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Abstract

The rapid rise of deepfake technology poses
a severe threat to social and political stabil-
ity by enabling hyper-realistic synthetic me-
dia capable of manipulating public perception.
However, existing detection methods struggle
with two core limitations: (1) modality frag-
mentation, which leads to poor generalization
across diverse and adversarial deepfake modal-
ities; and (2) shallow inter-modal reasoning,
resulting in limited detection of fine-grained
semantic inconsistencies. To address these, we
propose ConLLM (Contrastive Learning with
Large Language Models), a hybrid framework
for robust multimodal deepfake detection. Con-
LLM employs a two-stage architecture: stage
1 uses Pre-Trained Models (PTMs) to extract
modality-specific embeddings; stage 2 aligns
these embeddings via contrastive learning to
mitigate modality fragmentation, and refines
them using LLM-based reasoning to address
shallow inter-modal reasoning by capturing
semantic inconsistencies. ConLLM demon-
strates strong performance across audio, video,
and audio-visual modalities. It reduces audio
deepfake EER by up to 50%, improves video
accuracy by up to 8%, and achieves approxi-
mately 9% accuracy gains in audio-visual tasks.
Ablation studies confirm that PTM-based em-
beddings contribute 9%–10% consistent im-
provements across modalities. Our code and
data is available at: https://github.com/g
skgautam/ConLLM/tree/main

1 Introduction

The rapid proliferation of deepfake technology,
driven by advances in generative modeling and mul-
timodal synthesis, poses growing societal and polit-
ical risks (Kashyap et al., 2025b; Al-Khazraji et al.,
2023). High-profile incidents—such as synthetic
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(i) Modality Fragmentation Scenario

Prediction Conflict in Isolated Modalities

Visual: “Face is real” [Authentic]

Audio: “Voice sounds fake” [Manipulated]

Audio-Video: Uncertain / Conflicting

Why: Modalities processed in isolation produce con-
tradictory cues.

Multimodal Example: Realistic face but robotic speech
tone.

(ii) Shallow Inter-Modal Reasoning

Semantic Mismatch Goes Unnoticed

Model Output: “Video is real”

Ground Truth: Manipulated

Why: Model ignores semantic inconsistencies across
modalities.

Multimodal Example: Lip-sync matches audio, but
speech contradicts known behavior.

Figure 1: Illustration of common failure modes in multi-
modal deepfake detection. Top: Inconsistent unimodal
predictions arise from poorly aligned audio-visual fea-
tures (modality fragmentation). Bottom: Surface-level
fusion leads to incorrect predictions due to the model’s
inability to reason over subtle cross-modal inconsisten-
cies (shallow inter-modal reasoning).

videos portraying political figures in fabricated sce-
narios—have underscored the need for effective
and generalizable detection systems (Phukan et al.,
2024a; Islam et al., 2024; Agarwal and Farid, 2021).
As deepfake techniques evolve, they increasingly
blend audio, video, and textual modalities using so-
phisticated architectures, including GANs, VAEs,
and transformer-based TTS systems (Govindarajan
et al., 2025; Masood et al., 2023; Yang et al., 2023;
Cao et al., 2022). These developments have made it
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significantly more difficult to distinguish between
real and manipulated content.

Despite ongoing progress, existing detection
methods predominantly focus on unimodal fea-
tures, such as visual inconsistencies in facial move-
ments (Tan and Le, 2019; Chollet, 2017) or arti-
facts in synthesized speech (Phukan et al., 2024b;
Ranjan et al., 2022). However, multimodal deep-
fakes exploit cross-modal coherence to create more
convincing forgeries, rendering unimodal detectors
insufficient (Hao et al., 2022). While some multi-
modal approaches exist (Feng et al., 2023; Yu et al.,
2023), they often suffer from two key limitations
(see Figure 1): (1) modality fragmentation—where
features extracted from different modalities remain
isolated and poorly aligned, leading to poor gen-
eralization; and (2) shallow inter-modal reason-
ing—the inability to effectively model complex
semantic relationships and subtle inconsistencies
across modalities, limiting detection accuracy.

