multimodal, it remains largely unexplored by
existing multimodal large language models
(MLLMs). To address this gap, we introduce
PIVOTS, the first benchmark built from Social-
1Q 2.0 and YouTube data to evaluate MLLMs’
ability to predict bidirectional interpersonal re-
lationship dimensions grounded in established
psychology research. In addition, PIVOTS in-
cludes auxiliary tasks that assess models’ abil-
ity to identify and leverage the critical visual
cues underlying such predictions. We evaluate
both proprietary and open-source MLLMs and
conduct detailed ablation studies to analyze the
effects of visual modalities and explicit social
role information in conversational utterances.
We further examine how joint and pairwise pre-
diction settings benefit MLLMs in scoring bidi-
rectional PIVOTS dimensions.

1 Introduction

Humans routinely infer interpersonal relationships
in everyday social interactions, a skill essential for
collaboration, persuasion, trust formation, and con-
flict resolution. Moreover, our ability to attribute
social relationships is inherently fine-grained and
cannot be represented by conventional social cat-
egories such as family, friends, colleagues, or ac-
quaintances. As illustrated in Fig. 1, although both
examples depict a parent—child relationship, the un-
derlying social dynamics differ dramatically: in the
left example, the interaction is largely positive and
cooperative, whereas in the right example it is tense
and adversarial. An Al system capable of reasoning
about such fine-grained interpersonal dimensions
could both facilitate everyday human interactions
and enhance multi-agent collaboration(Li et al.,

2023) and socially aware decision making(Park
et al., 2023).

Recent advances in large language models
(LLMs) have attracted interest in their potential
for social intelligence (Zhu et al., 2025; Mou et al.,
2025; Talebirad et al., 2025), yet interpersonal rela-
tionship reasoning remains largely unexplored. Re-
cent work has investigated whether existing LLMs
can assess interpersonal relationships from text
only corpora (Zhou et al., 2025). It is worth not-
ing that humans’ remarkable ability to infer social
dynamics stems from the orchestration of multi-
modal signals. Using Fig. 1 for illustration, the
left example demonstrates a case where linguistic
content alone is insufficient and visual cues are crit-
ical for interpretation, whereas in the right example
visual and linguistic signals jointly inform social
reasoning. Notably, a systematic study of whether
Multimodal Large Language Models (MLLMs) can
leverage multimodal cues to decipher social dynam-
ics is still missing from the community.

To bridge this gap, we present PIVOTS, the first
benchmark for evaluating MLLMs on interpersonal
relationship reasoning, constructed using data cu-
rated from Social-IQ 2.0 (Wilf et al., 2023) and
YouTube. Specifically, we consider six dimensions
grounded in prior psychology research (Wish et al.,
1976): egalitarian vs. hierarchical power (P), super-
ficial vs. intense involvement (I), positive vs. nega-
tive valence (V), socioemotional vs. task-oriented
objective (0), temporary vs. enduring permanence
(T), and cooperative vs. competitive stance (S)

Unlike prior work that models interpersonal re-
lationships unidirectionally (Rashid and Blanco,
2017), our benchmark adopts a bidirectional set-
ting that evaluates whether MLLMs can predict
how each subject interprets the interpersonal re-
lationship with the other across six dimensions.
This design is motivated by information asymmetry,
where two participants in the same interaction may
form different beliefs about their relationship due
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Figure 1: Understanding complex social dynamics requires joint reasoning over language and visual cues. Although
both examples involve parent—child interactions, they exhibit drastically different configurations across multiple
interpersonal dimensions. Moreover, conversational utterances alone are often insufficient to reason about these
dimensions, whereas visual cues provide complementary signals.

to asymmetric perspectives, roles, and communica-
tive intent. In addition to bidirectional dimension
scoring, we introduce auxiliary visual reasoning
tasks to evaluate whether MLLMs can identify and
interpret the visual cues underlying interpersonal
relationship predictions.

In our experiments, we first evaluate prevail-
ing MLLMs on the PIVOTS benchmark, and then
conduct a detailed analysis of how different input
modalities and explicit role information in con-
versational utterances contribute to model perfor-
mance. We further explore alternative prediction
settings for interpersonal dimension scoring, show-
ing that modeling multiple dimensions together and
predicting bidirectional relationships in a paired
manner can offer advantages over independent pre-
diction in certain scenarios. Moreover, we inves-
tigate prompting strategies that inject human rea-
soning heuristics, examining how they yield clear
improvements in salient social interactions while
exhibiting limitations in contrastive and in-depth
social scenarios.

2 Related Work

2.1 Interpersonal Relationship Understanding

Social Relationship Recognition (SRR) has tradi-
tionally been formulated as a classification problem
over a fixed taxonomy of relationship types(Sun
et al., 2017; Li et al., 2017; Wang et al., 2010;
Li et al., 2020; Zhang et al., 2015). Video based
SRR methods typically focus on modeling tem-
poral interaction structure. For example, MSTR
introduced a multi scale spatio temporal reasoning
framework and released the VISR benchmark (Liu

et al., 2019). However, research in the social sci-
ences (Endsley, 2021) suggests that human social
interactions are highly complex and cannot be ade-
quately captured by conventional social roles such
as leader or teammate, as the same pair of roles
may exhibit drastically different social dynamics
across contexts and over time. More concretely,
conventional social roles fail to capture the subtle,
multimodal signals that actually drive social influ-
ence (Hoogeboom and Wilderom, 2020). Instead,
fine grained interpersonal relationships, such as
cooperation and competition, provide more infor-
mative signals for understanding social dynamics
(Wish et al., 1976). This dimensional perspective
has also been adopted in computational linguistics,
where interpersonal relational dimensions are in-
ferred from textual data (Rashid and Blanco, 2017).
Importantly, relationship signals in real world inter-
actions are often conveyed through multimodal be-
haviors rather than text alone, yet multimodal inter-
personal relationship identification remains largely
unexplored. To address this gap, we introduce a
novel benchmark that evaluates whether MLLMs
can infer six carefully defined interpersonal dimen-
sions from videos and dialogues and reason about
the visual cues underlying these relationships.

2.2 Multi-modal Social Intelligence
Benchmarks

A rich body of literature has studied explicit ver-
bal and nonverbal signal modeling in social set-
tings, including tasks such as active speaker lo-
calization (Grauman et al., 2022) and audiovisual
diarization (Xu et al., 2022). In contrast, our in-
vestigation is more closely related to efforts aimed



at developing computational models of social cog-
nition. Early research (Sun et al., 2017; Li et al.,
2017) in social cognition primarily focused on So-
cial Relationship Recognition (SRR) from static
images and explored domain adaptation across di-
verse social scenes. More recently, video-based
benchmarks such as MMToM-QA (Jin et al., 2024)
and AGENT (Shu et al., 2021) have utilized pro-
cedurally generated environments to probe core
psychological reasoning and Theory of Mind. (Lai
et al., 2023) introduce a multimodal benchmark that
studies persuasion strategy modeling using both lin-
guistic and nonverbal signals. While Social IQA
(Sap et al., 2019) and Social-IQ 2.0 (Wilf et al.,
2023) perform well in general social commonsense
evaluation, they lack a systematic framework for
measuring interpersonal dimensions derived from
social signals. Our PIVOTS benchmark addresses
this gap by probing whether MLLMs can under-
stand pairwise interpersonal relationship dimen-
sions, thereby pinpointing the strengths and limita-
tions of Al systems on social cognition capability.

3 PIVOTS Benchmark

3.1 PIVOTS Dimensions Definition

The foundation of our interpersonal relationship
definition is grounded in the theoretical framework
of (Wish et al., 1976), which identifies four fun-
damental dimensions underlying interpersonal per-
ception. We further expand the coverage by intro-
ducing two complementary axes, valence and tem-
poral dimension, based on insights from prior re-
search (Russell, 1980). We operationalize these six
dimensions using a five-point bipolar Likert scale,
ranging from -2 to +2. This mapping translates
nuanced social dynamics into discrete, quantifiable
ratings, facilitating robust computational model-
ing and further supervised learning. Formally, we
consider the following six axes:

» Egalitarian vs. Hierarchical Power (P): This
dimension relates to power distribution, status,
and control, indicating whether the individuals
involved have similar or different levels of power
and roles.

* Superficial vs. Intense Involvement (I): This
dimension reflects the depth, involvement, and
emotional investment in the relationship.

* Positive vs. Negative Valence (V): This dimen-
sion captures the degree of pleasantness and sat-
isfaction versus hostility in the relationship.

* Socioemotional vs. Task-Oriented Objective (0):

This dimension distinguishes between relation-
ships that are primarily personal and relaxed ver-
sus those that are goal-oriented, businesslike, and
structured.

o Temporary vs. Enduring Permanence (T): This
dimension distinguishes between relationships
that are primarily long-term based and with spe-
cific kind of commitment or those that are short-
termed and freewheeling.

e Cooperative vs. Competitive Stance (S): This
dimension, also referred to as affiliation or affect,
describes the degree of warmth, support, and
collaboration in the relationship.

Detailed definitions, five-point rating rubrics for
each dimension, and illustrative examples are pro-

vided in Appendix A.

3.2 Task Definition

In this section, we formally define a set of bench-
mark tasks derived from the six interpersonal re-
lationship axes introduced earlier. Apart from
the primary task of scoring the PIVOTS interper-
sonal dimensions, we introduce auxiliary tasks for
keyframe identification and grounded visual causal
reasoning to assess models’ ability to utilize vi-
sual information effectively. We present a visual
illustration of our tasks in Fig. 2.
Task 1: Six-Dimensional Scoring. Given the
video V, conversation utterance U/, and a directional
relationship DY 5, MLLMs aim to predict the corre-
sponding score R 5. Note that DY 5 specifies how
subject A interprets subject B along one of the six
interpersonal axes o € {P,I,V,0,T, S}. Specif-
ically, we define the relationship score prediction
via the following conditional probability:

R%B = p(’l“ ’ V.U, D%B)a

arg max
re{—2,-1,0,1,2}

where r represents the discrete candidate score for
each PIVOTS dimensions.
Task 2: Key Frame Identification.

