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ABSTRACT To address the limitations of current news event tracing methods, including reliance on
single-modal information, fragmented evidence, and insufficient temporal dynamic modeling, this paper
proposes a hybrid framework that integrates a multimodal Transformer with a Temporal Graph Attention
Network (T-GAT) to improve the accuracy and robustness of event source tracing. The framework first
extracts enhanced representations from text, images, and audio, and employs a two-stage cross-attention
mechanism to achieve deep cross-modal fusion and generate unified event embeddings. Subsequently,
temporal embeddings and multi-source propagation relationships are incorporated into T-GAT for
structured reasoning to identify event origins and reconstruct dissemination paths. From an engineering
perspective, the proposed multimodal fusion and temporal reasoning strategy also provides a generalizable
methodology for heterogeneous information analysis in intelligent communication environments, offering
potential reference value for electromagnetic information processing and propagation-aware decision
support. Furthermore, the framework demonstrates transferable applicability to industrial scenarios.
Experimental results show that the proposed method achieves a Top-1 tracing accuracy of 0.92 and
a Path-IoU of 0.66 while maintaining superior robustness in propagation path reconstruction. Although
the model requires higher computational resources than lightweight baselines, its advantages in tracing
accuracy and interpretability provide a reliable solution for complex event attribution tasks.

INDEX TERMS multimodal transformer, temporal graph attention network, news event tracing,
electromagnetic information processing, heterogeneous data fusion

I. INTRODUCTION

W ITH the rapid development of social platforms and
online media, information spreads rapidly across

platforms and languages in a short period of time. A
comparable challenge exists in the modern, globalized in-
dustry, where issues like a critical defect in a raw material
batch or a machine malfunction can rapidly propagate their
consequences across interconnected digital systems, quickly
impacting downstream processes, different factories, and
global supply chain partners who share real-time production
data [1-3].

False information, quoting out of context, and multiple
reposts make it increasingly difficult to accurately identify
the source of information and restore the dissemination path,
which has a direct impact on fact-checking, public opinion
management, and legal accountability [4-6]. Existing deep
learning attribution methods often rely on a single modality
(primarily text) or only utilize the dissemination structure,
generally ignoring multimodal evidence such as images and
audio and the temporal dynamics of dissemination. As a
result, they show significant deficiencies in robustness and
interpretability in the face of metadata tampering, cross-
platform reposting, and multimodal forgery. There is an

urgent need for an attribution method that simultaneously
integrates multimodal evidence and explicitly models tem-
poral dynamics to improve localization accuracy and provide
a verifiable chain of evidence.

In recent years, multimodal representation and deep learn-
ing have made significant progress in fake news detection
and news dissemination analysis. Uppada S K et al. achieved
an accuracy of 91.94% on the Fakeddit dataset with an
image and text-based framework, proving the value of visual
features [7]; Palani B fused the text features of BERT
with the visual features extracted by CapsNet (Capsule
Networks), significantly improving the classification perfor-
mance [8]; Kishore V achieved an accuracy of 96.51% on
multimodal fake news classification through optimal feature
fusion and improved BiLSTM, demonstrating the potential
of feature optimization and sequence modeling [9]; Guo Y’s
MANN (mutual attention neural network) uses the mutual
attention mechanism to strengthen inter-modal correction,
outperforming various SOTA (State of the Art) methods
on Weibo data [10]; Kumari R integrates novelty detection
and sentiment prediction of supervised contrastive learning
into a multimodal framework, better identifying multimedia
information that is misused in new contexts [11]; Zhang G’s
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SceneFND (Scene Fake News Detection) model explicitly
models scene context and text representation, and The
baseline is improved by approximately 3.48% and 3.32% on
PolitiFact and GossipCop, respectively, proving that scene
context is helpful for discrimination [12].

Existing cross-modal news event attribution methods gen-
erally suffer from insufficient accuracy, stemming from
the limited scope of single-modal evidence and the lack
of dynamic propagation modeling. Similarly, in industrial
scenarios such as product defect attribution faces significant
challenges due to fragmented data sources (e.g., isolated
fabric images, sensor logs, and batch records) and a lack
of time-series dependency tracking. To address these limi-
tations, this paper proposes an innovative hybrid framework
that integrates a multimodal Transformer and a temporal
graph attention network (T-GAT). This framework first ex-
tracts enhanced features through modality-specific encoders
(BERT combined with hierarchical attention for text, ViT
integrated forensic features for images, and Wav2Vec2 with
cross-modal anchor boxes for audio). Next, a two-stage
cross-attention mechanism is designed to achieve cross-
modal alignment and generate a unified joint representation.
Finally, the T-GAT module integrates modal features, tem-
poral embeddings, and multi-source edge information to per-
form interpretable time-aware graph reasoning, seamlessly
coupling micro-content analysis with macro-propagation dy-
namics to achieve high-precision source localization and ro-
bust path reconstruction. This method not only significantly
improves the performance of news event attribution (Top-1
attribution accuracy reaches 0.92, an improvement of 0.09
compared to the VisualBERT baseline), but also provides
a transferable solution for industrial applications such as
defect root cause analysis through modular feature mapping
and the robust inference mechanism of T-GAT, effectively
bridging the multi-source data gap and strengthening tem-
poral causal inference.

II. TRACING FRAMEWORK INTEGRATING MULTIMODAL
TRANSFORMER AND T-GAT
A. TEXT SEMANTICS AND STANCE EXTRACTION
MODULE
B. TRANSFORMER-BASED CONTEXT ENCODING
The text is first normalized (denoising, entity decoding, and
character set unification), and then segmented using the
BERT subtokenizer WordPiece to obtain a token sequence
[13]. To cope with extremely long news and cross-segment
dependencies in context, an overlapping segmentation strat-
egy is adopted to segment the sequence, with each segment
length not exceeding 512.

For each sub-sequence, a pre-trained BERT encoder
in a deep learning method is used to obtain the token
representation matrix within the segment. In this paper,
a pre-trained BERT model is used as the text encoder
instance. Its specific structure follows the original BERT
design, including a word segmentation mechanism based
on WordPiece, an input representation consisting of word

embeddings, segment embeddings, and positional embed-
dings, and a deep context encoding network formed by
stacking multiple layers (L=12/24) of Transformer Blocks.
It is pre-trained using the MLM/NSP objective. The above
embedding construction and multi-layer stacking process are
fully preserved in the engineering implementation. However,
in order to avoid introducing implementation details that are
not directly related to the contribution of this paper into the
method description, this paper only abstracts the general
operation form of a single-layer Transformer at the formula
level to emphasize its functional role in cross-modal fusion
and subsequent graph inference. In this paper, BERT is re-
garded as a specific, pre-trained and initialized Transformer
encoder instance, and Equation (1) is used to uniformly
describe the computation mechanism of its internal layers,
rather than replacing or generalizing the complete model
definition of BERT. The single-layer operation definition of
BERT is shown in formula (1) [14,15].