Therefore, to address the aforementioned chal-
lenges, we propose ConLLM (Contrastive Learn-
ing with Large Language Models), a hybrid frame-
work that integrates contrastive learning and large-
scale pretrained LLMs (i.e., GPT-style transformer
architectures) for robust deepfake detection across
audio, visual, and audio-visual modalities. The
framework follows a two-stage modular architec-
ture. In Stage 1, Pre-Trained Models (PTMs) inde-
pendently extract embeddings from each modality,
preserving modality-specific characteristics with-
out premature fusion. These embeddings are then
refined in Stage 2, where contrastive learning aligns
semantically consistent representations and sepa-
rates forgeries from authentic content, directly ad-
dressing modality fragmentation. Simultaneously,
LLM-based reasoning modules are applied to the
aligned embeddings to capture subtle semantic in-
consistencies and inter-modal dependencies, miti-
gating the limitations of shallow inter-modal rea-
soning. ConLLM guarantees contextual robust-
ness and discriminative power by separating feature
extraction and semantic integration. In summary,
our main contributions are as follows:

• We propose ConLLM, a novel two-stage hy-
brid framework that first performs modality-
specific embedding extraction via PTMs,
followed by contrastive alignment and
LLM-based reasoning for semantic refine-
ment—addressing both modality fragmenta-
tion and shallow inter-modal reasoning.

• We comprehensively evaluate ConLLM
across three modalities—audio, video, and
audio-visual—to demonstrate its generaliz-
ability and robustness.

• ConLLM outperforms state-of-the-art base-
lines across all modalities, reducing audio
deepfake EER by up to 50%, improving video
accuracy by up to 8%, and achieving 9% accu-
racy gains in audio-visual tasks. PTM-based
embeddings further contribute 9%–10% con-
sistent performance improvements in abla-
tions.

2 Related Works

Contrastive Learning. Contrastive learning has
been widely used to improve representation learn-
ing by encouraging semantically similar instances
to be closer in the embedding space while pushing
dissimilar ones apart (Zhai et al., 2022). Recent
works have explored contrastive objectives in uni-
modal settings such as voice spoofing (Kashyap
et al., 2025c) and image forgery detection (Yu et al.,
2024). However, these approaches often focus on
single-modality embeddings and do not address
cross-modal alignment, which is critical in multi-
modal deepfake detection.

Large Language Models. Large Language Mod-
els (LLMs), such as GPT-style transformers, have
demonstrated impressive capabilities in semantic
reasoning (Achiam et al., 2023) and few-shot learn-
ing (Wei et al., 2022). While LLMs have been used
for vision-language tasks (Alayrac et al., 2022),
their role in deepfake detection remains underex-
plored. Most existing detection models (Yan et al.,
2023) rely on shallow fusion or early fusion strate-
gies without leveraging LLMs’ capability for high-
level reasoning.

Multimodal Deepfake Detection. Multimodal
approaches have emerged to address the limitations
of unimodal detection by fusing features from au-
dio and visual streams. Early works relied on hand-
crafted fusion strategies (Chugh et al., 2020; Mittal
et al., 2020), while recent methods use neural archi-
tectures for cross-modal learning (Kashyap et al.,
2025a; Cheng et al., 2023; Feng et al., 2023; Yu
et al., 2023; Cai et al., 2022). Despite performance
gains, these models often suffer from modality frag-
mentation and shallow inter-modal reasoning.
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Figure 2: Overview of the ConLLM architecture. Modality-specific embeddings are extracted using PTMs (XLS-R,
VideoMAE, VATLM) and projected into a shared latent space. A contrastive learning block aligns embeddings,
followed by LLM-based refinement using a transformer. Refined embeddings are concatenated and passed through
a classifier to detect deepfake content.

