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Abstract
Multimodal Large Language Models (MLLMs) can process and integrate mul-
timodal information including images and text, providing a powerful tool for
understanding human psychology and cognitive behavior. Integrating classic
emotion psychology paradigms, this study compared the performance of two
mainstream MLLMs and human subjects in emotion recognition and emotion
reasoning under dynamic social interaction scenarios, isolating the distinct roles
of visual features of character dialogues (images) and dialogue content (text) in
recognizing and reasoning about the emotions of relevant characters. Results
indicate that MLLMs’ emotion recognition and emotion reasoning performance
based on character dialogue images and dialogue content exhibited correlations
of moderate or lower magnitude with human subjects’ performance. Although
a significant gap remains, MLLMs have preliminarily demonstrated emotion
recognition and emotion reasoning abilities similar to human subjects in dyadic
interactions. Using human subjects’ performance as a benchmark, we further
compared MLLMs’ emotion recognition and emotion reasoning performance un-
der three conditions: relying solely on character dialogue images, relying solely
on dialogue content, and relying on their combination. We found that visual
features of character dialogues somewhat constrained MLLMs’ performance in
basic emotion recognition but effectively facilitated complex emotion recogni-
tion, while no significant effect was observed on emotion reasoning. By compar-
ing two mainstream MLLMs and their different versions (GPT-4-vision/turbo
vs. Claude-3-haiku), we found that innovations in technical frameworks and
principles are more crucial for improving MLLMs’ emotion recognition and rea-
soning abilities in social interactions than simply expanding the scale of training
data. The findings of this study hold significant scientific value and implications
for understanding the psychological mechanisms of emotion recognition and rea-
soning in social interactions and for inspiring human-like affective computing
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and intelligent algorithms.
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Abstract
Multimodal Large Language Models (MLLMs), capable of processing and inte-
grating multimodal data such as images and text, provide powerful tools for
understanding human psychology and cognitive behavior. Combining classic
emotional psychology paradigms, this study compares the performance of two
mainstream MLLMs and human participants in emotion recognition and emo-
tion inference within dynamic social interaction scenarios, aiming to disentangle
the distinct roles of visual features of character dialogues (images) and dia-
logue content (text) in recognizing and inferring emotions. Results indicate
that MLLMs’ emotion recognition and inference performance based on charac-
ter dialogue images and content shows moderate or weaker correlations with
human participants. Despite a noticeable gap, MLLMs have begun to demon-
strate emotion recognition and inference capabilities similar to humans in dyadic
interactions. Using human performance as a benchmark, we further compare
MLLMs’ performance across three conditions: using only character dialogue im-
ages, only dialogue content, and both combined. Visual features of character
dialogues somewhat constrain basic emotion recognition but effectively facilitate
complex emotion recognition, while showing no significant impact on emotion
inference. By comparing two mainstream MLLMs and their different versions
(GPT-4-vision/turbo vs. Claude-3-haiku), we find that innovations in technical
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frameworks are more important than simply scaling training data for enhancing
MLLMs’ emotional capabilities in social interactions.

These findings hold significant scientific value for understanding the psycholog-
ical mechanisms of emotion recognition and inference in social interactions and
for inspiring human-like affective computing and intelligent algorithms.

Keywords: multimodal large language model, social interaction, emotion recog-
nition, emotion inference
Classification: B842

Emotion plays a critical role in helping individuals adapt to natural and social
environments, cope with various stressors, and maintain mental health. There-
fore, a deep understanding of emotion generation mechanisms is essential for
uncovering human psychological functions. Emotion generation involves a se-
ries of complex physiological, psychological, and cognitive processes, including
the appraisal and judgment of external emotional stimuli (Lazarus, 1991) and
the production and regulation of emotional expressions such as facial expressions
and body movements (Ekman, 1993). Emotion is not merely an individual in-
ternal phenomenon; it also emerges through interactions with others, regulated
by social norms and goals, expressed in social contexts, and influences others
(Van Kleef & Côté, 2022). Consequently, in social interactions, individuals re-
quire at least two emotional capabilities: emotion recognition—the ability to
accurately identify and judge others’ internal emotional states based on their
emotional expressions to efficiently evaluate external emotional stimuli—and
emotion inference—the ability to infer and anticipate how one’s own emotional
expressions affect others, thereby strategically regulating and managing one’s
expressions. The coordinated operation of these capabilities enables individuals
to achieve more effective adaptation and regulation in complex and dynamic
social interaction contexts.

Emotion recognition and inference depend on emotional expressions, which arise
from the organic coordination of nonverbal and verbal information. Nonverbal
cues such as facial expressions and body movements can directly convey emo-
tional states, motivations, and intentions (Ekman, 1993; Mehrabian, 2017),
while verbal information provides necessary supplementation and refined rep-
resentation of complex emotional content and contextual details (Buck, 1985).
Although traditional psychological experiments have revealed interactive effects
at the perceptual and judgmental levels by manipulating the consistency or
conflict between these modalities (McGurk & MacDonald, 1976; De Gelder &
Vroomen, 2000), these paradigms, constrained by static stimuli and highly con-
trolled experimental settings, struggle to systematically simulate and predict
complex cross-modal information integration processes.

To overcome these limitations, this study employs Multimodal Large Language
Models (MLLMs) to investigate the roles of visual features and content in emo-
tional expression. MLLMs can simultaneously process multiple modalities of
data, including images and text, providing a powerful computational framework
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for studying the interaction between nonverbal and verbal information (Zhang
et al., 2024). By integrating information from different modalities, MLLMs
can capture complex emotional expressions and social cues, thereby achieving
a more comprehensive understanding of human emotional cognition. Moreover,
MLLMs offer researchers a flexible tool to systematically manipulate and control
different modalities without laboratory constraints.