Q = TeWQ, K = TeWK , V = TeWV ,

headi(Te) = softmax

(
QiK

⊤
i√

dk

)
Vi,

MH(Te) = Concat(head1, . . . ,headβ)WO,

T̃e = LN(Te +MH(Te)) ,

T ′
e = LN

(
T̃e + FFN(T̃e)

)
.

(1)

In formula (1), WQ, WK , and WV represent the weight
matrices corresponding to the query, key, and value, WO

represents the projection matrix, and β represents the num-
ber of attention heads. FFN (Feed-Forward Neural Network)
represents a feed-forward neural network, LN represents
LayerNorm, and Te represents the intra-segment token rep-
resentation matrix.

C. HIERARCHICAL AGGREGATION AND
ATTENTION-WEIGHTED POOLING
To obtain document-level representation while taking into
account inter-segment context, a two-layer hierarchical ag-
gregation is adopted. First, internal pooling is performed
on each segment to obtain a segment vector. Then, self-
attention aggregation is performed on the segment sequence
to obtain a document vector sequence. Finally, attention
weighting is used to obtain a document fusion represen-
tation.

Intra-segment aggregation uses attention pooling with
learning. The attention weight calculation and segment
vector definition are shown in formula (2) [16-18].

α(j,t) =
exp

(
q⊤p tanh(Wah(j,t) + ba)

)∑
t′ exp

(
q⊤p tanh(Wah(j,t′) + ba)

) ,
sj =

Lj∑
t=1

α(j,t)h(j,t).

(2)
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In formula (2), h(j,t) represents Word-level hidden states
output by the text encoder, and q⊤p represents the pooled
query vector. Wa and ba represent the weight matrix and
bias in the attention weight calculation, respectively. sj
represents the segment vector.

Segmented attention aggregation is applied to segmented
vector sequences to obtain segmented context-enhanced rep-
resentations. The final document-level joint representation is
obtained through weighted aggregation, as shown in formula
(3).

htext =

J∑
j=1

γj s̄j ,

γj =
exp

(
δ⊤ tanh(Wbs̄j + bb)

)∑
j′ exp(δ

⊤ tanh(Wbs̄j′ + bb))
.

(3)

In formula (3), s̄j represents the segment-level context-
enhanced representation, and δ⊤ represents the learnable
parameters.

To support subsequent temporal graph reasoning and
cross-modal alignment, the text representation explicitly
incorporates release time and platform metadata. It de-
fines a temporal encoding function and platform/media
embeddings, projects them, concatenates them with the text
representation, and then projects them back to a unified
dimension, as shown in formula (4).

h̄text = Wp[htext∥τ(tpub)∥mo] + bp (4)

In formula (4), τ(tpub) represents the temporal encoding
function, and mo represents the platform embedding.

D. IMAGE EVIDENCE ENCODING MODULE
E. FORENSIC FEATURE EXTRACTION
The input color raw image is first normalized and geomet-
rically preprocessed. It is then cropped or scaled to a fixed
resolution and pixel-normalized. Several image forensic
quantitative features are computed in parallel, including
ELA (Error Level Analysis) residuals, noise residuals, and
PRNU (Photo Response Non-Uniformity) fingerprint esti-
mation. DCT (Discrete Cosine Transform)/JPEG (Joint Pho-
tographic Experts Group) quantitative inconsistency statis-
tics serve as external evidence for subsequent graph reason-
ing.

Finally, the forensic feature sets are concatenated. In the
ELA residual, the normalized image is recompressed to
JPEG quality, the residual is calculated, and global second-
order statistics (mean, variance, and high-order moments)
are used to obtain the eigenvector components.

F. VIT ENCODER STACKING AND FINE-GRAINED
REPRESENTATION OUTPUT
For the normalized image, it is divided into non-overlapping
patches, and all patches are linearly mapped and positionally
encoded, as shown in (5).

z
(0)
k = Wedk + be,

Z(0) = [z
(0)
0 ; z

(0)
1 ; . . . ; z

(0)
P ] + Epos.

(5)

In formula (5), Epos represents the learnable position
encoding matrix, We and be represent the corresponding
projection matrix and bias, and dk represents the pixel
representation of the patch flattened into a vector.

Let the Transformer layer index be L. Each layer performs
multi-head self-attention and feed-forward transformation
on the input, as shown in formula (6) [19].

Q(l) = Z(l−1)W
(l)
Q , K(l) = Z(l−1)W

(l)
K , V (l) = Z(l−1)W

(l)
V ,

A(l) = softmax

(
Q(l)K(l)⊤

√
dk

)
,

SA(l) = A(l)V (l),

Z̃(l) = LN
(
Z(l−1) + SA(l)W

(l)
O

)
,

Z(l) = LN
(
Z̃(l) + FFN(l)(Z̃(l))

)
.

(6)
In formula (6), Z(l−1) represents the input data, Z(l)

represents the final output, and A(l) represents the attention
matrix.

To ensure compatibility between visual features and sub-
sequent multimodal fusion, a learnable projection head is in-
troduced based on the class labels output by ViT. This design
maps the high-dimensional features of the original ViT out-
put to a unified semantic space through linear transformation
and layer normalization operations, effectively mitigating
the distributional differences between visual features and
text/audio features. This adaptation mechanism preserves
the high-level semantic information extracted by ViT while
enhancing the adaptability of features to multimodal align-
ment tasks, providing a more consistent representational
foundation for subsequent cross-modal interactions.Taking
the linear transformation of the class token and performing
normalization, as shown in formula (7).

himg = LN(Whz
(L)
0 + bh) (7)

In formula (7), himg is the global visual representation.
Now, the previously extracted forensic vector is projected

into the same dimension and concatenated with the global
visual representation to form an extended visual vector, as
shown in formula (8).

h̄img = Wζ [himg∥ζfor] + bζ (8)

In formula (8), ζfor represents the extracted forensic
vector, and h̄img represents the final extended visual vector.
The forensic vector here is a composite representation
constructed by fusing multiple image forensic features,
including global second-order statistics (mean, variance, and
higher-order moments) of ELA residuals, noise distribu-
tion features, PRNU fingerprint features, and DCT/JPEG
compression consistency features. These features together
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constitute a quantitative characterization of the reliability of
the image source and potential tampering traces, rather than
a single type of feature extraction result.

G. AUDIO EVIDENCE CODING MODULE
The input audio files are first uniformly resampled to 16kHz.
Long files are then segmented into overlapping segments us-
ing fixed-length windows. Endpoint detection is performed
on each segment, and silence segments are removed, while
speech/ambient sound segments are retained to reduce noise
interference.

The original waveform of each segment is input into the
front-end convolutional feature encoder of the Wav2Vec2
model, which consists of a multi-layer temporal convo-
lutional network responsible for extracting basic acoustic
features [20,21]. This paper uses the frame-level latent
representation output by this convolutional encoder as the
basis for audio features, instead of using its subsequent
Transformer module, to maintain consistency with the com-
putational granularity of the text and image modal feature
extraction stages. The frame-level latent representation is
shown in Equation (9).

eι = θ
(
x̂[nstart

k : nend
k ]

)
ι

(9)

In formula (9), ι represents the frame index, k represents
the segment index, and x̂ represents the audio signal.