3 Model Architecture

The proposed ConLLM framework utilizes a novel
two-stage architecture, as illustrated in Figure 2, to
address the key challenges of modality fragmenta-
tion and shallow inter-modal reasoning in multi-
modal deepfake detection.

3.1 Embedding Extraction Module

This module extracts modality-specific embeddings
from audio, video, and audio-visual inputs using
PTMs. For audio, XLS-R converts speech signals
into robust representations; for video, VideoMAE
captures spatiotemporal features; and for audio-
visual data, VATLM jointly models both modalities
to encode cross-modal interactions. Each PTM
generates high-dimensional embeddings, which are
then mapped to a shared latent space via modality-
specific projection functions. These functions align
heterogeneous embeddings into a unified space,
enabling joint learning across modalities in later
stages.

Formally, let D = {Da,Dv,Dav} denote the in-
put dataset, where Dm corresponds to each modal-
ity m ∈ {a, v, av}. Each Dm is passed through a
PTM ϕm to yield embeddings zm = ϕm(Dm),
where zm ∈ Rdm . These are then projected
to a shared latent space Rds using ψm, yielding
hm = ψm(zm) with hm ∈ Rds . This ensures
embedding compatibility for subsequent alignment
and reasoning.

3.2 Cross-Modal Refinement Module

The second module applies contrastive learning to
align embeddings across modalities and utilizes
a GPT-style transformer architecture to refine the
learned multimodal representations. The objective
is to minimize the distance between embeddings of
authentic samples while maximizing the distance
between manipulated ones.

Let H = {ha,hv,hav} represent the set of
embeddings for a given data sample, where ha,
hv, and hav denote the audio, visual, and fused
audio-visual embeddings, respectively. The con-
trastive loss Lcontrast is computed as Lcontrast =

−∑
(i,j)∈P log

exp(sim(hi,hj)/τ)∑
k∈N exp(sim(hi,hk)/τ)

where P de-
notes the set of positive pairs (e.g., authentic sam-
ples across modalities), N denotes negative pairs,
sim(·, ·) computes cosine similarity, and τ is the
temperature parameter.

After contrastive alignment, the embed-
dings h

input
m = {ha,hv,hav} are input to a

GPT-style transformer module denoted as
ϕTransformer, which models inter-modal se-
mantic dependencies and contextualizes the
embeddings: hrefined

m = ϕTransformer(h
input
m ) =

FTransformer(ha,hv,hav). The core of FTransformer
is the multi-head self-attention mechanism defined
as Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V

where the query Q, key K, and value V matri-
ces are computed from the input embeddings
using learned linear projections: Q = WQhm,
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K = WKhm, V = WV hm with WQ, WK ,
and WV being trainable parameters, and dk the
dimensionality of the keys.

The refined embeddings hrefined
m are con-

catenated into a single vector: hconcat =
[hrefined

a ,hrefined
v ,hrefined

av ] which is then passed
through a classification head1 fcls to produce the fi-
nal prediction: ŷ = fcls(hconcat), where ŷ ∈ {0, 1}.

Our cross-modal refinement module is inspired
by the transformer architecture popularized by GPT
models, which use self-attention to capture com-
plex dependencies. Unlike the official GPT mod-
els—which publicly support primarily text (and in
some variants audio or video)—our architecture
is customized to jointly process and reason over
audio, visual, and audio-video embeddings.

4 Experimental Setup

We select modality-specific PTMs based on the
SUPERB benchmark (Yang et al., 2021) to ensure
high-quality feature extraction. For audio, we use
XLS-R2 (Babu et al., 2021), which achieves strong
performance in speech tasks (Hsu et al., 2021) and
has shown promise in audio deepfake detection
(Hsu et al., 2021). For video, VideoMAE3 (Tong
et al., 2022) is used for its efficient spatiotemporal
feature learning and success in video understanding
(Arnab et al., 2021). For audio-visual inputs, we
employ VATLM4 (Zhu et al., 2023), a unified trans-
former effective in multimodal representation learn-
ing across speech and vision (Gong et al., 2022).