Furthermore, to address the challenge that traditional psychological experiments
often rely on static images and text, making it difficult to capture the complex-
ity of real social interactions (Schilbach et al., 2013), this study constructs a
dynamic social interaction scenario dataset that integrates visual features of
character dialogues (images) and dialogue content (text). This dataset enables
investigation of how different modalities contribute to emotional expression.
Given the difficulties in collecting dynamic social interaction data—such as ob-
taining authentic natural interaction scenes and privacy concerns (Vinciarelli
et al., 2009)—this study utilizes film and television materials to construct the
evaluation dataset. Such materials offer high ecological validity in terms of
emotional expression richness and social interaction authenticity (Busso et al.,
2008). Based on theories of cultural specificity in emotional expression (Mat-
sumoto et al., 2008), we selected Chinese-language film materials to ensure the
applicability and effectiveness of the evaluation tool within a specific cultural
context. Regarding scenario selection, we focused on dyadic dialogue fragments
from these materials. As the most basic unit of social interaction, this design
preserves core interaction features such as turn-taking and nonverbal synchro-
nization while avoiding information overload that might occur in multi-person
scenarios (Clark & Schaefer, 1989). Additionally, we employed emotion soft-
labeling, representing emotional states as probability distributions. Compared
to single-category emotion labels, soft labels can more precisely capture subtle
differences in emotional expression, revealing the multidimensional and complex
nature of emotions in interactive contexts and thereby enhancing ecological va-
lidity (Fayek et al., 2016; Sridhar et al., 2021).

Building upon this foundation, this study focuses on two emotion-related capa-
bilities closely linked to social interaction: the ability to recognize speakers’ emo-
tions as listeners (Li & Deng, 2020) and the ability to infer listeners’ emotions
as speakers (Zhao et al., 2021; Pollmann & Finkenauer, 2009). Using dyadic
dialogue fragments from Chinese-language films, we construct a dynamic social
interaction evaluation dataset that integrates visual features and dialogue con-
tent. Combining cognitive-behavioral experimental designs, we first compare
the emotion recognition and inference performance of multiple MLLMs and hu-
man participants to explore whether MLLMs possess human-like capabilities in
dynamic social interactions. We then analyze MLLMs’ performance across text-
only, image-only, and dual-modality conditions to examine how visual features
and dialogue content influence emotional expression. Additionally, by compar-
ing MLLMs with different technical principles (GPT-4-vision/turbo vs. Claude-
3-haiku) and different training data scales (GPT-4-vision vs. GPT-4-turbo), we
reveal the roles of technical architecture and data scale in emotional capability
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development. Methodologically, we primarily compare different MLLMs and
modalities through zero-shot performance (Wang et al., 2019), then verify the
stability of zero-shot comparisons through repeated measurements to achieve
accurate assessment of MLLMs’ emotion recognition and inference capabilities
in dynamic social interaction scenarios.

2.1 Evaluation Dataset

The dynamic social interaction evaluation dataset consists of dyadic dialogue
fragments selected from 15 Chinese-language films. Each dialogue lasts no less
than 30 seconds, comprises at least 3 turns, and contains no fewer than 6 utter-
ances (see Table 1 ). The dataset also provides location, character images, and
relationship information for each dyadic dialogue. Considering that pretrained
MLLMs might recognize characters through their names, all character names
in the dataset are replaced with character codes (see Table 2 ). For each utter-
ance in the dialogue fragments, the dataset includes: (1) the dialogue content
text with context (from the beginning of the fragment to the current turn), and
(2) three uniformly sampled frames from the video’s beginning, middle, and
end (character images containing facial expressions and body language informa-
tion). These materials are used to evaluate emotion recognition and inference
capabilities in both MLLMs and human participants.

2.2 Design and Measurement of Emotion Recognition and Inference

This study evaluates two emotional capabilities: emotion recognition and emo-
tion inference. For each dialogue segment in the dyadic scenarios, both MLLMs
and human participants can adopt different roles to evaluate emotions: as lis-
teners recognizing the speaker’s emotions, or as speakers inferring the listener’s
emotions (see Figure 1 [Figure 1: see original paper]).

During emotion recognition and inference tasks, participants are provided with
16 selectable emotion labels: four basic emotions (Amusement, Anger, Sadness,
Surprise) and twelve complex emotions (Awe, Concentration, Confusion, Con-
tempt, Contentment, Desire, Disappointment, Doubt, Elation, Interest, Pain,
Triumph). While these 16 labels do not cover all possible emotions, they pos-
sess facial movement patterns that can be effectively recognized by deep neural
networks (Cowen et al., 2021), have been preserved across multiple cultures
(Cordaro et al., 2018; Cowen et al., 2019; Cordaro et al., 2020), and can ex-
plain emotional dimensions such as valence, arousal, and avoidance (Cowen &
Keltner, 2020; Cowen et al., 2019).

2.3 Evaluation Methods

We used G*Power 3.1 to estimate the required sample size, which yielded N =
23 (Effect size f = 0.25; 𝛼 = 0.05, 1 - 𝛽 = 0.80, single-factor two-level repeated-
measures design).

chinarxiv.org/items/chinaxiv-202509.00064 Machine Translation

https://chinarxiv.org/items/chinaxiv-202509.00064


2.3.1 Human Participant Evaluation Method We collected valid
responses from 36 participants (21 females, 15 males; mean age = 25.33
years, SD = 3.57). All participants completed the experiment through the
Wenjuanxing platform, evaluating all dyadic dialogue fragments from both
character perspectives, and received corresponding compensation. As shown
in Figure 2 [Figure 2: see original paper], before each dialogue segment,
participants were presented with character images, codes, relationships, and
location information, and selected one character’s perspective for the task.
During the experiment, dialogue text and corresponding three sampled frames
were presented sequentially. Previous text remained visible, while new text
(the target utterance) was highlighted in red. When the target utterance was
spoken by the selected character, the instruction read, “What emotion do you
think {the other character} felt while listening to your last sentence?” When
spoken by the other character, it read, “What emotion do you think {the
other character} felt when saying the last sentence?” Participants selected 1-3
emotion labels from the 16 options and ranked them by relevance. After com-
pleting the dialogue, participants switched to the other character’s perspective
to repeat the evaluation. No answers were designated as correct or incorrect;
participants were instructed to respond based on their understanding of the
scenario and characters.

