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Multiview vision-language interaction for multimodal media
content manipulation detection and localization
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Abstract: Objective The propagation of misinformation has emerged as a significant challenge in the digital age. Tradi-
tional multimodal fake news detection research has primarily focused on the binary classification task of content authentic-
ity; for instance, the capabilities for identifying specific types of tampering and localizing tampered regions are lacking.
Fake content that combines visual and textual modalities in cyberspace has proliferated rapidly with the rapid advancement

of multimedia technologies. Despite some progress in multimodal media tampering detection and localization, existing stud-
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ies commonly face critical issues, including insufficient cross-modal hierarchical information interaction and limited accu-
racy in localizing tampered regions. This study addresses these challenges by proposing a tampering detection framework
based on multiview visual-language information interaction. Method The proposed method is designed to tackle the key
challenges in multimodal deep forgery detection and localization by leveraging multiple perspectives of visual-language
interaction. First, a hierarchical tampering contrastive learning mechanism is constructed using global and local dual-view
feature embedding. This mechanism achieves fine-grained cross-modal semantic alignment, effectively capturing the
semantic inconsistency in tampered regions. The approach innovatively integrates multiple strategies to enhance the model’ s
ability to detect and localize forgeries. Second, a forgery perception interaction module is designed. It incorporates multi-
scale feature extraction and frequency-domain feature fusion techniques. In this way, the localization capability of tam-
pered features at different granularities is significantly improved. In addition, a cross-modal gating fusion module is intro-
duced to optimize the information interaction between modalities. This approach is achieved through a dynamic weight allo-
cation strategy that enhances the model’s discriminative power in multimodal deep forgery detection and fine-grained classi-
fication tasks. The proposed method utilizes advanced techniques in deep learning, including transformers and bidirec-
tional encoder representations from transformers (BERT) , to achieve fine-grained alignment and tampering detection.
Vision transformers (ViTs) are used for image feature extraction, whereas BERT is used for extracting textual features.
The embedded features are subjected to tampering contrastive learning from global and local perspectives. Unlike conven-
tional methods, which typically only pull close-matching image-text pairs and push away nonmatching pairs, the proposed
approach employs the InfoNCE loss function to push away tampered image-text pairs simultaneously, thereby reinforcing
their semantic inconsistency. This method enhances the model’ s ability to distinguish between tampered and nontampered
content, thereby addressing the critical issue of cross-modal alignment in traditional methods. Moreover, a dual-stream
cross-modal attention mechanism is utilized to facilitate deep-level information interaction between visual and textual
modalities. This mechanism enables the model to capture detailed information from both modalities and improve the overall
detection accuracy. In addition to the attention mechanism, the forgery perception interaction module and cross-modal gat-
ing fusion module further refine the model’ s ability to detect subtle discrepancies in content across different modalities.
These modules collectively improve the detection of fine-grained tampering, which is crucial for accurately localizing tam-
pered regions in multimodal content. A multitask learning framework is employed to handle various downstream tasks
simultaneously, including bounding box regression, binary classification, multilabel classification, and token-level tamper-
ing detection. The multitask learning module consists of a set of lightweight multilayer perceptrons (MLPs) designed to
handle these tasks efficiently. The model can simultaneously learn from various types of labeled data and generalize across
different types of tasks by employing a multitask learning approach, thereby providing a comprehensive solution for multi-
modal deep forgery detection. Specific Implementation: The proposed framework is implemented on a high-performance
computing environment using the DGM* dataset. The model is trained for 50 epochs on an NVIDIA RTX 4090 GPU, lever-
aging the PyTorch framework. The dataset used for training contains various multimodal content, including images and cor-
responding text, which is essential for evaluating the model’ s effectiveness in detecting and localizing tampered content
across different modalities. ViT is used for extracting image features, which allows the model to process visual data effi-
ciently and capture detailed spatial information. BERT, a powerful transformer-based model for natural language process-
ing, is used for text feature extraction. Then, these features are embedded into a shared space, where tampering contras-
tive learning is applied. The contrastive learning mechanism ensures that the embeddings of tampered image-text pairs are
pushed away from the embeddings of authentic image-text pairs, thereby reinforcing the semantic inconsistencies in tam-
pered regions. This fine-grained contrastive learning approach allows the model to identify subtle discrepancies in both the
image and text modalities, thereby improving the detection of tampered regions. In terms of information interaction, the
dual-stream cross-modal attention mechanism is employed to allow for deep interaction between the visual and textual fea-
tures. This mechanism facilitates the exchange of information between the two modalities, thereby enabling the model to
capture complex relationships between the image and the text. The forgery perception interaction module further enhances
the model’ s ability to detect subtle tampering by integrating multiscale features and fusing frequency-domain information.

