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Abstract

Temporal Forgery Localization (TFL) aims to precisely iden-
tify manipulated segments in video and audio, offering strong
interpretability for security and forensics. While recent State
Space Models (SSMs) show promise in precise temporal rea-
soning, their use in TFL is hindered by ambiguous bound-
aries, sparse forgeries, and limited long-range modeling.
We propose DeformTrace, which enhances SSMs with de-
formable dynamics and relay mechanisms to address these
challenges. Specifically, Deformable Self-SSM (DS-SSM)
introduces dynamic receptive fields into SSMs for precise
temporal localization. To further enhance its capacity for tem-
poral reasoning and mitigate long-range decay, a Relay Token
Mechanism is integrated into DS-SSM. Besides, Deformable
Cross-SSM (DC-SSM) partitions the global state space into
query-specific subspaces, reducing non-forgery information
accumulation and boosting sensitivity to sparse forgeries.
These components are integrated into a hybrid architecture
that combines the global modeling of Transformers with the
efficiency of SSMs. Extensive experiments show that De-
formTrace achieves state-of-the-art performance with fewer
parameters, faster inference, and stronger robustness.

Introduction

The rapid development of generative Al has greatly ad-
vanced multimedia creation but also raised security concerns
due to the ease of producing realistic forgeries. Most ex-
isting work (Feng, Chen, and Owens 2023; Oorloff et al.
2024; Smeu et al. 2025) focuses on binary forgery detec-
tion, whereas Temporal Forgery Localization (TFL) pro-
vides finer interpretability by identifying manipulated seg-
ments.

Early TFL methods, such as BA-TFD (Cai et al. 2022) and
BA-TFD+ (Cai et al. 2023), rely on CNNs or multi-scale
transformers for frame-level classification, but suffer from
low precision and slow inference. Later models like UM-
MAFormer (Zhang et al. 2023) and DiMoDif (Koutlis and
Papadopoulos 2024) improve performance with pretrained
extractors and feature pyramids, yet remain computationally
heavy. Thus, developing a compact yet effective TFL archi-
tecture is imperative. TFL is conceptually related to tempo-
ral action detection (TAD), as both require precise boundary
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Figure 1: Overview of our main contributions (we take the
video sequence for illustration). (a) Vanilla SSM; (b) De-
formable Self-SSM with learnable temporal offsets for flex-
ible local sampling; (c) Visualization of hidden attention,
where relay tokens expand receptive fields and maintain
long-range dependencies; (d) Deformable Cross-SSM en-
ables cross-sequence interactions by allowing each query to-
ken to partition the global state space into subspaces.

localization in long sequences. Recent progress in TAD us-
ing state space models (SSMs) and query-based designs has
provided valuable insights for model design.

Recent advances in State Space Models (SSMs), espe-
cially Mamba (Gu and Dao 2024; Dao and Gu 2024),
demonstrate strong performance with lower complexity
and faster inference. Models such as MambalRv2 (Guo
et al. 2025) and ActionMamba (Chen et al. 2024) outper-
form baselines in tasks like segmentation and temporal ac-
tion detection, showing the potential of SSMs for dense,
temporally-aware prediction. However, SSM-based archi-
tectures have not been applied to TFL due to three main
challenges: Boundary ambiguity: Forgery boundaries are
often unclear, unlike the well-defined ones in TAD. Standard
SSMs use fixed state updates, causing temporal smooth-
ing that reduces localization precision; Sparse forgeries:
Most frames are non-forged, so SSMs’ recursive updates
are dominated by non-forgery patterns, weakening sensitiv-
ity to sparse forgeries; Limited long-sequence modeling:
Although efficient for long sequences, SSMs suffer from in-
formation decay over distance (Ye et al. 2025), limiting their



ability to capture long-range context.

To address boundary ambiguity, we propose Deformable
Self-SSM (DS-SSM), which, for the first time, integrates
a deformable dynamic receptive field mechanism into state
space models. Unlike deformable Mamba variants in the im-
age domain (Liu et al. 2025; Hu et al. 2024), our design
leverages inherent temporal continuity of video and audio,
thus omits operations such as patch splitting and token rank-
ing. Instead, DS-SSM predicts offsets at each time step to
dynamically sample input features, significantly reducing
computational overhead while preserving SSMs’ low com-
plexity. Figure 1(b) shows that, compared to vanilla SSM
(see Figure 1(a)), DS-SSM better captures semantically rel-
evant context beyond local fixed windows and improves ro-
bustness to ambiguous temporal boundaries.