2.3.2 MLLM Evaluation Method To batch-obtain MLLM emotion recogni-
tion and inference results, we used API interface calls, which are fundamentally
equivalent to direct user interface queries using prompts. We called the model
API once to obtain zero-shot emotion recognition and inference results for an-
alyzing and comparing performance across different MLLMs and modalities.
We then called the API 25 times to obtain repeated measurement results from
representative MLLMs for testing the stability of zero-shot performance.

The dual-modality zero-shot prompt for MLLMs includes character images,
codes, relationships, location, contextual dialogue content, and three sampled
frames for the current utterance, asking the model to adopt either a listener
role for emotion recognition or a speaker role for emotion inference. The model
outputs probabilities for the 16 emotion labels (see Figure S1 for recognition
example, Figure S2 for inference example). For image-only modality, dialogue
text is removed; for text-only modality, images and sampled frames are removed.
For repeated measurements, the output requirement is modified to selecting 1-3
emotion labels ranked by relevance (see Figures S3-S4).

To enhance emotional analysis, we set the system role as “research assistant”
at the prompt’s beginning and included instructions such as “clear film-related
memories,” “feel free to comment on characters in the images,” and “comments
must be based on characters’ emotions” at the end. For occasional MLLM re-
sponse errors, zero-shot results were manually reviewed to ensure emotion labels
and probabilities were returned, though not strictly limited to the provided 16
labels. Nevertheless, over 90% of dialogue scenes returned correctly formatted
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responses. For repeated measurement results, automated scripts ensured only
1-3 labels from the 16 options were returned.

2.4 Statistical Analysis

2.4.1 Analysis Based on Emotion Label-Dyadic Dialogue Scene
Probability Distribution Matrices For MLLMs returning probability
distributions of 16 emotion labels, we combined all dialogue scenes to gen-
erate emotion label-dyadic dialogue scene probability distribution matrices
(16$×149, 𝑠𝑒𝑒𝐹𝑖𝑔𝑢𝑟𝑒𝑆5)𝑓𝑜𝑟𝑏𝑜𝑡ℎ𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑟𝑒𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑜𝑛𝑎𝑛𝑑𝑖𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒.𝐹𝑜𝑟ℎ𝑢𝑚𝑎𝑛𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡𝑠𝑎𝑛𝑑𝑀𝐿𝐿𝑀𝑠𝑟𝑒𝑡𝑢𝑟𝑛𝑖𝑛𝑔1−
3𝑟𝑎𝑛𝑘𝑒𝑑𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑙𝑎𝑏𝑒𝑙𝑠, 𝑤𝑒𝑎𝑝𝑝𝑙𝑖𝑒𝑑𝑎𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑠𝑐𝑜𝑟𝑖𝑛𝑔𝑠𝑦𝑠𝑡𝑒𝑚 ∶ (1)𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑛𝑔1𝑙𝑎𝑏𝑒𝑙 ∶
+6𝑤𝑒𝑖𝑔ℎ𝑡; (2)𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑛𝑔2𝑙𝑎𝑏𝑒𝑙𝑠 ∶ +4𝑓𝑜𝑟𝑓𝑖𝑟𝑠𝑡, +2𝑓𝑜𝑟𝑠𝑒𝑐𝑜𝑛𝑑; (3)𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑛𝑔3𝑙𝑎𝑏𝑒𝑙𝑠 ∶
+3𝑓𝑜𝑟𝑓𝑖𝑟𝑠𝑡, +2𝑓𝑜𝑟𝑠𝑒𝑐𝑜𝑛𝑑, +1𝑓𝑜𝑟𝑡ℎ𝑖𝑟𝑑.𝑇 ℎ𝑒𝑠𝑒𝑤𝑒𝑖𝑔ℎ𝑡𝑠𝑤𝑒𝑟𝑒𝑢𝑠𝑒𝑑𝑡𝑜𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠𝑓𝑜𝑟𝑒𝑎𝑐ℎ𝑑𝑖𝑎𝑙𝑜𝑔𝑢𝑒𝑠𝑐𝑒𝑛𝑒, 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑛𝑔𝑐𝑜𝑚𝑝𝑎𝑟𝑎𝑏𝑙𝑒𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑙𝑎𝑏𝑒𝑙−
𝑑𝑦𝑎𝑑𝑖𝑐𝑑𝑖𝑎𝑙𝑜𝑔𝑢𝑒𝑠𝑐𝑒𝑛𝑒𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑚𝑎𝑡𝑟𝑖𝑐𝑒𝑠(16×$149, see Figure 3A
[Figure 3: see original paper]A). We then performed Spearman correlation
analyses between MLLM and human matrices to obtain correlation coefficients,
enabling comparison across different MLLMs and modalities via Fisher’s Z
tests.

2.4.2 Analysis Based on Mean Emotion Label Probability Distribu-
tions Each row of the probability distribution matrix represents the distribu-
tion of a specific emotion label across 149 dialogue scenes. The mean probability
for each label indicates the likelihood of recognizing or inferring that emotion
across the entire dataset. Higher mean probability suggests greater tendency to
identify or infer that emotion. We used independent samples t-tests to compare
mean probability distributions between MLLMs and humans for the 16 emotion
labels, analyzing differences in emotion label preferences to evaluate MLLM
performance.

3 Results
Analysis of human participant data (see Section 2.3.1) yielded emotion label-
dyadic dialogue scene probability distribution matrices and mean probability
distributions for emotion recognition and inference, shown in Figures 3 [Figure
3: see original paper] and 4 [Figure 4: see original paper]. To assess data
reliability, we calculated internal consistency (Cronbach’s 𝛼), revealing high
reliability for both emotion recognition (𝛼 = 0.98) and emotion inference (𝛼 =
0.98).

