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Abstract

This paper introduces a new multi-agent frame-
work, CMTD (Cognitive Modeling with Traits
and Distortions), for multimodal emotion
recognition in conversations (MERC). Instead
of relying on shallow analysis of emotions,
CMTD reconstructs a cognitive model by tak-
ing advantage of stable personality traits, dy-
namic cognitive distortions, visual and acoustic
features of interlocutors to enhance the emo-
tional intelligence of LLMs. CMTD includes
trait, distortion detection, vision, and speech
agents that provide psychological and multi-
modal indicators for the fusion agent to make
the final prediction. Experimental results on
MELD and IEMOCAP show that traits tem-
per negativity bias from distortions, and cogni-
tive modeling with psychological, visual, and
acoustic information can improve the perfor-
mance of MERC. CMTD is flexible and easy
to adapt to advanced emotional Al systems.!

1 Introduction

Emotions play a crucial role in psychology, foster-
ing human engagement in communication (Zaki,
2019; Hosseini and Caragea, 2021; Shen et al.,
2023, 2024b). Due to real-world applications, emo-
tion recognition has been shifted from text-only to
multimodalities (multimodal emotion recognition
in conversations - MERC) (Ma et al., 2023; Van
et al., 2025; Dutta and Ganapathy, 2025). This is
because in conversations, human emotions are com-
plicated and require the deep comprehension of an
input from multiple channels (Alani et al., 2023).
Emotion-powered Al systems are useful in various
actual scenarios, such as mental health support (Lai
et al., 2023; Shen et al., 2024a; AlMakinah et al.,
2024), customer service (Fung et al., 2016), or dia-
log systems (Lin et al., 2019b; Ma et al., 2020).
Psychological studies have confirmed intercon-
nections between human thoughts and emotions

! Github link: https://github.com/Shaun-le/CMTD.git

(Wright et al., 2017; Beck, 2020; Li et al., 2025).
For example, Cognitive behavioral therapy (CBT)
has shown that emotions have an association with
thoughts when people perceive an event (Beck,
2020) (happiness tends to form positive thoughts as-
sociated with positive emotions). The core compo-
nent of this association are distortions (thinking pat-
terns) that tend to bias short-term emotions (Ford
et al., 2018; Curtiss et al., 2021). The composition
of emotions is also formed at different levels such
as static and context-independent (traits) (Goetz
et al., 2015) and dynamic and context-dependent
states (Goetz et al., 2015; Zheng et al., 2023).
MERC performance has recently been improved
(Feng and Fan, 2025; Van et al., 2025; Ai et al.,
2025; Ma et al., 2023; Huang et al., 2024b; Fu
et al., 2025a; Wu et al., 2025a; Yang et al., 2025).
However, complex thinking patterns at different
perception levels in the human brain may challenge
the shallow analysis of MERC. Perception of these
patterns may require a cognitive model that can
perceive multimodalities in different emotion lev-
els (static or dynamic). Let’s take Figure 1 as an
example. Both text-only and DoT (Chen et al.,
2023) methods could not predict the correct neutral
emotion of Ross (the third utterance) due to the
lack of: cognitive modeling (Text-only) and the
understanding of multimodal information (DoT).
In contrast, we consider personal traits formed in
a long time have a correlation with static states
of emotions and cognitive distortions formed in
short-term situations and thoughts can be associ-
ated with dynamic states of emotions. By integrat-
ing personal traits and distortions with multimodal
data, our model can correctly predict emotions.
For example, the conscientiousness trait (linked
to stronger self-regulation and reduced impulsive
aggression (Javaras et al., 2012)) and the Mind
Reading distortion provide additional indicators
of textual, visual, and acoustic features (Figure 2)
that allows our model to predict the emotion of the
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Figure 1: An example from MELD. Distortions are predicted by DoT (Chen et al., 2023) and traits are derived from
Shen et al. (2025). Gold and correct predicted labels are in blue. Colors of traits represent their association for each
speaker based on big five (Goldberg, 1992) (darker is stronger). Complete outputs of methods are shown in Figure 5.

second Ross’s utterance as neutral. The fifth utter-
ance with no distortion is misclassified by DoT due
to a carry-over bias from the preceding distorted
context. Again, conscientiousness acts as a static
factor, combined with visual and acoustic features,
guiding our model to predict a neutral emotion.

This observation encourages a question: ''Does
the integration of personal traits and distor-
tions with multimodal data (text, vision, and
speech) yield reliable MERC gains in zero-shot
settings?'' To answer this question, we introduce a
new multi-agent framework that takes into account
psychology (personal traits and distortion detec-
tion) combined with textual, visual, and acoustic
information for MERC. Its design combines a set of
agents by prompting LLMs. A personal trait agent
analyzes the traits of interlocutors based on the big
five concept (Goldberg, 1992). A distortion detec-
tion agent includes a set of small agents built up by
Diagnosis-of-Thought (DoT) (Chen et al., 2023). A
visual agent comprehends the facial expressions of
interlocutors. A speech processing agent processes
the speech of interlocutors. A fusion agent synthe-
sizes psychological, textual, visual, and acoustic
indicators for the final prediction. In summary, this
paper makes three main contributions:

* It integrates psychology (traits and distor-
tions), text, vision, and speech to reconstruct
the cognitive model of interlocutors. It allows
our method to combine static and dynamic
emotions for deeper emotional understanding.

e It introduces a new multi-agent reasoning
framework with distortion and trait moder-

ation. The framework is flexible and easily
adapted to advanced emotional Al systems.

* It provides a comprehensive zero-shot evalua-
tion on MELD and IEMOCAP. The ablation
study shows the behavior of the framework.