Given video V and direction DY 5, MLLMs aim
to identify the key video frame that best reflects the
identification of the specified dimensional score.
Specifically, we define this task via the following
conditional probability:

Tip = argmax p(t|V,D4p),

te{l1,l2,....In}

where {I1, I5,...,I,} is the candidate image se-
quence sampled from video V.
Task 3: Visual Cue Causal Analysis.
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Figure 2: Overview of the three hierarchical tasks defined in the PIVOTS benchmark. The scoring task asks models
to assign six-dimensional PIVOTS relational scores from the video and conversation. The key-frame identification
task requires selecting the frame that best reflects a specified relational dimension, while the causality analysis task
reasons about the visual elements (e.g., facial expressions or gestures) that support the assigned score, enabling

causal grounding of social judgments.

Given a key frame 75 and direction D%,
MLLMs are prompted to select the visual cues that
support the identification of the corresponding rela-
tionship dimension score. We formalize this task
as the following conditional inference problem:

arg max p(C’TXCBaDiB)a (D

c€{01,02,...,0n

[ —
Cip =

where {01, 02, ...,0,} denotes a set of candidate
visual cues extracted from the key frame. For
a given query Q9 p, the selected cue C4 g corre-
sponds to the image evidence (e.g., facial expres-
sions, hand gestures, or body posture) that supports
the identification of R 5.

3.3 Data and Annotation

Data Source. To systematically study the tasks
defined in our benchmark, we design our data cura-
tion strategy to prioritize scenarios that show promi-
nent social signals and rich dynamics of interaction.
We derive our dataset from two primary sources,
ensuring a balance between interaction depth and a
comprehensive breadth of social contexts:

Social-1Q 2.0: We selected a high-quality subset
of 121 videos from the Social-IQ 2.0 dataset (Wilf
etal., 2023), focusing on explicit social interactions.
To strictly control for visual bias and information
leakage, we manually filtered out news interviews
and videos containing explicit visual markers (e.g.,

text overlays) that could directly hint at social roles.
Each selected video sample is segmented into 30-
second clips to ensure a consistent temporal context.
The resulting clips capture nuanced human inter-
actions (e.g., debates and casual conversations),
providing rich evidence for analyzing multiple fine-
grained social relationship dimensions.

YouTube Videos: Note that existing work on social
relationship understanding often focuses on overt
and expressive social behaviors, whereas many real-
world spontaneous interactions are more subtle,
restrained, and socially nuanced. To mitigate this
limitation, we augment our corpus with YouTube
data, structured across two primary dimensions:

* Interaction Dynamics: We target keywords asso-
ciated with complex communicative goals, such
as persuasion, and conflict resolution.

» Relational Contexts: The dataset spans a spec-
trum of social bonds, from intimate dyads (e.g.,
romantic and dissolved relationships) and famil-
ial ties (e.g., siblings) to zero-acquaintance dy-
namics among participants with divergent ideo-
logical backgrounds.

Notably, the interpersonal relationships in this cu-
rated subset are primarily reflected by the overall
interaction atmosphere rather than specific body
gestures within particular temporal segments. As
a result, this subset is less suitable for keyframe
identification or fine-grained causal analysis of in-



dividual visual cues. We make this trade-off to
diversify the coverage of interpersonal relationship
understanding. This additional data source com-
prises 70 videos and effectively complements the
predominantly casual interactions in Social-IQ 2.0.
All data usage complies with the original li-
censes of Social-1Q 2.0 and YouTube’s Terms of
Service; we release only video identifiers and anno-
tations to avoid redistributing copyrighted or iden-
tifiable content.
Data Selection. Following the grounding princi-
ples, we filtered the raw collection to ensure multi-
modal alignment. Specifically, we required that:
(1) multiple speakers are visible and audible; (2)
the interaction lasts longer than 30 seconds to al-
low for relationship development; and (3) the social
dynamic is not interpretable with trivial symbols.
Anneotations. We adopted a unified “model-first,
human-calibrated” annotation framework across
both video sources. We first construct reference
evidence from the original question—answer an-
notations for the Social-IQ 2.0 dataset, and from
retrieved video-based context for the YouTube
dataset. Concretely, we consolidated the refer-
ence evidence, basic video metadata, and the PIV-
OTS six-dimensional definitions with their rating
guidelines into a single prompt, and first used the
GPT-5 API to generate initial per-character scores
across all six dimensions. We then treated these
model-generated ratings as a starting point and per-
formed systematic human annotation, ensuring that
each score strictly aligns with the dimension defi-
nitions. For each dimension, we additionally anno-
tated key timestamps and brief rationales directly
grounded in observable cues (e.g., gestures and
actions, facial expressions, body posture and dis-
tance, and explicit supportive/refusals/directives in
dialogue), making the ratings traceable and inter-
pretable. When necessary, we focused on the most
interaction-salient characters (e.g., those dominat-
ing the exchange or driving relational changes) to
improve annotation consistency. Additional anno-
tation details are provided in Appendix C.
Inter-Annotator Agreement. We compute inter-
annotator agreement using the ordinal form of Krip-
pendorft’s alpha (Krippendorff, 2018). The overall
Krippendorff’s a value is 0.8125, indicating that
the dataset annotations are reliable. We refer to
Appendix D for additional details.
Benchmark Statistics Fig. 3 presents the statisti-
cal distribution of the Social-IQ 2.0 data and the
YouTube data. We leverage the GPT-5 API to auto-

matically annotate each video segment with Emo-
tion Tone dimensions, including serious, neutral,
positive, negative, and sarcastic. Notably, the distri-
butions across the two data sources differ substan-
tially: positive is the dominant category in Social-
1Q 2.0, whereas serious is the primary category in
the YouTube data. This difference aligns with our
earlier discussion, as we intentionally source more
in-depth interactions from YouTube to complement
and diversify the benchmark.

Our final benchmark comprises 595 VQA pairs
per PIVOTS dimension from Social-1Q 2.0 and 170
per dimension from YouTube. We further curate
483 additional VQA pairs for auxiliary tasks of key
frame identification and visual cue causal analysis.
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Figure 3: Label distributions across emotion and tone
dimensions for Social-IQ 2.0 and YouTube videos.

4 Experiments

4.1 Experiment Setup and Metrics

We evaluate both open-source and proprietary
MLLMs on our benchmark, including Gemini-
2.5 (Comanici et al., 2025), GPT-5 (Achiam et al.,
2023), and Qwen-3 models (Qwen-Team, 2025) of
varying sizes. For input-modality ablations and ad-
ditional analyses, we adopt the strong open-source
model Qwen-32B-VL as the base model.

The scores of PIVOTS axes are defined on a
five-point discrete scale from —2 to +2, yielding a
chance-level accuracy of 20%. The key-frame iden-
tification and causal analysis tasks are formulated
as five-option multiple-choice questions, which
likewise result in a chance-level accuracy of 20%.
For visual cue causal analysis, models are required
to select the two most relevant cues from five can-
didates. Partial credit of 0.5 is awarded when one
selected cue is correct, while full credit of 1.0 is
given when both selected cues are correct. Un-
der random selection, the expected chance-level
accuracy is 40%.



Task 1

Methods Task 2 Task 3
Avg P I \Y% (0] T S

Proprietary models

Gemini-2.5-pro  47.71 61.30 50.77 33.75 51.63  46.98 41.86 46.63 48.00
GPT-5 56.91 65.12 60.31 55.73 4233 56.59 61.40 62.15 60.25
Open-sourced models

Qwen3-4B-vl 24.33 51.05 20.77 23.99 13.73 2593 10.47 28.59 30.17
Qwen3-8B-vl 2790  59.74 2222 2287 18.58 26.89 17.07 34.75 31.00
Qwen3-32B-vl 3454 62.62 23.82 33.82 23.77 30.28 31.50 35.29 33.50

Table 1: Evaluation results of prevailing MLLMs on the Social-1Q 2.0 subset. Proprietary models outperform

open-source models by a substantial margin across all tasks.

Methods Avg P I v (0] T S

Proprietary models
Gemini-2.5-pro 54.66 69.49 55.08 31.78 61.02 54.24 56.36
GPT-5 58.88 73.71 50.44 48.28 61.14 60.68 58.85

Open-sourced models

Qwen3-4B-vl 30.03 71.98 16.81 33.62 6.90 29.31 21.55
Qwen3-8B-vl 35.19 66.67 26.85 31.48 18.52 32.41 35.19
Qwen3-32B-vl 40.81 67.92 32.38 34.91 29.47 35.85 43.14

Table 2: Evaluation results of prevailing MLLMs on the
YouTube subset.

4.2 Experimental Results

Benchmark Performance. We report the experi-
mental results of prevailing MLLMs on our bench-
mark in Tab. 1 and Tab. 2. In terms of PIVOTS
dimensions scoring, proprietary models achieve
substantially stronger performance across all di-
mensions on both Social-IQ 2.0 and YouTube. Al-
though open-source models often achieve on-par
performance with proprietary models on prevailing
MLLM benchmarks, they still struggle with fine-
grained social dynamics reasoning, underscoring
the importance for our benchmark.

We also observe that MLLMs, especially
for Gemini, achieve better performance on the
YouTube subset than on the Social-IQ 2.0 sub-
set. One likely reason is that YouTube data has
been extensively used during model pretraining.
Among the six axes, we find that the valence-v
and objective-o dimensions are notably more chal-
lenging for all models. The difficulty of valence
prediction is exacerbated by its reliance on subtle
affective cues such as tone, which is not captured
by most current multimodal large language models.
And objective judgments become unreliable when
task-driven interactions are accompanied by strong
emotional expressiveness.

