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Abstract. Audio-visual deception detection aims to predict whether
a person is lying by integrating visual and acoustic modalities, which
has two main challenges: 1) the modality conflict problem and 2) het-
erogeneous cue representation difficulty. However, existing approaches
1) often overlook the differences across modalities for different individ-
uals; and 2) typically rely on a single encoder to handle diverse and
individual-specific cues, which limits models’ representation capacity for
heterogeneous cues. To address these challenges, we propose MoMCE,
a novel model with mixture of modality and cue experts for deception
detection. It consists of two key components: 1) Prompt-aware Mix-
ture of Modality Experts, which employs a learnable prompt routing
mechanism to generate adaptive instance-aware modality weight distri-
butions for dynamic modality adjustment. In addition, we propose a
consistency-aware expert weighting loss. For samples with high cross-
modal consistency, it encourages balanced contributions across modali-
ties. In contrast, for samples with strong conflicts, it reduces the entropy
of the modality weight distribution to focus on more reliable modalities.
2) Prompt-aware Mixture of Cue Experts, which captures hetero-
geneous and diverse deceptive cues within each modality. This module
introduces multiple experts with distinct semantic biases on top of a
shared backbone to model different deceptive patterns. Additionally, we
introduce a cue expert diversity loss to balance learning across multiple
cue experts, promoting effective representation of diverse deceptive cues.
Extensive experiments demonstrate that MoMCE adapts to variations
in both cross-modal contributions and cue heterogeneity, achieving sub-
stantial improvements in deception detection performance. The code is
available at this link.
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1 Introduction

Deception is defined as intentional misleading [10], with impacts on public safety [1],
judicial fairness [15,/37], and economic stability [5,/11]. Therefore, improving the
accuracy of deception detection is of great importance for safeguarding judicial
fairness and maintaining social stability. With the development of deep learn-
ing [9}128},/42], non-intrusive multimodal analysis has gradually become an im-
portant direction in deception detection. Such approaches aim to automatically
extract and model deception-related features from speech and visual signals,
thereby enabling the identification of potential deceptive behaviors [18,27].

In multimodal deception detection tasks, it is often assumed that different
modalities within the same video segment are consistent, meaning that a liar
would reveal deceptive cues across all modalities. However, psychological stud-
ies [10] indicate that because deceivers attempt to disguise themselves, they often
find it difficult to maintain complete consistency across modalities. For example,
an individual may have a controlled facial expression, but their voice may reveal
nervousness; conversely, their voice may remain steady, but their facial expres-
sions may betray deception. This "modality conflict" phenomenon [10] results in
different representations of deception across modalities, with the importance of
each modality varying across specific samples. Moreover, even within the same
modality, deception cues exhibit significant inter-individual variability |10}/47].
For example, in the visual modality, some individuals display noticeable eye
movements when lying, while others primarily reveal information through subtle
facial expressions. In the audio modality, some individuals speed up their speech
or pause frequently, while others primarily express emotion through changes in
voice tone. Such cue heterogeneity means that different individuals may rely
on completely different behavioral patterns to convey deception cues within the
same modality [31].

Existing methods primarily integrate multimodal information through com-
mon modality fusion techniques, such as feature concatenation |26}27.35|, deci-
sion fusion [211/49], and adaptive fusion [11}/18l/4651]. These approaches typically
apply the same fusion strategy to all samples, ignoring differences in the con-
tribution of each modality across samples. As illustrated in Figure [I] certain
deceptive samples may not exhibit detectable cues in all modalities, leading
to conflicting predictions. Relying on conventional fusion strategies under such
conditions may leads to erroneous final decisions. On the other hand, to address
deceptive cue heterogeneity, some studies attempt to introduce more handcrafted
features [19,/20,26}[35] or employ more powerful feature extractors |18}24]. How-
ever, these methods still rely on a single feature space and lack the ability to
dynamically adapt to individual differences, thus limiting the model’s general-
ization performance across individuals.