2 Related Work

2.1 Emotion Recognition in Conversations

Text-based ERC There are three main ap-
proaches of text-based ERC. The first approach de-
signs various learning techniques such as mixture
of experts (Lin et al., 2019a), emotions at coarse
to fine levels (Li et al., 2020), multimodal fusion
(Chudasama et al., 2022; Ai et al., 2025), or using
external knowledge (Li et al., 2022). The second
fine-tunes LLMs using fine-tuning (Lei et al., 2023;
Zhang et al., 2023; Liu et al., 2024). The final
creates agentic frameworks (Mozikov et al., 2024).

Multimodal ERC The early work of MERC
used GRU (Majumder et al., 2019) or LSTM (Po-
ria et al., 2017) to represent multimodal informa-
tion. More recent work used the multimodal Trans-
former architecture (Ma et al., 2023) for speech or
vision fusion using graph-based methods (Scarselli
et al., 2008; Mai et al., 2023; Feng and Fan, 2025;
Huang et al., 2024a; Van et al., 2025; Shou et al.,
2025; Ai et al., 2025; Wu et al., 2025a), or cross-
modal information fusion with Transformer (Zhang
and Li, 2023; Ma et al., 2023; Huang et al., 2024b;
Zhu et al., 2024). MERC has also been shifted to
a generation task (Fu et al., 2025a; Cheng et al.,
2024; Dutta and Ganapathy, 2025; Fu et al., 2025b;
Tanioka et al., 2024; Yang et al., 2025).
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Figure 2: The architecture of the framework. The personal trait agent analyzes the traits of interlocutors. The
distortion detection agent detects distortions of interlocutors. The visual agent comprehends facial expressions. The
speech agent generates description of four acoustic features: frequency, energy, speaking rate, and voice quality.
The fusion agent synthesizes indicators from trait, distortion, visual and speech agents for the final prediction.

2.2 Psychology-powered Al

Personal traits A personal trait (personality or
characteristic) is a fundamental construct in psy-
chology that reflects individual’s behavior, think-
ing, and emotional patterns (Li et al., 2025).
Psychological research (Rosenberg, 1998) dis-
tinguishes trait (static and context-independent)
(Goetz et al., 2015) and state (dynamic and context-
dependent) (Goetz et al., 2015; Zheng et al., 2023)
emotions. Personal traits have recently been used
to enhance the emotional intelligence of Al models
(Wang et al., 2024b; Xue et al., 2024; Fu et al.,
2025a; Shen et al., 2025; Wu et al., 2025b).

Cognitive distortion detection Distortion detec-
tion is the first important step that allows the thera-
pist to understand the cognitive model of patients
for their therapy in CBT (Wright et al., 2017; Beck,
2020) and ACT (acceptance and commitment ther-
apy) (Harris, 2006; Hayes et al., 2011). This detec-
tion has recently been used to empower Al models
such as psychotherapy (Chen et al., 2023), practi-
cal training in CBT treatment (Wang et al., 2024a),
LLMs’ reasoning (Lim et al., 2024), or cognition-
aware coaching (Hotta et al., 2025).

Our method focuses on vision and speech inte-
gration and takes advantage of traits (static emo-
tions) (Wang et al., 2024b; Li et al., 2025) and dis-
tortions (dynamic emotions using DoT (Chen et al.,
2023)). However, we push DoT to a deeper level of
emotional reasoning by: (i) adding personal traits
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as a new component, (ii) designing four agents
for distortion detection rather than using a single
long prompt, and (iii) adding visual and acoustic
features. We also share the idea with InsiteOut in
building multi-agent frameworks (Mozikov et al.,
2024); however, our method reconstructs cognitive
models of interlocutors using traits and distortions
rather than using a shallow analysis of emotions.

3 Cognition-aware MERC

3.1 Problem Statement

Let C = {u; = (z,v;,8)|[t =1,..., N} be a con-
versation, where each utterance u; consists of tex-
tual content x;, a temporally aligned visual frame
v;, and the speaker’s identity with the speech seg-
ment s;. The task of MERC is to predict the entire
sequence of labels YV = (y1,v2,...,yn),y: € Y
(see Figure 1), where ) is a predefined set of emo-
tional categories, and N is the total number of ut-
terances in the conversation, using the combination
of multimodal information from x;, v;, and s;.

3.2 Overview of the Framework

Figure 2 introduces CMTD, the proposed
psychology-aware framework, which is extensible
for any existing LLMs. Given a conversation, the
framework comprehends the conversation with cog-
nitive modeling (Section 3.3.2), visual comprehen-
sion (Section 3.4), speech processing (Section 3.5),
and information fusion (Section 3.6).



3.3 Cognitive Modeling

We define trait and distortion detection agents to
model static and dynamic states of emotions.

3.3.1 Personal Trait Agent

Psychological studies have shown the correlation
between traits and emotions (Wright et al., 2017;
Beck, 2020; Wu et al., 2025b). For example, peo-
ple with neuroticism tend to have negative emo-
tions (e.g. sadness, anxiety) (Lahey, 2009a) (Fig-
ure 1). Inspired by this, we consider personal traits
to have an association with static states of emotions.
We follow the big five personality test” (Goldberg,
1992) that defines five traits: openness, conscien-
tiousness, extraversion, agreeableness, and neu-
roticism (Appendix A.1). These traits have been
validated as stable dispositions that systematically
influence affective responses of interlocutors.

To implement the trait agent, we design a method
that elicits Big Five trait scores from LLMs (Zhu
et al., 2025). Traits are inferred from speaker histo-
ries using zero-shot prompting with LLMs. More
precisely, for the MELD dataset, characters come
from a TV series with consistent personas across
episodes. We therefore adopt the persona defini-
tions from Shen et al. (2025), and use them as
contextual anchors when prompting LLMs for trait
inference. For [IEMOCAP, where each dialogue
involves just two interlocutors without pre-defined
personas, we apply the zero-shot trait prompt for
each character based on their turn-level speaking
history. After LLMs produce scores, we select the
top-3 traits with highest scores to represent their
personality in that episode (Figure 1).