For Task 2 and Task 3, Gemini and GPT also
consistently outperform Qwen3. In particular, on
the visual cue causal analysis task, Qwen3 often
performs below the chance-level baseline, indicat-
ing difficulty in identifying the relevant visual cues
required for reasoning about interpersonal relation-
ship dimensions. This result suggests a notable
limitation in the Qwen series’ ability to perform
social behavior—related visual reasoning.

Ablation on Input Modalities. We conduct de-
tailed ablation studies in Tab. 3 to analyze how
different input modality configurations and text
redaction settings affect multimodal interpersonal
relationship reasoning.

It is possible that models leverage explicit social
relationship identifiers as shortcuts for inferring
interpersonal relationships. Such identifiers refer
to textual components in the original utterances
that directly reveal participants’ identities or rela-
tional attributes, including but not limited to kin-
ship terms (e.g., father, daughter) and professional
titles or honorifics (e.g., Your Honor, boss). In this
context, we consider a baseline that uses redacted
conversation utterances as inputs, in which explicit
social identifiers are replaced with generic tokens
that contain no social attribute information (e.g.,
[PERSON], [TITLE]), while preserving the syntac-
tic structure, emotional tone, and logical flow of
the conversation. As shown in Tab. 3, redacting
explicit social identifiers results in a performance
decrease of 2.47% on Social-IQ 2.0 and 4.17% on
the YouTube subset relative to using the original
utterances. This result suggests that explicit social
roles provide useful cues for scoring PIVOTS di-
mensions. However, it also indicates that models
do not rely solely on such identifiers as shortcuts
for making predictions.

We further assess the contribution of visual



Methods Social-IQ 2.0 YouTube

Avg P I \% (0) T S Avg P I A" (0) T S
Video Only 33.70 62.68 24.09 30.62 22.77 30.92 30.08 31.18 80.37 13.33 34.26 15.38 16.19 26.42
Original Conv. 31.44 56.84 23.52 24.80 26.82 26.25 30.43 37.81 60.19 48.15 16.67 36.11 32.41 33.33
Redacted Conv. 2897 55.06 21.73 24.31 2192 25.41 25.41 33.64 53.64 47.27 20.00 24.55 26.36 30.00

Video + Original Conv.

34.54 62.62 23.82 33.82 23.77
Video + Redacted Conv. 35.83 60.86 22.46 42.97 24.78

30.28 31.50 40.81 67.92 32.38 34.91 29.47 35.85 43.14
28.77 3295 32.22 47.00 29.35 25.29 22.08 25.53 41.11

Table 3:

Ablation studies on input modalities. We examine the effects of explicit social role identifiers in

conversational utterances and visual inputs on model performance.

Methods Social-1Q 2.0

YouTube

Avg P I A\ (0

S Ag P I V O T S

Separate Prediction 34.54 62.62 23.82 33.82 23.77 30.28 31.50 40.81 67.92 32.38 3491 29.47 35.85 43.14

Joint Prediction
Pairwise Prediction 42.19 63.55 31.87 50.18

43.26 62.32 41.60 45.19 22.51 33.77 54.16 38.63 82.24 2991 44.86 11.21 30.84 32.71
19.41 33.70 54.40 39.67 86.96 28.26 42.39 1522 28.26 36.96

Table 4: Comparison of prediction settings for interpersonal relationship scoring. We evaluate separate, joint, and
pairwise prediction settings, analyzing their effects on PIVOTS dimension scoring performance.

modalities. On the Social-IQ 2.0 set, incorporating
video information improves performance by 3.1%
over the original utterance baseline and 6.86% over
the redacted utterance baseline. This suggests that
visual modalities contribute more strongly to inter-
personal reasoning in Social-1Q 2.0 scenarios with
salient social behaviors, especially in the absence
of explicit social role cues. For the YouTube sub-
set, incorporating video input yields a 3.0% perfor-
mance gain when using the original utterances, but
results in a 1.42% performance decrease when com-
bined with redacted utterances. The divergence can
be attributed to how we curated the YouTube sub-
set. As discussed in Sec. 3.3, these videos primarily
capture in-depth, restrained interactions in which
interpersonal relationships are conveyed through
global discourse context and shared background
rather than salient, localized visual cues. When
explicit role information is removed, models strug-
gle to anchor visual observations to participants’
identities and intentions, making it difficult to inte-
grate visual signals with conversational context for
reliable interpersonal state inference.

4.3 Additional Analysis

Prediction Setting. We consider three different
prediction settings for scoring each interpersonal
relationship dimension:

* Separate prediction: This is the baseline set-
ting that scores each PIVOTS dimension inde-
pendently, treating the perception of one subject
toward another along a single dimension as an

individual question.

* Joint prediction: The model is prompted to
jointly rate six PIVOTS dimensions for one sub-
ject’s perception of another.

* Pairwise prediction: The model is required
to predict all bidirectional PIVOTS dimension
scores between two subjects.

The exact prompts used for each prediction setting
are provided in Appendix E.

The experiments are conducted with videos and
original utterances as inputs, and the results are
summarized in Table 4. Notably, the effective-
ness of prediction settings exhibits dataset-specific
differences: On the Social-1Q 2.0 dataset, which
primarily features casual, everyday interactions,
joint prediction achieves the best performance
(Avg 43.26%), followed by pairwise prediction
(42.19%), both significantly outperforming sep-
arate prediction (34.54%). This aligns with the
mechanism of human social perception, as joint
prediction encourages the model to reason based
on the shared latent representation of interactions,
enabling cues from different dimensions to com-
plement each other and enhance the coherence and
accuracy of social dynamics understanding.

In contrast, an opposite trend is observed on
the YouTube dataset, which contains in-depth in-
teractions such as in-depth interviews: Separate
prediction yields the optimal average performance
(40.81%), outperforming joint prediction (38.63%)
and pairwise prediction (39.67%). However, pair-



Methods Social-IQ 2.0 YouTube
Avg P I \Y% (0] S Avg P I v (0] T S
Baseline 34.54 62.62 23.82 33.82 23.77 30.28 31.50 40.81 67.92 32.38 34.91 29.47 35.85 43.14

Multi-Stage Prompt 41.23 60.06 39.45 46.70 26.82 26.13 48.15 31.48 37.96 44.44 30.56 22.22 16.67 37.04

In-Context Prompt

40.51 58.96 43.39 4195 25.41 31.06 41.88 32.40 60.75 4299 3426 12.96 16.82 26.85

Table 5: Comparison of prediction settings for interpersonal relationship scoring. We evaluate separate prediction
and separate prediction with CoT prompting prediction using different prompt settings, analyzing their effects on

PIVOTS dimension scoring performance.

wise prediction performs exceptionally well on
the P-dimension (86.96%), while separate pre-
diction maintains the best performance across di-
mensions including I, O, T, and S. This indicates
that in in-depth social interactions, holistic model-
ing (joint/pairwise prediction) may interfere with
the model’s judgments on specific dimensions,
whereas independent scoring is more conducive
to capturing the unique cues of each dimension.

Heuristic Injection via Prompting. As evidenced
by the experimental results in the preceding sec-
tions, existing MLLMs, particularly open-source
models, often struggle to accurately score the PIV-
OTS dimensions. We therefore investigate how
interpersonal relationship reasoning can be en-
hanced by drawing inspiration from human rea-
soning strategies. Concretely, we inject human rea-
soning processes into the prompt to guide MLLMs
toward more accurate predictions. Specifically, we
consider the following two prompting strategies:

* Multi-Stage Prompting first calibrates affective
judgments (valence and intensity), then evaluates
structural interpersonal dimensions (power, ob-
jective, permanence, and stance), followed by
independent synthesis and reconciliation to en-
sure reliable PIVOTS predictions.

In-Context Prompting grounds reasoning in
fine-grained behavioral and contextual cues
while explicitly modeling directional asymme-
try between interacting individuals.

The exact prompts are provided in Appendix E.

The experimental results for different prompt-
ing strategies are reported in Table 5. Notably,
the multi-stage and in-context prompting methods
improve overall performance on the Social-1IQ 2
dataset by 6.69% and 5.97%, respectively. These
gains primarily stem from improvements in the
Involvement and Valence dimensions, benefiting
from affective calibration in the first stage of multi-
stage prompting and from the explicit encoding of
salient multimodal cues from in-context prompting.

For dimensions that involve frequent asymmetric
perspectives between interacting subjects, such as
Objective, Power, and Stance, performance gains
remain limited. This suggests that prompting strate-
gies fail to address a key bottleneck of existing
MLLMs in grounding multimodal cues to the cor-
rect social participant during complex interactions.
On the YouTube dataset, we observe a contrast-
ing trend compared to the Social-IQ 2.0 dataset.
Both prompting strategies lead to a notable decline
in overall performance. In particular, multi-stage
prompting results in the largest drop on the Power
dimension, while in-context prompting degrades
performance on the Objective and Stance dimen-
sions. This observation indicates that, in more con-
servative and in-depth social interactions, relying
on rigid calibration or fixating on specific multi-
modal cues may instead confuse models during
interpersonal relationship reasoning. These exper-
imental results highlight the necessity of mining
additional YouTube data. This subset diversifies
interaction settings, thereby motivating research in
computational social AI models that do not overfit
to only salient and explicit interaction scenarios.

5 Conclusions

In this work, we introduce PIVOTS, the first bench-
mark for evaluating multimodal large language
models on interpersonal relationship reasoning, to-
gether with auxiliary tasks that assess visual cue
understanding. We first benchmark several prevail-
ing MLLMs and then provide a detailed analysis of
input modalities, prediction settings, and prompt-
ing strategies. Our experimental results show that
explicit social scenarios and in-depth social sce-
narios pose significantly different challenges for
computational social intelligence models. We be-
lieve our work provides a foundational step toward
understanding fine-grained social dynamics and
points to future research directions for designing
robust and generalizable social Al models.