Meanwhile, analysis of MLLM data (see Section 2.3.2) collected zero-shot re-
sults from GPT-4-vision (image-only, text-only, dual-modality), GPT-4-turbo
(dual-modality), and Claude-3-haiku (dual-modality), generating corresponding
emotion label-dyadic dialogue scene probability distribution matrices (Figures
S5-S14).
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3.1 Spearman Correlation Analysis Between MLLM Zero-Shot Per-
formance and Human Participants

Using the method described in Section 2.4.1, we compared the overall similarity
between MLLM zero-shot and human probability distribution matrices. Emo-
tion recognition results are shown in Figure 5 [Figure 5: see original paper];
emotion inference results in Figure 6 [Figure 6: see original paper].

Comparing GPT-4-vision across three modalities (image-only/text-only/dual-
modality) against humans:

For basic emotion recognition, GPT-4-vision dual-modality showed significantly
higher correlation with humans (Spearman’s rho: 0.48, 95% CI [0.41, 0.55],
Fisher’s Z = 0.52, p < 0.001) than image-only (Spearman’s rho: 0.26, 95% CI
[0.19, 0.34], Fisher’s Z = 0.27, p < 0.001) (z = 4.32, p < 0.001). Text-only
correlation (Spearman’s rho: 0.42, 95% CI [0.35, 0.49], Fisher’s Z = 0.45, p <
0.001) was also significantly higher than image-only (z = 3.04, p = 0.002). No
significant difference existed between dual-modality and text-only (z = 1.28, p
= 0.201).

For complex emotion recognition, dual-modality correlation (Spearman’s rho:
0.48, 95% CI [0.45, 0.52], Fisher’s Z = 0.53, p < 0.001) significantly exceeded
image-only (Spearman’s rho: 0.35, 95% CI [0.30, 0.39], Fisher’s Z = 0.36, p
< 0.001) (z = 4.99, p < 0.001) and text-only (Spearman’s rho: 0.41, 95% CI
[0.37, 0.45], Fisher’s Z = 0.44, p < 0.001) (z = 2.64, p = 0.008). Text-only also
significantly exceeded image-only (z = 2.34, p = 0.019).

For basic emotion inference, dual-modality correlation (Spearman’s rho: 0.41,
95% CI [0.34, 0.48], Fisher’s Z = 0.44, p < 0.001) significantly exceeded image-
only (Spearman’s rho: 0.21, 95% CI [0.13, 0.28], Fisher’s Z = 0.21, p < 0.001)
(z = 3.98, p < 0.001). Text-only correlation (Spearman’s rho: 0.45, 95% CI
[0.39, 0.52], Fisher’s Z = 0.49, p < 0.001) also significantly exceeded image-only
(z = 4.80, p < 0.001). No significant difference existed between dual-modality
and text-only (z = -0.82, p = 0.410).

For complex emotion inference, dual-modality correlation (Spearman’s rho:
0.47, 95% CI [0.43, 0.50], Fisher’s Z = 0.51, p < 0.001) did not significantly
differ from image-only (Spearman’s rho: 0.42, 95% CI [0.38, 0.46], Fisher’s Z =
0.45, p < 0.001) (z = 1.84, p = 0.066). Text-only correlation (Spearman’s rho:
0.43, 95% CI [0.39, 0.47], Fisher’s Z = 0.46, p < 0.001) also did not significantly
differ from image-only (z = 0.34, p = 0.737). No significant difference existed
between dual-modality and text-only (z = 1.50, p = 0.133).

Comparing three MLLMs (GPT-4-vision/GPT-4-turbo/Claude-3-haiku)
against humans:

For basic emotion recognition, GPT-4-vision dual-modality correlation signifi-
cantly exceeded Claude-3-haiku dual-modality (Spearman’s rho: 0.29, 95% CI
[0.21, 0.37], Fisher’s Z = 0.30, p < 0.001) (z = 3.82, p < 0.001). GPT-4-turbo
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dual-modality correlation (Spearman’s rho: 0.44, 95% CI [0.36, 0.50], Fisher’s
Z = 0.47, p < 0.001) also significantly exceeded Claude-3-haiku (z = 2.91, p
= 0.004). No significant difference existed between GPT-4-vision and GPT-4-
turbo dual-modality (z = 0.92, p = 0.360).

For complex emotion recognition, GPT-4-vision dual-modality correlation sig-
nificantly exceeded both Claude-3-haiku (Spearman’s rho: 0.23, 95% CI [0.18,
0.27], Fisher’s Z = 0.23, p < 0.001) (z = 8.92, p < 0.001) and GPT-4-turbo
dual-modality (Spearman’s rho: 0.42, 95% CI [0.38, 0.46], Fisher’s Z = 0.45,
p < 0.001) (z = 2.30, p = 0.022). GPT-4-turbo also significantly exceeded
Claude-3-haiku (z = 6.63, p < 0.001).

For basic emotion inference, GPT-4-vision dual-modality correlation signifi-
cantly exceeded Claude-3-haiku (Spearman’s rho: 0.12, 95% CI [0.05, 0.20],
Fisher’s Z = 0.12, p = 0.003) (z = 5.48, p < 0.001). GPT-4-turbo dual-
modality correlation (Spearman’s rho: 0.43, 95% CI [0.36, 0.49], Fisher’s Z
= 0.46, p < 0.001) also significantly exceeded Claude-3-haiku (z = 5.78, p
< 0.001). No significant difference existed between GPT-4-vision and GPT-4-
turbo dual-modality (z = -0.30, p = 0.764).

For complex emotion inference, GPT-4-vision dual-modality correlation signif-
icantly exceeded Claude-3-haiku (Spearman’s rho: 0.29, 95% CI [0.24, 0.33],
Fisher’s Z = 0.30, p < 0.001) (z = 6.34, p < 0.001). GPT-4-turbo dual-
modality correlation (Spearman’s rho: 0.43, 95% CI [0.39, 0.47], Fisher’s Z
= 0.46, p < 0.001) also significantly exceeded Claude-3-haiku (z = 4.84, p
< 0.001). No significant difference existed between GPT-4-vision and GPT-4-
turbo dual-modality (z = 1.50, p = 0.134).