4.1 Datasets

We evaluate ConLLM on six widely-used bench-
marks across three modalities. For audio-based de-
tection, we use the ASVSpoof 2019 (LA)5 dataset
(ASV) (Wang et al., 2020), which provides both
bona fide and spoofed speech samples. We follow
the official LA protocol for training and evaluation.
We also use DECRO6 (Ba et al., 2023), a multilin-
gual dataset with English (D-E) and Chinese (D-C)
audio samples to assess cross-lingual performance.

1The final classification is performed using a sigmoid acti-
vation function.

2https://huggingface.co/facebook/wav2vec2-xls
-r-1b

3https://huggingface.co/docs/transformers/en/
model_doc/videomae

4https://github.com/microsoft/SpeechT5/tree/m
ain/VATLM

5https://www.asvspoof.org/index2019.html
6https://zenodo.org/records/7603208

For video-based deepfake detection, we use
Celeb-DF (CDF)7 (Li et al., 2020), containing 590
real and 5,639 manipulated videos with enhanced
synthesis quality, and WildDeepfake (WD)8 (Zi
et al., 2020), which includes 707 deepfake videos
from uncontrolled environments to evaluate real-
world generalizability.

For audio-visual detection, we use
FakeAVCeleb (FAFC)9 (Khalid et al., 2021),
which includes 500 real and 19,500 deepfake
samples, and the DeepFake Detection Challenge
(DFDC)10 (Dolhansky et al., 2020), the largest
available benchmark with 128,154 manipulated
videos across diverse subjects and environments.

Note: We adhere to the official training and eval-
uation splits provided by each dataset’s authors.

4.2 Evaluation Metrics

We evaluate the performance of ConLLM using
three standard metrics: Equal Error Rate (EER),
Area Under the Curve (AUC), and Accuracy (ACC).
These metrics are selected based on the modality
and nature of the task.

For audio-based deepfake detection, we report
Equal Error Rate (EER), which is the point at
which the False Positive Rate (FPR)11 equals the
False Negative Rate (FNR)12. EER provides a con-
cise and meaningful indicator of verification accu-
racy, especially suited for binary spoof detection.

For video and audio-visual deepfake detection,
we report both Area Under the Curve (AUC) and
Accuracy (ACC). AUC reflects the model’s ability
to distinguish between authentic and manipulated
content across different thresholds, while Accuracy
measures the overall proportion of correctly classi-
fied samples.

Note: In all result tables, ↑ indicates that higher
values are preferable, whereas ↓ indicates that
lower values are preferable.

4.3 Hyperparameters

For training and evaluation, ConLLM was config-
ured with the following hyperparameters: a learn-
ing rate of 10−3, batch size of 32, and a total of

7https://github.com/yuezunli/celeb-deepfakefor
ensics

8https://github.com/OpenTAI/wild-deepfake
9https://github.com/DASH-Lab/FakeAVCeleb

10https://ai.meta.com/datasets/dfdc/
11The proportion of negative samples incorrectly classified

as positive.
12The proportion of positive samples incorrectly classified

as negative.
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50 epochs. Momentum was set to 0.9, and weight
decay to 10−4. A dropout rate of 0.5 was used to
mitigate overfitting, and ReLU was selected as the
activation function. The model was optimized us-
ing the Adam optimizer. A step decay learning rate
schedule was employed, with a decay factor of 0.1
applied every 10 epochs. Note: All hyperparam-
eters were held constant across datasets to ensure
fair and consistent performance evaluation.

5 Result Analysis

5.1 Comparison to State-of-the-Art

Tables 1, 2, and 3 demonstrate the strong perfor-
mance of ConLLM on deepfake detection across
multiple modalities.