Meanwhile, we introduce a Relay Token Mechanism into
the DS-SSM to maintain long-range information flow, in-
spired by relay nodes in wireless communication. As shown
in Figure 1(c), which compares the hidden attention of
vanilla SSM and our variant with relay tokens (visualized
following (Ali, Zimerman, and Wolf 2025)), these period-
ically inserted learnable tokens effectively expands the re-
ceptive field and mitigates the long-range decay problem.

We further propose the Deformable Cross-SSM (DC-
SSM), which introduces cross-sequence interactions into
deformable state space modeling to tackle sparse forg-
eries. As shown in Figure 1(d), each auxiliary token, rep-
resenting a potential forgery, serves as a query to re-
trieve forgery-relevant information from the main stream se-
quence. This mechanism partitions the global state space
into query-specific subspaces, reducing non-forgery accu-
mulation and improving sensitivity to sparse forgeries. Like
cross-attention, DC-SSM enables explicit token-to-sequence
interactions for targeted retrieval. Finally, These compo-
nents are integrated into a hybrid TFL architecture combin-
ing Transformer attention with efficient state updates.

To sum up, the main contributions of this work are: (1) We
propose Deformable Self-SSM (DS-SSM), the first to intro-
duce dynamic receptive fields into temporal state space mod-
els, improving localization of ambiguous boundaries. (2) We
introduce a Relay Token mechanism that explicitly mitigates
the long-range decay of SSMs, which is a key limitation in
prior state-space models. (3) We propose Deformable Cross-
SSM (DC-SSM), the first to incorporate cross-sequence in-
teractions into state space modeling, enhancing sensitivity
to sparse forgeries. (4) We integrate these components into a
unified hybrid TFL architecture that combines the strengths
of Transformers and SSMs. Extensive experiments on stan-
dard benchmarks demonstrate state-of-the-art performance
with lower model size and faster inference.

Related Work
State Space Model Applications

State Space Models (SSMs) provide an efficient approach to
sequence modeling. Mamba (Gu and Dao 2024; Dao and Gu
2024) builds on this by introducing a selective mechanism
that enables long-sequence modeling with linear complexity.
Mamba has inspired a growing number of variants in vision
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tasks, focusing on scalability, efficiency, and local-global
modeling (Zhu et al. 2024; Liu et al. 2024b; Pei, Huang,
and Xu 2025; Patro and Agneeswaran 2024; Hatamizadeh
and Kautz 2025). Meanwhile, deformable variants (Liu et al.
2025; Hu et al. 2024) incorporate deformable scanning
to handle irregular patterns but they are restricted to uni-
sequence modeling. Moreover, both Mamba and its variants
suffer from long-range decay. LongMamba (Ye et al. 2025)
attempts to solve this using channel classification and token
filtering, but its reliance on fixed thresholds limits adaptabil-

1ty.

Temporal Action Detection

Temporal Action Detection (TAD) aims to detect and lo-
calize actions in untrimmed videos. Early anchor-based
methods (Bai et al. 2020; Lin et al. 2018, 2019; Long
et al. 2019) struggle with varying action lengths due to
fixed anchors. Anchor-free methods (Cheng and Bertasius
2022; Lin et al. 2021; Zhang, Wu, and Li 2022) improve
flexibility via center-based or asymmetric designs. Query-
based approaches like TadTR (Liu et al. 2022) and TE-
TAD (Kim et al. 2024), inspired by DETR (Carion et al.
2020), treat TAL as set prediction, removing anchors and
post-processing (Tan et al. 2021). Recently, Mamba-based
architectures (Chen et al. 2024; Liu et al. 2024a; Wang et al.
2025) have been introduced to TAD, enhancing temporal
modeling.