To support temporal alignment with text, ASR (Automatic
Speech Recognition) is used to map segment-level times-
tamps to text token indices to generate a set of cross-modal
anchor points. In the subsequent multimodal Transformer,
these anchor points are used to construct the audio-to-text
attention mask and the initial similarity edge weights to
ensure that temporal consistency evidence can be aggregated
first. The final output is L2 normalized according to the
interface convention, as shown in formula (10).

h̄audio =
haudio

∥haudio∥
(10)

In formula (10), h̄audio represents the normalized audio
features, and haudio represents the global audio vector.

The multimodal Transformer and T-GAT hybrid frame-
work is shown in Figure 1.

Figure 1 shows the hybrid architecture of this paper,
which integrates a multimodal Transformer and T-GAT.

The system receives multi-source information, including
text, images, audio, and metadata. It encodes unimodal fea-
tures using BERT, ViT, and Wav2Vec2, respectively. After
dimensionality alignment at the modal projection layer, the
representation is fed into a multimodal Transformer for
cross-modal interaction and fusion, resulting in a unified
joint representation. This representation is used for text
classification and sentiment recognition tasks, extracting
the factual stance and emotional characteristics of news.
It is also injected into the propagation graph as node
features, jointly constructing an event propagation graph

with metadata and modal evidence. T-GAT then performs
graph attention reasoning based on temporal information
and propagation relationships, outputting event sources,
edge credibility, and propagation paths.

In this framework, "enhanced features" refers to se-
mantically strengthened representations of raw modal data
through domain-specific deep processing and feature en-
gineering. For text modality, a BERT pre-trained model
combined with a hierarchical attention aggregation mecha-
nism is used to decompose long news articles into context-
coherent segments, while integrating publication timestamps
and platform metadata as structured supplements. For image
modality, the enhancement process integrates high-level
semantic features extracted by Vision Transformer with
low-level clues generated by professional image forensics
techniques, including anti-counterfeiting indicators such as
error level analysis residuals, noise distribution features, and
non-uniform light response fingerprints. For audio modality,
enhanced features originate from acoustic representations
extracted by Wav2Vec2, combined with endpoint detection
noise reduction and cross-modal time anchors established
through automatic speech recognition to ensure accurate
temporal alignment of audio and video content. These
targeted enhancement strategies go beyond basic feature
extraction, significantly improving the discriminative power
and source traceability reliability of the raw data by in-
jecting domain knowledge, temporal context, and cross-
modal associations, laying a solid foundation for subsequent
multimodal fusion.

H. JOINT REPRESENTATION LEARNING WITH
MULTIMODAL TRANSFORMERS
I. CONSTRUCTING CROSS-MODAL TOKEN SEQUENCE
AND POSITION MAPPING
The output of each mode is first linearly mapped and
normalized, as shown in (11).

h̃text =
Wtexth̄text + btext
∥Wtexth̄text + btext∥

,

h̃img =
Wimgh̄img + bimg

∥Wimgh̄img + bimg∥
,

h̃audio =
Waudioh̄audio + baudio
∥Waudioh̄audio + baudio∥

.

(11)

In formula (11), Wtext, Wimg, and Waudio represent the
corresponding linear projection matrices, and btext, bimg,
and baudio represent the corresponding biases.

The release time embedding and platform embedding are
projected and incorporated into each modality vector, as
shown in formula (12). LayerNorm is then used to normalize
the time and source biases, encoding them into the semantic
vector of each modality.

ĥmo
= W (τ)

mo
τ(tpub) +W (p)

mo
+ h̃mo

(12)

In formula (12), mo represents the platform embedding
of text, image, and audio modalities.

VOL. 15, NO. 3, AUGUST 20264542



Y. Li et al.

FIGURE 1. Multimodal Transformer and T-GAT hybrid framework

For fine-grained alignment requirements, retain the text
token list, image patch token list, and audio segment token
list, and use linear layers to map them to the common di-
mension, respectively. Adding the modality type embedding
and position/time embedding to the token to obtain the joint
input sequence, as shown in formula (13).

X = [x1, . . . , xN ], xn = vn +Etype(mon) +Epos(posn)
(13)

In formula (13), vn represents the mapped token vector,
Epos represents the position/time embedding, and Etype

represents the modality type embedding.

J. CROSS-MODAL TRANSFORMER FUSION AND
OUTPUT LAYER DESIGN
This paper implements multi-head attention on input fea-
tures using a fusion encoder based on multi-head self-
attention, achieving modality fusion [22-24]. The attention
weight calculation is shown in formula (14).

A(t) = softmax

(
Q(t)K(t)⊤√

dk
+ F (t)

)
(14)

In formula (14), F (t) represents the attention bias ma-
trix under modality and time conditions, which is used
to improve the discriminative power of cross-modal align-
ment. To emphasize text-centric traceability clues, a two-
stage attention is designed: the first stage is full-sequence
self-attention; the second stage performs text-centric cross-
attention on text tokens, where the query comes from the
text token and the key value comes from the contextual
representation of image/audio tokens, as shown in formula
(15). The text representation is injected in a residual manner,

allowing the text to "actively query" visual and auditory
evidence during fusion.

In this framework, the two-stage cross-attention mech-
anism is executed sequentially. The first stage is a full-
modal self-attention stage, which concatenates all tokens
from text, images, and audio into a unified sequence.
Global interaction is achieved through a standard multi-
head self-attention mechanism, enabling initial fusion of
features across modalities and capturing fundamental cross-
modal associations. The second stage is a text-guided cross-
attention stage, specifically strengthening the dominant role
of text over other modalities: the text tokens output from the
first stage are used as queries, while the image and audio to-
kens output from the first stage are used as keys and values.
This design allows text content to actively "query" visual
and auditory evidence, selectively extracting multimodal
information most relevant to the text’s semantics. Residual
connections are used between the two stages to preserve
the core information of the original text features, ensuring
that source tracing clues are not diluted. This sequential
architecture guarantees full-modal interaction in the initial
stage while highlighting the central role of text in the news
source tracing task in the second stage, enabling the model
to prioritize the selection and verification of multimodal
evidence based on semantic content.

Qt = XtextW
t
Q,

Kia = Concat(Ximg, Xaudio)W
ia
K ,

Via = Concat(Ximg, Xaudio)W
ia
V ,

Ct = softmax

(
QtK

⊤
ia√

dk
+ Ft

)
Via.

(15)

After completing multi-layer fusion, the final sequence
XLf is obtained. To obtain event-level joint representa-
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tion, modality-aware gated pooling is applied. The pooling
weight is calculated for each token to obtain the joint
representation, as shown in (16).

α̂n =
exp

(
w⊤ tanh(Wpxn + bp) + λmon

)∑
n′ exp

(
w⊤ tanh(Wpxn′ + bp) + λmo

n′

) ,
hmulti =

N∑
n=1

α̂nxn.