3.3.2 Cognitive Distortion Agent

We consider distortions associate with dynamic
states of emotions because they are formed by the
short-term perception of situations and thoughts.
Inspired by DoT (Chen et al., 2023), we design a
set of agents for distortion detection in four steps.

Subjectivity assessment The initial step in dis-
tortion detection is to evaluate the degree of subjec-
tivity in the speaker’s utterances. Since conversa-
tions often intertwine objective facts with subjec-
tive thoughts, this agent makes this distinction by
identifying facts versus subjective thoughts. This
agent was implemented by prompting LLMs to an-
swer the following questions: what is the situation,

Zhttps://www.kaggle.com/datasets/tunguz/big-five-
personality-test

facts, objectives, and thoughts that are subjective.
By doing so, it establishes objective events as a
trustworthy foundation while recognizing the sub-
jective layer that frames personal perspectives.

Contrastive reasoning This agent applies two
complementary reasoning paths to subjective
thoughts grounded in objective facts. The first path
provides justification that supports the expressed
thoughts, while the second highlights reasoning
that challenges or contradicts the thoughts. In prac-
tice, this agent assesses the reason why the thoughts
are true or false and finds the reasoning processes
that support and do not support these thoughts. By
contrasting these opposing interpretations derived
from the same evidence, the framework can un-
cover divergent perspectives and reveal more pre-
cisely the underlying thought schemas of speakers.

Schema analysis This agent answers why speak-
ers form particular reasoning processes by two
questions: why people come up with such reason-
ing process supporting the thought and what is the
underlying cognition mode of it? In psychology,
a schema refers to cognitive structures in which
knowledge, beliefs, and expectations are integrated
to shape an individual’s perceptive model. By un-
covering these schemas, the framework can recon-
struct hidden cognitive patterns, thereby identifying
the thought structures and potential distortions.

Distortion detection This agent simulates the
diagnostic process in CBT, where a practitioner
first constructs a cognitive model based on the sit-
uation, then identifies distorted thinking patterns
before suggesting interventions (Beck, 2020). The
detection agent recognizes distortions and gener-
ates their explanations at the utterance level based
on information from the three above agents. It uses
a prompt that includes three tasks: (i) analyzing the
thought patterns of the participants and diagnosing
of thought analyses; (ii) identifying if there is cogni-
tive distortion in the conversation; (iil) recognizing
the types of distortions. The taxonomy of distor-
tions includes ten categories: personalization, mind
reading, overgeneralization, all-or-nothing think-
ing, emotional reasoning, labeling, magnification,
mental filter, should statements, and fortune-telling
(Beck, 2020; Shreevastava and Foltz, 2021).

3.4 Visual Comprehension

The diverse spectrum of emotions may challenge
text-only methods (Figures 1 and 5). When using
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visual information, our model can recognize Ross’s
tense posture, slightly furrowed brows, narrowed
eyes, and open mouth with lips stretched in mid-
speech, leading to the correct prediction of anger.
To harness these nonverbal cues, we develop
a Visual Agent that performs in parallel with the
cognitive modeling agents. For each utterance, a
representative facial frame is extracted to capture
the speaker’s stable expression. This agent then in-
spects detailed facial features, including gaze direc-
tion, eyebrow movement, and mouth configuration,
which have well-established links to affective states
(Ekman and Friesen, 1978). The structured descrip-
tions of visual cues are aligned with each utterance
and are then combined with the speaker’s personal
traits and the outputs from distortion detection.

3.5 Speech Processing

Speech carries rich paralinguistic information that
cannot be fully captured by textual content alone.
In human communication, vocal signals such as
tone, pitch, speaking rate, and intensity often re-
veal underlying emotional states, even when the
spoken words appear neutral (Schuller et al., 2018;
Poria et al., 2017). For instance, elevated pitch
and increased loudness may indicate anger or ex-
citement, while slower speech with lower energy
may reflect sadness or fatigue (see Figure 2) (Busso
et al., 2008). To leverage these signals, we design a
Speech Agent that operates alongside the cognitive
and visual agents. Instead of relying on low-level
handcrafted features or standalone classifiers, we
adopt a prompt-based acoustic reasoning approach
using LLMs (prompt in Table 6). Given an au-
dio segment corresponding to each utterance, the
Speech Agent analyzes the signal through struc-
tured instructions that guide the model to extract
interpretable acoustic descriptions. The Speech
Agent is prompted to infer four key signals.

Fundamental frequency (F0) This signal cap-
tures pitch levels, variability, and contour dynamics,
which are associated with emotional arousal and
tension (Schuller et al., 2018).

Loudness/energy This signal reflects vocal in-
tensity and its variation, often linked to emotions
such as anger, excitement, or fatigue (Kacur et al.,
2021; Chowdhury et al., 2025).

Speaking rate and pauses This signal describes
temporal delivery patterns, including speed and hes-
itation, which correlate with anxiety, confidence, or

sadness (Narayanan et al., 2009; Yang et al., 2024).

Voice quality This signal characterizes percep-
tual qualities such as breathiness, strain, roughness,
or clarity, which provide cues about stress, calm-
ness, or vulnerability (Akccay and Oguz, 2020;
Bhangale and Kothandaraman, 2023).

These speech-derived descriptions are then
aligned with textual content, visual cues, and cog-
nitive indicators (traits and distortions) and passed
to the Fusion Agent. In particular, acoustic sig-
nals help resolve ambiguity when textual content
represents a neutral emotion or visual cues are in-
conclusive. By incorporating prompt-based speech
understanding, the framework captures low-level
acoustic patterns, cognitive indicators, and high-
level affective interpretations in a unified manner.