In this paper, we propose a Mixture of Modality and Cue Experts (MoMCE)
to jointly address the modality conflict and cue heterogeneity challenges. The
model consists of two main components. First, to handle modality conflict, we
design a prompt-aware mixture of modality experts. This module combines
learnable prompt routing and gating mechanisms, treating each modality as
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Fig. 1: Example of modality conflict in multimodal deception detection. The visual
modality reveals deceptive cues, whereas the audio and interaction modalities remain
consistent with genuine behavior. Such inter-modality inconsistency leads to conflicting
evidence, directly degrading prediction confidence and accuracy.

an independent "expert." It adaptively assigns modality weights based on input
features, thereby enabling dynamic modeling of modality contributions. More-
over, to mitigate performance degradation caused by incorrect routing, we intro-
duce a consistency-aware expert weight loss: when the modalities are consistent
(e.g., truthful samples or low-conflict deceptive samples), the weight distribution
is constrained to remain balanced; when modality conflict is significant (high-
conflict deceptive samples), the model is encouraged to reduce weight distribu-
tion entropy, leading to a more concentrated weight distribution and improved
decision stability.

Second, to address cue heterogeneity, we propose a prompt-aware mixture of
cue experts model. This model introduces multiple sets of prompts with different
semantic priors to instantiate several backbone encoders with shared parameters,
constructing cue experts at multiple levels. Each expert focuses on capturing
different types of deceptive cues, thereby covering the diverse deceptive behavior
patterns. In addition, during training, cue-level experts tend to overfit to the
most salient cues, leading to insufficient learning of other potential cues [36,43|
44]48]. To address this, we design a cue diversity constraint that balances the
learning process across cue experts, ensuring that various deception cues are
effectively modeled. Our main contributions are as follows:

— To address modality conflicts, we propose a mixture of modality experts
that dynamically generates sample-specific cross-modal weight distributions,
enabling adaptive fusion of modality-level features. To further mitigate er-
roneous routing, we introduce a consistency-aware expert weighting loss to
constrain the model’s routing entropy and regulate the modality weights.

— We propose a mixture of cue experts that leverages prompts with different
semantic priors to construct multiple cue-level experts for each modality,
enabling the model to capture heterogeneous deception cues. To prevent
expert collapse, we further design a cues diversity constraint that encourages
experts to learn complementary and discriminative features.
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— Extensive experiments on the DOLOS, Bag-of-Lies, and MU3D datasets
show that our method outperforms state-of-the-art multi-modal deception
detection approaches, demonstrating its effectiveness.

2 Related work

Audio-Visual Deception Detection. Audio-visual joint learning for mul-
timodal deception detection aims to identify deceptive behaviors by simultane-
ously modeling audio and visual modalities [52]. Previous studies can be broadly
categorized into two directions: optimizing modality fusion and enhancing de-
ception cue representation. In the first category, early methods typically inte-
grated handcrafted multimodal features through simple feature concatenation
or decision-level fusion [2}/7,/21}33}/38]. With the rise of deep learning, some ap-
proaches began leveraging attention mechanisms to fuse deep representations,
including CNN [17,27], ResNet [11], DNN [39], LSTM |22], GNN [51], ViT [5§],
and Wav2Vec [41,[58]. More recently, research has shifted towards efficient and
adaptive methods. For example, PECL [18] introduces cross-modal adapters to
learn latent alignments and relational features across modalities. However, such
methods typically apply the same processing strategy to all input samples, ig-
noring potential modality conflicts. The second line of work [1819,(24,[26.[29}/35],
attempts to capture richer deception cues by introducing more hand-crafted fea-
tures or training more powerful encoders. However, these approaches still rely
on a single feature space and lack the ability to dynamically adapt to individ-
ual differences. In contrast, our approach performs dynamic modality weighting
and employs a mixture of cue experts to model heterogeneous cues, effectively
addressing modality conflicts and cue heterogeneity, thereby enabling a more
flexible and adaptive multimodal deception detection framework.