To test the stability of zero-shot comparisons, we conducted 25 repeated mea-
surements on GPT-4-vision dual-modality and GPT-4-turbo dual-modality,
which showed significant differences only in complex emotion recognition.
Results (Figures S15, S16) confirmed that repeated measurement findings were
consistent with zero-shot results.

3.2 Independent Samples t-Tests Between MLLM Zero-Shot Perfor-
mance and Human Participants

Using the method described in Section 2.4.2, we further compared differences
in mean probability distributions for recognizing and inferring four basic and
twelve complex emotions between MLLMs and humans. Emotion recognition
results are shown in Figure 7 [Figure 7: see original paper]; emotion inference
results in Figure 8 [Figure 8: see original paper]. Emotion labels without sig-
nificant differences from humans are boxed (all p-values corrected for multiple
comparisons).

GPT-4-vision image-only modality showed no significant differences from hu-
mans in recognizing 2 basic emotions (Sadness, Surprise) and 4 complex emo-
tions (Desire, Disappointment, Interest, Pain), and no differences in inferring
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1 basic emotion (Sadness) and 4 complex emotions (Disappointment, Elation,
Pain, Triumph) (see Supplementary Tables S7, S8).

GPT-4-vision text-only modality showed no significant differences from humans
in recognizing 4 basic emotions (Amusement, Anger, Sadness, Surprise) and 6
complex emotions (Contempt, Desire, Disappointment, Elation, Interest, Pain),
and no differences in inferring 2 basic emotions (Amusement, Anger) and 6
complex emotions (Contempt, Contentment, Disappointment, Elation, Interest,
Triumph) (see Supplementary Tables S9, S10).

GPT-4-vision dual-modality showed no significant differences from humans in
recognizing 2 basic emotions (Amusement, Surprise) and 7 complex emotions
(Concentration, Contempt, Desire, Disappointment, Elation, Interest, Pain),
and no differences in inferring 2 basic emotions (Anger, Sadness) and 7 complex
emotions (Concentration, Contempt, Disappointment, Elation, Interest, Pain,
Triumph) (see Supplementary Tables S3, S4).

GPT-4-turbo dual-modality showed no significant differences from humans in
recognizing 4 basic emotions (Amusement, Anger, Sadness, Surprise) and 7
complex emotions (Concentration, Contempt, Desire, Disappointment, Elation,
Interest, Pain), and no differences in inferring 2 basic emotions (Anger, Sadness)
and 6 complex emotions (Contempt, Contentment, Disappointment, Interest,
Pain, Triumph) (see Supplementary Tables S5, S6).

Claude-3-haiku dual-modality showed no significant differences from humans
in recognizing 0 basic emotions and 4 complex emotions (Concentration, Con-
tentment, Desire, Doubt), and no differences in inferring 0 basic emotions and 3
complex emotions (Concentration, Disappointment, Doubt) (see Supplementary
Tables S1, S2).

Integrating overall similarity and mean probability distribution consistency be-
tween MLLMs and humans reveals that all MLLMs show moderate or weaker
correlations with human performance, with more than half of the emotion labels
showing probability distribution differences from humans. Comparing modal-
ities, GPT-4-vision dual-modality outperformed image-only but not text-only
in basic emotion recognition; dual-modality outperformed both image-only and
text-only in complex emotion recognition; dual-modality outperformed image-
only and equaled text-only in both basic and complex emotion inference.

Comparing different MLLMs, GPT-4-vision dual-modality outperformed
Claude-3-haiku dual-modality in both emotion recognition and inference. Com-
paring different training scales, GPT-4-vision dual-modality underperformed
GPT-4-turbo dual-modality in basic emotion recognition but outperformed it
in complex emotion recognition, with no differences in emotion inference.

Discussion
This study utilized dyadic dialogue fragments from Chinese-language films to
construct a dynamic social interaction evaluation dataset integrating visual fea-
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tures and dialogue content. We compared emotion recognition and inference
performance between two mainstream MLLMs and human participants, reveal-
ing that MLLMs have developed preliminary human-like capabilities while also
identifying distinct roles of visual features and dialogue content in emotional ex-
pression. Furthermore, we found that technical innovation is more critical than
data scaling for enhancing MLLMs’ emotional capabilities in dynamic social
interactions.

The moderate or weaker correlations between MLLMs and humans suggest that
while MLLMs can process multiple modalities simultaneously, their integration
mechanisms differ from human cognition. MLLMs’ strength lies in their ability
to consider emotional vocabulary in text, facial expressions, and body language
in images, providing a comprehensive understanding of emotions. Previous re-
search demonstrates that emotional vocabulary, facial expressions, and body
language play crucial roles in emotion recognition (Ekman & Friesen, 1978;
Mehrabian, 2017). Beyond multimodal information processing, MLLMs com-
bine contextual understanding to grasp the background and motivation behind
emotional expressions, enabling more accurate recognition and inference in com-
plex social interactions (Lazarus, 1991; Strack & Deutsch, 2004).

Comparisons across GPT-4-vision modalities reveal that verbal information
plays a vital role in emotional expression. Ekman (1992) noted that while facial
expressions and body language provide initial emotional signals, these nonver-
bal cues are often ambiguous without dialogue content. A smiling face might
convey happiness, but in a sarcastic context, the expressed emotion could be
entirely different. Verbal information provides emotional sources, event descrip-
tions, and linguistic tones that help clarify the true intent behind emotional
expressions, offering necessary context for more precise interpretation. Thus,
understanding emotional expression depends not only on the emotion itself but
also on the nature and context of verbal content.