(16)
In formula (16), λmon

represents the modal bias term,
w, Wp, and bp represent learnable parameters, and hmulti

represents the joint representation of the weighted sum of
the modalities.

Simultaneously, the modal gating vectors (corresponding
to text, img, and audio, respectively) are calculated to
evaluate the relative contribution of each modality to the
final decision, and hmulti is calibrated according to the
gating, as shown in formula (17).

g = σ(Wg[h̄text∥h̄img∥h̄audio] + bg),

h̃multi = LN(hmulti ⊙ gexp).
(17)

In formula (17), g represents the three-dimensional modal
gating vector [gtext, gimg, gaudio], where each component
corresponds to the weight coefficient of the text, image, and
audio modalities, respectively.

This vector is calculated by fusing the global represen-
tations of each modality and is a global gating parameter
related to the event-level representation, shared by all tags
of the current event. gexp represents the vector obtained by
repeatedly expanding the 3D gated vector according to the
number of markers for each modality: for the text modality
with Ltext markers, gtext is repeated Ltext times; for the
image modality with Limg markers, gimg is repeated Limg

times; and for the audio modality with Laudio markers,
gaudio is repeated Laudio times. The expanded gexp has
the same length as the marker sequence and is used for
element-wise multiplication with hmulti. This enables the
broadcasting of modal gating vectors to the token dimension
and their element-wise application to calibrate the fused
representation. Layer normalization is then used to stabilize
the scale variance introduced by the gating operation, where
hmulti represents the final calibrated fused vector.

In this paper, the gating design adopts the order of
applying modal weights first and then performing layer
normalization, mainly because: (1) the gating operation will
change the scale distribution of the original fused represen-
tation, which may lead to a significant amplification or re-
duction of the values of some dimensions; (2) applying layer
normalization (LN) after gating can effectively stabilize this
scale change and ensure that the representation processed
later has stable statistical properties; (3) if LN is performed
first and then gating is applied, the established normalization
properties will be destroyed, resulting in unstable training.

Based on the fusion vector, two classification heads (text
classification and sentiment recognition) are constructed, as
shown in formula (18).

ŷclass = Softmax(Wch̃multi + bclass),

ŷsent = Softmax(Wsenth̃multi + bsent).
(18)

In formula (18), ŷclass and ŷsent represent the text clas-
sification probability distribution and sentiment probability
distribution, respectively. These tasks serve as auxiliary
supervision signals and have a dual role:

(1) Enhancing the representation ability of the multimodal
Transformer through multi-task learning. Text classification
(factual/stance-based) and sentiment recognition tasks pro-
vide additional supervision signals for the model, prompting
the multimodal Transformer to learn more discriminative
joint representations, thereby improving the performance of
subsequent source tracing tasks; (2) Extracting key semantic
features. The factual stance and sentiment of news are im-
portant factors affecting the propagation path (e.g., negative
sentiment content tends to spread faster). These features
are implicitly encoded in the joint representation, providing
supplementary information for the T-GAT propagation path
reconstruction.

K. TEMPORAL PROPAGATION GRAPH REASONING
BASED ON T-GAT
L. PROPAGATION GRAPH CONSTRUCTION
For each node, each news item, post, or URL (Uniform
Resource Identifier) is considered a basic node, and ac-
count/media nodes are added as extensions. Each node is
accompanied by a multimodal vector and metadata vectors
(platform embedding, author reputation, language tags, etc.).
For each edge, three types of sources are constructed and
merged. Explicit edges include parsed citations, forwarding,
and reposting.

For similarity edges, if the modal similarity function
exceeds a threshold, an undirected or directed similarity
edge is added. For temporal proximity edges, edges are
constructed from the N closest nodes to the same event
based on publication time to ensure connectivity. In con-
structing the diffusion graph, edge feature vectors include
multimodal weighted cosine similarity, local visual/audio
similarity, temporal difference, and one-hot citation type.

The unified joint representation generated by the mul-
timodal Transformer is embedded into the T-GAT propa-
gation graph through a dual integration mechanism. This
representation serves as the core initial node feature vector,
directly replacing the simple embedding in traditional graph
networks and providing a rich semantic foundation for
each news node. Secondly, these joint representations are
feature-concatenated with metadata (including publication
timestamps, platform type, and author reputation) and fused
through a lightweight projection layer to form enhanced
node representations.
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During T-GAT’s attention computation, these enhanced
representations serve both as feature inputs to the nodes
themselves and participate in the dynamic calculation of
edge weights: when evaluating the propagation credibility
between two nodes, the model calculates the cosine simi-
larity between their joint representations and combines this
value with a time decay factor and platform compatibility
metrics to form initial edge weights. More importantly,
within the attention mechanism, the joint representations of
nodes generate query and key vectors through a learnable
mapping function, enabling T-GAT to adaptively weight
neighbor information based on semantic relevance rather
than just topological structure. This deep integration ensures
that multimodal semantic information not only initializes the
graph structure but also continuously guides the entire time-
aware reasoning process, allowing source tracing decisions
to benefit from both content semantics and propagation
dynamics.

The constructed diffusion graph is shown in Figure 2.
Figure 2 illustrates the multi-platform dissemination paths

and temporal evolution of a news event. It can be seen that
the event is initially published by "News_A" on a news
website and subsequently spreads rapidly through social
media platforms (such as "Twitter_B" and "Blog_D") and
forum platforms (such as "Forum_C"), forming multiple
parallel dissemination chains. The edge weights between
nodes reflect the combined influence of content similarity
and time decay. Thicker edges indicate information dissem-
ination with high similarity over a short period of time,
while dashed edges indicate implicit citations or forwarding
relationships. Nodes across platforms exhibit a distinct hi-
erarchical layout, with cross-propagation between different
platforms, indicating complex interactions between informa-
tion media. Furthermore, some nodes (such as "News_E" to
"Twitter_K" and then to "News_L") exhibit secondary or
even tertiary diffusion, demonstrating the event’s sustained
spread and multimodal influence. Overall, the node and edge
structure in the figure reveals the temporal dynamics of
news event dissemination, cross-platform diffusion paths,
and information strength relationships, providing a visual
reference for source tracing analysis.

M. SEQUENCE GRAPH ATTENTION REASONING
MODULE
This paper is based on the deep learning GAT (Graph
Attention Networks) model. In order to apply time priority
in attention, a time embedding function is defined and a
learnable relative time embedding is adopted, as shown in
(19) [25].

τ(∆t) = Wτϕ(∆t),

ϕ(∆t) =

[
sin

(
∆t

100002k/dt

)
, cos

(
∆t

100002k/dt

)]dt/2−1

k=0

.

(19)

In formula (19), τ(∆t) represents the temporal embed-
ding function.

First, a linear transformation is performed on the node
representation. For each edge, the unnormalized attention
score is calculated as shown in (20). Then, normalization is
performed.

ᾱ
(l)
ij = LeakyReLU

(
o(l)⊤[h̃

(l)
i ∥h̃(l)

j ∥ϕe(êij)∥τ(∆tij)]
)

(20)
In formula (20), h̃(l)

i represents the node representation
after linear transformation, êij represents the unnormalized
attention score, and o(l)⊤ represents the learnable vector.