This approach enables the model to capture tampering features at different scales and granularities, thereby improving its
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ability to localize tampered regions effectively. The cross-modal gating fusion module is another crucial component of the
proposed framework. It optimizes the interaction between modalities by using a dynamic weight allocation strategy. This
strategy ensures that the most relevant features from each modality are given high importance during the decision-making
process, thereby improving the model’ s discriminative power. This module is particularly effective in scenarios where the
tampered content is subtle or involves complex interactions between visual and textual elements. The multitask learning
module, consisting of lightweight MLPs, is designed to support various downstream tasks. These tasks include bounding
box regression for localizing tampered regions, binary classification for distinguishing tampered and authentic content, mul-
tilabel classification for handling multiple types of tampering, and token-level tampering detection for identifying tampered
tokens in text. The multitask framework allows the model to learn from multiple sources of supervision and generalize across
different tasks, thereby improving its overall performance. Result Experimental results demonstrate that the proposed
model outperforms existing approaches, such as the hierarchical multimodal manipulation reasoning transformer framework
based on hierarchical reasoning, in multimodal deep forgery localization tasks. In the image deep forgery localization task,
the model achieves a 6.41% improvement in the intersection over union at a threshold of 75% (IoU75) metric, thereby
indicating a significant enhancement in the precision of localized tampered regions. In text tampering localization tasks,
the model improves the recall and F1 scores by 5. 63% and 2. 01%, respectively, thereby demonstrating its superior ability
to detect tampered text content. These improvements are a direct result of the fine-grained alignment and deep interaction
between visual and textual features enabled by the proposed framework. Compared with the visual-language pretraining
with a gate fusion framework, the proposed model exhibits a comprehensive performance advantage in the evaluation of mul-
timodal multitask learning. The model’ s ability to handle various tasks simultaneously, coupled with its robust perfor-
mance in image and text modalities, makes it a highly effective solution for multimodal deep forgery detection and localiza-
tion. Conclusion The multiview visual-language information interaction model proposed in this paper exhibits significant
superiority over other models in multimodal deep forgery detection and localization tasks, thereby providing a novel techni-
cal solution for the multimedia content security field.

Key words: multimodal deepfake detection; visual-language interaction; feature fusion; manipulation grounding; cross-
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((a) multimodal feature extraction and contrastive learning; (b) multimodal feature fusion; (¢) multi-task learning)
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Fig. 2 Comparison between global-global manipulation
contrastive learning and local-local manipulation contrastive
learning( (a)global-global manipulation contrastive learning ;

(b)local-local manipulation contrastive learning)
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Fig. 3 Forgery-aware interaction module
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Fig. 4  Cross-modal gated fusion module
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Table 1 Comparison with state-of-the-art approaches on the DGM* dataset
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s AUC ACC EER | mAP OF1 CF1 IoUmean  ToU50 IoU75 precision recall F1
CLIP 83.22 76.40 24.61 66.00 6231 59.52 49.51 50.03 38.79 58.12 22.11 32.03
ViLLT 85.16 78.38 22.88 72.37  66.00 66.14 59.32 65.18 48.10 66.48 49.88 57.00
VLP-GF 92.84 86.13 14.45 85.65 79.07 80.02 76.73 83.89 76.24 76.42 66.80 71.29
HAMMER* 92.70 85.39 15.36 8529 78.80 77.93 73.35 81.33 7144 74.83 66.00 70.14
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Fig. 5 The F1 scores for the classification of four

fine-grained manipulation types
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Fig. 6 Visualization of some samples on the DGM* dataset

% o TEAEEMR SO 7 T, 5 TS (two-stream ) (Luo
4%,2021) \MAT (multi-attentional deepfake detection)
(Zhao %5 ,2021) . VLP-GF (Zhang % , 2024) J ViKI
(vision-language knowledge interaction) (Li 5% , 2024)
HEAT XS LU 5 7 40 SCA SLRRR I 7 T, e B BERT (Dev-
lin % , 2019) | LUKE (language understanding with
knowledge-based embeddings) (Yamada %, 2020) .
VLP-GF(Zhang 55,2024 ) #1 ViKI(Li 55 , 2024 ) 1 kX
PeAEE . 5 ZEULHA Y, VLP-GF 5 VIKI 5l 246
SEAL AR HGE I 2 PS5 a5 Rk
QAR . AT LLE 7R B Oh 8 A AT 55
o ARSO MR BE L T IA BABISAR L X
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TR ) 2R R B U L RE T . LIRS R B
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Table 2 Comparison of image deepfake detection
methods on the DGM"* dataset

