
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 3930–3940
July 2-7, 2026 ©2026 Association for Computational Linguistics

Dynamic Emotion and Personality Profiling for Multimodal Deception
Detection

Li Zheng1, Yanyi Luo1, Hao Fei2, Yuzhe Ding1, Yujie Huang1,
Fei Li1∗, Chong Teng1, Donghong Ji1∗

1Key Laboratory of Aerospace Information Security and Trusted Computing, Ministry of
Education, School of Cyber Science and Engineering, Wuhan University, Wuhan, China

2National University of Singapore, Singapore, Singapore
{zhengli,lne.luoyanyi,yuzheding,huang-yj}@whu.edu.cn

{lifei_csnlp,tengchong,dhji}@whu.edu.cn, haofei7419@gmail.com

Abstract

Deception detection is of great significance
for ensuring information security and conduct-
ing public opinion analysis, with personality
factors and emotion cues playing a critical
role. However, existing methods lack sample-
level dynamic annotations for emotions and
personality. In this paper, we propose an in-
novative multi-model multi-prompt annotation
scheme and a strict label quality evaluation stan-
dard, and establish a multimodal joint detection
dataset DDEP for deception, emotion, and per-
sonality. Meanwhile, we propose Rel-DDEP,
an adaptive reliability-weighted fusion frame-
work. Our framework quantifies uncertainty by
mapping modal features to a high-dimensional
Gaussian distribution space. It then performs
reliability-weighted fusion and incorporates an
alignment module and a sorting constraint mod-
ule to achieve joint detection of deception, emo-
tion, and personality. Experimental results on
the MDPE and DDEP datasets show that our
Rel-DDEP significantly outperforms the exist-
ing state-of-the-art baseline models in three
tasks. The F1 score of the deception detec-
tion increases by 2.53%, that of the emotion
detection increases by 2.66%, and that of the
personality detection increases by 9.30%. The
experiments fully verify the necessity of an-
notating dynamic emotion and personality la-
bels for each sample and the effectiveness of
reliability-weighted fusion.

1 Introduction

Deception detection aims to accurately identify de-
ceptive behavior in individuals, which is critical for
information security (Gutierrez et al., 2015; Han
et al., 2018) and public opinion analysis (Alowibdi
et al., 2014; Luke et al., 2023; Zheng et al., 2025a).
Prior works have yielded notable progress in mul-
timodal deception detection. Pérez-Rosas et al.
(2015) introduce a multimodal deception dataset
using real-world courtroom trial videos. Gupta et al.
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A: Um, the one I’ve liked

most recently might be that

movie called Dead Poets

Society. Uh, I came across it

on Xiaohongshu, and then I

watched it because it just felt

very artsy, like it’s very

suitable, the style I wanted to

watch, so I went for it.

Deception Signal: Contradictory 

blend ➔Masked intent.

Q: What is your favorite literary and 

artistic work ?
Emotion

Personality

Happiness :  Smiling expression 

Fear :  Fillers ("um/uh") & repetition 

Neutral :  Generic terms ("artsy")

Openness : Relies on external over

personal insights.

Deception Signal: Formulaic 

depicts ➔ Fabricated preference.

Q: Do you have any special places or 

tourist destinations you want to go to?

Deception Signal: Guilt-driven 

performance➔ Intentional cheat.

Sadness : Lip corner drop expression

Disgust : Implied self-criticism

Surprise : Abrupt pitch rise ("Oh…")

Agreeableness : Implicit scorns 

toward social conformity.

Deception Signal: Critique others 

➔ Hide own lack of authenticity.

Emotion

Personality

A: Places I really want to go...

uh, not really to be honest.

It’s usually like, when I

randomly come across a place

on Xiaohongshu or something,

I’m like, ‘Oh wow, I really

want to go there!’ But then

after a while, um, you kind of

just forget about it.

Figure 1: Examples of deceptive detection with different
emotion and personality information.

(2019) propose the Bag-of-Lies dataset for daily de-
ceptive behavior detection. Vance et al. (2022) con-
struct the multimodal deception database DDPM.
Despite these advances, existing studies are con-
fined to the single task of multimodal deception
detection.