In a multi-head setting, parallel attention heads are used
and the results are averaged, as shown in formula (21).

(21)

In formula (21), U (l,k) represents the message transfor-
mation matrix for each head, σ represents the nonlinear
ReLU (Rectified Linear Unit), and Res

(l)
i represents the

residual term followed by LayerNorm. In the final layer,
the aggregated node representation and the original edge
features are used to predict edge credibility, as shown in
formula (22).

ρij = σ
(
w⊤

c [h
(L)
i ∥h(L)

j ∥ϕe(eij)] + bc

)
(22)

In formula (22), ρij represents edge credibility.
For the same event subgraph, the source score is calcu-

lated based on the final node representation and structured
context, as shown in formula (23).

πi =
exp(Qi)∑

j∈VNe
exp(Qj)

,

Qi = ϖ⊤
1Qh

(L)
i +ϖ⊤

2Q

 ∑
j∈N(i)

ρij · h(L)
j

 .

(23)

In formula (23), ϖ1Q and ϖ2Q represent the learnable
weights for source score calculation, and VNe

represents the
node set.

To ensure scalability, subgraph sampling is used for each
event during training. A node’s neighbors are sampled with
an upper bound on the probability of sampling to form
a mini-batch subgraph. Edge features and time encodings
are normalized within the batch. For large-scale cross-
event graphs, event aggregation (event local subgraphs) is
prioritized before batch-level inference to avoid cross-event
information leakage.

This paper aggregates multi-hop propagation information
using a multi-layer T-GAT. For interpretability, the attention
weight matrix and edge credibility of each layer are saved,
and high-weight paths are output as candidate propagation
paths according to weighted summation and ranking.
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FIGURE 2. Constructed propagation map

GAT integrates dual temporal features, converting ab-
solute event publication timestamps into learnable relative
temporal embeddings and capturing long-term periodic pat-
terns through sine-cosine positional encoding. It directly
calculates the precise time difference (in minutes) of prop-
agation between nodes and quantifies the time decay effect
using an exponential decay function. These two temporal
representations are concatenated and input into the graph
attention layer, dynamically balancing semantic similarity
and temporal proximity in edge weight calculation to ensure
the model learns temporal patterns while preserving precise
temporal relationships.

In this framework, "multi-source edge information" refers
to the diverse relationship types extracted from heteroge-
neous propagation channels. It integrates three types of
edge sources: first, explicit propagation relationships native
to the platform, including forwarding, citation, reply, and
hyperlink citation; second, implicit association edges calcu-
lated based on multimodal content similarity, automatically
established when the similarity of textual semantics, visual
content, or audio features of posts from different plat-
forms exceeds a threshold; and third, potential propagation
chains inferred through temporal proximity, capturing cross-
platform content diffusion without explicit citations but
with closely related publication times. Each edge type is
assigned a one-hot encoded identifier and combined with
a corresponding relationship strength weight, enabling T-
GAT to distinguish the contribution of different propagation
mechanisms to source tracing, such as prioritizing direct
forwarding paths rather than coincidental propagation based
solely on content similarity.

Although the main experimental verification in this paper
is based on the scenario of news event tracing, the proposed
multimodal Transformer–T-GAT hybrid framework also has
clear applicability in event tracing tasks in complex indus-
trial systems. This type of data is highly similar to the mul-

timodal event propagation in social media in terms of modal
structure, temporal scale, and propagation relationship, all
exhibiting the characteristics of "multimodal observation +
temporal association + propagation/dependency structure".
In this application scenario, the multimodal encoding and
two-stage cross-modal attention mechanism in this paper can
be used to perform unified representation learning on man-
ufacturing data from different sources. The visual encoder
corresponds to the fabric defect image, the text encoder
models the logs and process records, and the temporal
embedding describes the evolution of process and equipment
status. Furthermore, the temporal perception graph structure
modeled by T-GAT can be naturally mapped to a process de-
pendency graph or an equipment-batch association graph to
characterize the propagation and accumulation mechanism
of defects in the production chain. Therefore, the task of
locating the source of an event can be transformed into the
problem of identifying the root cause of the defect, while
the path reconstruction results provide an interpretable basis
for quality traceability and responsibility location.

N. LOSS FUNCTION DESIGN AND JOINT TRAINING
OPTIMIZATION
The multimodal contrast loss uses InfoNCE (Information
Noise-Contrastive Estimation) contrast loss, as shown in
(24).

Losstext,img
NCE = −

1

|batch|
∑

i∈batch

log
exp(sim(h̄text

i , h̄img
i )/ς)∑

j∈B exp(sim(h̄text
i , h̄img

j )/ς)
(24)

In formula (24), ς represents the temperature parameter.
Importantly, negative sample construction strictly follows
these principles: B represents the current training batch,
but negative samples only include samples from different
events within the same batch; multimodal samples within
the same event are treated as positive sample pairs and will
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not be used as negative samples of each other; training data
is strictly divided by event to ensure that all samples for
each event are either entirely in the training set or entirely
in the validation/test set, completely avoiding label leakage.

This paper employs the InfoNCE contrastive loss for
multimodal contrastive loss, where negative sample con-
struction comprises two key components: (1) samples from
other modalities within the same event (e.g., image samples
in text-image pairs are used as negative samples for text)
to enhance intramodal consistency; and (2) samples from
different events are used as cross-event negative samples to
improve event discrimination. This design enables the model
to simultaneously learn intermodal alignment relationships
and inter-event discriminative characteristics, effectively
avoiding the representation collapse problem that may result
from using only intra-event negative samples.

Similarly, it defines the other two modalities: text and
audio, and image and audio. Finally, it performs a weighted
sum to obtain the overall contrast loss Losscontra.

The downstream classification loss (text classification and
sentiment recognition) is expressed as (25).


Lossclass =

1

|batch|
∑

i∈batch

CE(ŷclass, y
class
i ),

Losssent =
1

|batch|
∑

i∈batch

CE(ŷsent, y
sent
i ).

(25)

In formula (25), yclassi and ysenti represent the one-hot
vector and sentiment label of the text classification truth,
respectively, and CE represents the cross entropy.

To directly optimize the path reconstruction quality, a
Soft-Jaccard loss is applied for the predicted edge weights,
as shown in formula (26).

LossIoU(e) = 1−

∑
(i,j)∈ESe

ρ̂ijϕij∑
(i,j)∈ESe

ρ̂ij +
∑

(i,j)∈ESe
ϕij −

∑
(i,j)∈ESe

ρ̂ijϕij + ϵ

(26)

In formula (26), ϕij represents the true binary vector, and
ρ̂ij represents the predicted vector. The overall edge weight
loss is

The true binary vectors are obtained by combining manual
annotation and system parsing. For propagation paths with
clear forwarding/referencing relationships, the metadata pro-
vided by the platform is used directly. For propagation
chains that lack explicit connections but have highly similar
content, domain experts are used to annotate them based on
time sequence and content similarity. At the same time, the
event source information verified by fact-checking agencies
is used as an authoritative reference to ensure the accuracy
and reliability of the tags.