Temporal Forgery Localization

Temporal Forgery Localization (TFL) aims to identify
forged segments in videos, requiring fine-grained temporal
modeling. While most research focuses on video-level de-
tection (Zhou and Lim 2021; Yang et al. 2023; Yu et al.
2023), TFL remains underexplored. Recent datasets such as
Lav-DF (Cai et al. 2023) and AV-DeepfakelM (Cai et al.
2024) have started to drive progress in this direction. BA-
TFD (Cai et al. 2022) introduced contrastive loss for frame-
level classification, followed by BA-TFD+ (Cai et al. 2023)
with multi-scale Transformers. UMMAFormer (Zhang et al.
2023), DiMoDif (Koutlis and Papadopoulos 2024), MFMS
(Zhang et al. 2024), and CLFormer (Cheng et al. 2025) im-
proved accuracy via attention and feature pyramids. Vigo
(Pérez-Vieites et al. 2024) employs an IoU-based fusion
strategy, while TransHFC (Huang et al. 2025) integrates hy-
pergraph learning and Transformers. Zhu et al. (Zhu et al.
2025)proposed a query-based audio-visual framework for
efficient end-to-end temporal localization.

The Proposed Method
Overall Architecture

Given a dataset of untrimmed talking face videos, each sam-
ple z = {zY,2%} contains temporally aligned video and
audio streams. However, parts of x may be manipulated
in either modality. The goal of DeformTrace is to localize
forgery segments A = {(¢;, dq;)}ﬁv:fl, where ¢; and d; rep-
resent the center timestamp and duration of the i-th forgery,
respectively. Here, Ny denotes the total number of forgeries.
Additionally, it predicts a binary authenticity label y.
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Figure 2: Illustration of the overall scheme of DeformTrace. Built on TadTR (Liu et al. 2022), DeformTrace integrates a
multi-scale audio-visual feature extraction module, a deformable encoder for temporal modeling, and a deformable decoder
for forgery localization and video-level classification. By incorporating deformable self- and cross-SSM modules, it combines
Mamba’s efficient state updates with Transformer’s global modeling. Relay tokens with enhanced and cooperation losses help
preserve long-range information dependencies during self-scanning.

Feature Extraction. As illustrated in Figure 2, De-
formTrace adopts a query-based architecture based on
TadTR (Liu et al. 2022). The video ¥ € RT*H#*WxCo gpngd
the mel spectrogram 2@ € RT>*Nuat are processed by frozen,
pretrained visual and audio backbones to extract classifi-
cation tokens {c”,¢®} and feature sequences {hZ, h&} N1 |
where both the classification and feature tokens have a di-
mensionality of C. Here, T" and N; represent the number
of input frames and extracted tokens of the first scale. To
preserve temporal resolution for fine-grained localization,
we set T N;. These sequences are concatenated and
linearly projected to form fused features F'!, further pro-
cessed by (L —1) 2xdownsampling layers to obtain features
F = {F'}L_,, capturing multi-scale temporal context.

Encoder The encoder receives flattened features
{ fn}n 1» where n denotes the feature index of each scale
and NN, Ny /20710 1,2,---, L, then the encoder
outputs a context-enhanced sequence X . As shown in Fig-
ure 2, it comprises a Deformable Self-SSM, a Deformable
Self-Attention (DSA) (Liu et al. 2022), and a Feed-Forward
Network (FFN). The DSA adaptively attends to sparse
temporal locations around a reference point, while the FFN
adds nonlinearity and further refines features.

Decoder. Visual and audio classification tokens are fused

via an MLP into a global multimodal feature, which is re-
peated NN, times to form initial queries Q0 = {qJQ};yqu,
providing coarse alignment with ground-truth and aiding
convergence (Kim et al. 2024). Initial proposals .A°
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{(t(]), d(])) 1, representing center and duration of segments,
are generated from fused features via MLP. The decoder has
M layers, each containing Deformable Cross-SSM, Multi-
Head Self-Attention (MHSA), Deformable Cross-Attention
(DCA) (Liu et al. 2022), and FFN. MHSA models inter-
query relations using anchor-based positional embeddings,
while DCA allows each query to attend to relevant audio-
visual context. The DCA output is passed through the FFN
to update queries and then through an MLP to predict offsets
At, Ad for proposal refinement. The final proposals AM are
used as predicted forgery segments, and the final queries
Q™M are passed through an MLP classifier to produce the
video-level forgery score 4.