Numerous studies (Gaspar and Schweitzer,
2013; Levitan et al., 2015; Zheng et al., 2025c)
show that personality factors and emotion cues play
important roles in deception detection. Personality
factors affect an individual’s behavior and ways of
thinking, thus playing a role in deception detection.
Emotion cues, whether they are genuine emotions
or feigned emotions, can serve as key bases for de-
tecting deception. Moreover, emotion and person-
ality influence each other. Cai et al. (2024) propose
a multimodal deception dataset with personality
and emotion features. However, their dataset only
provides subject-level (per-participant) annotations,
failing to capture sample-level dynamics, the fact
that an individual’s emotions and personality can
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vary significantly across different situations.

As shown in Figure 1, the two examples corre-
spond to the same subject. Subject-level annotation
would assign identical emotion and personality fea-
tures to both cases, yet their actual emotional and
personality traits differ substantially. Furthermore,
these discrepancies in emotion and personality pro-
vide critical cues for deception detection. The left
example exhibits a blend of feigned happiness and
fear of exposure, which is a hallmark of deceptive
behavior. While the right example combines sad-
ness and disgust, reflecting the subject’s internal
disapproval of their perfunctory actions and facil-
itating deception identification as a result. Thus,
sample-specific annotation is imperative.

Considering the complexity of emotions in real-
world scenarios where emotions aren’t presented
in a single form, we adopt multi-label annotation
for emotions (See the detailed analysis in Section
2.). Since personality is relatively stable within a
certain period, we set single-label annotation for
personality. Notably, manual annotation is costly,
a longstanding major challenge in data annotation
(Cai et al., 2021; Hang et al., 2024; Zheng et al.,
2024a). Recent advances have shown that large
language models (LLMs) possess strong text un-
derstanding and generation capabilities, and are
increasingly used to assist human annotation tasks
(Ding et al., 2022; Wang et al., 2024). However,
the application of LLMs in multimodal annotation
is still in the exploratory stage, with no unified
standards for verifying annotation quality.

In view of this, we propose an innovative multi-
model multi-prompt annotation scheme and a rig-
orous label quality evaluation standard, and obtain
the Dynamic Deception-Emotion-Personality joint
detection multimodal dataset DDEP. Specifically,
we first employ multiple distinct LLMs for initial
annotation and design diverse prompts for each
model. These prompts guide LLMs to deeply un-
derstand data from varied perspectives, mitigating
single perspective biases and reducing misjudg-
ments. Subsequently, we design a voting mecha-
nism and construct a quality scoring system incor-
porating consistency and uncertainty scores to com-
prehensively assess label quality. For data failing
to meet the quality threshold, we leverage multi-
modal LLMs for advanced re-annotation followed
by a second quality evaluation. Finally, data still
not meeting requirements are re-annotated by pro-
fessional human annotators.

We further propose Rel-DDEP, an adaptive
reliability-weighted fusion framework for the joint
multimodal detection of deception, emotion, and
personality. Specifically, we project each modal-
ity’s features into a high-dimensional Gaussian dis-
tribution space to quantify uncertainty, then per-
form reliability-weighted fusion to assign rational
weights to modalities (prioritizing highly reliable
ones). Concurrently, we introduce an alignment
module (to match uncertainty estimates with actual
prediction errors) and a sorting constraint module
(to ensure uncertainty estimates reflect modality
importance order in joint detection). Finally, we
derive the final predictions for emotion, personality,
and deception.

To verify the effectiveness of our model, we con-
duct experiments on the widely used multimodal
deception dataset MDPE (Cai et al., 2024) and our
DDEP dataset. The results show that our model sig-
nificantly outperforms all state-of-the-art (SoTA)
baselines on the three tasks of the two datasets. In
the deception, emotion and personality detection
task, the F1 score is increased by 2.53%, 2.66%
and 9.30% respectively. Extensive experiments ver-
ify the necessity of annotating dynamic emotion
and personality labels for each data and the effec-
tiveness of reliability-weighted fusion.

Our main contributions are summarized as fol-
lows:

• We propose a multi-model multi-prompt anno-
tation scheme and a rigorous label quality eval-
uation standard, and establish a multimodal
dataset DDEP for the joint detection of decep-
tion, emotion, and personality.

• We propose an adaptive reliability-weighted
fusion framework to fully leverage the advan-
tages of modalities with high reliability.