6 Limitations

Although our benchmark introduces the first fine-
grained multimodal benchmark for interpersonal
relationship reasoning, several limitations remain.

First, the current benchmark is limited to
English-language data, which constrains its appli-
cability to multilingual and cross-lingual social rea-
soning settings.

Second, although our annotation protocol is care-
fully designed, all annotators share similar cultural
and linguistic backgrounds and are not native En-
glish speakers, which may introduce cultural bias
in the interpretation of interpersonal social relation-
ships, particularly for subjective dimensions.

Finally, we do not investigate visual instruction-
tuning or reinforcement-learning methods for fine-
grained social reasoning, as these approaches re-
quire high-quality supervision that remains costly
and difficult to scale. Designing scalable data en-
gines for obtaining reliable social reasoning super-
vision is an important and exciting direction for
future work, and our benchmark provides a foun-
dation for such efforts.

7 Ethical Considerations

Notably, our benchmark involves the analysis of hu-
man subjects and therefore raises potential privacy
concerns. For data sourced from Social-IQ 2.0, we
follow the original dataset license, which permits
use for research purposes. For YouTube videos, we
adopt ethical practices consistent with prior work
by releasing only video identifiers and temporal
annotations, rather than distributing raw video con-
tent. We are committed to respecting individual
privacy and ensuring compliance with established
ethical standards in dataset creation, release, and
usage. In addition, because our benchmark focuses
on interpersonal relationship understanding, care
must be taken to prevent potential misuse, such
as deception, biased interpretations, or emotional
manipulation. To mitigate these risks, we frame
the benchmark as an analysis and evaluation tool
rather than a deployable system, provide clear doc-
umentation on intended use and limitations, and
discourage deployment in high-stakes or manipula-
tive settings without human oversight.
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A Interpersonal Relationship Definition
and Examples

A.1 Egalitarian vs. Hierarchical Power

Definition: Assess whether the relationship is per-
ceived as equal or unequal in terms of social influ-
ence, decision-making agency, and status.

* +2, Extreme Inequality(Self-Dominant) : You
hold absolute agency. The other party’s role
is reduced to compliance, and their input is
neither sought nor required to move the in-
teraction forward. Behavioral Observables:
Dominating the spatial environment, intrusive
gaze, high frequency of interruptions, lack of
back-channeling; Psychological Observables:
Empathy deficit, perception of the other as an
instrument or object. Example: Judge sentenc-
ing a defendant; Interrogator to a captive.

* +1, Noticeable Inequality(Self-Dominant):
You lead the interaction through expertise or
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Figure 4: Visual scoring examples of the PIVOTS benchmark across various social dimensions.

status. While the other party has some au- Active listening (frequent nodding), cautious
tonomy, you hold the final decision-making or tentative phrasing (e.g., hedging), self-
power and define the agenda. Behavioral Ob- minimizing posture, seeking non-verbal con-
servables: Setting the agenda, providing evalu- firmation; Psychological Observables: Social
ative feedback, expansive but non-threatening monitoring, slight performance anxiety, slight
gestures, asymmetric verbal output; Psycho- cognitive load to "read" the other, high sensi-
logical Observables: Feeling "in charge" or tivity to the other party’s micro-expressions.
responsible for the other’s performance/well- Example: Employee to executive; Graduate
being, mild cognitive load regarding the student to professor; Applicant to recruiter.

other’s progress. Example: Senior surgeon

to resident; Manager to an employee. * -2, Extreme Inequality (Other-Dominant): The

other party holds absolute agency over your

* 0, Egalitarian (Balanced Equality): Power is outcomes. You lack the means to resist or in-
a shared resource. Neither party can impose fluence the direction of the encounter. Behav-
their will without negotiation. Behavioral Ob- ioral Observables: Avoidant eye contact, phys-
servables: synchronized body language, mu- ical shrinking, fawning behaviors (e.g., exces-
tual questioning, balanced turn-taking dura- sive ingratiation), or long-term silence. Psy-
tions; Psychological Observables: High psy- chological Observables: High anxiety, hyper-
chological safety, mutual respect, perception vigilance, may experience "learned helpless-
of the other as a peer. Example: Strategic ness," feeling of being "I am invisible" or pow-
partners; Co-authors; Spouses; Colleagues in erless. Example: Victim to oppressor.

a brainstorming session. .
A.2 Superficial vs. Intense Involvement

¢ -1, Noticeable Inequality (Other-Dominant):
You recognize the other’s lead and adjust your
behavior to fit their frame. You seek to align
with their expectations to maintain harmony
or gain approval. Behavioral Observables: * +2 (Very Intense): The relationship is a core

Definition: Indicate the depth of the relationship
based on the level of emotional intimacy, self-
disclosure, and psychological interdependence.
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part of one’s self-identity, high vulnerability
is present; the parties usually share lots of
"private language" and deep history. Behav-
ioral Observables: High affective resonance,
soft gaze, micro-sync behavior in movement,
high physical proximity; Psychological Ob-
servables: Great amount of vulnerabilities,
merged identity (use a lot of "we"), lots of
trust, extreme empathy. Example: Soulmates;
Close friends; Spouses; Lifelong partners.

* +1 (Intense): The interaction is driven by gen-
uine emotional connection. You share per-
sonal feelings and opinions beyond the re-
quirements of the setting. Behavioral Ob-
servables: Frequent self-disclosure, expres-
sive affect, some level of physical proxim-
ity; Psychological Observables: High empa-
thy, perceived social support, feeling "known"
and validated, moderate emotional interde-
pendence. Example: friends; teammates for
years.

0 (Neutral): The relationship is standard role-
based. You are friendly and helpful, but you
keep your private life behind a social mask.
Behavioral Observables: Polite distance, stan-
dard smiles, talk stays on the task or safe small
talks (e.g., weather, work projects); Psycho-
logical Observables: Feeling safe but not inti-
mate, Low emotional risk-taking, cognitive fo-
cus on goals. Example: Ordinary colleagues;
Project-based partners.

¢ -1 (Superficial): You recognize each other’s
face but have no bond. Behavioral Observ-
ables: The interaction is a quick ritual just to
be polite; A quick nod or wave, standard greet-
ings (e.g., How’s it going?"), keeping a wide
physical distance. Psychological Observables:
Very little mental energy spent on the other; a
familiar face. Example: An acquaintance you
meet somewhere before; a neighbor you only
see a few times.

* -2 (Very superficial): The interaction is purely
for a task. You see the other person as a "ser-
vice provider" or a stranger, not as a human
you need to know. Behavioral Observables:
No intended eye contact, automatic or flat
voice, focusing only on the exchange (money,
information). Example: one-time cashier; ask-
ing a stranger for directions.
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A.3 Positive vs. Negative Valence

Definition: Assess the core emotional quality of
the interaction, ranging from highly restorative and
joyful to deeply distressing and hostile.

* +2 (Very pleasant): The interaction is excep-
tionally safe, joyful, and revitalizing. Behav-
ioral Observables: There is a sense of flow
where both parties feel uplifted and deeply
relaxed. Frequent smiles, shared laughter, re-
laxed or open posture, warm vocal resonance.
Psychological Observables: Feelings of en-
joyment or deep peace, high psychological
safety. Example: A celebratory dinner with
loved ones, A great talk with someone who
shares the same viewpoints.

* +1 (Pleasant): The interaction is friendly,
smooth, and satisfying. The overall vibe is
constructive and agreeable. Behavioral Ob-
servables: Frequent nodding, warm smiles.
Psychological Observables: feeling "liked",
higher level of happiness and low level of so-
cial anxiety or tension. Example: A friendly
catch-up with a coworker; a great talk with a
neighbor.

0 (Neutral): Emotionally neutral. The inter-
action is emotionally dry or purely factual.
There is no significant emotion included, but
also no underlying tension or friction. Be-
havioral Observables: Controlled facial ex-
pressions, focusing on matter-of-fact, neutral
body language. Psychological Observables:
focus is purely on logic/tasks, no strong feel-
ing toward the other person. Example: A rou-
tine status update meeting at work; asking a
stranger for the time.

* -1 (Unpleasant): Overall negative and unsatis-
factory. The interaction feels awkward, tense,
or slightly draining. You may feel a need
to escape the situation or put up emotional
walls. Behavioral Observables: Forced/fake
smiles, defensive posture (crossed arms, lean-
ing away), sighing, brief responses. Psycho-
logical Observables: Mild anxiety, irritation,
feeling uncomfortable or misunderstood, so-
cial fatigue. Example: A forced conversation
with a colleague; a tense meeting about a mis-
take.

* -2 (Very unpleasant): The interaction is hostile,
harmful, or aggressive. It triggers a "fight-



or-flight" response and leaves you feeling
emotionally depleted or attacked. Behavioral
Observables: Shouting or harsh tone, sneer-
ing/disdainful expressions, cold silence or ag-
gressive gestures. Psychological Observables:
Extreme levels of fear, anger, or shame, feel-
ing significantly violated. Example: Being
bullied or harassed.

A.4 Socioemotional vs. Task-Oriented
Objective

Definition: Assess whether the interaction is driven
by personal emotional needs (Informal) or by the
requirements of a specific goal (Formal).

* +2 (Purely social-emotional): The interaction
exists solely for the sake of the bond. There
is no external work to be done. The primary
goal is emotional exchange and shared ex-
perience. Behavioral Observables: Sponta-
neous dialogue, emotions included, informal
slang. Psychological Observables: feeling of

belonging, zero pressure to perform or feeling
emotionally controlled by someone (negative
valence case). Example: Family members re-

laxing at home; best friends hanging out; a
couple on a date.

¢ +1 (Tends to social-emotional): While there
may be a shared context, the interaction is
driven by personal liking. People may intend
to side-track from tasks to talk about personal
lives. Behavioral Observables: Use of first
names, personal anecdotes, casual posture.
Psychological Observables: feeling like "we
are in this together" as people, not just as roles.
Example: Friends; colleagues you like to talk
with.

