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Abstract: Temporal attention mechanisms are essential for video action recognition, enabling models to focus
on semantically informative moments. However, these models frequently exhibit temporal infidelity—misaligned
attention weights caused by limited training diversity and the absence of fine-grained temporal supervision. While
video-level labels provide coarse-grained action guidance, the lack of detailed constraints allows attention noise
to persist, especially in complex scenarios with distracting spatial elements. To address this issue, we propose
temporal fidelity enhancement (TFE), a competitive learning paradigm based on the disentangled information
bottleneck (DisenIB) theory. TFE mitigates temporal infidelity by decoupling action-relevant semantics from spurious
correlations through adversarial feature disentanglement. Using pre-trained representations for initialization, TFE
establishes an adversarial process in which segments with elevated temporal attention compete against contexts with
diminished action relevance. This mechanism ensures temporal consistency and enhances the fidelity of attention
patterns without requiring explicit fine-grained supervision. Extensive studies on UCF101, HMDB-51, and Charades
benchmarks validate the effectiveness of our method, with significant improvements in action recognition accuracy.
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1 Introduction

Learning paradigms based on physical systems
and neural mechanisms have advanced video-based
action recognition by enhancing temporal depen-
dency modeling and discriminative motion pattern
extraction (Jiao LC et al., 2024, 2025). While tra-
ditional three-dimensional (3D) convolutional net-
works and two-stream architectures (Liu ZY et al.,
2021; Liu Y et al., 2024) have established the
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foundation for temporal modeling, their reliance on
predefined hierarchies limits the adaptability to long-
term dynamics. Multi-scale temporal dependency
methods (Yu et al., 2020; Zhou JM et al., 2021; Zhang
et al., 2025) partially alleviate this, but remain con-
strained by fixed parameterization. This has driven
the use of temporal attention mechanisms, which dy-
namically prioritize critical temporal segments and
improve motion feature extraction (Wu CY et al.,
2022; Jiao JY et al., 2023; Yamazaki et al., 2023;
Gao et al., 2024; Zhou JM et al., 2024).

However, these attention-based models for video
action recognition (Mondal et al., 2023; Wang H
et al., 2024; Wu WH et al., 2024) primarily depend
on video-level supervision, providing only coarse-
grained supervision despite the inherent fine-grained
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temporal variations in action videos (e.g., eating
speed differences or utensil usage patterns). This
discrepancy causes temporal infidelity (Liang et al.,
2020; Aghaeipoor et al., 2023)—a misalignment be-
tween attention distributions and action-relevant
temporal segments. For instance, as shown in Fig. 1,
for actions such as “eating a sandwich,” a model may
mistakenly pay significant attention to adjacent seg-
ments that are irrelevant while overlooking key dis-
criminative moments in unseen scenarios. This lim-
itation arises from the training paradigm which de-
pends solely on coarse video-level supervision, and
fails to capture the fine-grained temporal dynam-
ics intrinsic to action semantics. Although fine-
grained annotations could get alleviated, their acqui-
sition is prohibitively labor-intensive and resource-
consuming.

To address this challenge, we propose a novel
temporal fidelity enhancement (TFE) framework
based on the disentangled information bottleneck
(DisenIB) theory (Pan et al., 2021). TFE explic-
itly optimizes temporal attention fidelity by decou-
pling the latent video embedding into the action-
relevant and semantically redundant components.
Unlike conventional attention refinement methods,
TFE resolves infidelity through adversarial disentan-
glement, which maximizes the sufficiency of critical

temporal features while suppressing spurious corre-
lations from noisy contexts. The framework first
encodes video segments into temporally discrimina-
tive embeddings using pre-trained models, followed
by an adversarial process to approximate the Dis-
enIB objective. A disentangler separates embed-
dings into temporal fidelity-preserving and fidelity-
deviating ones, while dual approximators compete
to retain action-relevant semantics and discard re-
dundant patterns. This mechanism circumvents
the combinatorial complexity of direct optimization,
allowing for robust temporal attention alignment
without requiring fine-grained supervision. The
main contributions of this paper are summarized as
follows:

1. We introduce TFE, a novel framework based
on the DisenIB theory that explicitly optimizes
temporal attention fidelity by disentangling action-
relevant semantics from redundant information.