• Our extensive experimentation on the MDPE
and DDEP datasets demonstrate that our Rel-
DDEP achieves SoTA performance.

2 Observation and Key Intuition

Previous deception detection study (Cai et al.,
2024) incorporates emotion and personality infor-
mation at the subject-level. However, in reality, the
emotions and personalities of the same person vary
significantly in different situations. To understand
the impact of this variability on deception detection,
we conduct a series of exploratory analyses.
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Figure 2: Visualization of different emotion (E) and personality (P) information.

We randomly select 20 subjects and choose 10
data instances with different emotion and personal-
ity characteristics for each subject. The deception
detection results are shown in Figure 2 (a). When
relying solely on the fixed subject-level emotion
and personality information (b) for deception detec-
tion, only 32 instances are correctly detected. This
low success rate indicates that such fixed informa-
tion is insufficient for effective deception detection.
The visualization experiment in Figure 2 (b) shows
that deceptive and honest samples are intertwined
in the visual space, with blurry boundaries that
make them difficult to distinguish. This visual evi-
dence suggests that fixed subject-level annotations
fail to capture the nuances that are crucial for accu-
rate deception detection.

These findings inspire us to consider an alter-
native: annotating each data instance with single
emotion and personality labels. When applying
this method to the same set of 200 samples, the
number of correctly detected instances samples to
85, leading to an improvement in deception detec-
tion performance. The visualization results in Fig-
ure 2 (c) also indicate that the distinction between
deceptive and honest samples is enhanced. This
highlights the importance of annotating dynamic
emotion and personality labels for individual data
instances. However, there is still some overlap
between deceptive and honest samples.

By observing the data, we find that the emotions
in each sample are complex and diverse. For in-
stance, the examples shown in Figure 1 contain
multiple emotions. This indicates that a more com-
prehensive annotation method is required. There-
fore, we explore using multiple emotion labels for
each sample while maintaining single-label anno-
tations due to the relative stability of personal-
ity. Implementing this new strategy on the set
of 200 samples brings about significant improve-
ments, with 141 samples correctly detected. Figure

2 (d) shows that deceptive and honest samples form
distinct and compact clusters with concentrated
feature distributions and clear boundaries. This re-
sult shows that dynamic multi-label emotion and
single-label personality annotations can effectively
capture sample-specific information, yielding more
discriminative features for deception detection. We
formalize these findings into two theorems.
Theorem 1. Information Gain Improvement The-
orem. Let Xfixed be the feature set when using
fixed labels, and Xnew be the feature set after re-
annotating the emotion and personality labels of
each sample. Let Y be the category of decep-
tion detection results. Then, the information gain
IG(Y |Xnew) > IG(Y |Xfixed).
Theorem 2. Situational Feature Difference Cap-
ture Theorem. Let the sample s be in different
situations ci and cj . With fixed labels, the fea-
ture difference degree Dfixed(Xs,ci , Xs,cj ) = 0
(fixed labels ignore situational differences), and the
degree after re-annotation is Dnew(Xs,ci , Xs,cj ).
Then Dnew(Xs,ci , Xs,cj ) > 0.

3 Multi-Model and Multi-Prompt Data
Annotation

The MDPE dataset (Cai et al., 2024) offers rich data
for multimodal deception detection, yet it suffers
from limitations in emotion and personality annota-
tion: it only provides subject-level emotion and per-
sonality labels, lacking sample-specific dynamic
annotations. To better characterize data features
per Theorems 1 and 2, we propose an innovative
multi-model multi-prompt annotation scheme to as-
sign emotion and personality labels to each sample,
along with a set of label quality evaluation criteria.
The annotation process is shown in Figure 3.

3.1 Low-level Annotation
To comprehensively annotate the data, we select
multiple LLMs of different types (e.g., GPT4o,
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Figure 3: The flowchart of our data annotation. Label denote both emotion and personality.

Llama3, VideoLlama3, and Qwen2 Audio) for low-
level annotation and design multiple prompting
methods for each model. Through diverse prompts,
we guide the models to understand the data from
different perspectives, thereby generating more
comprehensive annotation results. In the emotion
annotation, one prompt guides the model to judge
emotions from the overall atmosphere, as follows:

Prompt1: Please determine the emotions of
the characters based on the overall atmosphere
presented.