Moreover, visual features play distinct roles in emotion recognition versus in-
ference. Visual features interfere with basic emotion recognition but facilitate
complex emotion recognition, suggesting that complex emotional expression re-
lies more heavily on visual features. Basic emotions, due to their directness and
universality, can be conveyed through straightforward vocabulary and sentence
structures without extensive cognitive processing, as in expressions like “I am
happy” or “I am angry” (Lindquist et al., 2016). When visual features and ver-
bal information convey inconsistent basic emotions, cognitive conflict typically
arises, disrupting interpretation. Complex emotions, due to their complexity
and diversity, cannot be accurately conveyed through vocabulary alone and re-
quire more nuanced language combined with visual features to express emotions
accurately (Russell, 2003). Conversely, visual features have minimal impact on
emotion inference, indicating that verbal information plays a stronger role in
regulating others’ emotions. Clear verbal expressions help others accurately
understand emotional content and intentions (Ekman & Friesen, 2003) and pro-
vide new perspectives or frames for interpreting emotion-eliciting events (Gross,
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2015). For instance, when a friend is frustrated over exam failure, a hug might
be ambiguously interpreted as friendly or perfunctory, whereas statements like
“I understand how you feel” or “This is just a small setback” clearly convey sup-
port and empathy while guiding cognitive reframing to reduce negative impact.

Comparing GPT-4-vision with Claude-3-haiku (different technical principles)
and GPT-4-turbo (different training scale) reveals that technical innovation en-
hances emotional capabilities more than data scaling. The Transformer frame-
work’s self-attention mechanism effectively captures dependencies between dif-
ferent positions in input sequences, allowing models to attend to distant relevant
information rather than just neighboring elements, thereby more effectively pro-
cessing complex emotional signals and contextual information (Vaswani et al.,
2017). While larger datasets expose models to more diverse emotional expres-
sions, enabling richer pattern learning for basic emotion recognition (Goodfellow
et al., 2016; Poria et al., 2017), complex emotions involve mixed basic emotions
and sophisticated contextual understanding that are difficult to standardize
(Plutchik, 1980; Barrett, 2006). Without deep modeling of context and com-
plex emotional relationships, models struggle to understand complex emotions
despite increased data (Barrett et al., 2011; Kosti et al., 2017). Emotion in-
ference involves even more complex cognitive and affective processes, including
empathy mechanisms that require combining training data, pretrained mod-
els, contextual modeling, perspective-taking, reinforcement learning, and other
techniques (Su et al., 2016; Ghosal et al., 2019), making data scaling alone
insufficient for improvement.

Future psychological and cognitive neuroscience research should increasingly in-
tegrate MLLMs to provide more precise and comprehensive perspectives. Psy-
chological research faces challenges from data diversity and complexity, par-
ticularly in cognition, emotion, social interaction, and individual differences.
MLLMs can effectively integrate and process these diverse information sources,
revealing multidimensional features of human psychological processes. By an-
alyzing interactions between modalities, researchers can uncover brain mecha-
nisms underlying multimodal information integration and investigate emotion-
cognition interactions, providing new frameworks for cognitive neuroscience.
Conversely, psychological research can provide theoretical support for model
development in cognitive abilities, emotional intelligence, social interaction, and
personalized services. Cognitive neuroscience can guide model design through
research on multimodal integration, attention mechanisms, learning, memory,
and decision-making. The synergistic development of psychology, cognitive neu-
roscience, and artificial intelligence will not only advance AI but also provide
powerful tools for understanding human behavior and brain mechanisms.

This study has several limitations. First, due to uniform temporal sampling,
some frames may include content from both current and subsequent speakers,
potentially affecting emotion recognition and inference. Second, although hu-
man participants selected a perspective, they had to immediately switch to the
other character’s perspective after completing each dialogue, which might cause
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judgment biases due to prior knowledge of content and plot, with some par-
ticipants potentially unable to adapt quickly to role-switching. Third, while
GPT-4 and Claude-3 differ in technical principles and training data, both rely
heavily on massive internet text data with substantial overlap, making it dif-
ficult to fully attribute performance differences to technical principles alone.
Finally, during zero-shot evaluation, we did not strictly screen for responses
where MLLMs failed to adopt specified roles, though manual review ensured
response formats were correct.

In summary, this study constructed a dynamic social interaction evaluation
dataset using Chinese-language film dyadic dialogues, compared two mainstream
MLLMs with human participants, and found preliminary human-like capabili-
ties while revealing distinct roles of visual features and dialogue content in emo-
tional expression. Technical innovation proves more critical than data scaling
for enhancing MLLMs’ emotional capabilities. Future research should increas-
ingly integrate MLLMs to advance both AI development and understanding of
human behavior and brain mechanisms.
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Supplementary Tables
Table S1 Claude-3-haiku zero-shot and human participant emotion recognition
independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.08|[0.03, 0.08]||𝐴𝑛𝑔𝑒𝑟|0.13±0.15|[0.01, 0.09]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.11±0.17|[−0.05, −0.02]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.16±0.17|[−0.06, −0.03]||𝐴𝑤𝑒|0.05±0.07|[−0.05, −0.02]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.05±0.09|[−0.04, −0.02]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.01±0.02|[−0.02, 0.01]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.06±0.07|[0.04, 0.06]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.12±0.12|[−0.01, 0.04]||𝐷𝑒𝑠𝑖𝑟𝑒|0.13±0.12|[0.08, 0.14]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.11|[−0.07, −0.02]||𝐷𝑜𝑢𝑏𝑡|0.19±0.12|[−0.01, 0.02]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.09±0.11|[−0.03, 0.00]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.03±0.05|[−0.03, 0.00]||𝑃𝑎𝑖𝑛|0.04±0.07|[0.00, 0.05]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.05±$0.08[-0.02, 0.02]