Deformable Self-SSM

The Deformable Self-SSM (DS-SSM) module comprises
three components: Deformable Self-Scanning, Forward-
Backward SSM (FB SSM) (Wang et al. 2023), and a Feed-
Forward Network (FFN). Deformable Self-Scanning en-
ables each token to flexibly sample semantically relevant
positions beyond local windows. FB SSM performs bidi-
rectional state-space propagation on the sampled sequence,
capturing contextual information from both past and future.
For the n-th feature in the [-th layer of the multi-scale
feature .7-" denoted f, we compute a normalized reference
location pl, to align with the temporal axis of the video:

w271 (n 4 0.5)
fps - d ’

I _
n =

(D



where fps denotes frames per second (default 25), w is the
stride that indicates how many frames to step when extract-
ing features, and d is the video duration in seconds. The nu-
merator above estimates the temporal center of f% in terms
of frame index, converts it to seconds by dividing by fps,
and normalizes the result by d, yielding a value in (0, 1]. We
pre-compute these temporal reference points to accelerate
the sampling process.

Given a feature f! and its temporal reference point pl,, we
predict an offset matrix 0 € RY*Ns via a multi-layer per-
ceptron (MLP), where NN, is the number of offsets per scale.
For each feature, multiple offsets are predicted across scales,
enhancing the flexibility and diversity of sampling. pl, is re-
peated and added element-wise with o to obtain deformable
points p. A bilinear interpolation function ¢(-,-) extracts
features at positions p from multi-scale feature {F'}L |,
which are then aggregated via another MLP to produce the

output feature f,ll The process is formulated as:

o=MLP,(f}),
p= Repeat(pln) + o,
fl = MLP, (¢ (p, {F'}-,)) -

@)

Relay Token Mechanism

Long-range decay is an inherent limitation of SSMs. Token
interactions rely on the control matrix power A% where k is
the pairwise distance (Gu and Dao 2024; Dao and Gu 2024).
Since A contains values less than 1, interactions decay ex-
ponentially with distance. For instance, in DS-SSM, seman-
tically aligned tokens f{ and f{* are separated by k ~ 2N,
(with N7 > 100 in datasets like AV-DeepfakelM and LAV-
DF), resulting in negligible interaction and limited receptive
fields (see Figure 1(d)).

To address this, we draw inspiration from communication
systems, where relay nodes mitigate long-distance signal at-
tenuation. We propose a Relay Token Mechanism: learnable
global tokens {r;} 7, are evenly inserted into the input se-
quence before state-space updates. These input-independent
tokens partition the sequence into NV, + 1 subspaces. Within
each subspace, local states efficiently pass information to the
relay token, which then broadcasts the aggregated message
to other subspaces. This forms a sparse sequence-to-token
information flow across the sequence. Figure 1(d) shows at-
tention maps illustrating receptive field expansion and infor-
mation relay via the relay tokens.

Deformable Cross-SSM

The Deformable Cross-SSM (DC-SSM) module comprises
three components. The FB-SSM captures temporal de-
pendencies around each query, while Deformable Cross-
Scanning allows each query to dynamically attend to se-
mantically relevant audio-visual features from the encoder,
thereby enhancing the localization of forged regions. An
FFN further refines the resulting features.

In Deformable Cross-Scanning, for the m-th layer of the
decoder, each query ¢ € Q™ uses its anchor proposal
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(t7',d7") as a reference. A MLP predicts a multi-scale off-
set o € REXNs and the deformable points are computed as
pjt=1t7"+ox dm /2. A bilinear interpolation function sam-
ples features at p;” from the encoder output X g, producing a
feature tensor of shape L x N, x C'. This tensor is flattened
and concatenated with a learnable empty token, forming a
sequence of length (L x Ng + 1) x C. The sequence is then
passed through a forward state space update. Owing to the
aggregation behavior of SSMs, only the final token, the ap-
pended one, is retained as the output feature (j;-”.