Another prompt focuses on the emotions re-
flected by specific behaviors or expressions:

Prompt2: Please observe the facial
expressions and body movements of the characters
and determine their emotions.

3.2 Voting Mechanism and Annotation
Quality Score Evaluation

After generating annotations via the multi-model
multi-prompt strategy, we derive the initial anno-
tation round using a voting mechanism. For multi-
label emotion annotation, we select labels with over
half the votes as initial results. For personality la-
bels, we choose the top-voted label if it garners
more than half the votes. If the number of votes for
each label does not meet the requirement of more
than half of the votes, it is recorded as an object
that requires high-level re-annotation. Our voting
mechanism aggregates outputs from multiple mod-
els, effectively mitigating single-model errors and
substantially boosting annotation reliability.

To ensure that the annotation quality meets a
high standard, we construct a comprehensive qual-
ity score evaluation system, which is mainly com-
posed of a consistency score and an uncertainty
score. The consistency score is measured by the

kappa coefficient (Cohen, 1960):

k =
po − pe
1− pe

(1)

where po represents the observed consistency, pe
represents the expected consistency. The value
range of the Kappa coefficient is between -1 and 1.

The uncertainty score consists of two key met-
rics: entropy and self-evaluation confidence. En-
tropy is used to measure the degree of uncertainty
of a model’s data classification.

ui = −
n∑

j=1

pij log(pij) (2)

where pij denotes the probability that the i-th sam-
ple belongs to the j-th class, and n is the total
number of classes. When the model is confident
in a sample’s classification, the probability pij of
the target class approaches 1 while those of other
classes approach 0, yielding a low entropy value.
Self-evaluation confidence refers to the model’s
confidence in its annotation outputs. Specifically,
we require each LLM to assign a confidence score
sc to its annotations with corresponding explana-
tions. By jointly considering the consistency score
and uncertainty score, we derive the final quality
score:

Sq = α1k + α2ui + α3sc (3)

We screen the annotation results according to the
set quality threshold. Annotations with a quality
score lower than the threshold are considered to
have low reliability and are marked as objects that
need to be re-annotated at a high-level.

3.3 High-level Annotation
For the data marked as requiring high-level re-
annotation, we use the multimodal large model
as a high-level annotator to review the low-level
annotation results of these unimodal LLMs and
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Figure 4: The data distribution of our DDEP dataset.
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Figure 5: The overview of our framework.

provide new annotation results along with explana-
tions. This model conducts a more comprehensive
and in-depth understanding and annotation of the
data from the perspective of multimodal fusion.
Subsequently, we evaluate the quality of the anno-
tation results to obtain the final quality scores. If
the quality score is lower than the threshold, the
data is marked as requiring re-annotation and then
handed over to human annotators for processing.

3.4 Human Annotation

Five natural language processing and emotion anal-
ysis experts conduct re-annotation. During the re-
annotation process, the annotators refer to the anno-
tation results of LLMs. They repeatedly watch the
videos and carefully read the texts, analyzing the
emotion and personality information contained in
the data from multiple perspectives to make com-
prehensive judgments. To ensure the consistency
and accuracy of the annotations, cross-validation is
carried out on the annotation results of human anno-
tators. Each data is independently annotated by at
least two experts. Their results are then compared,
and discrepancies are resolved through discussion
until a consensus is reached. After annotation, we
calculate the kappa score, achieving a score of 0.85.
We finally obtain the DDEP dataset, with labels
illustrated in Figure 4.

4 Adaptive Reliability-weighted Fusion
Network

4.1 Feature Extraction

Text extraction. Text modal feature extraction
aims to obtain key information such as semantics
and context in the text. Following Cai et al. (2024),
we adopt Baichuan (Bai) (Yang et al., 2023) for
text feature extraction ht.
Video extraction. Following Cai et al. (2024), we
use the multimodal models CLIP (CLB) (Radford
et al., 2021) and ViT (Dosovitskiy et al., 2020) to
extract video features hv.
Audio extraction. Following Cai et al. (2024),
we select Wav2vec-base (W2B) (Baevski et al.,
2020), HUBERT-base (HBB) (Hsu et al., 2021),
and WavLM-base (WMB) (Chen et al., 2022) to
extract audio features ha.