Note: All p-values corrected for multiple comparisons; same below

Table S2 Claude-3-haiku zero-shot and human participant emotion inference
independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.07|[0.01, 0.06]||𝐴𝑛𝑔𝑒𝑟|0.10±0.13|[0.05, 0.11]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.09±0.13|[−0.05, −0.02]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.17±0.15|[−0.14, −0.11]||𝐴𝑤𝑒|0.05±0.07|[−0.03, 0.01]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.13±0.10|[0.02, 0.04]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.01±0.03|[0.00, 0.04]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.05±0.06|[0.09, 0.13]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.10±0.09|[−0.03, −0.01]||𝐷𝑒𝑠𝑖𝑟𝑒|0.13±0.11|[−0.02, 0.02]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.06|[0.03, 0.06]||𝐷𝑜𝑢𝑏𝑡|0.20±0.11|[−0.02, 0.01]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.06±0.07|[−0.01, 0.02]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.04±0.06|[−0.04, −0.02]||𝑃𝑎𝑖𝑛|0.03±0.05|[−0.04, −0.01]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.02±$0.03[-0.02, -0.01]

Table S3 GPT-4-vision zero-shot and human participant emotion recognition
independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.08|[−0.03, 0.01]||𝐴𝑛𝑔𝑒𝑟|0.06±0.08|[−0.07, −0.01]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.11±0.17|[−0.07, −0.01]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.07±0.11|[−0.03, 0.00]||𝐴𝑤𝑒|0.05±0.07|[−0.03, 0.01]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.05±0.09|[0.01, 0.02]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.01±0.02|[−0.03, 0.00]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.03±0.03|[−0.03, 0.01]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.12±0.12|[0.02, 0.08]||𝐷𝑒𝑠𝑖𝑟𝑒|0.09±0.11|[0.01, 0.06]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.11|[−0.04, 0.01]||𝐷𝑜𝑢𝑏𝑡|0.03±0.05|[0.03, 0.06]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.07±0.08|[−0.02, 0.01]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.05±0.08|[−0.02, 0.01]||𝑃𝑎𝑖𝑛|0.07±0.08|[0.03, 0.06]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.06±$0.07[-0.03, 0.00]

Table S4 GPT-4-vision zero-shot and human participant emotion inference
independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.07|[−0.04, −0.02]||𝐴𝑛𝑔𝑒𝑟|0.05±0.06|[−0.07, −0.02]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.09±0.13|[−0.01, 0.01]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.06±0.09|[−0.11, −0.07]||𝐴𝑤𝑒|0.05±0.07|[0.01, 0.02]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.13±0.10|[0.02, 0.06]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.02±0.03|[−0.04, 0.00]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.10±0.09|[0.04, 0.07]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.06|[−0.03, 0.01]||𝐷𝑒𝑠𝑖𝑟𝑒|0.06±0.07|[0.00, 0.03]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.04±0.06|[0.02, 0.04]||𝐷𝑜𝑢𝑏𝑡|0.02±0.02|[0.03, 0.05]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.08±0.10|[−0.03, 0.01]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.07±0.05|[−0.02, 0.02]||𝑃𝑎𝑖𝑛|0.03±0.05|[−0.02, 0.00]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.02±$0.03[-0.01, 0.00]

Table S5 GPT-4-turbo zero-shot and human participant emotion recognition
independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.08|[−0.04, 0.00]||𝐴𝑛𝑔𝑒𝑟|0.05±0.08|[−0.06, 0.01]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.11±0.17|[−0.03, 0.00]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.08±0.14|[−0.02, 0.02]||𝐴𝑤𝑒|0.05±0.07|[0.02, 0.04]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.05±0.09|[−0.05, 0.00]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.01±0.02|[0.02, 0.04]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.04±0.05|[−0.05, 0.00]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.12±0.12|[0.03, 0.08]||𝐷𝑒𝑠𝑖𝑟𝑒|0.09±0.11|[−0.04, 0.01]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.11|[0.01, 0.04]||𝐷𝑜𝑢𝑏𝑡|0.03±0.05|[−0.03, 0.00]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.07±0.08|[−0.03, 0.00]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.05±0.06|[−0.03, 0.00]||𝑃𝑎𝑖𝑛|0.06±0.07|[0.03, 0.07]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.11±$0.10[-0.04, -0.02]
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Table S6 GPT-4-turbo zero-shot and human participant emotion inference
independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.07|[−0.04, −0.01]||𝐴𝑛𝑔𝑒𝑟|0.04±0.05|[−0.04, 0.01]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.09±0.13|[−0.02, 0.01]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.07±0.09|[−0.09, −0.06]||𝐴𝑤𝑒|0.05±0.07|[0.01, 0.02]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.13±0.10|[−0.04, 0.00]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.02±0.03|[0.05, 0.08]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.10±0.09|[−0.01, 0.02]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.06|[0.03, 0.06]||𝐷𝑒𝑠𝑖𝑟𝑒|0.06±0.07|[−0.03, 0.00]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.04±0.06|[−0.02, 0.00]||𝐷𝑜𝑢𝑏𝑡|0.02±0.02|[−0.01, 0.01]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.08±0.10|[−0.02, 0.01]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.07±0.05|[−0.01, 0.00]||𝑃𝑎𝑖𝑛|0.03±0.05|[−0.01, 0.00]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.02±$0.03[-0.01, 0.00]

Table S7 GPT-4-vision-image zero-shot and human participant emotion recog-
nition independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.08|[−0.05, −0.01]||𝐴𝑛𝑔𝑒𝑟|0.04±0.07|[−0.10, −0.04]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.11±0.17|[−0.03, 0.00]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.04±0.07|[−0.03, 0.00]||𝐴𝑤𝑒|0.05±0.07|[0.01, 0.02]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.05±0.09|[0.02, 0.08]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.01±0.02|[0.02, 0.07]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.03±0.03|[−0.06, −0.02]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.12±0.12|[0.03, 0.06]||𝐷𝑒𝑠𝑖𝑟𝑒|0.09±0.11|[−0.05, 0.00]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.11|[−0.02, 0.02]||𝐷𝑜𝑢𝑏𝑡|0.03±0.05|[−0.02, 0.00]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.07±0.08|[−0.02, 0.01]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.05±0.08|[0.05, 0.08]||𝑃𝑎𝑖𝑛|0.07±0.08|[−0.05, 0.00]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.06±$0.07[-0.02, 0.01]