For source sorting, event-level cross entropy is used. An
unnormalized score is output for each event node, and the

probability is obtained through softmax. The cross entropy
is then applied to the true source, as shown in formula (27).

Losssrc = − 1

|Ebatch|
∑

e∈Ebatch

∑
i∈VNe

ysrci log πi (27)

In formula (27), ysrci represents the true source. The
overall loss is the weighted sum of several items, as shown
in formula (28).

Losstotal = χcontraLosscontra + χclassLossclass + χsentLosssent

+ χpathLosspath + χsrcLosssrc
(28)

In formula (28), χcontra, χclass, χsent, χpath, and χsrc

represent the weights corresponding to different losses. The
weights of each loss term were determined through a grid
search on the validation set, rather than using a learnable
weighting mechanism. This paper systematically tested the
impact of different weight combinations on the main metrics
(Top-1 source accuracy and Path-IoU) on the validation
set, and ultimately selected the weight configuration that
achieves the optimal balance between the two metrics:
χcontra = 0.3, χclass = 0.2, χsent = 0.1, χpath = 0.25,
χsrc = 0.15. This tuning strategy ensures that the losses
from each task contribute reasonably to the training process,
avoiding the problem of certain loss terms dominating the
optimization direction due to excessively large differences
in magnitude.

III. EXPERIMENTAL SETUP AND EVALUATION PLAN
A. EXPERIMENTAL DATA
The experimental data is organically integrated from three
sources: publicly available multimodal and news-related
datasets (FakeNewsNet, Fakeddit, and Twitter/Weibo) as
the foundational annotation sources; fact-checking websites
(PolitiFact, Snopes) and mainstream news organizations
(Reuters, BBC (British Broadcasting Corporation)) crawled
from verified events to obtain clear source labels and au-
thoritative text; and cross-platform communication samples
crawled from social media and video platforms (Twitter/X,
Weibo, YouTube) to expand multimodal evidence and trans-
mission chain information.

The final corpus covers 5,000 independent news events,
approximately 30,000 news posts/article samples (including
body text), approximately 25,000 associated images, and
approximately 6,000 video/audio clips.

Complete metadata is preserved for each sample: publica-
tion timestamp, source URL, publishing account/media ID,
retweet/citation relationships, and language tags. Approxi-
mately 80% of the samples achieved modality alignment at
the event level (each event contains at least text and images
or text and audio). All events are manually or systematically
annotated with the "earliest trusted source" for provenance
assessment. The dataset is segmented by event time, with a
training/validation/testing ratio of 70%/15%/15% per event
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to prevent future information leakage and ensure general-
ization across time.

B. EXPERIMENTAL PLAN AND PARAMETER SETTINGS
The comparison models include (1) Multimodal Trans-
former + T-GAT (the method in this paper); (2)

Multimodal Transformer + GAT; (3) Multimodal Trans-
former + GCN (Graph Convolutional Networks); (4)

VisualBERT-GAT; (5) LXMERT (Learning Cross-
Modality Encoder Representations from Transformers)-
GAT;

(6) BiLSTM-GAT; (7) T-GAT (using only text features);
(8) GraphSAGE (Graph Sample and Aggregate) (using
multimodal splicing features for nodes). For each model,
the Top-K accuracy, MRR (Mean Reciprocal Rank), Edge-
F1, Path-IoU, AUC (Area Under Curve) and other indica-
tors are recorded, and the mean and confidence interval
are obtained after 5 training runs with different random
seeds. At the same time, ablation experiments (removing
image/audio/text) are performed to quantify the contribution
of each module. All models maintain the same training
schedule and approximate hyperparameter search range.

The validation set is used for hyperparameter selection
and finally a rigorous comparison is made on the test set.

In robustness experiments, the test set is subjected to
various scenarios, including random noise, key node dele-
tion, the presence of spurious edges, and edge weight
perturbations. The performance degradation of each model
is evaluated to verify the robustness of the reconstruction.
Efficiency evaluations measured each model’s training time,
single-event inference latency, and graphics memory usage
on the same hardware to assess engineering deployability.
Finally, the generated propagation paths are output and
visualized using attention to verify the legitimacy of the
evidence chain for high-confidence paths.

Table 1 shows the experimental parameter settings.

TABLE 1. Experimental parameter settings

Parameters Value

768

2 × 10−5

1 × 10−4

32

512

20

5 epochs

0.1

8

6

4

0.07

4096

0.1

Initial 1 × 10−3

Gradient clipping 1

IV. ANALYSIS OF NEWS EVENT TRACING RESULTS

A. TRACEABILITY PERFORMANCE EVALUATION
The traceability performance evaluation results are shown
in Figure 3.

Figure 3 shows that Multimodal Transformer + T-GAT
leads in all provenance metrics, with a Top-1 accuracy of
0.92, a 0.06 improvement over Multimodal Transformer +
GAT and a 0.09 improvement over VisualBERT + GAT.
Top-3 and Top-5 accuracy are 0.94 and 0.98, respectively. In
terms of ranking quality, Multimodal Transformer + T-GAT
achieves an MRR of 0.88, higher than Multimodal Trans-
former + GAT’s 0.82 (an improvement of 0.06), indicating
that the proposed model achieves better overall ranking.
Multimodal Transformer + T-GAT achieves an AUC of
0.95, surpassing Multimodal Transformer + GAT’s 0.92 (an
improvement of 0.03), demonstrating stronger discrimina-
tive capabilities. All methods with multimodal Transformer
features and an attention-based graph network (multimodal
Transformer + T-GAT/GAT) significantly outperform base-
lines using only text or traditional graph convolution in
both Top-k and MRR (BiLSTM + GAT Top-1 accuracy
of 0.65 and MRR of 0.60; T-GAT Top-1 accuracy of
0.72). GraphSAGE and multimodal Transformer + GCN
performed in the middle, with Top-1 accuracy of 0.78 and
0.80, respectively.

This shows that the quality of modal representation and
graph reasoning mechanisms has a significant impact on the
final traceability.

B. VERIFICATION OF ROBUST PERFORMANCE OF
PROPAGATION PATH RECONSTRUCTION
To explore the robustness of propagation path reconstruc-
tion, it randomly inserts noise nodes into the graph. It
connects them, deletes key intermediate/early nodes in the
propagation chain, inserts misleading high-similarity but
non-propagation edges into the graph, and randomly per-
turbs/noises the existing edge weights in four situations to
explore its robustness. The results are shown in Figure 4.

In the experiments with random noise nodes and edge
weight perturbations shown in Figure 4, the Multimodal
Transformer+T-GAT performs best. With random noise
nodes, the Path-IoU is 0.7, the Edge-Accuracy is 0.93,
and the Edge-F1 is 0.88, which are 0.05/0.02/0.04 higher
than the Multimodal Transformer+GAT, respectively. With
edge weight perturbations, the Path-IoU is 0.66, the Edge-
Accuracy is 0.92, and the Edge-F1 is 0.86, also better than
the 0.62/0.90/0.82 of the Multimodal Transformer+GAT.