* 0 (Mixed): An equal balance of goal-striving
and personal trust. The task is complex and re-
quires deep mutual understanding to succeed.
Behavioral Observables: switching between
intense technical talk and personal check-ins.
Psychological Observables: high interdepen-
dence, feeling that the person and the task
are equally important. Example: Long-term
business partners; a director and a lead actor.

¢ -1 (Tends to task-oriented): The interaction
is structured by a professional objective. Per-
sonal talk serves as social lubricant to keep the
work moving smoothly. Behavioral Observ-
ables: Polite but guarded behavior, adherence
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to a meeting agenda, professional vocabulary,
social zone physical distance. Psychological
Observables: Focus on tasks, seeing the other
primarily as a "colleague" or "work partner".
Example: A new project team; a manager and
a hire.

* -2 (Purely task-oriented): The interaction is
strictly limited to the task. The individuals
are de-individualized (viewed only as roles or
functions required to achieve a result). Behav-
ioral Observables: Highly scripted or ritual-
ized speech, no personal disclosure, flat vocal
tone, strict focus on objects or tasks. Psycho-
logical Observables: focus on efficiency, zero
expectation of a relationship outside the spe-
cific transaction. Example: A lawyer and a
client in court; a pilot and air traffic control.

A.5 Temporary vs. Enduring Permanence

Time

Definition: Assess the expected lifespan of the re-
lationship, ranging from a single, fleeting moment
to a lifelong, stable bond.

* +2 (Very long-term/permanent): The relation-
ship is viewed as a permanent fixture of life.
There is a deep shared history and an assump-
tion that the bond will last indefinitely (typi-
cally 5+ years). Behavioral Observables: Un-
derstanding each other’s minds, relaxed pos-
ture, shared rituals, references to the distant
past and far future. Psychological Observ-
ables: High security, consider those people
when making decisions, low fear of abandon-
ment. Example: A long-term Marriage; par-
ents and children.

* +1 (Long-term): The relationship is stable and
expected to continue for a significant period
(1 to 5 years). There is an active investment
in keeping the connection healthy. Behavioral
Observables: Consistent communication pat-
terns, planning for future events (e.g., next
summer). Psychological Observables: moder-
ate commitment. Example: close colleagues.

* 0 (Uncertain): The duration is currently un-

known or in flux. The relationship is in a
"testing phase" where the future hasn’t been
decided yet. Behavioral Observables: Alter-
nating between formal and informal behavior,



"checking in" on the status of the relation-
ship, moderate social monitoring. Psychologi-
cal Observables: wait-and-see attitude, unsure
emotional investment. Example: New dating
partners; temporary coworkers.

* -1 (Short-term): The relationship is tied to
a specific project or timeframe (weeks or
months). Once the goal is reached, the inter-
action is expected to fade. Behavioral Observ-
ables: Focus on immediate cooperation, polite
but bounded friendliness, nothing mentioned
beyond the project deadline. Psychological
Observables: task-focused mindset. Example:
A student and a tutor for one semester.

¢ -2 (One-time/temporary interaction): The en-
counter is brief and one-time. There is zero
expectation of future contact. The discus-
sion of future is non-existent. Behavioral
Observables: politeness-drive behaviors (e.g.,
"Hello," "Thanks," "Bye"), low level of per-
sonal eye contact. Example: Asking a stranger
for directions; a one-time cashier.

A.6 Cooperative vs. Competitive Stance

Definition: Assess the alignment of goals and the
willingness to share resources. It reflects whether
parties see their interests as positively linked (work-
ing together) or negatively linked (working against
each other).

* +2 (Highly cooperative): The success of one
is inseparable from the success of the other.
You constantly build on each other’s input to
reach a single goal. There is a radical shar-
ing of resources and information. Behavioral
Observables: Sharing all findings/resources,
high physical/verbal support, high volume of
shared information; Psychological Observ-
ables: enough trust, zero "defensive" filter-
ing of thoughts. Example: A championship
doubles tennis pair; A startup team

e +1 (Cooperative): You are willing to help and
share. You keep your own "toolbox" but you
are happy to lend out your tools and tips. Be-
havioral Observables: Offering advice, pro-
viding helpful info to the other, occasional
side-bars troubleshooting problems. Psycho-
logical Observables: Mentorship or learning
mindset, belief that helping you eventually
helps me. Example: colleagues on a project.
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* 0 (Neutral/mixed): Neither fully cooperative
nor fully competitive, you keep your thoughts
and skills to yourself unless the situation per-
suades you. You don’t help, but you don’t
hinder. Behavioral Observables: Minimal ac-
tive sharing of thoughts, low information flow,
keep your own working pace. Psychological
Observables: self-reliance, cognitive focus
purely on one’s own to-do list. Example: Two
strangers working at the same place.

* -1 (Competitive): You compare your thoughts
and skills to others, especially those who are
ahead. You might withhold a few secrets or
tried hard to maintain your edge. Behavioral
Observables: Displaying your best work, with-
holding of key tips, comparing results out
loud. Psychological Observables: desire to be
seen as the most resourceful or the smartest,
viewing the other’s ideas as a threat. Example:
Salespeople in the same team.

* -2 (Highly competitive): Goals are mutually
exclusive (if I get it, you don’t). Thoughts
are used strategically to block or counter the
other person’s moves. Behavioral Observ-
ables: Strategic withholding of information,
over-guarding your output, consistent work-
ing. Psychological Observables: Zero-sum
mindset; viewing the other’s output as a threat
to your success. Example: Lawyers in a trial.

A.7 Visual Examples of PIVOTS Benchmark

As shown in Figure. 4, these cues primarily encom-
pass facial expressions (e.g., smiles in high-valence
scenarios), body postures (e.g., expansive postures
indicating power imbalances), and interaction ges-
tures (e.g., high-fives for high cooperation). Addi-
tionally, environmental context and objects, such
as standard attire or kitchen utensils, are utilized to
categorize the formality and professional duration
of the social relationship.

B Comparison between Youtube and
Social-I1Q 2.0 Data

While the videos in the Social-IQ 2.0 dataset fea-
ture relatively clear scenario settings and explicit
interaction signals, the interpersonal relationships
and behavioral motives they contain can often be
immediately identified through coherent conversa-
tional logic or overt actions, such as explicit col-
laborative communication between colleagues or



straightforward expressions of care among rela-
tives and friends. In contrast, the relationships
depicted in the YouTube videos we selected are
far more complex and defy simplistic categoriza-
tion. These interpersonal connections are often
intertwined with long-standing emotional bonds,
unspoken past entanglements, or emotional ten-
sions. For instance, consider former partners who
loved each other for a decade, tentatively navigat-
ing the entanglement of love and hate; or long-lost
siblings who have become strangers due to years
of separation, yet cannot conceal their inherent
affinity rooted in blood ties. Their interactions are
permeated with subtle emotional undercurrents and
underlying relational tensions, making them im-
possible to encapsulate with simplistic labels. As
shown in Figure. 5, the upper part displays a case of
a family filming a video together from the Social-
1Q 2.0 dataset, which features a clear scenario and
explicit interaction signals, while the lower part
presents a case of a loving couple talking about
death and inevitable separation from the YouTube
dataset.

Youtube Example:
A loving couple talking about deaths and inevitable separation

Figure 5: Example on Comparisons between Youtube
and Social-IQ 2.0 videos.

Both datasets have a video duration of approxi-
mately 30 seconds. Figure. 6 illustrates the statis-
tical distributions of Social-IQ 2.0 and YouTube
data across the three major categories. We use
the GPT-5 API to automatically annotate each

15

video segment with fine-grained subcategory la-
bels, yielding the comparisons shown below. Clear
differences can be observed. For Content Pur-
pose, Social-IQ 2.0 is dominated by Documen-
tary content (approximately 61.8%), whereas In-
terview content is predominant in the YouTube
data (approximately 68.3%). For Core Topic and
Theme, Social-1Q 2.0 places greater emphasis on
Life and Work (approximately 52.2%); in con-
trast, the YouTube dataset assigns higher propor-
tions to Society (approximately 37.9%) as well as
health- and family-related topics, indicating that
YouTube samples include more socially oriented
and in-depth interview content. Regarding Rela-
tionships, Social-IQ 2.0 primarily features interac-
tions among Friends (approximately 27.0%) and
with the Audience (approximately 28.5%), whereas
YouTube exhibits a higher proportion of Romantic
partners (approximately 32.7%) together with Au-
dience interactions (approximately 29.7%). Over-
all, the two datasets show substantial distributional
differences across all three dimensions: Social-1Q
2.0 focuses more on documentary-style narratives
and everyday social interactions, while YouTube,
through interview-driven and public- or intimate-
relationship—oriented content, provides deeper and
more diverse social interaction samples that com-
plement the benchmark’s coverage.

C Annotation Details

For the two distinct data sources, we have designed
differentiated annotation workflows based on their
data characteristics and annotation objectives.

C.1 Social-IQ 2.0 and YouTube Videos

The Social-1Q 2.0 (hereinafter referred to as SIQ2)
dataset contains a large number of QA pairs, and
our annotation takes the QA pairs corresponding to
each video as the core reference benchmark. These
files include key details of interpersonal interac-
tions, in-depth social information, contextual back-
ground of scenarios, and excerpts of core dialogues,
which can provide reliable support for API-based
scoring.

Unlike the SIQ2 dataset, which relies on QA
pairs for annotation, the YouTube dataset takes a
different approach by focusing directly on video
content and the associated social interaction de-
tails. Instead of predefined QA pairs, the YouTube
dataset emphasizes analyzing interpersonal interac-
tions within the video. Annotators assess these in-
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Figure 6: Comparison of Distributions between Social-IQ 2.0 (Top Row) and YouTube (Bottom Row) across Three
Major Categories: Content Purpose, Core Topic and Theme, and Relationships

teractions and assign scores to the characters based
on their roles, without relying on QA pairs. The
key interactions and scenes are carefully recorded
to ensure an accurate and detailed understanding
of the video content.