/%
S P15 E
Ttk

AUC ACC EER| ToUmean IoU50 IoU75

TS 91.80 82.89 17.11 72.85  79.12 74.06
MAT 91.31 8236 17.65 72.88 7898 74.70
VLP-GF 91.61 84.64 1595 72.85  80.81 67.88
ViKI 91.85 8490 1592 7593  82.16 74.57
AL 92.90 8533 14.25 76.10  82.56 78.03
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Table 3 Comparison of sequence tagging methods on the

x4 EBEHESEESEHFTEHILR

Table 4 Comparison with state-of-the-art methods on

DGM* dataset the cross-dataset
/% /%
S SCARFENL Twitter $X R4 Weibo R 4L
Tk Tk
AUC ACC EER| precision recall FI AUC ACC EER| AUC ACC EER]
BERT 80.82 68.98 28.02 4139  63.85 50.23 HAMMER 64.83 5530 41.43 5696 50.32 43.71
LUKE 81.39 76.81 27.88  50.52  37.93 43.33 A 76.25 65.32 28.22 60.86 56.65 41.02
VLP-GF  91.66 84.47 1620 7291 6450 68.45 IR TR E RSN R, | FenE Mg
ViKI 9231 8535 1527 7846  65.09 71.15 . .
F AR SR BR X U5a B A 4 S i SO% 550 LA 780
AL 93.38 87.00 14.33  69.82  71.63 70.71
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mFES PR, ATLURI: B8, 51 R —Jm
LU L2 I L W 4RI TR E AL S YR T

AR A7 B ORGSR A8 i X R
B SCA TR DT 2 18] B SCREIE , A AR AL T S RS
RO 7 o R, Dhd RO 58 AR B i 2 =
PR A PUBERE , 35 T RSB AN [ ]S O i IR s
AR o X — LA AS (L REAHT A Bl N A8 M s X B
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Table 5 Ablation studies on the critical modules in the proposed model
/%

. S ZIRE R P15 E SCARFENL
ik AUC ACC EER! mAP OF1 CFl ToUmean TIoUS0 ToU75 precision recall F1
+1 9293 85.83 14.61 85.88 79.54 7857  74.58 82.54 73.37 72.30 71.15  71.69
+ L, + FAIM 9298 8572 1474 85.61 79.88 78.83 78.19 84.98 79.65 71.27 72.05 71.03
+L,+ CGFM 93.05 86.03 14.22 86.27 80.17 79.19  75.77 82.68 76.77 72.38 71.16 72.15
+L,+FAIM+ CGFM  93.23 86.29 14.22 8597 80.08 79.00  77.04 83.03 77.85 72.66 71.65 172.15
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Fig. 7 The ablation study framework for the image modality and the text modality ((a) image modality; (b) text modality)
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Table 6 Ablation study results of the image modality

1%
‘ Tk MG e AL
ITk:
AUC ACC EER | ToUmean ToU50 ToU75
ESREeN 92.85 85.04 15.00 74.72 81.85 75.23
AR 92.90 85.33 14.25 76.10 82.56 78.03
T PR E RIS, | R E N
RT XEESHERARER
Table 7 Ablation study results of the text modality
1%
) 2 SCARSE AL
Ik
AUC ACC EER | precision recall Fl
SCAAR S 63.88 62.43 45.54 43 .45 35.78 36.42
AL 93.38 87.00 14.33 69.82 71.63 70.71

T IRL PR R A S R 2R, | 3R (BRI .
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Table 8 Ablation study results of the manipulative contrastive loss in the proposed method
/%

. S IR PG E SCARE L
i AUC  ACC EER] mAP OFI CF1 IoUmean  1oU50 [oU75  precision  recall F1
AL who L, 93.08 86.09 1432 8584 79.99 79.11 75.58 82.44 76.44 73.22 7032 71.73
AL wio L, 92.87 86.45 1394 8580 7939 79.34 76.40 8243  77.25 71.87 69.45 71.81
' 93.23 86.29 1422 8597 80.08 79.00 77.04 83.03 77.85 72.66 71.65 72.15