These metrics show that when noise nodes are present
or existing edge weights are randomly perturbed, T-GAT’s
temporal encoding and edge-level attention mechanism ef-
fectively suppress the impact of error propagation on path
reconstruction. Multimodal features enhance the semantic
connections between nodes, minimizing the impact of edge
weight perturbations on the overall path. Other models
such as BiLSTM-GAT and T-GAT alone have Path-IoUs of
0.44/0.53 under random noise nodes and 0.40/0.52 under
edge weight perturbations, respectively. This shows that

ParametersValue

Number of multi-
head attention heads 

Hidden dimensions

Learning rate

Graph network learning rate

Batch size (sample level)

Number of graph 
batches/subgraph nodes

Number of epochs

Early-stop tolerance

Dropout

Number of fusion 
layers

Number of T-GAT 
layers

Comparative learning 
temperature

Comparative negative 
sample queues

 Sorting margin

Time decay coefficient
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FIGURE 3. Traceability performance evaluation

FIGURE 4. Robust performance verification results of propagation path reconstruction. Figure 4 (a) Random noise nodes; Figure 4
(b) Key node deletion; Figure 4 (c) False edges; Figure 4 (d) Edge weight perturbation.

single-modal or weak node features are easily misled in
noisy environments and their robustness is obviously insuf-
ficient.

In experiments with key node removal and the presence of
spurious edges, Multimodal Transformer+T-GAT maintains
its lead. With key node removal, its Path-IoU reaches 0.6
and its Edge-F1 reaches 0.77, significantly higher than Mul-
timodal Transformer+GAT (Path-IoU 0.54, Edge-F1 0.73)
and BiLSTM-GAT (Path-IoU 0.32, Edge-F1 0.49). With
spurious edges present, Multimodal Transformer+T-GAT
achieves Path-IoU 0.56 and Edge-F1 0.81, still significantly
outperforming Multimodal Transformer+GAT (0.51/0.77)
and BiLSTM-GAT (0.30/0.59). This shows that when the
core nodes of the propagation chain are missing or mislead-
ing edges with high similarity are artificially added to the
graph, T-GAT can effectively identify the real propagation
link through temporal attention and multimodal semantic
consistency, ensuring the relative integrity and accuracy
of path reconstruction. Other models are prone to path
breakage or misconnection when key nodes are missing or
false edges are encountered, resulting in a greater decrease
in Path-IoU and Edge-F1.

C. TEXT CLASSIFICATION AND SENTIMENT
RECOGNITION PERFORMANCE
This paper analyzes the quantitative results of the candidate
models for the three tasks of text classification (factualness
and stance) and sentiment recognition. The results are shown
in Figure 5.

FIGURE 5. Text classification and sentiment recognition performance. Figure
5 (a) Factualness; Figure 5 (b) Stance; Figure 5 (c) Sentiment
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As shown in Figure 5, the Multimodal Transformer per-
forms well across all three tasks, achieving the highest per-
formance in sentiment recognition, with accuracy of 0.97,
precision of 0.97, recall of 0.95, and F1 of 0.96. In factual
classification, it achieves accuracy of 0.95, precision of 0.96,
recall of 0.92, and F1 of 0.94. However, its performance
in stance classification is relatively poor, with accuracy of
0.88, precision of 0.88, recall of 0.86, and F1 of 0.87.
Compared to other models, VisualBERT, LXMERT, and
XLNet (EXtreme Language Modeling) all achieve accuracy
of 0.89 or higher in sentiment recognition, while BiLSTM
and CNN perform relatively poorly in all tasks, achieving
accuracy of 0.7 and 0.67, respectively, in stance classifica-
tion. This demonstrates that deep multimodal features and
the attention mechanism significantly improve performance
on these tasks. The differences between the same tasks
also reflect that multimodal information has a stronger
ability to extract emotional and factual features, while stance
classification is more dependent on text context and implicit
opinions, which cannot be fully captured by simple feature
fusion.

D. MODAL CONTRIBUTION ANALYSIS
To explore the contribution of each modality, the experiment
uses an ablation method, removing each modality in turn and
examining its impact. First, key traceability metrics (Top-3
accuracy, Path-IoU, and Edge-accuracy) are presented for
different modality combinations. Next, the contribution of
each modality to performance is analyzed. Figure 6 shows
the results of the modal contribution analysis.

In Figure 6(b), "contribution" is defined as the relative
contribution of each modality to the improvement of system
performance. It is obtained by calculating the performance
difference between the complete multimodal system (text
+ image + audio) and the system after removing a single
modality, and then normalizing the result. Contribution =
(Complete system performance - System performance after
removing the modality) / Σ(Complete system performance -
System performance after removing all modalities) × 100%.
The performance metrics comprehensively consider three
dimensions: Top-3 accuracy, path IoU, and edge accuracy,
ensuring the comprehensiveness and robustness of the con-
tribution assessment.

FIGURE 6. Modal contribution analysis results. Figure 6 (a) Effect after modal
removal; Figure 6 (b) Contribution level

Figure 6 shows that the text modality contributes most

to news event attribution performance. When used inde-
pendently, it achieves a Top-3 accuracy of 0.84, a Path-
IoU of 0.58, and an Edge-accuracy of 0.86, contributing
51.45% to the overall multimodal fusion. After removing the
audio modality (text + image), the Top-3 accuracy improves
to 0.91, the Path-IoU of 0.69, and the Edge-accuracy of
0.92, demonstrating that the image modality effectively
supplements text information, contributing 32.48%. When
removing the image modality (text + audio), the Top-3 ac-
curacy is 0.89, the Path-IoU of 0.66, and the Edge-accuracy
of 0.90, indicating that audio’s contribution to attribution
performance is limited, accounting for only 16.07%.

Comprehensive analysis shows that the combined use
of three modalities (text + image + audio) can achieve
optimal performance with Top-3 accuracy of 0.94, Path-
IoU of 0.73, and Edge-accuracy of 0.95, demonstrating that
the modalities complement each other. Text provides core
semantic information, images enhance evidence verification
capabilities, and audio provides auxiliary emotional and
contextual clues, significantly improving the overall perfor-
mance of the multimodal Transformer in news event tracing.

E. ATTENTION VISUALIZATION
The attention visualization diagram is shown in Figure 7.

FIGURE 7. Attention Visualization. Figure 7 (a) Text token attention heatmap;
Figure 7 (b) Image patch attention heatmap; Figure 7 (c) Cross-modal

attention heatmap for audio and text

In Figure 7(a), the text token attention heatmap shows the
dependencies between different tokens.