3.6 Fusion Agent

The Fusion Agent is the central integrator that uni-
fies the complementary indicators of four percep-
tion layers: (i) static emotions from traits, (ii) dy-
namic emotions associated with distortions arising
from subjective cognition, (iii) visual cues, and (iv)
acoustic signals. Traits act as context-independent
states of emotions that stabilize the fusion process.
When distortions introduce short-term biases or vi-
sual cues appear ambiguous, trait-informed moder-
ation provides a psychological anchor. In addition,
acoustic signals provide a kind of physical indica-
tors that have a strong correlation with emotions
when interlocutors perceive a situation and speak
out their thoughts. Combined with psychological
and visual features, this prevents the model from
overreacting to transient signals and encourages
consistency across dialogue turns. Such integration
simulates how humans interpret emotions not only
by attending to momentary expressions or reason-
ing patterns, but also grounding them in knowledge
of enduring dispositions. In practice, psycholog-
ical, visual, and acoustic indicators are put in a
prompt for LLMs to make the final prediction.

4 Experimental Settings

Datasets The evaluation uses two datasets. MELD
(Poria et al., 2019) is a multimodal dataset that
includes conversations collected from TV-series.
Each utterance has emotion and sentiment labels
and contains audio, visual, and textual modalities.
TEMOCAP (Busso et al., 2008) includes dyadic con-
versations between actors, labeled with six emo-
tions, and provides synchronized multimodal data.
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The dataset was organized into five sessions, and
in our experiments, we used Session 5 as the test
set. Table 1 shows the statistics of these datasets.

Table 1: Statistics of MELD and IEMOCAP datasets.

#Convs #Utters
Dataset Train Test Train Test #Classes  Genre
MELD 1153 280 11098 2610 7 TV Sitcom
IEMOCAP 120 31 5810 1623 6 Dialogue

Baselines We employed strong LLMs such
as GPT-40-mini, GPT-4.1-nano, GPT-4.1-mini,
GPT-4.1, GPT-04-mini, GPT-5, GPT-5-nano,
GPT-5-mini, Qwen2.5-7B (Qwen et al., 2025),
and Mistral-7B (Jiang et al., 2023), which are re-
cent and promising results in zero-shot settings.

Several baseline configurations were also ob-
served. Text-only relies solely on the textual input
of the conversation. DoT incorporates the deep
analysis of cognitive distortions to simulate reason-
ing at the thought level, using the prompts shared
by (Chen et al., 2023). Text+Visual, a single agent,
combines facial and textual information from utter-
ances for prediction. Visal+DoT, a single agent, in-
tegrates visual features into DoT prompts. We also
reimplemented InsideOut (Mozikov et al., 2024),
a framework that employs LLM agents for ERC
with five different emotional roles.

Settings Experiments were carried out in the
zero-shot setting. This is because this setting is
practical for the deployment of Al systems in ac-
tual cases (Chen et al., 2023; Mozikov et al., 2024).
All the prompts are shown in Table 6.

5 Results and Discussion

5.1 Performance Comparison

Improvements over base LLMs Table 2 reports
the improvement of the proposed framework with
strong base LLMs. The scores indicate that the pro-
posed framework obtains the best average results.
For each method, it is also the best in almost all
cases. Improvements come from two aspects. First,
the framework models static and dynamic states
of emotions by taking into account personal traits
and distortions. It allows the framework to recon-
struct cognitive models of interlocutors in a conver-
sation for better perceiving complex thinking pat-
terns. Second, our CMTD combines psychology,
vision, speech, and text in a multi-agent architec-
ture that improves the reasoning capability of each
agent for the final emotion prediction. Psychology

(traits and distortions) helps to reconstruct cogni-
tive models empowered by the comprehension of
textual, visual, and acoustic indicators. Hence, it
enables deeper perception of complex thinking pat-
terns. Promising results confirm our hypothesis
and answer the research question in Section 1.
The Visual+DoT and DoT methods follow our
framework. For Visual+DoT, competitive results
come from the combination of visual features and
deeper reasoning with DoT. It is similar to DoT, in
which the method is based on distortion detection
to better understand complex emotions. The perfor-
mance of the Text+Visual method is inconsistent,
in which adding visual features reduces the scores
on MELD but improves the scores on IEMOCAP.
It suggests a more sophisticated combination of
textual and visual features, rather than a simple
combination in a single prompt. Interestingly, In-
sideOut achieves lowest performance even using
a set of agents for reasoning. A possible reason
is that InsideOut uses a shallow analysis of five
basic emotions (anger, disgust, fear, happiness, and
sadness). Therefore, similar emotions (joyful and
happy) may challenge the InsideOut method.

Challenge to SOTA methods CMTD was chal-
lenged to SOTA methods to create a reference due
to different settings. CoMPM extracts pre-trained
memory tracking of speakers and considers it as ex-
ternal knowledge for MERC (Lee and Lee, 2022).
AdalGN models intra-speaker and inter-speaker
context dependencies using an adaptive interaction
graph network (Tu et al., 2024). DE-GCN cap-
tures dialogue and event relations for MERC by
a graph neural network (GNN) (Ai et al., 2024).
GS-MCC addresses the challenges of GNN by
introducing a graph-spectrum-based collaborative
learning framework (Ai et al., 2025).

Table 3 shows that the proposed method obtains
competitive accuracy with SOTA methods. For
MELD, its performance is behind GS-MCC around
9.00%. This is because GS-MCC is a complicated
graph-spectrum collaborative learning model using
fine-tuned data. It enables the adaptation of GS-
MCC to the downstream MERC task. In contrast,
our method is LLM-agnostic tested in a zero-shot
setting. The gap on IEMOCAP is smaller, in which
our method produces better scores than CoMPM
and DE-GCN. Compared to GS-MCC, the gap re-
duces to around 3.14%. It confirms the efficiency
of our method that models static and dynamic states
of emotions with traits and distortions.

844



Table 2: Results on MELD and IEMOCAP datasets. ACC and F1 denote Accuracy and Weighted F1 (Tu et al., 2024;
Ai et al., 2024; Mozikov et al., 2024; Ai et al., 2025). The best scores are in bold, and second best is underlined.