Mixture-of-Experts. The core idea of a Mixture-of-Experts (MOE) is to dy-
namically select the most suitable "experts" based on the input, where each
expert specializes in capturing a specific type of feature. Through a collabora-
tive mechanism among experts, the MoE effectively integrates the strengths of
each expert while maintaining computational efficiency, thereby improving the
model’s performance. In multimodal learning, recent studies have applied MoE
to achieve several goals, including reducing computational cost [34,/40], handling
modality missingness [50], modeling modality interactions [3}/6], dynamic modal-
ity fusion [8], cross-modal continual learning [23|, and aligning modality-specific
and modality-invariant features |14,16./55]. Inspired by these advances, we decou-
ple inter- and intra-modality processing, represent both modalities and deception
cues as experts, and introduce prompt-aware structures to automatically aware
expert competence and learn their importance weights. Thereby improving the
ability to personalized model individual deceptive behaviors.
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Fig. 2: Framework of MoMCE. The proposed framework consists of a prompt-
aware MoCE for modeling diverse deceptive cues within each modality and a MoME
for dynamically integrating visual, audio, and interaction representations.

3 Method

3.1 Overall Framework

Following typical multimodal deception detection approaches , this paper
aims to identify deception in videos using both visual and audio signals. Given
a video segment U, the inputs consist of a visual modality (v) and an audio
modality (a). The visual and audio streams are encoded into embedding se-
quences through a two-dimensional convolutional neural network (2D-CNN) and
a one-dimensional convolutional neural network (1D-CNN), respectively. These
two modalities are then projected into a unified embedding space:

X, e REXP X, e REXP, (1)

where L represents the sequence length and D denotes the embedding dimension.
Motivated by , we model the interaction features as an independent modality
and employ a cross-modal attention mechanism to align and integrate the visual
and audio modalities, thereby obtaining the interaction embeddings.

Our overall framework is shown in Figure[2] and consists of two main parts. In
the mixture of cue experts, each modality introduces multiple cue-level experts to
capture diverse deception cues. These experts are then aggregated into modality-
level features through a prompt-aware routing network.

Yv:fv(Xv)7 Yi:fi(XvaXa)> Ya:fa(Xa)a (2)

where f,, f;, and f, denote the visual, interaction, and audio mixture of cue
experts, respectively. In the mixture of modality experts stage, the visual features
Y,, audio features Y, and interaction features Y; are dynamically weighted by a
modality-level prompt routing mechanism to evaluate the relative contribution
of each modality. This produces a unified representation, which is then processed
by a feed-forward network (FFN) to generate the prediction.
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3.2 Prompt-aware Mixture of cue experts

To capture the diverse deceptive cues within each modality, we propose a prompt-
aware mixture of cue experts module. This module consists of multiple cue ex-
perts and a dynamic prompt routing network. Each cue expert is built based
on a pre-trained ViT [12] (for the visual modality) or W2V2 |4] (for the audio
modality), and is supplemented with learnable prompts to ensure strong repre-
sentational power and expert diversity. Formally, for visual or audio modalities,
let the token sequence at the n-th Transformer block be

X = [l’gn), e ,x(L")]. (3)

Inspired by Visual Prompt Learning [25,/53}[54], we introduce two types of learn-
able prompt tokens: gating prompts and expert prompts. These prompts are
prepended to the input sequence and interact with visual or audio tokens through
self-attention. After passing through the encoder layers, the gating prompts ag-
gregate contextual information and are projected to generate routing scores,
which are normalized to obtain the expert weight distribution. Based on our

dual-layer MoE, the gating prompts are divided into cue-level prompts pf;ﬁém)

(n,m)

madal» corresponding to cue routing and modality

and modality-level prompts p
weighting, respectively. The expert prompts pggi,m) interact with input features
via the encoder layers, guiding the encoder to bias its representations toward
different feature subspaces, thereby enabling experts to capture diverse decep-
tive cues. Let T, and 7, denote the prompt lengths of the gating prompts and

expert prompts, respectively. The input for the m-th expert at the n-th layer is:

—(n,m) n,m n,m). n,m). n
Z = [pr(noda)l; gue )7 p'(exp )7 X( )}a (4)
n,m mn,m)\Ty n,m n,m)\Ty n,m n,m .
where pfnoda)l = (pE:lodal))t:17 Pgue ) = (pgle ))t:u pgxp ) = (pg(p ))tT:h