Brighter areas correspond to high attention values, indi-
cating that the model assigns higher weights to key tokens
in the sentence (such as the 5th, 12th, and 15th tokens),
reflecting its focus on semantic associations within the text.
The image patch attention heatmap in Figure 7(b) reveals the
model’s attention to different regions of the image. Specific
patches (such as the 6th and 7th patches) are highlighted,
demonstrating that the model is able to identify areas
that are more important for the task in visual information
processing. The audio and text attention heatmap in Figure
7(c) shows the interaction between audio time segments
and text tokens. Darker areas indicate that the model is
able to effectively align key audio information with relevant
text information, demonstrating its ability to integrate mul-
timodal information. Taken together, these three attention

VOL. 15, NO. 3, AUGUST 20264550



Y. Li et al.

heatmaps demonstrate that the model is able to highlight
key information across different modalities, and its high
attention values reflect its sensitivity to input features. The
attention patterns of text, images, and audio complement
each other, helping to explain the decision-making basis of
the model when handling complex multimodal tasks, while
providing an intuitive reference for further optimizing the
feature representation of specific modalities or enhancing
cross-modal associations.

F. TEMPORAL DYNAMIC MODELING ANALYSIS
To investigate the impact of temporal dynamic modeling on
traceability and path reconstruction, it performs a perfor-
mance analysis based on different propagation time periods.
The results of this temporal dynamic modeling analysis are
shown in Figure 8.

FIGURE 8. Time dynamic modeling analysis results

Figure 8 shows that temporal dynamics modeling signifi-
cantly improves the performance of news event tracing and
path reconstruction. In the initial phase, the Top-3 accuracy
is 0.88, the Edge-accuracy is 0.88, and the Path-IoU is
0.65, indicating that limited information in the early stages
made tracing and path reconstruction difficult. As the event
enters its early diffusion phase, these metrics improve to
0.92 Top-3 accuracy, 0.92 Edge-accuracy, and 0.70 Path-
IoU, demonstrating that the increasing abundance of time
series information facilitates model inference. During the
mid-stage of diffusion, the Top-3 accuracy reaches 0.95, the
Edge-accuracy reaches 0.96, and the Path-IoU reaches 0.76.
Performance is optimal during the peak phase, with Top-3
accuracy of 0.98, Edge-accuracy of 0.99, and 0.80 Path-IoU,
demonstrating that the model fully utilizes information from
time periods with high transmission volume for path recon-
struction. In the decay and tail stages, the Top-3 accuracy
is 0.95 and 0.96, the Edge-accuracy is 0.97 and 0.98, and
the Path-IoU is 0.74 and 0.73, respectively. This shows that
although the propagation is weakened, the temporal dynamic
modeling can still maintain a high traceability performance.
The overall trend is to first increase and then stabilize with
the propagation process, reflecting the effective use of time
series information by the model.

G. RESOURCE AND EFFICIENCY ANALYSIS
The experiment measures resource and efficiency results in a
unified experimental environment. Training time is the total
GPU (graphics processing unit) hours required for complete
training to convergence, single-event inference latency is
the average number of milliseconds required for end-to-end
inference of a single sample, model parameter count is in
millions (M), GPU memory usage is peak usage (GB), and
energy consumption is the average energy consumption per
inference (J). The resource and efficiency analysis results
are shown in Table 2.

The experiment was conducted in a unified hardware
environment: a server equipped with four NVIDIA A100
80GB GPUs, an Intel Xeon Platinum 8380 CPU (2.3GHz,
40 cores), and 1TB of RAM. Energy consumption data
was collected in real-time using the NVIDIA-SMI tool,
combined with CPU power consumption monitoring via the
Intel RAPL interface. The total energy consumption for a
single inference run was calculated by integration, excluding
data loading and preprocessing overhead. Single-event infer-
ence latency and energy consumption measurements were
performed with a batch size of 1 to reflect single-sample
processing performance in real-world application scenarios;
training time metrics were measured based on a batch size
of 32 as set in Table 1. GPU memory usage was recorded as
peak memory usage during training. All measurements are
averages of five independent runs, with a confidence interval
of ±2%.
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TABLE 2. Resource and efficiency analysis results

Model Training time (h) Single-event inference
latency (ms)

Model parameter
count (M)

GPU memory usage
(GB)

Energy consumption
(J/inference)

Multimodal Transformer + T-GAT 98.60 420.77 315.22 25.40 72.15
Multimodal Transformer + GAT 128.45 512.37 412.58 31.24 95.27
Multimodal Transformer + GCN 114.30 482.12 389.41 29.10 88.66
VisualBERT + GAT 106.75 460.05 387.05 27.85 84.33
LXMERT + GAT 103.25 435.90 328.49 26.05 75.82
BiLSTM + GAT 36.55 210.12 12.78 4.95 15.30
T-GAT 52.80 230.44 25.34 6.20 18.90
GraphSAGE 60.10 250.67 45.67 8.40 22.45

In Table 2, the multimodal Transformer + T-GAT has
a training time of 98.60 hours, a single-event inference
latency of 420.77 ms, a model parameter count of 315.22M,
a GPU memory usage of 25.40 GB, and an energy con-
sumption of 72.15 J/inference. Compared with other mul-
timodal combinations such as the multimodal Transformer
+ GAT (training time of 128.45 hours, inference latency
of 512.37 ms, a parameter count of 412.58M, a GPU
memory usage of 31.24 GB, and an energy consumption
of 95.27 J/inference), it shows better training and inference
efficiency while reducing memory and energy consumption.
Compared to lightweight models such as BiLSTM + GAT
(training time 36.55 hours, inference latency 210.12 mil-
liseconds, parameter count 12.78MB, GPU memory 4.95
GB, energy consumption 15.30 J/inference) and T-GAT
(training time 52.80 hours, latency 230.44 milliseconds,
parameter count 25.34MB, GPU memory 6.20 GB, energy
consumption 18.90 J/inference), the combination of the
Multimodal Transformer and T-GAT, while more resource-
intensive, demonstrates reasonable efficiency and affordable
computational overhead in a trade-off between improved
accuracy and traceability performance. Other multimodal
Transformer combinations, such as Multimodal Transformer
+ GCN, VisualBERT + GAT, and LXMERT + GAT, all indi-
cate that the proposed multimodal fusion model can reduce
training and inference costs while maintaining performance.

V. CONCLUSION
This paper constructs a hybrid framework that fuses a
multimodal Transformer with T-GAT, achieving cross-modal
alignment by encoding features for text, image, and au-
dio modalities separately and incorporating temporal and
platform information. Joint representation learning is then
performed using the multimodal Transformer, combined
with T-GAT for temporal propagation reasoning, enabling
event source location and propagation path reconstruction.

Experimental results demonstrate that this method
achieves a Top-1 provenance accuracy of 0.92, a 0.09
improvement over VisualBERT+GAT, and Top-3/Top-5 ac-
curacy of 0.94/0.98, respectively. The Path-IoU remains
at 0.66 even under edge weight perturbations, demonstrat-
ing strong robustness. However, this paper still has some
shortcomings. The audio and video modality features are
limited by the expressive power of the pre-trained model,
limiting its adaptability to low-quality data. Furthermore,

the propagation graph modeling relies primarily on explicit
side information, requiring further optimization to capture
potential implicit relationships. Future work can consider
applying more powerful large models and causal graph
modeling methods to enhance cross-modal evidence fusion
and interpretability.
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