Specifically, we integrate the complete QA an-
notation content corresponding to the video, basic
video information, detailed dimension definitions
of the PIVOTS six-dimensional framework, and
explanations of scoring gradients as prompts. Af-
ter inputting these prompts into the GPT-5 API,
the model can output the initial scores of the char-
acters in the video across the six dimensions of
P(Egalitarian vs. Hierarchical Power), I (Super-
ficial vs. Intense Involvement), V (Positive vs.
Negative Valence), O (Socioemotional vs. Task-
Oriented Objective), T (Temporary vs. Enduring
Permanence), and S (Cooperative vs. Competitive
Stance).

Considering the potential dimension matching
biases in API-generated scores, we subsequently
conducted systematic manual correction work, and
the correction process follows the content outlined
below:

» Score Verification Specific scores have been
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generated by the API, so annotators do not
need to re-score. They only need to verify
the consistency between the scores and the
PIVOTS dimension standards, with a focus on
examining the rationality of extreme scores
(+2/-2). It is necessary to confirm whether the
interpersonal interaction characteristics cor-
responding to these scores fully match the
definitions in the framework, and manually
adjust any incorrect scores.

* Timestamp and Rationale Annotation During
the score verification process, timestamp posi-
tioning and rationale selection are performed
for the video. Timestamps need to be accu-
rately located at the video frames that best
support the scores, and the rationale explana-
tions must clearly link to the visual evidence
in these frames, including non-verbal cues
such as the characters’ gestures, facial expres-
sions, and body postures.

* Character Screening Criteria To focus on core
interpersonal interactions, a maximum of 3
characters per video are retained for annota-
tion. If the number of characters in a video



exceeds 3, screening is conducted in accor-
dance with the following principles: priority
is given to retaining characters with strong
dominance and key roles in the development
of relationships; if there are multiple support-
ing roles but only 2 core characters, there is no
need to forcefully supplement to 3 characters,
and only the core subjects are retained.

C.2 Annotation Interface

The annotation interface (Figure. 16)is designed
to support the systematic scoring of dimensional
relationships between characters in videos and to
associate each score with an evidence timestamp,
thereby improving annotation efficiency and con-
sistency. The core functionalities are detailed as
follows:

* Controls & Import: Upon launching the in-
terface, users can import a video file (.mp4),
a transcript file (.txt), and a JSON file (.json).
The JSON file represents the structured out-
put produced by the API after initial scor-
ing, allowing users to perform subsequent
corrections and refinements. By default, the
system prioritizes loading the file nicknamed
“score.json”.

Keyframe Gallery & Navigation: To facili-
tate precise timestamp selection, the interface
offers two mechanisms. First, the “Extract All
(3 fps)” function uniformly samples the video
at 3 frames per second, displaying extracted
frames in the “Keyframe Gallery” for rapid
browsing. Second, the “Select Folder” option
allows users to choose a directory, automat-
ically retrieving all video files within it for
efficient switching.

Transcript Reference: This module allows
users to inspect subtitles or transcripts, pro-
viding textual context to support annotation
decisions.

Characters Management: This section lists
all entities defined in the JSON file. Users can
add, edit, or delete characters, with modifica-
tions immediately propagating to the dimen-
sional relationship entries.

Interaction Annotations: This is the core an-
notation workspace, enumerating all pairwise
dimensional relationships. Users review so-
cial dynamics, revise relationship scores, and
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Dimension Exact Agreement (%) Krippendorff’s o

P 86.23% 0.6434
I 83.48% 0.8402
v 81.98% 0.7693
O 79.97% 0.7803
T 87.59% 0.8395
S 83.96% 0.7906
Overall 83.87% 0.8125

Table 6: Exact agreement rates and Krippendorff’s o
per dimension.

assign a specific timestamp (the frame best re-
flecting the dimension’s characteristics). Ad-
ditionally, users can document justifications
for their selections using standardized cate-
gories: (A) facial expression, (B) body pos-
ture, (C) proximity, (D) body height, (E) hand
gesture, (F) social norms, (G) gaze, (H) con-
text, (I) attire, and (J) contact.

Export: After completing the annotation,
users can verify the output via “json preview”
and finalize the process by clicking “export
data” to save the scored JSON file.

C.3 Annotator Recruitment and Payment

All annotation work in PIVOTSBench was com-
pleted by the authors of this paper, with no external
crowdworkers or paid annotators involved in the an-
notation process. All annotators were fully aware
that the annotation purpose was solely for academic
research. Since the annotation was conducted in-
ternally by the research team, no recruitment or
payment procedures were required.

D Annotation Agreement Analysis

To assess annotation quality, we measured inter-
annotator reliability on the valid samples using
Krippendorff’s .. Implementation details are as
follows: in Python we converted the three annota-
tor columns to numeric, arranged the data into an
annotator X item matrix with masked missing val-
ues, and then computed « via krippendorft.alpha.
We obtained ov = 0.8125, which exceeds the com-
mon 0.80 threshold for high reliability, indicating
strong annotation agreement; therefore, the anno-
tated dataset can be considered a reliable resource
for downstream analyses and model training.
Table 6 summarizes the inter-annotator agree-
ment results across six dimensions. Overall, all di-
mensions exhibit high exact agreement rates, with



an aggregated exact agreement of 83.87%. In addi-
tion, the overall Krippendorff’s « reaches 0.8125,
indicating good inter-annotator reliability when the
ordinal structure of the labels is taken into account.
At the dimension level, most dimensions (I, T, V,
O, and S) achieve Krippendorff’s « values close
to or above 0.78, demonstrating stable and reliable
annotation quality.

Although the P dimension shows a relatively
lower Krippendorff’s o of 0.6434, its exact agree-
ment rate reaches 86.23%, which is among the high-
est across all dimensions. This indicates that an-
notators provided identical judgments for the vast
majority of samples on the P dimension. Impor-
tantly, the lower Krippendorff’s « for P is closely
related to its highly imbalanced label distribution.
Specifically, more than 70% of the samples in the P
dimension are annotated as the neutral category (0),
resulting in a strongly concentrated class distribu-
tion. Under such conditions, even a small number
of disagreements can disproportionately reduce the
Krippendorft’s « coefficient, despite high overall
agreement.

This behavior is a known characteristic of Krip-
pendorff’s « in settings with severe class imbal-
ance: when most instances fall into a single cate-
gory, the relative impact of the few disagreements
is amplified, leading to a lower Krippendorff’s a
value that does not necessarily indicate poor overall
reliability. Considering the high exact agreement
rate of the P dimension (86.23%), we conclude that
the P annotations remain consistent and stable in
practice, despite the lower Krippendorff’s c.

For the data used in Tasks 2 and 3, we applied
strict filtering criteria to ensure annotation qual-
ity. Specifically, we retained only those samples
with annotation timestamps no greater than 2 sec-
onds and for which all annotators selected the same
element; annotations that failed to meet either con-
dition were excluded from subsequent analyses.

E Prompt Usage for Model Inference

We use OpenAl’s ChatCompletion multimodal
prompt format as the base format. This prompt
consists of two parts: one is a multimodal upload
link; the other is a "user prompt" that includes a
PIVOTS instance and a PIVOTS question.

The prompt template for separate prediction in
Task 1 is shown in Figure 7. The prompt template
for joint prediction in Task 1 is shown in Figure
8. The prompt template for pairwise prediction
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Prompt Example

[
{ ".on

"role": "user",
"content": [
{
"type": "text",
"text": "You need to answer the question based on the provided
information.

Input Information:

1. Video

2. Transcribed Text

3. the definition of PIVOTS (a six-dimensional interpersonal relationship
framework)

PIVOTS - Six-Dimensional Model [definition]

Note that all the above scores are unidirectional; for scores on the same
dimension, A's score for B is not necessarily the same as B's score for A.
Directly output your score. And wrap your score with "###" before and
after. If your score is -2, then you should output ###-2###
Transcribed Text [datal]
Question [data2]" },
{
"type": "image url",
"image_url": {
"ur]": "

U J

Figure 7: Task 1 Prompt with separate prediction

/

Prompt Example

[

"role": "user",
"content": [
{
"type”: "text"
"text": "You need to answer the question based on the provided
information.

Input Information:
1. Video
2. Transcribed Text
3. the definition of PIVOTS (a six-dimensional interpersonal relationship
framework)
PIVOTS - Six-Dimensional Model [definition]
Note that all the above scores are unidirectional; for scores on the same
dimension, A's score for B is not necessarily the same as B's score for A.
Directly output your score for each dimension in the order of PIVOTS,
enclosed in "[]", with each score separated by a comma—for example: [-
2,0,1,2,0,1] (each number corresponds sequentially to the PIVOTS
dimensions). Wrap your score with "###" before and after. For example,
if your score is [-2,1,0,2,1,1], output directly: ###[-2,1,0,2,1,1]###
Transcribed Text [datal]
Question [data2]" },
{
"type": "image url",
"image url": {
"ur]": "

U J

Figure 8: Task 1 Prompt with joint prediction




/ Prompt Example \

[t

"role": "user",
"content": [
{

"type": "text",

"text": "You need to answer the question based on the provided
information.
Input Information:
1. Video
2. Transcribed Text
3. the definition of PIVOTS (a six-dimensional interpersonal relationship
framework)
PIVOTS - Six-Dimensional Model [definition]
Note: Note that all the above scores are unidirectional; for scores on the
same dimension, A's score for B is not necessarily the same as B's score
for A. For each unidirectional score, directly output your score for each
dimension in the order of PIVOTS, enclosed in "[]", with each score
separated by a comma—for example: [-2,0,1,2,0,1] (each number
corresponds sequentially to the PIVOTS dimensions). Wrap your score
with "###" before and after.
For example, if the question is: "Sequentially provide the unidirectional
PIVOTS scores from Woman to Man and from Man to Woman," you
should first output the score from Woman to Man, followed by the score
from Man to Woman. If your scores are [-2,0,1,2,1,1] for Woman — Man
and [1,0,2,1,0,0] for Man — Woman, your output should be: ###[-
2,0,1,2,1,1],[1,0,2,1,0,0]###
Transcribed Text [datal]
Question [data2]" },

"type": "image url",
"image_url": {
e

\J /

Figure 9: Task 1 Prompt with pairwise prediction

in Task 1 is shown in Figure 9. We replace [def-
inition] with the detailed definition and scoring
criteria of the PIVOTS model, [datal] with the tran-
scribed text corresponding to the video, [data2]
with a specific question corresponding to the video.
We uniformly sample 8 frames from each video
as the visual input, and pass in the base64 of the
corresponding video frame in the "image_url". It
is important to note that social perception in in-
terpersonal relationships is often asymmetric. In
response to this characteristic, we explicitly state
in the prompt that the PIVOTS scores from A to-
wards B may differ significantly from those from
B towards A.