2. We propose an adversarial disentanglement
mechanism that approximates the DisenIB-based
objective, enabling effective suppression of spu-
rious correlations without requiring fine-grained
supervision.

3. Our method achieves outstanding perfor-
mances on benchmark datasets, including Charades,
UCF101, and HMDB-51.
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Fig. 1 Temporal attention distribution computed by BIKE ViT-L/14 (Wu WH et al., 2023) on training and
testing samples with similar actions. (a) Training sample: the model allocates high attention to adjacent
segments related to the action “eating a sandwich.” The whole action is that a person puts a phone onto a
shelf, picks up a sandwich, and begins eating it. (b) Testing sample: the model also gives significant attention
to adjacent segments, but those including the action “eating a sandwich” receive low attention. The whole
action is that a person is standing in front of the pantry smiling and eating a sandwich, while the television is
on. In (a) and (b), the first row shows the video segments, and the second row depicts the attention weights,
with white indicating higher values and black indicating lower values. Green boxes highlight essential segments
based on human cognitive experience, while red boxes indicate non-essential segments. References to color
refer to the online version of this figure
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2 Related works

Video recognition, unlike image recognition, re-
quires understanding of the temporal evolution of
objects. The most common methods use convolu-
tional networks, with many adopting the 3D con-
volutional neural network (CNN) for action recog-
nition (Carreira and Zisserman, 2017; Tran et al.,
2018; Xie et al., 2018). Although advanced 3D
CNN-based methods have shown promising results
on short-term action benchmarks (Kuehne et al.,
2011; Soomro et al., 2012), including CF-IIH (Liu
Y et al., 2024) with counterfactual reasoning and
KCMM (Liu Y et al., 2025) with knowledge-driven
composition modulation, robust long-term depen-
dency modeling remains crucial for real-world ap-
plications (Girdhar et al., 2017; Sigurdsson et al.,
2017; Zhou BL et al., 2018; Feichtenhofer et al., 2019;
Feichtenhofer, 2020). CSVR (Zhang et al., 2025)
enhances dynamic–static feature learning through
generative–discriminative synergy, but still shares
this limitation. Long-term video recognition (Sig-
urdsson et al., 2016) requires identifying long-term
actions or their subactions (Yu et al., 2020; Zhou JM
et al., 2021). Timeception (Hussein et al., 2019a),
TRN (Zhou BL et al., 2018), VideoGraph (Hussein
et al., 2019b), RhyRNN (Yu et al., 2020), and GHRM
(Zhou JM et al., 2021) are methods for addressing
long-term dynamics, but they are limited by prede-
termined patterns.

Recently, Vision Transformer models (Vaswani
et al., 2017; Fan et al., 2021) and derivatives (Jiao
JY et al., 2023; Yamazaki et al., 2023; Gao et al.,
2024) have gained attention for their adaptability
across video scales. UGPT (Guo et al., 2022) uses
self-attention for long-term action dynamics. Wang
R et al. (2023) used masked video distillation. Twin-
Former (Zhou JM et al., 2024) models fine-to-coarse
temporal structures, and MSQNet (Mondal et al.,
2023) introduces a multimodal semantic query mech-
anism. Large-scale pre-trained vision-language mod-
els including ViLT-CLIP (Wang H et al., 2024),
Text4Vis (Wu WH et al., 2024), and BIKE (Wu WH
et al., 2023) have significantly advanced video ac-
tion recognition through their respective novel cross-
modal interaction designs.