FE L AR R IR S I B R A5 R . wio Fmil KA, | FRonfH /LT

2.5.4 PR A H AL R0 T BT 5T

PR i i R a2 HORE i £ RUOJE Transformer
(multi- scale Transformer, MT) 5 4 2 & 3% #% (fre-
quency filter, FF) P8 72 A%, 4391 FH 44 5 AL 7 o)
AT EAF 5 R BIRE JT . MTE i 7EA R R
JE 1 R B 2 [B) 3 57 4 TR MM G 3R, BB AT ALAl 412
2 R BE 1) Ry AN — SO RRAE , AT 5 TS TR £ 5
it 7 50 T BB PE 5 R BE 5 1 FE U 2R AR T4
S A5 B AR, e % R ) A ) sl LAt = i ) 4 7
PRSI o o IR WG 25 1 A 280 L 0 S DA O 2 SR e
ZHAP RS ER MT 5 FF, Jf-7E DOM* B 5 T30k
PERE T RGO . & EE5 R AR 9 R, BERAE—4
PFER S P BPERE T, X R, MT 5 FF7EDIfE A
A e BE LAY < R g T AR AR X SR A 1] £ i Y
RO e AR TR I DI R . E )
[ (RS TR R A8 A 22 RS PR 18 A A 55 v S B o
Seif E R MERESR T
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28 B ASTHAE R THS I 23 (R REAIE 22 35 58 J7 T8 1945 4K
PE, I W 3o T Ot DXl RS E
2.5.6 BEBUSTTHERVA R A RO

R T B UEES RS R A R A R, 5
UL B 2 Mk Rl SR EA T T LS, R R (14 2
FUNE 9 Fi/R o

EEGAERMFE 10 iR, Hilt—2, 7F Twitter 5
Weibo £0Hi £ 1 4T SRS 1145 Fil A5 RS He 9 R0CR HEA T
THUANTE LS, 25 RN SR 1L TR . AT DOW g
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Table 9 Ablation study on components of the forgery-aware interaction module

1%

i s S IR PG E SCARFE L
i AUC ACC EER! mAP OF1 CF1 IoUmean  IoU50  IoU75 precision recall F1
w/o MT 93.08 8597 1428 8579 80.03  79.07 76.24 82.45 77.10 71.42 72.05 71.73
wlo FF 92.76  85.80 1450 85.79 79.81 78.79 76.77 8296  77.14 72.88 71.10  71.98
AL 93.23 86.29 14.22 8597 80.08 79.00 77.04 83.03 77.85 72.66 71.65  72.15
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Fig. 8 Effectiveness of the forgery-aware interaction module
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Fig. 9  Architectural comparison between cross-modal gated
fusion strategy and linear fusion strategy ((a) cross-modal gated

fusion strategy; (b) linear fusion strategy)

(floating point operations , FLOPs ) i) X} b K &, 15 7Y
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Table 10 Comparative results of cross-modal gated fusion versus linear fusion strategies

1%
. ok E2TRIIES B E L SOARSERE
e AUC  ACC EER] mAP  OFl  CFl1  loUmean 10U50 IoU75  precision  recall F1
?%ﬁ; 9297 8572 1473 8561 79.88 7882  78.15 8492 79.25 71.22 71.58  71.13
A3 9323 8629 1422 8597 80.08 79.00  77.04  83.03 7785 72.66 71.65  72.15
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F 11 Twitter 1 Weibo ##E £ F BT
AMEERE RIS R
Table 11 Ablation study results of cross-modal gated
fusion module on the Twitter and Weibo datasets
1%

Twitter 2X 4
AUC ACC EER]

Weibo £(3E4E
AUC ACC EER/

Tk

w/o CGFM 7341 61.96 30.04 58.18 52.47 43.11

A 76.25 65.32 28.22 60.86 56.65 41.02

VE I AR IR & IR AR . who FoR I FixdiF. |
BN NS o

x12 MEEITHER

Table 12 Performance evaluation results

WIRrS Params/M | FLOPs/G | AUC/%
VLP-GF 223.36 35.68 92.84
HAMMER 212.18 3243 92.70
AR 242.43 35.85 93.23

TE I IR R R S i 2 R, | s (HB/VEas .

Ao BRI BT T b S A
RS PRl A R b, i 1 o 20 ROBE RS AL 2 BS54
RBFIE RS 58 T AN RIRLE R e AL RE T, IR
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KERE S B SRS R RN AR 4 U LT
155 rh ik B A e UL 07 1L PR RE , S8 S0 ik T AR Y
TEZ A TR L DI A N 7 I PP ARRAT TG
ERRiaZ e IR A W R ST 2
SEAERA TR BT T ORI SRR, ARy
VA IR R S R AN S R BE B FE RO T AR
B 2R A AL Az i LU RCR , DLt — 2242 T
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