In audio deepfake detection (see Table 1), Con-
LLM achieves exceptionally low Equal Error Rates
(EER) of 0.21% on the ASV dataset and 0.01% on
the D-E dataset. These results outperform prior
works such as CL+GL (Kashyap et al., 2025c),
MiO (Phukan et al., 2024b) and Res-TSSDNet (Ba
et al., 2023). Note that since D-C was used pri-
marily as a test set for cross-lingual evaluation in
(Ba et al., 2023), we exclude models trained and
tested on D-C from this comparison. This high-
lights ConLLM’s capability to detect subtle audio
manipulations reliably.

For video deepfake detection (see Table 2),
ConLLM achieves accuracy rates of 98.75% and
85.00% on the CDF and WD datasets, respectively,
with Area Under Curve (AUC) values of 99.98%
and 94.50%. These results surpass existing ap-
proaches such as RECCE (Cao et al., 2022) and
Multi-Attention (Zhao et al., 2021), demonstrating
strong visual feature analysis.

In audio-visual tasks (see Table 3), ConLLM
achieves accuracies of 98.75% on FAVC and
96.50% on DFDC, along with AUC scores of
99.98% and 98.71%, respectively. This outper-
forms state-of-the-art models including PVASS (Yu
et al., 2023) and AVAD (Feng et al., 2023), show-
casing effective multimodal fusion.

To evaluate the impact of large-scale pretrained
language model architectures, we compare two ver-
sions of ConLLM–one initialized with pretrained
transformer weights inspired by GPT-style archi-
tectures, and another trained from scratch with-
out such initialization. The pretrained variant con-
sistently outperforms the non-pretrained model,
demonstrating the benefits of leveraging pretrained
knowledge embedded in these transformer archi-

Model ASV ↓ D-E ↓

CQT-DCT-LCNN (Lavrentyeva et al., 2019) 1.84 –
STATNet (Ranjan et al., 2022) – 0.20
Res-TSSDNet (Ba et al., 2023) – 0.02
MiO (Phukan et al., 2024b) 0.41 0.04
CL+GL (Kashyap et al., 2025c) 0.33 0.01

ConLLM w/ GPT Weights 0.21 0.01
ConLLM w/o GPT Weights 0.50 0.05

Table 1: Performance comparison of EER (%) for audio
deepfake detection on ASVSpoof 2019 (LA) and DE-
CRO datasets.

Method CDF
ACC
(%) ↑

CDF
AUC
(%) ↑

WD
ACC
(%) ↑

WD
AUC
(%) ↑

Xception (Chollet, 2017) 97.90 99.73 77.25 86.76
EfficientNet-B4 (Tan and Le, 2019) 97.63 99.20 81.63 90.36
F3-Net (Qian et al., 2020) 95.95 98.93 80.66 87.53
Mutil-Attention (Zhao et al., 2021) 97.92 99.94 82.86 90.71
RFM (Wang and Deng, 2021) 97.96 99.94 77.38 83.92
RECCE (Cao et al., 2022) 98.59 99.94 83.25 92.02

ConLLM w/ GPT Weights 98.75 99.98 85.00 94.50
ConLLM w/o GPT Weights 96.50 99.20 81.00 90.00

Table 2: Performance Comparison of Video Deep-
fake Detection Models on Celeb-DF and WildDeepfake
Datasets

Method FAVC
ACC
(%) ↑

FAVC
AUC
(%) ↑

DFDC
ACC
(%) ↑

DFDC
AUC
(%) ↑

MDS (Chugh et al., 2020) 82.8 86.5 89.8 91.6
EmoForen (Mittal et al., 2020) 78.1 79.8 80.6 84.4
JointAV (Zhou and Lim, 2021) 82.5 83.3 90.2 91.9
BA-TFD (Cai et al., 2022) 80.8 84.9 79.1 84.6
AVFakeNet (Ilyas et al., 2023) 78.4 83.4 82.8 86.2
VFD (Cheng et al., 2023) 81.5 86.1 80.9 85.1
AVoiD-DF (Yang et al., 2023) 83.7 89.2 91.4 94.8
AVAD (Feng et al., 2023) 94.2 94.5 93.2 96.7
PVASS (Yu et al., 2023) 95.7 97.3 96.3 98.9

ConLLM w/ GPT Weights 98.75 99.98 96.50 98.92
ConLLM w/o GPT Weights 95.00 98.00 90.00 94.00

Table 3: Performance Comparison of Audio-Visual
Deepfake Detection on FakeAVCeleb and DeepFake
Detection Challenge Datasets

tectures, beyond merely increasing model capacity.