Losses and Optimization

In Relay Token Mechanism, we introduce two auxiliary
losses: enhance loss and cooperation loss. The former en-
courages each relay token to better aggregate information
from its neighboring sequence segments, while the latter
promotes effective collaboration among relay tokens.

Enhance loss. For the k-th relay token r;, we compute
the average representation f, Y of its neighboring non-relay
subsequences (excluding other relay tokens). The enhance
loss is then defined as:

N,
1 - av
[fenh = _FT ;COS (rkafk g) ) (3)

Cooperation loss. To promote diversity and reduce re-
dundancy among relay tokens, we introduce the Coopera-
tion Loss, which minimizes the mutual information (MI) be-
tween different relay tokens. This can be approximated by
encouraging the similarity matrix G of relay tokens to ap-
proach a scaled identity matrix:

Leoop = minZI(ri;rj),
i<j
“4)
~ |G —AI| ZG Jrszk* ;

i#]

where ~ is a hyperparameter controlling the target self-
similarity, we set it to 1.

Task-aware loss. Following DETR (Carion et al. 2020),
we adopt the standard Hungarian Matching loss Lmatch,
which includes classification loss L. and regression loss
Lyeg. It is defined as:

Lonaien(AM | A) = Z S L (A A,

i=1 ue{ce,reg}

&)

where 7 denotes the optimal permutation from Hungar-
ian Matching, A A denote the predicted and ground-
truth segments, respectively. Besides, we apply a video-level
cross-entropy loss between the predicted label ¢ and ground
truth y, denoted as L.

Overall, the training loss is a weighted combination of
four components:

L= »Cmatch + »Ccls + A1 ﬁenh + A2+ ['coop' (6)

where \; and )\, are hyperparameters controlling the contri-
butions of the enhance and cooperation losses, respectively.



. mAP(%) mAR(%)
Type Method Venue  Modality —55—575—595 Ay 100 50 20 10 Avg
Anchor- BMN ICCV’19 V240 7.60 0.10 106 533 412 31.6 269 383
based BMN(I3D) ICCV’19 V 106 1.70 0.00 4.10 485 444 37. 31.6 404
AGT Arxiv'21 V179 940 0.10 9.10 432 342 246 167 29.7
ActionFormer ~ ECCV’22 V953 902 237 69.7 884 89.6 903 904 89.7
TriDet CVPR’23 V 963 868 23.6 689 91.0 904 90.0 88.7 90.0
MDS MM’20 AV 128 1.60 0.00 480 379 367 344 322 353
Anchor- AVFusion Arxivi2l AV 654 239 0.0 298 63.0 593 548 52.1 573
free BA-TFD DICTA22 AV 769 385 030 386 669 641 60.8 584 62.5
BA-TFD+ CVIU23 AV 963 850 440 619 81.6 805 794 788 79.8
UMMAFormer MM’23 AV 988 955 37.6 773 924 925 925 92.1 92.3
ELF-MDC TCSVT'24 AV 949 749 190 572 761 742 722 712 734
DiMoDif Arxiv'i2d AV 955 879 206 67.8 942 937 927 914 919
TadTR TIP'22 V802 61.1 520 488 729 725 7056 692 712
Query- TE-TAD CVPR’24 V857 649 7.13 526 792 786 784 762 719
based  FullFormer (Ours) - AV 946 857 294 699 884 884 869 855 873
DeformTrace (Ours) - AV 97.1 90.7 381 753 933 93.1 928 923 929

Table 1: Temporal forgery localization results on LAV-DF (Cai et al. 2023) benchmark. The modality denotes the input type: V
for visual, A for audio and AV for both. The best results are bolded, and second-best underlined.

Experiments
Experiment Setup

Datasets and Evaluation Metrics. We conduct experi-
ments on two audio-visual deepfake datasets: LAV-DF (Cai
et al. 2023) and AV-DeepfakelM (Cai et al. 2024).
LAV-DF contains 78K/31K/26K train/val/test samples. AV-
DeepfakelM is a larger and more challenging bench-
mark with 746K/57K/343K samples and finer-grained forg-
eries, posing greater difficulty for TFL models. Follow-
ing standard practice, we report mean Average Precision
(mAP) at ToU thresholds {0.5,0.75,0.9,0.95}, and mean
Average Recall (mAR) at different numbers of propos-
als {5, 10, 20, 30, 50, 100}. Additionally, we evaluate video-
level detection on AV-DeepfakelM using Area Under the
Curve (AUC) as the metric. We compare model parameters
and computational cost on a single RTX 3090 GPU, eval-
uating all methods on the full LAV-DF test set (avg. video
length: 8.6 s) with total/trainable parameters, FLOPs, and
inference time.