Text-only DoT

InsideOut

Text+Visual Visual+DoT CMTD

Base Model

ACC FlI ACC Fl ACC

F1 ACC Fl1I ACC Fl ACC Fl

MELD

46.30
42.45
54.56
51.61
59.58
57.37
59.96
55.47
39.16
44.15

39.71
39.34
57.45
54.89
60.87
59.69
60.62
57.58
39.48
40.67

47.70
44.38
57.66
54.56
58.70
3947
60.89
36.44
43.48
43.58

39.80
43.86
59.03
57.20
59.78
61.41
60.79
58.24
34.06
37.82

38.47
33.80
4291
46.22
55.48
56.56
55.97
53.75
31.48
40.29

gpt-4o0-mini
gpt-4.1-nano
gpt-4.1-mini
gpt-4.1
04-mini
gpt-5
gpt-5-nano
gpt-5-mini
Qwen2.5-7B
Mistral-7B

40.57
47.93
45.53
49.23
60.91
52.21
52.34
49.85
39.32
37.12

60.28
56.19
59.78
64.15
64.23
60.80
60.89
60.18
54.13
52.46

58.95
54.43
60.05
63.53
64.17
61.89
58.29
61.01
49.85
48.17

39.71
3291
43.14
46.71
55.81
58.74
56.87
55.81
31.59
36.30

40.80
49.68
35.59
50.00
60.14
54.13
53.27
51.30
37.78
34.06

49.00
45.02
54.78
52.03
61.69
57.76
56.46
54.71
45.74
47.73

51.05
46.99
56.74
55.45
62.41
60.19
56.40
56.04
38.40
42.31

Average 51.06 51.03 52.69 51.20 45.49

45776 47.61 48.11 53.36 53.20 59.31 58.03

IEMOCAP

53.31
42.18
51.55
49.16
47.74
61.53
56.16
64.85
37.88
38.42

46.70
36.03
47.87
47.97
48.61
61.75
45.07
4541
41.79
2431

51.39
42.00
49.47
50.75
47.97
61.09
52.77
62.69
47.87
45.10

49.36
40.92
47.60
49.15
46.69
61.23
51.53
62.70
45.68
4291

54.80
44.78
54.90
51.28
49.89
62.15
57.75
65.27
44.35
40.62

gpt-40-mini
gpt-4.1-nano
gpt-4.1-mini
gpt-4.1
04-mini
gpt-5
gpt-5-nano
gpt-5-mini
Qwen2.5-7B
Mistral-7B

42.58
34.00
47.47
47.36
46.95
61.49
44.14
45.00
36.86
22.13

53.20
49.04
52.88
51.81
51.28
62.33
58.10
63.75
SL71
41.01

52.64
47.72
51.72
51.24
51.08
61.63
56.93
63.31
50.75
4491

58.21
50.38
52.22
63.33
59.91
63.01
57.36
65.86
48.39
49.46

56.29
51.82
52.15
63.02
59.98
62.21
55.96
64.29
47.73
49.86

54.90
51.60
53.20
59.81
54.05
6247
57.68
63.97
53.62
44.67

54.25
49.79
52.08
60.67
53.37
61.93
55.96
63.96
51.06
42.49

Average 51.11 49.76 53.24 51.49 47.35

45.19 53.51 53.19 55.60 54.56 56.81 56.33

Table 3: Accuracy of SOTA methods. Or CMTD uses
the best models (04-mini on MELD and GPT-5-mini on
IEMOCAP). Results are from Ai et al. (2025).

Method MELD IEMOCAP
CoMPM (Lee and Lee, 2022) 67.30 63.00
AdalGN (Tu et al., 2024) 70.70 66.80
DE-GCN (At et al., 2024) 68.80 65.50
GS-MCC (Ai et al., 2025) 73.90 69.00
CMTD 64.23 65.86

5.2 Ablation Study
5.2.1 Psychological grounding

This section assesses trait and distortion detection
in CMTD using LLMs and human validation.

Trait detection For trait detection on MELD, we
used persona definition by human from Shen et al.
(2025). For IEMOCAP, we used LLMs and humans
for this observation. For LL.Ms, we created gold
labels (score 1-5) based on Big-Five using GPT-
40-mini, GPT-40-mini, and Gemina-2.5-Flash. If
at least two detectors give the same or very close

score (difference < 0.3), we used the average of
those agreeing scores. Otherwise, the median was
used. Second, we run GPT-5 to predict the traits.
Finally, we compared the Mean Absolute Error
(MAE) on the utterance level. MAE on IEMO-
CAP is 0.3788. Tiny MAE of automatic validation
shows good accuracy of personal trait detection.
We also asked three experts to give scores (1-5) on
10 conversations of [IEMOCAP. The MAE between
the outputs of GPT-5 and human labels is 0.2995,
showing very good performance of the detection.

Distortion detection We followed the procedure
of trait detection using LLLMs and humans. For
LLMs, we used voting among GPT-40-mini, GPT-
4o0-mini, and Gemina-2.5-Flash to create distortion
labels. We then compared the outputs of GPT-5
with the voting labels. The accuracy on MELD is
0.5561 and on IEMOCAP is 0.7603. We also asked
3 experts to create labels of small scale utterances
(64 for MELD and 67 for IEMOCAP). The Fleiss’
Kappa is 0.6605 showing good agreement. We
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then compared the outputs of GPT-5 with human
labels. Accuracy on MELD is 0.7812 and 0.8125
on IEMOCAP, showing good performance.

5.2.2 Contribution of components

The contribution of components was observed. The
observation was done using the leave-one-out test
with the average of accuracy and F1 scores.

Table 4: The contribution of components for MERC
with average results of accuracy and F1 scores. Agents
mean this setting use multiple agents for MERC. The
full setting uses multiple agents with traits in Figure 2.