X(n) = (asin))le. Subsequently, 7(n’m) is passed through the frozen, pre-trained
Transformer block to perform contextual representation learning

Zmm) — TransformerBlock(Z("’m)' o\ ). (5)

» Yshared

Prompt-aware Routing Network. We extract poe™ from Z(™™) . which

interacts with expert prompts and the original tokens through a self-attention.
As a result, it is able to perceive each expert’s response to the current features:
pm) = z(mm)[index of p(™]. (6)

cue

The routing score for each expert is then computed as

snm) _ n g, gt R (7)

C Lo ()

where w" is the learnable weight, a™™) is the normalized routing weight ob-
tained. we obtain Z(™"™) by removing the expert and cue gating prompts from
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Z(mm) The final fused feature of the MoCE module is obtained by

M
yn = Z a(n,m) . Z(n,m). (8)
m=1
The visual and audio branches independently perform the above computations,
resulting in visual features Y* and audio features Y,*. For the interaction branch,
let the m-th interaction expert at the n-th layer, the inputs are

a

Z\(/n7m) = [p\(/ngm)a p\(;,le’m)a Yn]a

200 = [l 7, 77 o

'

where pglg’m) and pgffc’m) denote the learnable audio expert gating prompt and the

audio expert prompt, respectively, and p\(,n and p(n’ ™) are defined analogously.
Within each interaction expert, cross-modal attention is applied to capture in-

teractions between the two modalities:
(10)
Z(n m) __ MHSA( (n m) Z(n m) Z(n m))

where MHSA denotes the multi-head self-attention mechanism. Subsequently, we
extract the gating prompts and token representations from Z™™ and Z{"™™ .

P, ¥ = 2 findex of ply™, V1], (11)
pU, ¥ = 20 index of pl7™, Y.

We compute both the interaction features Yi(n’m) and the expert-level gating

token pl(" ™) as
?me) = Wy ), )
pl g (b(W pglngm)7 T)Vngm)])’

where [-, -] denotes concatenation, W; and W, are trainable weights, and ¢(-) is

the ReLU activation. Finally, we select the experts and perform weighted fusion
according to Eqs. @7, yielding the final interaction representation:

Y™ = MoE- Fusmn(Y( ’m),ﬁl(g m)). (13)

Cue Expert Diversity Loss. The Mizture of Cue Experts aim to capture
heterogeneous deceptive cues. However, during the training of multiple experts,
a “dominant cue” phenomenon often arises: several experts tend to focus on
the most salient and easy-to-learn deceptive cues, while other potential cues
receive insufficient attention. To mitigate this issue, we introduce the Cue FExpert
Diversity Loss to balance the learning among experts. The loss is defined as:

Laiv = _1 ZZCO& sz,Rb,]) (14)

b 1 i#j
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where R € REXMXD denotes the expert representations for a batch of B sam-
ples. Here, cos(Ry,;, Ry, ;) denotes the cosine similarity between the i-th and j-th
expert representations of the b-th sample, M denotes the number of experts. This
encourages expert to provide complementary features, thereby reducing redun-
dancy and improving the capture of diverse deceptive cues.

3.3 Prompt-aware Mixture of Modality Experts

After MoCE encoding, we obtain features for three modalities. These features
contain both modality gating prompts and feature tokens. Similar to the prompt-

aware routing network, we use modality gating prompts to generate the expert
(m)

weight distribution. Specifically, we extract modality gating prompts p; 4, and
feature tokens Xy:
ﬁg:;zialvyk = Y}.[index of pg;zial,X], k € {vis,aud, inter}. (15)
Afterwards, we compute modality weights:
T = exp(uy)
Uk = Wmodalpfr?;ziah Bk = (16)

Zje{vis,aud,inter} exp(uj) ’

where Wiyodal 1S a learnable weight, uy is the score for modality k, Sy is the
softmax weight for modality k. Finally, we obtain the fused multimodal repre-
sentation Y. by weighting:

Y. = Z B Xk (17)

ke{vis,aud,inter}

Based on this fused representation, we apply a feed-forward network (FFN) to
obtain the prediction ¢, and compute the loss function by comparing it with the
ground-truth label y.