Figure. 12 illustrates our Multi-Stage Prompt. In
this prompt, we first explicitly define the model’s
role as a "research psychologist with 30 years of
experience in social psychology and interpersonal
dynamics," and mandate that the model must ex-
tract specific quotes or behavioral evidence from
the input video or transcribed text as support before
assigning any score. This ensures the model con-
ducts evidence-based scoring. It is worth noting
that multimodal large language models (MLLMs)
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/ Prompt Example \
[

{

"role": "user",
"content": [
{
"type": "text",
"text": "You need to answer the question based on the
provided information.

Input Information:

1. Video

2. the definition of PIVOTS (a six-dimensional interpersonal
relationship framework)

PIVOTS - Six-Dimensional Model [definition]

Note that all the above scores are unidirectional; for scores on
the same dimension, A's score for B is not necessarily the
same as B's score for A.

Directly output your answer. And wrap your answer with
"###" before and after. If your answer is A, then you should
output ###A###. The first five images correspond to options
A, B, C, D and E, respectively, and the subsequent eight
images are frames from the video sequence.

Question [datal]
Options:
A: The first image.
B:The second image.
C: The third image.
D:The forth image.
E:The fifth image.},
{
"type": "image url",
"image url": {
"url": "

N J

Figure 10: Task 2 Prompt
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[

Prompt Example

{
"role": "user",
"content": [
{
"type": "text",
"text": "You need to answer the question based on the provided
information.

Input Information:

1. Image

2. the definition of PIVOTS (a six-dimensional interpersonal relationship
framework)

PIVOTS - Six-Dimensional Model [definition]

Note that all the above scores are unidirectional; for scores on the same
dimension, A's score for B is not necessarily the same as B's score for A.
Directly output your answer. And wrap your score with "###" before and
after. If your answer is A, then you should output ###A###
Question: [datal]
Options :[data2]},

f

it
"type": "image url",
"image_url": {

nar":

}

}

]
}

N

/

Figure 11: Task 3 Prompt

often exhibit "safety bias" when facing uncertainty,
tending to choose neutral responses to avoid risks.
To address this issue, we explicitly incorporate a
constraint to "avoid neutral bias," prohibiting the
model from defaulting to a score of 0 without clear
evidential support. A score of O is only consid-
ered valid when the relationship is truly perfectly
balanced or genuinely irrelevant. In terms of the
evaluation process design, we divide the complete
assessment into four consecutive phases: first, fo-
cusing on affective dimensions (V and I) for initial
calibration (Phase 1); subsequently conducting tar-
geted analysis of structural dimensions (P, O, T,
and S) (Phase 2); then introducing a "Blind Re-
view" phase, requiring the model to independently
generate scores from a fresh perspective without
being influenced by the results of the previous two
phases (Phase 3); and finally entering the "Rec-
onciliation" phase to compare the scores from the
three phases (Phase 4). This design simulates the
standard process of multi-annotator labeling in aca-
demic research: if the scores across all phases are
identical, the final result is output directly; if dis-
crepancies exist, the model is forced to conduct a
root-cause analysis and re-examine the input evi-
dence.

Figure.13 illustrates our In-Context Prompt.In
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this prompt, we require the model to reason strictly
based on the definitions of the PIVOTS framework
and mandate that it focus its attention on specific
fine-grained non-verbal cues. We explicitly list an
observation checklist covering ten dimensions, in-
cluding facial expressions, body posture, physical
distance, hand gestures, eye contact, attire, and en-
vironmental context, requiring the model to extract
evidence exclusively from these micro-level visual
signals rather than relying solely on textual dia-
logue content. In terms of evaluation guidance de-
sign, we provide a detailed reference example. This
example clearly demonstrates how to derive mid-
level psychological states (e.g., "being intruded
upon" or even "anxious") from micro-level cues
(e.g., "tightened mouth corners" or "eye contact
avoidance"), and ultimately map them to macro-
level PIVOTS scores (e.g., V = -1). Through this
chain-of-thought demonstration of "cues-rationale-
scores," the model is guided to imitate the analyti-
cal path of human observers and output its results
directly.

The prompt template for Task 2 is shown in
Figure 10. We replace [definition] with the de-
tailed definition and scoring criteria of the PIV-
OTS model, [datal] with a specific question corre-
sponding to the video. Additionally, we pass in the
base64 of the corresponding video frame and the
base64 of the option images in the "image_url". For
all options other than the correct one, we extract
video frames that are temporally offset from the
ground-truth frame by +5 seconds and +10 seconds
as distractors; if the corresponding timestamps fall
outside the video duration, we instead randomly
sample other frames from the same video that are
different from the ground-truth frame as alterna-
tives.

The prompt template for Task 3 is shown in
Figure 11. We replace [definition] with the de-
tailed definition and scoring criteria of the PIV-
OTS model, [datal] with the specific question cor-
responding to the image, and [options] with the
corresponding options. Additionally, we pass in
the base64 of the corresponding image in the "im-
age_url".

F Detailed Statistics

Our final benchmark comprises 595 VQA pairs per
PIVOTS dimension from Social-IQ 2.0 and 170
per dimension from YouTube. We further curate
483 additional VQA pairs for auxiliary tasks of key



Dim. -2 -1 0 +1 +2
P 13 89 544 104 15

I 54 123 105 345 138
A% 24 86 147 424 84
(6] 96 64 87 195 323
T 121 34 229 238 143

S 13 73 124 425 130

Table 7: Scoring distribution across six dimensions

frame identification and visual cue causal analysis.
We obtained a total of 765 paired scores.

The detailed statistics of the six PIVOTS dimen-
sions are shown in Table 7. Overall, the data covers
most common social scenarios. For example, in
the P dimension, interactions range from equal (0)
to slightly unbalanced (+1/-1), reflecting various
power distributions in everyday life; the I dimen-
sion spans multiple levels from superficial to deep
relationships; the V dimension includes pleasant,
neutral, and unpleasant interactions; and the O, T,
and S dimensions also exhibit diverse distributions.

It is worth noting that extreme scores (+2/-2) oc-
cur relatively infrequently in the overall dataset.
For instance, highly unequal or fully dominant
power relations in the P dimension, extremely neg-
ative emotional interactions in the V dimension,
and strongly competitive or explicitly antagonis-
tic stances in the S dimension are comparatively
rare. This distributional characteristic does not
stem from biases in data construction, but rather
reflects inherent constraints of real-world social
scenarios. In everyday social videos or publicly
available media content, interactions exhibiting ex-
treme power imbalances, intense emotional con-
frontation, or fully antagonistic dynamics are in-
herently uncommon and difficult to collect at scale
while maintaining data quality.

G Experimental Configuration

For the closed-source models Gemini and GPT, we
directly utilized their official APIs to conduct the
tests. For the 4B, 8B, and 32B parameter variants
of the open-source model Qwen3, we performed lo-
cal testing using two NVIDIA GeForce RTX 4090,
which is equipped with approximately 48GB of
VRAM. For all five of these distinct models, we
employed the official parameter configurations pro-
vided by their respective developers.
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H MLLMs’ Output Examples

Figure.14 presents a typical performance example
of Multi-modal Large Language Models (MLLM:s)
on the PIVOTS Benchmark. The upper section
displays the key frames of the video and the origi-
nal conversation transcript (which includes explicit
social terms like "father"). The task here is to as-
sign a unidirectional S-dimension score for the re-
lationship from the Man in the white jacket to the
Man in the black robe; models including Qwen3
(4B/8B/32B), GPT, and Gemini all gave a score of
-2. The lower section shows the scenario where so-
cial identifiers (such as "father") in the conversation
are replaced with generic tokens without attribute
information (e.g., [PERSON], [TITLE]). For the
same task, Qwen3-32B-vl still gave a score of -2.
Both tasks in this figure have visual inputs.

Figure. 15 presents another performance ex-
ample of Multi-modal Large Language Models
(MLLMs) in the PIVOTS Benchmark. The first
two sections correspond to the "transcript-only"
scenario: The first section displays the original con-
versation transcript (which includes explicit social
terms like "father"), with the corresponding task of
assigning a unidirectional S-dimension score for
the relationship from the Man in the white jacket
to the Man in the black robe; Qwen3 32B gives a
score of -2, and the answer is correct. The second
section shows the transcript where social identifiers
(such as "father") are replaced with generic tokens
without attribute information (e.g., [PERSON], [TI-
TLE]). For the same task, Qwen3 32B still gives
a score of -2, and the answer is correct. The final
section corresponds to the "video-only" scenario:
It only displays the key frames of the video, with-
out the conversation transcript. For the same task,
Qwen3 32B gives a score of -1, and the answer is
incorrect.