4.2 Uncertainty Estimation Module

In the multimodal joint detection of deception,
emotion, and personality, given the complexity
of multimodal data and the inherent uncertainty
of model predictions, accurately estimating uncer-
tainty is of great importance. For the features hm

(m ∈ {t, v, a}) extracted from each modality, we
map them to a high-dimensional Gaussian distribu-
tion space N(µm, σm) to quantify the uncertainty.

µm = GRUµ(hm), σm = GRUσ(hm) (4)
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Task Model Acc. AUC P R F1

Deception

ViT-HBB-Bai-MDPE 64.00 67.50 47.15 52.91 49.86
ViT-HBB-Bai-DDEP 65.12 68.22 59.26 57.82 57.57
ViT-HBB-Bai-Ours 66.35 69.45 61.06 59.41 59.30
ViT-WMB-Bai-MDPE 63.59 67.20 46.89 54.35 50.35
ViT-WMB-Bai-DDEP 64.78 67.93 59.84 58.55 58.45
ViT-WMB-Bai-Ours 65.42 69.15 61.07 60.10 60.19
CLB-HBB-Bai-MDPE 64.66 68.70 49.48 52.33 50.87
CLB-HBB-Bai-DDEP 65.72 69.68 59.32 58.33 58.30
CLB-HBB-Bai-Ours 66.63 70.21 61.49 60.71 60.83

Emotion

ViT-HBB-Bai 77.16 73.17 57.58 58.95 58.26
ViT-HBB-Bai-Ours 80.23 79.02 60.71 60.43 60.57
ViT-WMB-Bai 78.39 75.25 57.82 59.37 58.58
ViT-WMB-Bai-Ours 80.48 78.51 60.97 61.26 61.11
CLB-HBB-Bai 77.32 74.04 58.01 59.62 58.81
CLB-HBB-Bai-Ours 80.73 79.49 61.16 61.78 61.47

Personality

ViT-HBB-Bai 82.51 72.11 39.51 38.22 38.98
ViT-HBB-Bai-Ours 85.55 83.41 51.01 47.23 49.15
ViT-WMB-Bai 83.89 74.91 40.78 39.89 40.30
ViT-WMB-Bai-Ours 85.58 82.99 51.63 47.55 49.71
CLB-HBB-Bai 83.07 75.02 40.92 40.33 40.60
CLB-HBB-Bai-Ours 85.93 83.81 51.81 47.86 49.90

Table 1: Experimental results on deception, emotion, and personality detection tasks.

This uncertainty estimation module clarifies model
prediction reliability, enabling rational weighting
and fusion based on per-modality uncertainty.

4.3 Reliability-weighted Fusion Module

Considering the differences in reliability of dif-
ferent modalities in the task, we introduce an
reliability-weighted fusion module. Based on the
uncertainty estimation σm of each modality, we
calculate the fusion weight wm.

wm =
1
σm∑

j=t,v,a
1
σj

(5)

This formula ensures that the modality with lower
uncertainty has a higher fusion weight. Then, we
calculate the fused feature hf by taking a weighted
sum of each modality’s features hm.

hf = wtht + wvhv + waha (6)

4.4 Alignment Module

The alignment module aims to align the model’s
uncertainty estimation with its actual prediction er-
ror. We define the alignment loss function Lali, and
use the mean squared error (MSE) to measure the
difference between the uncertainty estimation σm
and the prediction error ϵm. For each modality m,
the prediction error ϵm is calculated by the cross-
entropy loss between the predicted probability dis-
tribution pm and the one-hot encoded distribution

of the ground truth label y, that is:

ϵm = CrossEntropyLoss(pm,yone−hot)

Lali =
∑

m=t,v,a

MSE(σm, ϵm) (7)

4.5 Sorting Constraint Module
The sorting constraint module enforces consis-
tency between the uncertainty estimates of different
modalities and the ranking of their fusion weights.
We define the ordering loss Lord, constructed by
comparing the uncertainty estimates σm and σj
of distinct modalities against the relative order of
their corresponding fusion weights wm and wj

(m, j ∈ {t, v, a}).

Lsor =
∑

m̸=j

max(0, (σm − σj)− (β(wm −wj)))

(8)

4.6 Prediction and Training
The fused feature hf passes through three fully
connected layers FCfinal and a softmax function,
obtaining final predictions ŷd, ŷe, ŷp for deception,
emotion, and personality tasks.