Consistency-aware Expert Weight Loss. Although the MoME can assign
expert weights according to each expert’s capability, due to the highly individ-
ualized nature of modality conflicts across different samples, the learned modal-
ity weight distribution may still rely on unreliable modalities. We introduce a
consistency-aware expert weight loss, which constrains the modality weight dis-
tribution based on the conflict level. Specifically, let the conflict scores k be:

1 .
k=1— —x—— cos(Xg, Xy), 18

where k, [ index the visual, audio, and interaction, and cos(X}, X;) computes the
cosine similarity between the mean representations of modality k& and [. Given a
threshold ¢y, which serves as a coarse partition of conflict intensity rather than
a dataset-specific tuning parameter, we compare the samples’ conflict scores k
with the threshold and divide them into three categories: genuine samples, low-
conflict deceptive samples, and high-conflict deceptive samples. For genuine and
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low-conflict deceptive samples, we adopt a more uniform weight distribution in
the loss to encourage modeling modality diversity, while for high-conflict decep-
tive samples, we promote a more concentrated weight distribution to emphasize
the most reliable modality. We measure the dispersion of the weights using the
routing entropy [14], defined as:

H(B®)) = Zﬁ log(B” +¢), (19)

where € is a small constant for numerical stability. The consistency-aware expert
weight loss Logw is defined as:

B
Lcew = Z H(3®) H§)27 (20)
b:
where H* denotes the target entropy. For genuine and low-conflict deceptive
samples, we set H* = 1.0 to encourage a relatively balanced modality distribu-
tion, while for high-conflict deceptive samples, we set H* = 0.0 to encourage
the model to focus on the most reliable modality. These values represent two
extreme routing prototypes rather than strict optimization targets.

3.4 Loss Functions

We combine the above loss functions to obtain the overall training objective:
L= Ecls + >\aux ECEW + Adiv Ediva (21)

where L5 denotes cross-entropy loss. A,ux and Aqiy are weights of the auxiliary
losses. The overall workflow of MoMCE is detailed in Appendix.1.

4 Experimental Analysis

4.1 Implementation Details

For the visual modality, we use AlphaPose [13] to extract faces from videos. For
each face clip, we uniformly sample 64 frames, normalize them, and resize them
to 160 x 160 pixels. The face images are encoded using a 2D-CNN module to
produce 256-dimensional features. For the audio data, the raw speech signal is
resampled and encoded using a 1D-CNN module, resulting in a 512-dimensional
feature vector for each audio sample. The visual and audio tokens are then
projected into 768 dimensions through a linear projection layer. We train the
model for 100 epochs using the Adam optimizer with a learning rate of 1 x 107°.
The consistency-aware expert weight loss is inactive for the first 30 epochs to
avoid early interference from unstable modality features. Model performance
is evaluated in terms of Accuracy (ACC), Fl-score (F1), and Area Under the
Curve (AUC). All training and inference are conducted on two H100 GPUs.
Unless otherwise specified, the number of experts M in MoCE is set to 8, with
Tz = 1 gating prompt and T, = 4 expert prompts. The hyperparameters Aqiy
and A,ux are both set to 0.1, and the threshold is set to ¢, = 0.5.
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Table 1: Comparison of methods on DOLOS, BOL, and MU3D. Missing entries are
marked with “-” and bold values indicate the best results. All values are reported as
percentages (%). Rows highlighted in light blue, green, and red correspond to Visual-
only, Audio-only, and Fusion-based models, respectively. F, A, and L denote Face,
Audio, and Limb modalities.