Table S8 GPT-4-vision-image zero-shot and human participant emotion infer-
ence independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.07|[−0.04, −0.02]||𝐴𝑛𝑔𝑒𝑟|0.03±0.05|[−0.07, −0.02]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.09±0.13|[−0.01, 0.01]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.04±0.05|[−0.11, −0.07]||𝐴𝑤𝑒|0.05±0.07|[0.01, 0.02]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.13±0.10|[0.02, 0.06]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.02±0.03|[−0.04, 0.00]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.10±0.09|[0.04, 0.07]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.06|[−0.03, 0.01]||𝐷𝑒𝑠𝑖𝑟𝑒|0.06±0.07|[0.00, 0.03]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.04±0.06|[0.02, 0.04]||𝐷𝑜𝑢𝑏𝑡|0.02±0.02|[0.03, 0.05]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.08±0.10|[−0.02, 0.02]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.07±0.05|[−0.03, 0.00]||𝑃𝑎𝑖𝑛|0.03±0.05|[−0.02, 0.00]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.02±$0.03[-0.01, 0.00]

Table S9 GPT-4-vision-text zero-shot and human participant emotion recogni-
tion independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.08|[−0.03, 0.01]||𝐴𝑛𝑔𝑒𝑟|0.06±0.08|[−0.06, 0.01]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.11±0.17|[−0.03, 0.00]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.08±0.12|[−0.01, 0.03]||𝐴𝑤𝑒|0.05±0.07|[0.02, 0.03]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.05±0.09|[−0.08, −0.03]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.01±0.02|[0.01, 0.06]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.04±0.03|[−0.04, 0.00]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.12±0.12|[0.01, 0.06]||𝐷𝑒𝑠𝑖𝑟𝑒|0.09±0.11|[−0.04, 0.01]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.11|[0.02, 0.04]||𝐷𝑜𝑢𝑏𝑡|0.03±0.05|[−0.01, 0.03]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.07±0.08|[−0.01, 0.02]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.05±0.06|[0.03, 0.07]||𝑃𝑎𝑖𝑛|0.07±0.08|[−0.03, 0.01]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.06±$0.07[-0.03, -0.01]

Table S10 GPT-4-vision-text zero-shot and human participant emotion infer-
ence independent samples t-test results

Emotion Label Cohen’s d 95% CI
Amusement 0.07$±0.07|[−0.02, 0.01]||𝐴𝑛𝑔𝑒𝑟|0.06±0.07|[−0.04, 0.01]||𝑆𝑎𝑑𝑛𝑒𝑠𝑠|0.09±0.13|[−0.03, −0.01]||𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒|0.07±0.10|[−0.10, −0.06]||𝐴𝑤𝑒|0.05±0.07|[0.02, 0.03]||𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛|0.13±0.10|[−0.06, −0.03]||𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛|0.02±0.03|[0.02, 0.06]||𝐶𝑜𝑛𝑡𝑒𝑚𝑝𝑡|0.10±0.09|[−0.04, 0.00]||𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑚𝑒𝑛𝑡|0.09±0.06|[0.02, 0.06]||𝐷𝑒𝑠𝑖𝑟𝑒|0.06±0.07|[−0.03, 0.00]||𝐷𝑖𝑠𝑎𝑝𝑝𝑜𝑖𝑛𝑡𝑚𝑒𝑛𝑡|0.04±0.06|[−0.02, 0.00]||𝐷𝑜𝑢𝑏𝑡|0.02±0.02|[−0.01, 0.01]||𝐸𝑙𝑎𝑡𝑖𝑜𝑛|0.08±0.10|[−0.02, 0.01]||𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡|0.07±0.05|[−0.02, 0.01]||𝑃𝑎𝑖𝑛|0.03±0.05|[−0.02, 0.00]||𝑇 𝑟𝑖𝑢𝑚𝑝ℎ|0.02±$0.03[-0.01, 0.00]

Supplementary Figures
Figure S1 Example of MLLM zero-shot emotion recognition evaluation
prompt
Figure S2 Example of MLLM zero-shot emotion inference evaluation prompt
Figure S3 Example of MLLM repeated measurement emotion recognition
evaluation prompt
Figure S4 Example of MLLM repeated measurement emotion inference
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evaluation prompt
Figure S5 Claude-3-haiku zero-shot emotion recognition emotion label-dyadic
dialogue scene probability distribution matrix
Figure S6 Claude-3-haiku zero-shot emotion inference emotion label-dyadic
dialogue scene probability distribution matrix
Figure S7 GPT-4-vision zero-shot emotion recognition emotion label-dyadic
dialogue scene probability distribution matrix
Figure S8 GPT-4-vision zero-shot emotion inference emotion label-dyadic
dialogue scene probability distribution matrix
Figure S9 GPT-4-turbo zero-shot emotion recognition emotion label-dyadic
dialogue scene probability distribution matrix
Figure S10 GPT-4-turbo zero-shot emotion inference emotion label-dyadic
dialogue scene probability distribution matrix
Figure S11 GPT-4-vision-image zero-shot emotion recognition emotion
label-dyadic dialogue scene probability distribution matrix
Figure S12 GPT-4-vision-image zero-shot emotion inference emotion label-
dyadic dialogue scene probability distribution matrix
Figure S13 GPT-4-vision-text zero-shot emotion recognition emotion label-
dyadic dialogue scene probability distribution matrix
Figure S14 GPT-4-vision-text zero-shot emotion inference emotion label-
dyadic dialogue scene probability distribution matrix
Figure S15 MLLM repeated measurement emotion recognition Spearman
correlation analysis and comparison
Figure S16 MLLM repeated measurement emotion inference Spearman
correlation analysis and comparison

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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