Implementation Details. We adopt Raven’s visual and
audio encoders (Haliassos et al. 2023) for feature extrac-
tion, due to their strong performance on diverse downstream
tasks. Specifically, we use the base model pretrained on Vox-
Celeb2 (Chung, Nagrani, and Zisserman 2018) and LRS3
(Afouras, Chung, and Zisserman 2018). Videos are sam-
pled at 25 fps and audio at 16 kHz. Visual frames are re-
sized to 224 x 224 pixels, and audio is converted into 80-bin
mel-spectrograms using a 40 ms Hamming window with a
40 ms hop size. Each input spans 8 seconds, resulting in
T = N; = 200 frames and C' = 256 dimensions after en-
coding. We adopt L = 6 feature levels via 1D convolution
with kernel size 3, and use M = 3 decoder layers. In each
deformable self-/cross-SSM layer, we sample N = 6 points
per scale. We set the number of query and relay tokens to
N, = 60 and N, = 8, respectively. The total loss combines
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two terms weighted by A\; = 0.5 and Ay = 0.2. We train for
30 epochs on AV-DeepfakelM and 100 epochs on LAV-DF
with a batch size of 32, using AdamW (Loshchilov and Hut-
ter 2019) and a cosine scheduler with 5-epoch warm-up. The
learning rate is set to 2e-4. All experiments are conducted on
eight NVIDIA RTX 3090 GPUs.

Comparison Methods. For the temporal forgery localiza-
tion task, our baseline systems include three publicly avail-
able audio-visual TFL methods: BA-TFD (Cai et al. 2022),
BA-TFD+ (Cai et al. 2023), and UMMAFormer (Zhang
et al. 2023). In addition, we construct a baseline by replacing
all SSMs in DeformTrace with Transformer blocks, referred
to as FullFormer, for comparison. To enable a comprehen-
sive comparison, we also report results on the LAV-DF and
AV-Deepfake | M benchmarks.

Comparison with State-of-the-arts

TFL results. Tables 1 and 2 compare our method with
state-of-the-art TFL approaches on LAV-DF and AV-
Deepfake1M. On both datasets, our method outperforms the
pure Transformer baseline by over 7% in mAP and mAR,
highlighting the effectiveness of SSMs and our proposed
modules. On LAV-DEF, it achieves top results on mAP@0.95
and mAP@{20, 10, Avg.}, and ranks second on the re-
maining metrics, demonstrating robustness across evalua-
tion criteria. On AV-DeepfakelM, leading models like UM-
MAFormer and BA-TFD+ suffer performance drops due
to greater data diversity and shorter segments. In con-
trast, our method consistently delivers state-of-the-art re-
sults, outperforming all existing approaches across all met-
rics with significant margins. Specifically, DeformTrace sur-
passes the second-best model, DiMoDif, by 5.1%, 2.7%,
2.5%, and 4.15% in mAP@{0.5, 0.75, 0.9, 0.95}, respec-
tively—yielding an average improvement of 3.6%. In terms
of mAR under 50, 30, 20, 10, and 5 proposals, Deform-



mMAP(%)

MAR(%)

Type Method Venue  Modality —5s—525—G9"095 avg. 50 30 20 10 5 Avg
Mesod WIFS'18 ¥V 9.86 605 222 059 468 389 389 388 365 269 36.0

Mesolnceptiond WIFS'IS V850 5.16 1.89 050 401 393 392 39.0 358 246 356

EfficientViT ICIAP22 V147 242 013 001 432 27.1 27.0 264 239 203 24.9
TriDet+VideoMAEv2 ~ CVPR'23 V217 583 0.54 006 7.03 203 202 20.1 19.5 182 19.7