Method | DOLOS | BOL | MU3D
|ACC F1 AUC|ACC F1 AUC|ACC F1 AUC
LieNet (F) [27] 59.67 73.24 53.14[55.65 30.30 51.07|57.19 57.62 57.19
FCN (F) [35] 60.98 68.65 61.99|56.23 63.26 59.53 | 57.64 59.13 50.89
DDABG (F) [26] 55.47 62.52 52.13|56.66 55.17 57.89 |55.63 51.99 52.20
PECL (F) [18] 61.44 69.42 58.89|58.94 43.06 58.44|54.68 47.19 54.64
AFFAKT (F) [24] 67.64 7054 7212 - - - | - - -
DLF-BRAM (F+L) [57] | 78.86 82.27 77.72|60.05 55.63 61.07|56.63 58.42 55.74
LieNet (A) [27] 57.14 72.72 50.00|56.15 24.38 52.82|53.73 44.52 53.73
PECL (A) [18] 59.19 73.46 52.54|58.43 56.70 57.2956.25 45.72 56.10
AFFAKT (A) [24] 6198 68.22 6391 - - - | - - -
LieNet (F+A) [27] 56.50 69.72 51.02[59.78 58.14 58.0953.48 33.62 54.75
PECL (F+A) [1§] 64.75 71.20 62.71|59.51 51.06 59.41|55.31 60.07 55.31

AFFAKT (F+A) [24]  |68.10 70.73 7226 - - - | - - -
MoMCE (F+A) (Our)|79.10 82.38 78.09/61.09 52.91 60.93|58.58 60.35 58.69

4.2 Dataset and Protocol

We evaluate the performance of MoMCE on three datasets: DOLOS [18|, Bag-
of-Lies (BOL) [21], and MU3D [30]. These datasets cover a variety of scenarios,
including game shows, spontaneous lies, and real-world simulations, allowing for
comprehensive evaluation of the model under diverse conditions. For the DO-
LOS dataset, we follow the three official train-test splits provided by the dataset
and report the average results. For the Bag-of-Lies dataset, we use the B group
containing all video samples. In addition, we follow the official participant-based
split [21] and perform three-fold cross-validation. The MU3D dataset contains
320 videos from 80 participants across four demographic groups (20 Black males,
20 Black females, 20 White males, and 20 White females). We therefore adopt
a 4-fold based on these groups to mitigate the influence of participant identity,
gender, and race [32]. All compared methods within the same dataset follow the
same evaluation protocol. Detailed dataset descriptions and example visualiza-
tions are provided in the Appendix.2.

4.3 In-Domain Evaluation

Under in-domain evaluation, we compare MoMCE with state-of-the-art auto-
matic deception detection (ADD) methods, with the results on DOLOS, Bag-
of-Lies, and MU3D shown in Tables [} Recent ADD baselines mainly include
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Table 2: Cross-dataset results on DOLOS (D), Bag-of-Lies (B), and MU3D (M);
“X&Y—Z" denotes training on X and Y, testing on Z. All values are reported as
percentages (%). Rows with light blue, green, and red backgrounds denote Face-only,

Audio-only, and Fusion models, respectively.

Method

\ M&B — D

D&M — M

D&B — B

Average

|ACC

F1 AUC|ACC F1 AUC|ACC F1 AUC|ACC F1 AUC

LieNet [27]
FCN |[35]
PECL [18]

53.42
48.84
54.01

69.62 49.84
31.68 50.63
70.09 50.08

52.19 62.77 52.19
52.56 48.97 51.26
51.25 50.63 51.25

55.38 42.23 55.32
57.10 61.28 55.99
54.46 42.19 54.40

53.66 58.21 52.45
52.84 47.31 52.63
53.24 54.30 51.91

LieNet |27]
PECL [18]