ŷd/e/p = softmax(FCfinal(h
d/e/p
f )) (9)

We employ the cross-entropy loss function Lcls

to measure the difference between the final predic-
tion result ŷd/e/p and the ground-truth label yd/e/p.
By comprehensively considering the classification
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Figure 6: Influence of the reliability-weight fusion mechanism on the DDEP dataset.

loss, alignment loss, and sorting loss, the overall
loss function is formulated as:

L = Lcls + λ1Lali + λ2Lsor (10)

5 Experiments

5.1 Experimental Setup

Dataset. We evaluate the effectiveness of our
model on the widely used MDPE dataset (Cai et al.,
2024) and our newly established DDEP dataset.
Baseline Systems. To validate the effectiveness
of our model, we compare it with SoTA base-
lines tailored to each task. Deception Detection:
Two baseline categories are defined by dataset and
feature strategy: MDPE-based baselines: Fixed
emotion/personality feature models on the MDPE
dataset (-MDPE in Table 1). DDEP-based baselines:
Dynamic emotion/personality feature models on
our self-constructed DDEP dataset with only uni-
modal encoders (-DDEP in Table 1). Emotion and
Personality Detection: All experiments are per-
formed on the DDEP dataset (MDPE lacks cor-
responding labels), using competitive unimodal
encoder-based models as baselines (details in Sec-
tion 4.1). For all tasks, -Ours in Table 1 de-
notes DDEP-evaluated models integrated with our
reliability-weight fusion strategy.

5.2 Main Results

We conduct comprehensive experiments on the
MDPE and DDEP datasets to systematically evalu-
ate our method against SoTA baselines. As shown
in Table 1, our method outperforms the SoTA base-
lines across all three tasks. In the deception detec-
tion task, our method with dynamic emotion and
personality labels far outperforms the fixed emo-
tion and personality features at the subject-level.
The F1 score increases by 2.53%. This indicates
that by annotating each sample with personalized
emotion and personality labels, more clues related

Task Model Acc AUC P R F1

Dep
Ours 66.63 70.21 61.49 60.71 60.83

w/o Ali 66.32 70.04 60.89 60.24 60.58
w/o Sort 66.21 69.97 60.53 59.86 60.15
w/o Rel 65.97 69.85 60.19 59.53 59.66

Emo
Ours 80.73 79.49 61.16 61.78 61.47

w/o Ali 79.68 77.92 60.41 61.12 60.59
w/o Sort 79.12 77.03 60.26 60.96 60.43
w/o Rel 78.74 76.69 59.84 60.31 60.10

Per
Ours 85.93 83.81 51.81 47.86 49.90

w/o Ali 85.29 80.68 49.62 45.91 47.60
w/o Sort 84.81 79.25 48.92 45.28 47.11
w/o Rel 84.47 78.31 46.79 43.84 45.21

Table 2: Ablation study on multimodal deception detec-
tion task.

to deceptive behavior can be unearthed, thus sig-
nificantly enhancing the performance of deception
detection. In emotion detection, our model shows
a 2.66% increase in the F1 score compared to the
SoTA. In personality detection, the improvement
of our model is even more remarkable. Our model
has a 9.3% increase in the F1 score compared to
the SoTA baseline. This demonstrates that our
reliability-weighted fusion can more rationally in-
tegrate multimodal data and effectively capture the
key information related to emotions and personali-
ties in different modalities.

5.3 Ablation Study

To further explore the contributions of each com-
ponent of our model, we conduct ablation exper-
iments by removing alignment module, sorting
constraint module, and reliability-weighted fusion
module respectively. The results are shown in Table
2. Removing the alignment module causes consis-
tent performance degradation across all metrics, un-
derscoring its role in aligning uncertainty estimates
with actual prediction errors. Similarly, eliminating
the sorting constraint module reduces performance,
demonstrating its necessity for ensuring modal-
ity uncertainty estimates reflect their importance
in deception detection. Removing the reliability-
weighted fusion module leads to the most signifi-
cant decline, this highlights the module’s ability to
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Figure 7: Comparative results of joint task and single task.

assign weights based on modality reliability, effec-
tively emphasizing high reliability information.