Data Settings
Text v v v v v v
DoT v v v v v
Visual v v v v
T Speech v v v
Agents v v
Full v
MELD ACC 51.06 52.69 53.36 57.54 58.80 59.31
Fl 51.03 51.20 53.20 56.50 57.02 58.03
IEMOCAP ACC  51.11 53.24 55.60 55.88 56.12 56.81

F1 49.76 51.49 54.56 54.96 55.04 56.33

Table 4 shows that the model using all compo-
nents produces the best scores. Removal of traits
reduces performance because traits provide static
states of emotions, which support textual and vi-
sual features. In contrast, converting from multi-
ple agents to a single agent significantly reduces
performance. This is because using a long sin-
gle prompt may challenge the reasoning of LL.Ms.
When acoustic features are removed, the perfor-
mance reduces quite significantly on MELD. It
shows that speech provides important signals for
emotion recognition. When visual cues are re-
moved, the performance reduction in IEMOCAP is
larger than that in MELD, suggesting that the visual
features of IEMOCAP may be more important than
those of MELD. The text-only method produces
the lowest performance. It suggests that capturing
complex emotions requires deep perception rather
than a shallow analysis on the surface textual level.

5.2.3 Traits, vision, speech, and distortions

We observed that not all utterances in a conversa-
tion have distortions (Figure 1). Hence, the frame-
work is empowered by traits, vision, and speech.
When distortions do not exist, traits, vision, and
speech provide personality, facial expressions, and
acoustic signals associated with emotions.

In Figure 3, there are 2165 utterances in MELD
that DoT predicts as no distortions. By combining
traits, visual cues, and speech, CMTD can correctly

2500 TZZ1 Total No-Distortion Utterances
2165 ZZ1 Corrected with CMTD
BN Corrected with Text-only

2000

+14.82%
1500

1000 821

+7.77%

500

MELD IEMOCAP

Figure 3: Distortions and other methods. Total no dis-
tortions were predicted by DoT.

predict 1500 utterances, which are higher than the
Text-only method about 14.82%. On IEMOCAP,
the gap is smaller, in which CMTD performs better
the text-only method about 7.72%. It supports the
promising results of CMTD in Table 2.

5.2.4 Running time and cost

We investigated running time and cost, which are
critical aspects for deploying Al systems. Table
5 shows this investigation with 100 samples from
MELD. Text only, DoT, and Text+Visual are time
and cost effective. It is understandable that these
methods use single prompts. The Visual+DoT
method is quite costly because it combines visual
cues and cognitive modeling for reasoning. Insid-
eOut and our CMTD are the most costly because
they combine multiple agents for the final predic-
tion. However, our CMTD only requires around
35 seconds with 0.000988 USD per sample (GPT-
40-mini), which is practical for actual cases. The
time and cost of GPT-4.1 and GPT-5-mini are more
expensive due to the quality of these models. We
acknowledge this is slower than shallow baselines
methods. However, in the domain of mental health
and counseling, accuracy and deep empathy are
often prioritized over millisecond latency. This la-
tency is acceptable for several applications such as
asynchronous support, typing delays in chatbots,
or offline analysis of therapy sessions.

5.3 Error Analysis

Correct and wrong predictions Figure 4 shows
the observation of predicted outputs between tex-
tual and motimodal models. In Figure 4(a), CMTD
produces the highest number of correct utterances,
followed, by Visual+DoT and Textual+Visual meth-
ods. It comes from the combination of cognitive
modeling with multimodal indicators for better rea-
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Table 5: The running time and cost of 100 samples from MELD. The time ratio was computed over the baseline.

Method gpt-4o-mini gpt-5-mini gpt-4.1
Time(s) Time ratio Cost(USD) | Time(s) Time ratio Cost(USD) | Time(s) Time ratio Cost(USD)

Text only 200.32 — 0.005 984.76 — 0.011 155.76 — 0.067
DoT 198.81 0.992 0.016 3494.93 3.549 0.047 164.57 1.057 0.211
InsideOut  1883.51 9.403 0.053 7355.18 7.469 0.119 1574.87 10.111 0.899
Text+Visual ~ 207.19 1.034 0.015 1085.78 1.103 0.027 184.04 1.182 0.199
Visual+DoT 1165.06 5.816 0.062 3919.48 3.980 0.179 1774.84 11.395 1.079
CMTD 3545.97 17.836 0.098 6516.74 1.865 0.255 4167.29 25.322 1.641

soning. In contrast in Figure 4(b), CMTD outputs
less wrong predictions compared to others. It sup-
ports the best results of CMTD in Table 2.

ZZ32 Text+Visual
EEN Visual+DoT

ZZ2 Text+Visual
ENN Visual+DoT
&3 CMTD
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Figure 4: Observation between text-only and other vi-
sual models: (a) utterances incorrectly predicted by the
Text-only method (y-axis) but corrected by visual meth-
ods; (b) utterances correctly predicted by the Text-only
method (y-axis) but get wrong by visual methods.

Output observation In the first utterance of Fig-
ure 5, Ross expresses frustration where text-only
and distortion-based models consistently misclas-
sify the emotion as sadness due to pessimistic lex-
ical cues. Our framework instead predicts anger,
since the distortion agent identifies emotional rea-
soning (i.e. the speaker infers a negative state
purely from a felt emotion, which is a known distor-
tion that can amplify anger attribution), the visual
agent detects tense facial expressions consistent
with irritation, and acoustic description emphasizes
minimal pauses, clear, smooth voice. Meanwhile,
the trait profile (particularly high conscientious-
ness) acts as a regulatory anchor: empirical studies
show that higher conscientiousness is associated
with more effective recovery from negative emo-
tional stimuli, i.e. individuals do not linger in or
escalate negative affect (thus reducing bias toward
sadness). (Baranczuk, 2019; Javaras et al., 2012).
In Ross’s utterance “Okay, it’s not, it’s not”,
there is no distortion and the lexical content tends

to show little emotional salience. Baselines that
rely on textual features tend to misclassify it as
fear or sadness, since the repetition and hesitation
pattern resemble anxiety. CMTD correctly main-
tains the neutral label by integrating stable person-
ality anchoring with visual cues: the speaker’s face
shows relaxed muscles, minimal brow movement,
no mouth tension, all indicative of composure, and
clear and smooth voice. These nonverbal indica-
tors, fused with the trait-informed stability, prevent
the system from drifting toward a negative emotion.