53.91
54.63

63.50 52.29
68.80 51.36

53.75 36.21 53.75
51.56 67.09 51.56

52.92 49.17 52.90
57.54 63.68 57.59

53.53 49.63 52.98
54.58 66.52 53.50

LieNet [27]
PECL [18]
MoMCE

54.40 68.23 51.53
54.51 69.55 50.92
57.8072.88 50.71

54.69 50.51 54.69
51.25 66.95 51.25
56.25 60.49 55.26

51.08 59.75 51.14
55.38 52.46 55.37
59.20 56.68 59.17|

53.39 59.50 52.45
53.71 62.99 52.51
57.75 63.35 55.05

LieNet [27], FacialCueNet [35], DDABG 26|, PECL [18], AFFAKT [24], and
DLF-BRAM |[57]. Most benchmark results are taken from prior work [57].
Results and Analysis. As shown in Table [[} MoMCE achieves significant im-
provements on accuracy (ACC) over existing methods: on the DOLOS dataset,
ACC increases by 0.24% compared to DLF-BRAM [57] (78.86%—79.10%), and
on the BOL dataset by 1.04% (60.05%—61.09%). Similar gains are observed in
F1 and AUC on DOLOS. These improvements are consistent across Bag-of-Lies
and MUS3D. It is worth noting that our method yields slightly lower F1 than
FacialCueNet [35], mainly because FacialCueNet leverages multiple handcrafted
facial deception features to boost recall. However, handcrafted features often
have limited generalization in complex scenarios, which explains why Facial-
CueNet underperforms in ACC and AUC. Moreover, DLF-BRAM [57] combines
facial and limb cues, and the Bag-of-Lies dataset contains substantial body and
hand movements, which gives it a slight advantage in terms of AUC. Overall,
our method achieves the best performance on seven out of nine metrics across
the three datasets, fully demonstrating its effectiveness. The further analysis of
computational efficiency is provided in Appendix.7.

4.4 Cross-Domain Evaluation

To further assess the effectiveness of MoMCE, we conduct cross-domain evalu-
ation in Table [2| Across three datasets and three metrics (12 metrics in total),
MoMCE achieves the best performance on 8 metrics. Notably, the average preci-
sion is improved from 54.58% (PECL(A)) to 57.75%. Compared to the in-domain
setting, the cross-domain setting is considerably more challenging due to domain
shifts [45,/56]. For instance, DOLOS consists of drama scenes, whereas Bag-of-
lies and MU3D mainly contain laboratory scenes, leading to different levels of
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Table 3: Ablations on MoME (Mixture of Modality Experts) and MoCE (Mixture of
Cue Experts). All values are reported as percentages (%).

MoME MoCE DOLOS BOL MU3D
ACC F1 AUC ACC F1 AUC ACC F1 AUC
v 61.73 69.85 58.97 59.87 41.94 5830 57.50 5835 57.50
v 65.62 71.65 63.86 60.40 44.14 59.44 57.63 54.64 53.64
v v 79.10 82.38 78.09 61.09 52.91 60.93 58.58 60.35 58.69

Table 4: Ablations on CEDL and CEWL loss functions. All values are reported as
percentages (%).

DOLOS BOL MU3D
ACC F1 AUC ACC F1 AUC ACC F1 AUC

w/o CEDL 75.65 79.62 74.44 60.09 33.81 57.02 57.81 43.01 57.35
w/o CEWL 76.52 79.55 76.00 60.56 46.87 57.95 5844 49.26 58.44
Full 79.10 82.38 78.09 61.09 52.91 60.95 58.58 60.35 58.69

Methods

cue exposure. Despite these challenges, MoMCE consistently outperforms all
competing methods, demonstrating its strong generalization ability.

4.5 Ablation Study and Analysis

Effectiveness of MoME and MoCE. We evaluate the key components of
MoMCE, including MoME and MoCE, on three datasets, as shown in Table
MoME yields a significant performance improvement. This demonstrates that
dynamically fusing modality features according to sample-level importance en-
ables the model to leverage complementary information from each modality more
effectively, leading to better multi-modal representation learning. Furthermore,
we observe that integrating MoCE also leads to a significant performance im-
provement. This result highlights the necessity of modeling heterogeneous cues
within each modality, and shows that MoCE can capture multiple informative
cues, filling the gap left by a single-encoder design.