5.2 Computational Experiments

In this section, we evaluate the computational ef-
ficiency of ConLLM across multiple benchmark
datasets using three key metrics: Memory Usage13

(MU), Floating Point Operations14 (FLOPs), and
Inference Time15 (IT). These metrics are essential
for understanding the feasibility of deploying deep-

13The amount of RAM consumed by a model during infer-
ence.

14The total number of arithmetic computations performed
by a model.

15The time taken by a model to process an input and gener-
ate an output.

1972



Dataset Method IT (ms) ↓ MU (GB) ↓ FLOPs ↓

Audio

ASV

Audio Flamingo 280 11.5 190
Audio Flamingo 2 170 5.2 105
Audio Flamingo 3 130 4.1 85
ConLLM 55 1.6 45

D-E

Audio Flamingo 285 11.7 195
Audio Flamingo 2 175 5.3 108
Audio Flamingo 3 135 4.3 88
ConLLM 60 1.8 48

Video

CDF
Video-LLM 320 12.8 215
MiniGPT4-Video 180 5.8 115
ConLLM 65 2.0 55

WD
Video-LLM 330 13.1 220
MiniGPT4-Video 185 6.0 118
ConLLM 70 2.2 60

Audio-Visual

FAFC
Video-LLaMA 360 13.8 235
video-SALMONN-o1 190 6.3 125
ConLLM 75 2.5 70

DFDC
Video-LLaMA 365 14.0 240
video-SALMONN-o1 195 6.6 130
ConLLM 80 2.8 75

Table 4: Computational efficiency of ConLLM com-
pared to modality-specific large models. ConLLM
achieves significantly reduced inference time (IT), mem-
ory usage (MU), and FLOPs across all modalities.

fake detection models in real-world scenarios.
Table 4 compares ConLLM with representa-

tive multimodal models, including AudioFlamingo
(Kong et al., 2024), AudioFlamingo 2 (Ghosh
et al., 2025), and AudioFlamingo 3 (Ghosh et al.,
2025) for audio datasets, Video-LLM (Cheng
et al., 2024) and MiniGPT4-Video (Ataallah et al.,
2024a) for video datasets, and Video-LLaMA
(Zhang et al., 2023) and video-SALMONN-o1
(Sun et al., 2025) for audio-visual datasets. The
results demonstrate that ConLLM consistently
achieves superior efficiency. For example, on
the ASV dataset, ConLLM processes inputs in
approximately 55 ms using 1.6 GB of memory
and 45 GFLOPs—significantly outperforming Au-
dioFlamingo 3 (Ghosh et al., 2025), which requires
around 130 ms, 4.1 GB, and 85 GFLOPs, respec-
tively.

This efficiency advantage persists across all
datasets and modalities. On video datasets like
CDF and WD, ConLLM reduces inference time
by more than 2x and uses less than half the mem-
ory compared to larger models like MiniGPT4-
Video (Ataallah et al., 2024b). Similarly, in audio-
visual tasks such as FAFC and DFDC, ConLLM
demonstrates substantial reductions in computa-
tional costs while maintaining competitive perfor-
mance.

Note: We focus our comparison on domain-
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Figure 3: Heatmap of Equal Error Rate (EER %) across
different PTMs and datasets

Model D-C (Train) →
D-E (Test)

D-E (Train) →
D-C (Test)

XLS-R + x-vector 16.14 35.72
Whisper + Unispeech-SAT 15.74 44.26

ConLLM 1.5 2.0

Table 5: EER (%) ↓ for for Cross-Lingual Generaliza-
tion against (Phukan et al., 2024b).

relevant multimodal models with native capabil-
ities to handle audio, video, or audio-visual embed-
dings, deliberately excluding unimodal or purely
text-based LLMs (e.g., GPT-3.5 or LLaMA) which
are not directly comparable in this context.