Prompt Example

n.n

"role": "user",
"content": [
{
"type": "text",
"text": "You are a research psychologist with 30 years of experience specializing in social psychology and interpersonal
dynamics. Your goal is to quantify the relationship between two individuals using the PIVOTS framework.
You must operate on an Evidence-First basis. Before assigning any score, you are required to identify a specific quote or behavior
from the input that supports it.
Avoid Neutral Bias: Do not default to "0" to be safe. Only use "0" if the relationship is perfectly balanced or truly indifferent.
Constraint: You recognize that interpersonal relationships are complex, so you must select the score that most closely aligns with
the provided definitions. Ensure the internal scale (the "distance" between +2 and -2) remains calibrated and constant throughout
every evaluation.
You need to answer the question based on the provided information.
Input Information:
1. Video
2. Transcribed Text
3. the definition of PIVOTS (a six-dimensional interpersonal relationship framework)
PIVOTS - Six-Dimensional Model [definition]
Evaluation Protocol:
1. Phase 1: Affective Calibration (V & I): Analyze the input specifically to evaluate Valence (V) and Intensity (I). You must
maintain a constant "semantic distance" between -2 and +2 across all evaluations. If this is the first case, establish it as the Anchor
Standard; for subsequent cases, calibrate your scores against this baseline to prevent scale drift.
2. Phase 2: Structural Dimensions (P, O, T, S): Conduct a targeted re-reading to evaluate Power, Objective, Time,and Stance.
Select the values that align most precisely with the behavioral evidence in the scene, ensuring strict adherence to the provided
definitions.
3. Phase 3: Independent Synthesis (Blind Review): Approach the input again with a fresh perspective. Independently determine a
complete set of PIVOTS values without referring to your findings from Phase 1 and 2.
4. Phase 4: Reconciliation & Validation: Compare the scores from the previous phases.
If identical: Proceed to the final output.
If discrepancies exist: Verbalize a root-cause analysis, re-examine the input evidence, and undergo a final determination to
reach a reconciled, high-confidence score.
Note that all the above scores are unidirectional; for scores on the same dimension, A's score for B is not necessarily the same as
B's score for A. Directly output your score. And wrap your score with "###" before and after. If your score is -2, then you should
output #H#-2#HH#
Transcribed Text [datal]
Question [data2]" },
{
"type": "image url",
"image url": {
Hurln: "

Figure 12: Multi-Stage Prompt
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Prompt Example \

[
"role": "user",
"content": [
{
"type”: "text",
"text": "You need to answer the question based on the provided information.
Requirements:

1. Refer the definition of PIVOTS Model carefully, you will see the model in the following.

2. Pay carefully attention to those details and use those specific signals to answer the questions : Facial Expressions (e.g., mouth corners, eyebrows)
* Body Posture (e.g., open vs. closed)

* Physical Distance (e.g., close vs. distant)

* Body Height (e.g., standing vs. sitting)

* Hand Gestures/Fidgeting (e.g., finger picking, pen spinning, clutching clothes)

* Socially Normative Behaviors (e.g., handshaking, waving)

« Eye Gaze/Direction (e.g., direct contact vs. avoidance)

* Environmental Context (e.g., office vs. home)

* Attire and Accessories (e.g., formal vs. casual)e Intimate Physical Contact

3. Remember that the PIVOTS scores from A towards B may be significantly different from those from B towards A. You need to reason their perspectives
separately."

Input Information:

1. Video

2. Transcribed Text

3. the definition of PIVOTS (a six-dimensional interpersonal relationship framework)

PIVOTS - Six-Dimensional Model [definition]

Example you can refer:

Example: The "Unsolicited Advice" (Focus: Valence)
Scenario: An experienced Senior Colleague (A) is giving detailed career advice to a Junior Employee (B) during a coffee break. A thinks they are being a
mentor; B feels micro-managed and judged.
Direction 1: Senior (A) towards Junior (B)
* V (Valence): +1 (Pleasant/Altruistic)
« Rationale: A perceives the interaction as a warm, prosocial act of sharing wisdom and "helping the next generation."
« Cues: Facial Expressions: Frequent smiling and relaxed eyebrows.
* Body Posture: Leaning in toward B to show engagement.
« Physical Distance: Moves closer to create a sense of "intimacy/closeness."
Direction 2: Junior (B) towards Senior (A)
* V (Valence): -1 (Unpleasant/Intrusive)
« Rationale: B perceives the interaction as condescending and an encroachment on their autonomy; they feel pressured to listen to advice they didn't ask for.
* Cues: Eye Gaze: Frequently looking away (at phone or around the room) to avoid direct contact.
* Facial Expressions: Tight mouth corners (fake smile); micro-expressions of annoyance.
» Hand Gestures: Fidgeting with a coffee cup or pen (E: Hand Gestures/Fidgeting) as a sign of anxiety/impatience.
Note that all the above scores are unidirectional; for scores on the same dimension, A's score for B is not necessarily the same as B's score for A. Directly
output your score. And wrap your score with "###" before and after. If your score is -2, then you should output ####-2###
Transcribed Text [datal]
Question [data2]" },
{
"type": "image_url",
"image_url": {
nar]:
}
)
]
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Figure 13: In-Context Prompt
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Video

Transcript

00:00:00

Well, I'm mighty glad to hear

00:00:02

that. You know why? 'Cause I've had enough of
00:00:04

You my whole life. And then

00:00:07

some. My advice to you, Junior? Go to an AA
00:00:10

Almighty! Don't you dare talk to your father that

00:00:18

way! I talk to him however the hell I want to talk to
00:00:20

him. What in tarnation is this boy gonna get out of his own
00:00:23

way? How many more chances does he think we will give
00:00:25

him? Can't you talk to

in white jacket to Man in black robe.

Meeting right now. Get 00:00:27

00:00:11 me? Well, why do you tell

help. Thank you, Mr. What? Perfect. Mr. War Hero. Mr. 00:00:29

God her?

00:00:16
Question and MLLMs’ Answer @ $ $
Q: Assign a unidirectional S-dimension score from Man

32B GPT Gemini

%/i/i/i/i/

Transcript

00:00:00

Well, I'm mighty glad to hear

00:00:02

that. You know why? 'Cause I've had enough of
00:00:04

You my whole life. And then

00:00:07

some. My advice to you, [Person]? Go to an AA
00:00:10

Meeting right now. Get

00:00:11

help. Thank you, [Title]. What? Perfect. [Title]. [Title].
00:00:16

Almighty! Don't you dare talk to your [Person] that
00:00:18

way! I talk to him however the hell I want to talk to
00:00:20

him. What in tarnation is this [Person] gonna get out of his
own

00:00:23

way? How many more chances does he think we will give
00:00:25

him? Can't you talk to

00:00:27

me? Well, why do you tell

00:00:29

her?

Question and MLLM’s Answer

Q: Assign a unidirectional S-dimension score from Man in white jacket to Man in black robe.

%

32B

3

Figure 14: MLLM’s Response Example




Transcript Only

00:00:00 Almighty! Don't you dare talk to your father that

Well, I'm mighty glad to hear 00:00:18

00:00:02 way! I talk to him however the hell I want to talk to

that. You know why? 'Cause I've had enough of 00:00:20

00:00:04 him. What in tarnation is this boy gonna get out of his own
You my whole life. And then 00:00:23

00:00:07 way? How many more chances does he think we will give
some. My advice to you, Junior? Go to an AA 00:00:25

00:00:10 him? Can't you talk to

Meeting right now. Get 00:00:27

00:00:11 me? Well, why do you tell

help. Thank you, Mr. What? Perfect. Mr. War Hero. Mr. 00:00:29

God her?

00:00:16

Question and MLLM’s Answer
Q: Assign a unidirectional S-dimension score from Man in white jacket to Man in black robe. : 3

32B
Transcript Only
Almighty! Don't you dare talk to your [Person] that
00:00:00 00:00:18
Well, I'm mighty glad to hear way! I talk to him however the hell I want to talk to
00:00:02 00:00:20
that. You know why? 'Cause I've had enough of him. What in tarnation is this [Person] gonna get out of his
00:00:04 own
You my whole life. And then 00:00:23
00:00:07 way? How many more chances does he think we will give
some. My advice to you, [Person]? Go to an AA 00:00:25
00:00:10 him? Can't you talk to
Meeting right now. Get 00:00:27
00:00:11 ‘ . ) me? Well, why do you tell
help. Thank you, [Title]. What? Perfect. [Title]. [Title]. 0:00:29
00:00:16 her?
Question and MLLM’s Answer
Q: Assign a unidirectional S-dimension score from Man in white jacket to Man in black robe. @ 12

32B

Video Only

LANATEE

Figure 15: MLLM’s Response Example
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n Social Dimensions smart Batch

> 0:29/0:30

CONTROLS & IMPORT

Clear Frames

f® Select Folder | Extract All (3fps)

% Batch Videos: =~ 4AmVjblOvy4_0_30s.mp4

Extracted 90 frames

Reset All

VIDEO (.MP4)
4AmVjblOvy4_0_30s.mpa

TRANSCRIPT (.TXT) JSON (SCORE.JSON)

4AMVjbIOvy4.txt score.json

KEYFRAME GALLERY

TRANSCRIPT REFERENCE

WEBVTT

00:00:00.002 --> 00:00:05.511
tiny | shot it because I've already had

CHARACTERS
Blonde Wo X Brown-Hai %< Name X +Add
INTERACTION ANNOTATIONS
Blonde Woman
P 0 1 1 v
16.3 mmiss.s

A Facial Expression

B Body Posture

C Proximity
D Body Height
E Hand Gesture

F Social Norms

Brown-Haired Woman de
G Gaze
H Context
P 0~
1 Attire
mm:ss. s
J Contact

Remove
1 v o 0 v T 1 v S 2 v
mm:ss.s 20.0 mm:ss.s mm:ss.s
F H

Remove

1 v o 0 v T 1 v s 2 v

mm:ss.s mm:ss.s

mm:ss.s

mm:ss.s

Figure 16: Annzoéation Interface.
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