Anchor. | TriDettlntemVideo  CVPR23 V297 902 079 009 989 241 241 240 235 226 236
"hOC ActionFormer+VideoMAEv2 ECCV'22 V' 202 573 057 007 665 200 199 198 191 178 193
ActionFormer+InternVideo ECCV’22 % 36.1 12.0 123 0.16 124 27.1 27.1 27.0 26.6 258 26.7
BA-TFD DICTA22 AV 374 063 019 002 110 456 404 360 307 268 35.9

BA-TFD+ CVIU23 AV 444 136 048 003 146 489 445 404 347 299 397

UMMAFormer MM23 AV 516 28.1 7.65 158 222 441 439 435 42.1 403 42.8

DiMoDif Arxiv’'24 AV 869 76.0 28.7 543 493 816 809 80.3 78.8 76.6 79.6

Ouery- TadTR TIP'22 YV 605 338 512 120 252 57.6 558 542 512 500 538
duery TE-TAD CVPR'24 V714 544 113 231 349 668 647 640 61.4 599 63.3
FullFormer (Ours) - AV 773 579 222 412 404 708 675 66.8 658 63.0 668
DeformTrace (Ours) - AV 920 787 312 958 529 862 84.2 814 79.0 78.0 8.8

Table 2: Temporal forgery localization results on AV-DeepfakelM (Cai et al. 2024) benchmark. The modality denotes the input
type: V for visual, A for audio and AV for both. The best results are bolded, and second-best underlined.

Method Total[M] Train[M] FLOPs[G] Time[ms]
BA-TFD 5.5 5.5 948.1 605
BA-TFD+ 152.9 152.9 218.2 681
UMMAFormer 165.9 49.72 1563.9 857
FullFormer (Ours) 116.7 19.2 233.7 126
DeformTrace (Ours) 118.3 20.8 212.4 104

Table 3: Model size and computation comparison of 4
TFL methods. Total, Train, and Time denote total parame-

ters, trainable parameters, and per-video inference time.

Trace achieves gains of 4.6%, 3.3%, 1.1%, and 1.4%, av-
eraging a 2.2% improvement over DiMoDif. These results
clearly demonstrate the model’s strength in precisely local-
izing fine-grained forgery segments, even under challenging
conditions.

Efficiency results. We compare the model size and com-
putational cost of audio-visual TFL methods, reporting both
total and trainable parameters to consider differences in fea-
ture extractors. Computation cost and inference time in-
cludes feature extraction. As shown in Table 3, our model is
more efficient and lightweight: it reduces trainable param-
eters by 28.92M and 132.1M compared to UMMAFormer
and BA-TFD+, and achieves the lowest GFLOPs—6.4x
less than UMMAFormer. It also runs 7.3 x faster than UM-
MAFormer and 5.8 faster than BA-TFD and BA-TFD+.
Compared to our Baseline, DeformTrace slightly increases
parameter count but significantly reduces computation and
inference time. This efficiency benefits from the query-based
architecture (fully end-to-end without post-processing) and
the linear complexity of SSMs. The model’s computational
cost is mainly concentrated in the sequence processing mod-
ules, where the linear-complexity SSMs account for approx-
imately a 4:1 cost ratio between DS-SSM and DC-SSM,
while the lightweight MLP-based offset prediction has a
negligible contribution. Overall, DeformTrace offers a better
trade-off between performance and efficiency.
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# DS-SSM DC-SSM | Leah  Leoop | mMAP - mAR  AUC
Vanilla SSM
1 X X [ X X [412 687 903
Deformable SSM
2 v X X X 444 732 957
3 X v X X 478 757 973
4 v v X X 498 782 98.1
Relay Token Mechanism
5 e v v/ X 514 792 983
6 v v X v 51.7 789 98.5
7 v v v v 529 81.8 99.2

Table 4: Ablation study results on AV-Deepfake M.