5.3 Additional Analysis
To assess the performance of various PTMs in de-
tecting deepfakes across multiple datasets, we eval-
uate the EER for each model, as shown in Fig-
ure 3. The XLS-R Base model exhibits the most
consistent performance, with EER values ranging
from 0.38% to 0.55% across all datasets. Video-
MAE performs well on the CDF, WD, DFDC, and
FAFC datasets, achieving EERs between 0.30%
and 0.45%, though its results are not available for
the ASV, D-E, and D-C datasets. VATLM shows
the lowest performance across datasets, with EER
values between 0.20% and 0.35%, indicating com-
paratively limited effectiveness in these tasks.

Furthermore, Table 5 compares the cross-lingual
generalization of ConLLM on the DECRO dataset
against (Phukan et al., 2024b), demonstrating
superior generalization. Specifically, ConLLM
achieves relatively low EERs when trained on the
D-C dataset and tested on the D-E dataset (1.5%),
and vice versa, when trained on D-E and tested
on D-C (2.0%). These results indicate that Con-
LLM possesses strong cross-lingual generalization
capabilities, effectively adapting across different
language domains. The small variation in perfor-
mance between the two transfer tasks highlights
the model’s robustness in handling new linguistic
contexts while maintaining low error rates in both
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(c) Performance Comparison of PTM with Contrastive Learning and LLM-Based Embedding Refinement vs. PTM
with Contrastive Learning
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(d) Performance Comparison of Fusion Strategies with PTM, Contrastive Learning, and LLM-Based Embedding
Refinement

Figure 4: Ablations to evaluate the impact of (i) modality-specific embedding extraction using PTMs, (ii) contrastive
learning for cross-modal alignment, (iii) embedding refinement via LLMs, and (iv) comparison to alternative fusion
strategies
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directions.

6 Ablation Studies

We perform comprehensive ablation studies to an-
alyze the contribution of key components in the
ConLLM framework: (i) modality-specific embed-
ding extraction using PTMs, (ii) contrastive learn-
ing for cross-modal alignment, (iii) LLM-based
embedding refinement, and (iv) fusion strategies.

Modality-Specific Embedding Extraction. Re-
placing PTM-based embeddings with traditional
CNN features significantly degrades performance
across datasets (see Fig. 4a). On the ASV dataset,
focused on voice spoof detection, EER increases
from 0.21% to 0.41%, indicating CNNs’ limited
capacity to capture subtle speech inconsistencies.
Similarly, for D-E, EER rises from 0.04% to 0.20%.
Video datasets also show performance drops; on
CDF, accuracy decreases from 91.1% to 82.9% and
AUC from 0.95 to 0.87, highlighting PTMs’ su-
perior ability to capture fine-grained audio-visual
cues. WD experiences a similar decline, with ac-
curacy dropping from 89.2% to 81.4% and AUC
from 0.92 to 0.85. For multimodal datasets FAFC
and DFDC, PTMs yield notable gains in accu-
racy (80.2% to 89.7% on FAFC, 83.5% to 92.3%
on DFDC) and AUC, underscoring their effec-
tiveness in extracting rich multimodal representa-
tions. These results arise because PTMs are pre-
trained on large-scale diverse data and thus encode
richer, more abstract, and context-aware features
tailored for speech and visual modalities. Tradi-
tional CNNs, while effective for generic image
tasks, lack the temporal and semantic understand-
ing needed to detect subtle deepfake artifacts, lead-
ing to weaker discriminative power.