In the final utterance, distortion is a magnifi-
cation pattern (exaggeration of conflict). Visual
and acoustic signals may show signs of fatigue or
distress, but textual and visual alone may lead to
anger. Only with the distortion-sensitive DoT does
the model apprehend that the speaker is venting
sadness rather than outright hostility. Our CMTD,
which incorporates DoT, thus correctly predicts
sadness, whereas simpler fusion models fail by
overemphasizing surface anger cues. In contrast,
non-DoT methods could not produce correct labels.

6 Conclusion

This paper introduces a new multi-agent frame-
work, CMTD, for multimodal emotion recognition
in conversations. The framework takes into account
traits and distortions to model static and dynamic
states of emotions of interlocutors in a conversation.
It allows the framework to reconstruct the cognitive
model to assess emotional states in a deeper level.
The framework is designed with the collaboration
of agents to capture traits, distortions, visual and
acoustic features. The final fusion agent synthe-
sizes cognitive and multimodal indicators for the fi-
nal prediction. Experimental results on MELD and
IEMOCAP show that traits and distortions com-
bined with multimodal features can enhance the
emotional intelligence of LLMs. The framework is
flexible and easy to adapt for advanced emotional
Al systems. Future work will investigate the col-
laboration of agents in a more sophisticated way.
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Limitations

Although achieving promising results, the proposed
framework has the following limitations. First,
all experiments were conducted on MELD and
IEMOAP, two acted datasets collected from TV
sitcoms and dialogues. In practice, there are some
differences between acted and natural emotional
speech conversations. It suggests that the proposed
method should be tested on more general and natu-
ral conversation datasets. Second, the framework
relies on a middle-frame strategy that extracts a
representative image to capture visual cues of a
speaker. While it is cost-effective and reduces la-
tency, extracting a single static frame may discard
temporal facial dynamics and micro-expressions
that are often essential for recognizing fleeting emo-
tions, e.g., disgust or surprise. Therefore, a video-
based processing method should be considered
with consideration of performance and latency. In
addition, the latency of our framework is quite high
compared to baselines. It is understandable that
multi-agent frameworks usually require a longer
time for reasoning. It can be acceptable in several
applications such as asynchronous support (e.g.,
email responses, forum support), "typing..." delays
in chatbots, or offline analysis of therapy sessions.
Finally, the collaboration of agents is quite straight-
forward in which the final judge agent synthesizes
information from other agents to make the final
decision. It suggests that more sophisticated col-
laboration, e.g., multiple agents for the final judge,
should be considered to improve the performance.

Ethics Statement

The authors confirm that this study does not have
ethical issues. We note that distortion detection
or the framework is not a substitute for screening
or diagnosis of mental health or healthcare treat-
ment. It only uses distortion detection as a step
in emotional reasoning. The framework can also
make wrong predictions of distortions. However,
prediction is only used for emotion recognition in
a computational linguistic task. We emphasize that
distortion detection should be confirmed by psy-
chologists in actual medical or mental healthcare
applications. Thanks to shared prompts from In-
siteOut and DoT authors, we can successfully run
these methods. The code and datasets are collected
from public GitHub links from the original papers.
Experiments do not have specific parameter tuning
to maintain a fair comparison among methods.
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A Appendix

A.1 Trait Information

This section shows detailed information of traits
mentioned in Section 3.3.1 Neuroticism is usu-
ally associated with heightened negative affect
and vulnerability to sadness and anxiety (Lahey,
2009b). In contrast, conscientiousness is linked
to enhanced self-regulation and faster recovery
from negative emotion, thereby reducing impulsive
anger (Javaras et al., 2012). Extraversion is cor-
related with positive affect and greater emotional
expressivity, increasing the likelihood of joy or sur-
prise in social interaction (Wilt and Revelle, 2016).
Finally, openness reflects sensitivity to novelty and
complex stimuli, which can manifest as surprise or
mixed emotional states during unexpected conver-
sational turns (McCrae and Costa, 1997).

A.2  Output observation

Figure 5 shows the output observation of all MERC
methods in Table 2. Detailed discussion is shown
in Section 5.3 (Output observation).

A.3 Prompts

Table 6 shows the prompts using in all MERC meth-
ods in Table 2. The DoT method is a version of
Visual+DoT by removing the visual part.
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Ross's traits: Conscientiousness, Openness, Neuroticism
Rachel's traits: Extraversion, Openness, Neuroticism

' Text-only ¢ DoT !InsideOut Text+Visual Visual+DoT: CMTD
Ross: [Emotional reasoning] ; ; . . ; ;
| mean, | don't feel like | even ' Sadness ! Sadness ! Sadness ! Sadness ! Sadness ! Anger
have a girlfriend anymore. (Anger)| ; ; . ; ;
Rachel: [Should Statements] : : : : : :
You want me to just quit my job? | : Anger : Anger : Anger : Anger : Anger : Anger
(Anger) ' ' H H ' '
RozT:\:o[u'\:lI&irﬁiiﬂzglr;;hls . Fear . Anger . Neutral . Neutral . Anger . Neutral
Rachel: [No distortion] Oh my ' Surprise @ Surprise @ Anger @ Sadness @ Surprise ! Surprise
God. (Suprise) : : H H ' '
Ross: [No distortion] Okay, it's : F : A : g : N | : N | : Neutral
not, it's not. (Neutral) ear nger Sadness eutral eutral
Rachel: [Magnification] | cannot | . ; . - ;
keep having this same fight with ' Anger ! Sadness ! Anger ! Anger ! Sadness ! Sadness
you Ross! (Sadness) ; : : : ; ;

Audio description

Figure 5: A conversation between Ross and Rachel from the MELD dataset. Corresponding gold labels and correct
prediction are in blue. Distortions are in brown. Wrong predictions are in red.
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Table 6: The prompts using in the baselines and proposed framework.