Ablation Study

Ablation studies on DeformTrace. To assess each compo-
nent’s impact, we conduct ablations on the AV-Deepfake M
full test set, as shown in Table 4. Compared to the base-
line (Line 1) that replaces all Deformable SSMs with vanilla
SSMs and removes relay losses, DeformTrace (Line 7) im-
proves mAP by 28.4%, mAR by 19.1%, and AUC by 9.9%,
highlighting the effectiveness of all modules. Specifically,
Lines 2 and 3 show that both DS-SSM and DC-SSM en-
hance performance, with DC-SSM providing larger gains
due to: 1) without relay tokens, DS-SSM suffers more from
long-range decay, and 2) DC-SSM enhances query—feature
sequence interaction over vanilla SSM, which is crucial
for proposal refinement. Line 4 shows that combining both
modules boosts performance further. Comparing Line 4 with
Lines 5-6 indicates that each relay loss brings moderate
gains, while using both (Line 7) yields the best results, sur-
passing Line 4 by 3.1% mAP, 3.6% mAR, and 1.1% AUC.
Ablation studies on hyperparameters. We conduct an
ablation study on the number of relay tokens V,, using the
AV-Deepfakel1M full test set with an average video duration
of 9 seconds. As shown in Figure 4(a), when N, = 1 or
2, performance is comparable to or worse than the baseline
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Figure 3: Robustness evaluation under various compression and degradation scenarios. The experiments include 6 visual dis-
tortions (Block-wise, Color Contrast, Gaussian Noise (video), Gaussian Blur, JPEG Compression and Video Compression) and
4 audio distortions (Gaussian Noise (audio), Reverberation, Pitch Shift and Audio Compression). In the figure, colors denote
methods; solid lines show mAP across intensities, dashed lines show mAP on clean videos. DeformTrace achieves the highest
mAP on clean videos and demonstrates strong robustness across various distortion scenarios.
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Figure 4: (a) Ablation study on the number of relay tokens
(avg. video length: 9s). (b) Performance vs. video duration.

without relay tokens, as each sub-state space still contains
too many tokens to alleviate long-range decay. As N, in-
creases, mAP improves significantly, peaking at N, = 8§,
where token distribution per subspace aligns well with de-
coder queries IV,. Beyond this, further increasing NV, leads
to performance drop due to over-segmentation, which im-
pedes global information flow and raises complexity.

Performance vs. Video Duration. We select seven spe-
cific durations ranging from 5 to 35 seconds and construct
sub-datasets by sampling 1,000 videos closest to each tar-
get duration from AV-DeepfakelM. This setup allows us to
systematically examine how model performance varies with
sequence length. As shown in Figure 4(b), model with re-
lay tokens outperform its counterparts as duration increases,
demonstrating a stronger capacity to capture long-range de-
pendencies. In contrast, model without relay tokens shows
marginally better performance on short videos, but their per-
formance deteriorates rapidly on longer sequences. The re-
sults highlight the importance of relay tokens in maintaining
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robust temporal reasoning over time.

Robustness Study

To evaluate the robustness of our model, we sampled 2,500
videos (2000 from LAV-DF, 500 from AV-Deepfake M) and
applied 10 common transmission perturbations (6 visual,
4 audio) at 5 intensity levels each, yielding 125,000 de-
graded videos. We tested our model alongside three audio-
visual TFL methods, comparing performance using mAP.
As shown in Figure 3, DeformTrace achieves the highest
mAP on clean videos and exhibits strong robustness against
Color Contrast, Gaussian Blur, Pitch Shift and three com-
pression types. While performance decreases at high inten-
sities for other distortions, our approach consistently outper-
forms baselines, demonstrating superior robustness.

Conclusion and Discussion

We propose DeformTrace, a novel TFL framework that inte-
grates State Space Models (SSMs) for a better performance-
efficiency trade-off. It includes a Deformable Self-SSM
(DS-SSM) with dynamic receptive fields for precise bound-
ary localization, a Deformable Cross-SSM (DC-SSM) for
modeling cross-sequence interactions in sparse forgeries,
and a Relay Token Mechanism to mitigate long-range infor-
mation decay. By combining the global modeling of Trans-
formers with the efficiency of SSMs, DeformTrace achieves
precise localization with significantly faster inference, ex-
ceeding previous methods in both precision and robustness.

While DC-SSM is used in our work solely for modeling
between forgery queries and features, it can generalize to
any two independent sequences such as audio and video for
audio-visual correspondence learning, enabling broader ap-
plications beyond temporal forgery localization.
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