5.4 The Impact of Reliability-Weighted
Fusion Module

To evaluate the impact of the reliability-weighted
fusion module, Figure 6 compares five strategies:
reliability-weighted, no weights, and modality-
dominant (text/audio/video) approaches. No
weights fusion performs poorest, as equal treatment
of modalities ignores their varying contributions,
leading to information loss. Among modality-
dominant baselines, text dominance yields the best
results compared to audio dominant and video dom-
inant approaches. This indicates that text plays a
dominant role in the detection of these three tasks.
However, compared with the fusion approach using
reliability weights, fixing a single modality as dom-
inant still results in poor performance. Reliability-
weighted dynamically assigns weights based on
modality reliability, maximizing complementary
strengths and enhancing robustness.

5.5 The Effectiveness of Joint Tasks

We design a set of single-task experiments for each
task to thoroughly explore the effectiveness of the
joint tasks. The experimental results are shown
in Figure 7. The results demonstrate that, in the
three tasks of deception detection, emotion detec-
tion, and personality detection, the performance
of the joint task significantly outperforms that of
single tasks. This indicates that there are close in-
herent connections and synergistic effects among
emotions, personality, and deception. In the joint-
task mode, the information related to each task
can complement and promote one another, thereby
enhancing the overall performance.

6 Related Work

Deception Detection. Deceptive behaviors are
widespread in numerous fields such as social in-
teractions, business, and security (Damstra et al.,
2021; Kumar et al., 2021; Zheng et al., 2025b,d).
Abouelenien et al. (2016) integrate multiple modal-
ities of information to construct a comprehensive
deception detection system. Mathur and Matarić
(2020) focus on analyzing the discriminative abili-
ties of visual, speech, and language modality fea-
tures and explore their impact mechanisms on de-
ception detection. Regarding dataset construction,
previous studies (Gupta et al., 2019; Pérez-Rosas
et al., 2015; Vance et al., 2022) have contributed a
series of valuable deception detection datasets. Al-
though these researches achievements are remark-
able, they only focus on the single task of decep-
tion. Considering that personality factors and emo-
tion cues play crucial roles in deception detection,
Cai et al. (2024) propose a multimodal deception
dataset with personality and emotion features.
LLMs Assisted Data Annotation. The rapid de-
velopment of machine learning highly depends on
a large amount of labeled training data. Yet, an-
notation is costly and time-consuming. A promis-
ing solution combines automatic pre-annotation
with human refinement. Wang et al. (2021) re-
annotate low-confidence LLM-generated instances,
while (Gilardi et al., 2023; He et al., 2023; Zheng
et al., 2024b) show ChatGPT outperforms humans
in multiple tasks, validating LLMs’ task-specific
strengths. Ding et al. (2022) use GPT-3 as an an-
notator for classification and token-level task ex-
periments. Wang et al. (2024) propose a multi-
stage human-LLM collaboration method to opti-
mize annotation workflows. Prior works (Kneusel
and Mozer, 2017; Lai and Tan, 2019) further con-
firm that model outputs enhance human decision-
making, highlighting LLMs’ annotation support
value.

3937



7 Conclusion

In this paper, we propose an innovative method for
joint detection of multimodal deception, emotion,
and personality, which integrates dynamic emo-
tion and personality annotation and an adaptive
reliability-weighted fusion framework. By imple-
menting a multi-model multi-prompt annotation
strategy and a label quality evaluation standard,
we construct the high-quality DDEP dataset. Our
Rel-DDEP quantifies uncertainties and conducts
reliability-weighted fusion, effectively enhancing
the performance of the model. Numerous experi-
ments on the MDPE and our DDEP datasets show
that our framework achieves state-of-the-art results.

Limitations

Our work uses a basic shared encoder for the joint
recognition of emotion, personality, and deception
tasks. While this design ensures computational effi-
ciency and simplifies training by reusing cross-task
feature extraction layers, it inherently limits deep
interactions among the three tasks. Specifically,
the shared encoder learns general-purpose features
uniformly applied to all tasks, failing to capture
task-specific nuances and context-aware cross-task
correlations. In future research, we will explore
advanced multi-task learning frameworks to explic-
itly model task-specific dependencies, dynamically
allocate feature extraction resources, and enhance
adaptability to diverse task interactions, thereby
further improving joint recognition performance.
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