Contrastive Learning for Cross-Modal Align-
ment. Introducing contrastive learning improves
alignment of audio-visual embeddings (see Fig. 4b).
EER on ASV halves from 0.25% to 0.12%, while
on D-E it improves from 0.04% to 0.02%. Video
datasets benefit notably–CDF accuracy rises from
91.1% to 94.3% and AUC from 0.95 to 0.97; WD
accuracy improves from 89.2% to 91.7%, AUC
from 0.92 to 0.96. Multimodal datasets also show
marked gains, with FAFC accuracy increasing from
89.7% to 92.1%, AUC from 0.93 to 0.97, and
DFDC accuracy from 92.3% to 94.5%, AUC from
0.96 to 0.98. The observed improvements are due
to contrastive learning’s ability to explicitly align

embeddings from different modalities by bring-
ing matching pairs closer and pushing mismatched
pairs apart in the latent space. This alignment en-
hances the model’s sensitivity to cross-modal in-
consistencies, which are critical cues for deepfake
detection.

LLM-Based Embedding Refinement. Further
refinement with LLMs yields consistent improve-
ments by incorporating semantic context (see
Fig. 4c). On ASV, EER improves from 0.12%
to 0.05%, and on D-E from 0.02% to 0.01%.
Video datasets like CDF see accuracy increase from
94.3% to 95.6%, AUC from 0.97 to 0.98, while WD
accuracy rises from 91.7% to 92.9% and AUC from
0.96 to 0.98. For FAFC and DFDC, LLM refine-
ment enhances accuracy to 93.5% and 95.8%, and
AUC to 0.98 and 0.99 respectively. These gains
result from the LLM’s capacity to incorporate high-
level semantic understanding and contextual rea-
soning into the embeddings. Leveraging LLMs
enables the model to capture subtle linguistic and
contextual nuances that signal sophisticated forg-
eries, thereby enhancing detection robustness.

Fusion Strategies. Comparing concatenation-
based and non-concatenation fusion methods (see
Fig. 4d), concatenation consistently outperforms
across datasets. On ASV, EER is 0.21% versus
0.30%; CDF accuracy is 94.5% versus 92.2%. WD
accuracy is 91.5% compared to 90.2%, and FAFC
and DFDC also show superior accuracy and AUC
with concatenation fusion. This advantage arises
because concatenation preserves modality-specific
information by retaining full feature representa-
tions from each modality before joint processing,
allowing richer joint reasoning. Non-concatenation
fusion methods such as addition or averaging may
dilute or lose important modality-specific signals
early, leading to less discriminative combined em-
beddings.

7 Conclusion and Future Works

In this study, we proposed ConLLM, a state-of-
the-art framework for deepfake detection that effec-
tively leverages multimodal features and advanced
learning techniques to deliver exceptional perfor-
mance across diverse datasets. Our extensive ex-
periments demonstrate that ConLLM consistently
outperforms existing deepfake detection models,
excelling in both unimodal and multimodal scenar-
ios. This adaptability enables robust detection of
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emerging deepfake generation methods, highlight-
ing its practical applicability in real-world settings.

Limitations

Despite the promising performance of ConLLM,
several limitations should be acknowledged. First,
the model’s performance depends heavily on the
quality and diversity of the training data, which
may limit its generalizability to novel or unseen
deepfake generation techniques. Moreover, the
computational demands for training and infer-
ence in multimodal deepfake detection pose chal-
lenges for deployment in real-time and resource-
constrained environments. Finally, although Con-
LLM shows strong results on several popular
benchmarks, further evaluation on a wider variety
of real-world datasets is necessary to comprehen-
sively assess its robustness, scalability, and inter-
pretability.

Ethics Statement

The development and deployment of ConLLM are
guided by ethical considerations to ensure respon-
sible use in deepfake detection. The model aims
to mitigate the risks associated with the prolifer-
ation of manipulated content, supporting efforts
to combat misinformation and protect individuals
from potential harm. However, it is important to
acknowledge that the application of deepfake de-
tection technologies raises concerns about privacy,
consent, and potential misuse. To address these, we
advocate for the transparent and ethical use of Con-
LLM while ensuring that appropriate safeguards
are in place to protect personal and sensitive infor-
mation.
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