Method Prompt
You will be given: (1) A spoken sentence, and (2) An image captured at the moment it was spoken.
Visual agent Your task: Analyse the speaker’s facial expression in the image and provide a brief, precise description

of their emotional or expressive state based solely on their facial cues, without interpreting the sentence content.

Based on the provided conversation, identify the primary emotion expressed for each utterance in the conversation.

Text-onl L. N .
Y The conversation is as follows: {conversation}

Based on the provided conversation and the facial expression of each speaker when they speak, your task is
identify the primary emotion expressed for each utterance in the conversation.

The conversation is as follows: {conversation}

Facial expression of each speaker in conversation: {facial expression}

Text+Visual

Given a conversation, your task is to:

1) Finish a few diagnostic thought questions to analyse the thought patterns of the participants.

Then, based on the diagnosis of thought analysis, 2) identify if there is cognitive distortion in the conversation;

3) Recognise the specific types of the cognitive distortion.

The conversation is as follows: {conversation}

Facial expression of each speaker: {facial expression}

Here is the diagnose of thought questions:

a) What is the situation? Find out the facts that are objective; what are the participants thinking or imagining?

Find out the thoughts or opinions that are subjective.

b) What makes the participants think the thought is true or not true?

Find out the reasoning processes that support and do not support these thoughts.

¢) Why do the participants come up with such reasoning processes supporting the thought?

What'’s the underlying cognition mode of it?

Based on the diagnosis of thought, For each speech identify if there is cognitive distortion, specify the type of distortion.
Here we consider the following common distortions: (followed by the descriptions and examples of all ten prompts
included in the dataset metadata (Shreevastava and Foltz, 2021))

Visual+DoT

CMTD

You are an expert psychologist specializing in personality analysis. Based on the Big Five Personality Traits model,
you will evaluate the personality of two individuals the speaker and the listener based on their conversation in a given situation.
Each response reflects different dimensions of personality traits. For each of the Big Five traits, consider the following facets:
Conscientiousness: order, dutifulness, achievement striving, self-discipline, deliberation.
Agreeableness: trust, straightforwardness, altruism, compliance, modesty, tendermindedness.
Neuroticism: anxiety, angry hostility, depression, self-consciousness, impulsiveness, vulnerability.
Openness: fantasy, aesthetics, values.
Extraversion: warmth, gregariousness, assertiveness, excitement-seeking.
Personal traits Instructions: Read the given situation and conversation carefully.
Evaluate both the speaker and the listener based on their dialogue.
For each person, assign a score between 1 (Very Low) and 5 (Very High) for each of the Big Five traits.
Scores may be rounded to the nearest tenth (e.g., 3.5).
1: Very Low - The response shows little to no alignment with the trait’s facets.
2: Low - The response shows weak alignment with the trait’s facets.
3: Moderate - The response shows some alignment but not strongly.
4: High - The response strongly aligns with the trait’s facets.
5: Very High - The response shows exceptional alignment with the trait’s facets.

What is the situation? Find out the facts that are objective; What is the speaker thinking or imagining?

Subjectivity assessment  _. .. L
) y Find out the thoughts or opinions that are subjective.

‘What makes the speaker think the thought is true or not true? Find out the reasoning processes that support

Contrastive reasonin,
3 and do not support these thoughts.

Why does the speaker come up with such reasoning process supporting the thought?

Schema analysis What'’s the underlying cognition mode of it?

Given a conversation, and the diagnosis of thoughts of the speakers in the conversation, your task is to:

1) Finish a few diagnostic thought questions to analyse the thought patterns of the participants.

Then, based on the diagnosis of thought analysis, 2) identify if there is cognitive distortion in the conversation;
3) Recognise the specific types of the cognitive distortion.

Distortion detection

You are an expert in acoustic signal analysis. I will provide you with an audio input.

Your task is to extract and return the following speech-related acoustic features from the audio:

1. Fundamental Frequency (FO): Describe the pitch characteristics of the voice across the entire audio.

Note whether the pitch sounds high or low, how stable or fluctuating it is, any significant rises or falls in pitch contour,

and how these patterns may reflect emotional tension, calmness, enthusiasm, or other affective cues.

2. Loudness / Energy: Describe the perceived loudness and vocal energy. Indicate whether the voice sounds strong, soft, steady,
Audio description or variable, and comment on shifts in intensity that may signal emotional states such as excitement, anger, fatigue, or resignation.

3. Speaking Rate and Pauses: Describe the overall pace of speech and the use of pauses. Note whether the delivery feels fast,

slow, or controlled; whether pauses seem frequent, hesitant, or purposeful; and explain how these pacing features might relate to

emotions such as anxiety, confidence, sadness, or thoughtfulness.

4. Voice Quality Features: Describe the overall voice quality without using technical measurements. Comment on whether

the voice sounds breathy, strained, hoarse, rough, tight, smooth, or clear. Highlight fluctuations or irregularities and interpret

how these qualities might reflect emotional states such as stress, frustration, calmness, or vulnerability.

Below is a conversation between multiple participants, along with corresponding analysis: {Conversation }
Facial expression of each speaker: {facial expression}
The diagnosis of thought: {diagnosis of thought}
Fusion The cognitive distortion of each speaker: {distortion}
The personality traits: {traits }
The analysis of speech for each speaker is follows: {audio}
Based on above analysis, your task is identify the primary emotion of utterance.
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