Effectiveness of CEDL and CEWL. We conduct ablation studies on CEDL
and CEWL, as reported in Table [4] Both losses consistently improve perfor-
mance, suggesting that without additional regularization, the model tends to
over-focus on homogeneous cues and ignore discriminative information. CEDL
explicitly encourages the model to learn diverse cues, while CEWL mitigates the
modality conflict issue by enforcing balanced learning on conflict samples.
Hyper-parameter Analysis. To validate the robustness of MoMCE, we
conduct a sensitivity analysis on its hyperparameters. We evaluate the overall
performance of CEWL weight \,u.x, CEWL weight gy, different threshold cyy,
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Fig. 4: Effects of varying ¢, M, T. and T, on model performance. ACC, F1, and AUC
are plotted to illustrate trends and relative stability across hyperparameter settings.

numbers of experts M, numbers of expert prompts T, and numbers of gating
prompts T, on the three datasets. Specifically, the sensitivity analysis is per-
formed by varying one target hyperparameter while keeping the others fixed at
their baseline values used in the experiments. Figure [3]and Figure [ show the av-
erage results of different hyperparameter settings across the datasets. The results
indicate that the overall evaluation metrics remain relatively stable, indicating
that the proposed method is not sensitive to the values of these hyperparameters.
Visualization of Feature Distributions. We also visualize the feature dis-
tributions of MoMCE, MoMCE without MoCE, and MoMCE without MoME
in Figure [ providing a qualitative comparison. We conduct the experiment on
the test set of Protocol 1 from the DOLOS dataset, projecting sample features
into a two-dimensional space using t-SNE. The results show that the feature
distributions of MoMCE without MoCE and MoMCE without MoME are ir-
regular, while the features of MoMCE are more compact and consistent, with
clearer separability among classes. These results indicate that MoMCE enhances
feature discriminability, leading to more accurate deception detection.
Visualization of Modal Weight Distribution. To evaluate the effective-
ness of MoME on conflicting samples, we visualize the modality weights of sev-
eral examples from the DOLOS dataset, as illustrated in Fig. [f] The upper
part indicates the labels of beneficial and conflicting modalities, while the lower
part presents the learned modality weights, where darker colors represent higher
weights. When modality conflicts occur, MoME automatically assigns higher
weights to the correct modality. Moreover, the learned weights exhibit strong
sparsity, a behavior explicitly encouraged by the CEWL design. These obser-
vations demonstrate that MoME can reliably select trustworthy modalities and
thereby effectively alleviate modality conflict.



14 D. Zhu et al.
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Fig. 5: t-SNE visualization of feature distribution on DOLOS.
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Fig. 6: Visualization of conflicting samples and modality weights on DOLOS. Darker
colors indicate larger weights.

Expert Top-1 Statistics and CAM Visualization. To verify whether the
model truly captures the heterogeneity of cues within the visual modality, we
conduct analyses from two perspectives: (i) Top-1 expert activation statistics
(see Figure[7), and (ii) CAM visualizations of expert groups (see Figure [). (i)
The Top-1 activation statistics reveal clear activation differences among experts
across the visual, audio, and interaction branches, indicating that the model dy-
namically routes different samples to different experts and thus forms a stable
division-of-labor pattern. (ii) The CAM visualizations further show that Visual
Expert-7 predominantly attends to the eye and mouth regions and their sur-
rounding areas, whereas Visual Expert-3 mainly focuses on the nasal bridge and
its adjacent regions. The distinct spatial attention patterns between these two
experts demonstrate that the model learns different types of cues within the
visual modality. Above findings confirm that our MoMCE architecture can ef-
fectively model the heterogeneous cues embedded in the visual modality. The
further qualitative analysis of audio and interaction experts is provided in Ap-
pendix.5.
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Fig. 7: Top-1 selection frequency of each expert across the 382 test samples in the
DOLOS dataset for the three modalities.

(b) Expert-3 group

Fig. 8: Representative CAM visualizations of samples assigned to Visual Expert-7 and
Visual Expert-3 group.

5 Conclusion

In this paper, we address the challenges of modality conflicts and cues hetero-
geneity in audiovisual deception detection. We propose a Mixture of Modality
and Cue Experts, MoMCE, which consists of two key components: a prompt-
aware mixture of modality experts that adaptively adjusts modality contribu-
tions with consistency-aware expert weight regularization, and a prompt-aware
mixture of cue experts that captures diverse and heterogeneous cues within each
modality with cue diversity regularization. Extensive experiments demonstrate
that MoMCE achieves superior accuracy compared to existing methods.
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