However, these attention-based methods largely
adhere to the information bottleneck (IB) princi-
ple (Tishby et al., 2000; Dimitrov and Miller, 2001)

for video embedding refinement. They use IB-based
paradigms (Srivastava et al., 2021; Chi et al., 2022;
Cen et al., 2023) to learn compressed yet predictive
representations by maximizing mutual information
between the video embeddings and target labels. Al-
though this paradigm makes efficient use of coarse-
grained (e.g., video-level) supervision, it remains in-
adequate in separating intra-class dynamic varia-
tions when fine-grained (e.g, segment-level) annota-
tions are unavailable, resulting in temporal infidelity.

Our TFE framework addresses temporal in-
fidelity by introducing a novel objective function
based on DisenIB (Pan et al., 2021), which resolves
temporal infidelity through two key innovations: (1)
self-supervised separation of embeddings into action-
relevant and redundant components using adversar-
ial optimization, directly targeting the root cause
of temporal attention misalignment; (2) dynamic
suppression of spurious correlations using compet-
ing approximators, outperforming conventional IB’s
passive compression. TFE achieves temporal fidelity
through feature-space purification rather than mere
attention redistribution, while maintaining the scal-
ability of coarse-grained supervision paradigms.

3 Method

TFE is a novel learning framework for video ac-
tion recognition. This section first reviews the gen-
eral objective function of temporal attention-based
models, followed by the formulation of a DisenIB-
based learning objective and its associated loss func-
tion, subsequently details the neural architecture de-
sign, and finally concludes with the complete learn-
ing scheme.

3.1 Objective function

3.1.1 Preliminaries

Temporal attention-based models (Guo et al.,
2022; Mondal et al., 2023; Wang R et al., 2023;
Zhou JM et al., 2024) generally comprise three core
components: a visual encoder, a temporal aggre-
gator, and an approximator. Given input video
segments, the encoder maps them to embeddings
x = {xt | xt ∈ R

1×d, t = 1, 2, . . . , T }, where d refers
to dimensionality, T is the sequence length, and R

is the set of real numbers. The aggregator com-
putes the temporal attention weights, and aggregates
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the embeddings into a video-level representation zS,
termed “salient embedding” for its focus on high-
attention segments. The approximator learns the
mapping from zS to the target action category dis-
tribution. This process emphasizes salient segments
while suppressing others; it inherently follows the IB
principle (Chen et al., 2018; Watson et al., 2024),
minimizing

L = I(x; zS)− I(zS;y), (1)

where L represents the objective function, y repre-
sents the action label, and I(·; ·) represents the mu-
tual information.

However, this formulation does not explicitly
differentiate action-relevant and action-irrelevant in-
formation. Due to substantial fine-grained temporal
variations in action videos, models relying on video-
level supervision often misallocate attention to re-
dundant segments, resulting in temporal infidelity.

3.1.2 Learning objective

TFE aims to explicitly disentangle video em-
beddings into two distinct semantic components: an
action-relevant embedding that preserves recogni-
tion fidelity, and an action-irrelevant counterpart
that reduces fidelity. This enables TFE to learn dis-
criminative features for action recognition that are
robust to intra-class temporal variations. Based on
the DisenIB (Pan et al., 2021) principle, TFE in-
troduces a novel objective function for learning the
disentanglement of action semantics and redundant
information. Let zN denote non-salient video em-
bedding that captures action-irrelevant information,
semantically complementary to zS. The DisenIB-
based objective function (LDIB) is formalized as
follows:

LDIB = −I(zS;y) + I(zN;y) + I(zS; zN). (2)

Theorem 1 The LDIB to be minimized is con-
sistent with the maximum compression.

Proof sketch: We first identify the global mini-
mum L∗

DIB = −H(y). Assuming LDIB−L∗
DIB < δ (δ

is a constant introduced by the existential quantifier
during the proof to represent a number greater than
0 that must exist), we derive H(y) − I(zS;y) < δ,
I(zN;y) < δ, and I(zS; zN) < δ. Given x = zS ∪zN,
it follows H(x) − I(x; zN,y) < 3δ. Using the
Markov chains zS ↔ x ↔ y, zN ↔ x ↔ y, and

zS ↔ x ↔ zN, we apply mutual information proper-
ties to show I(x;y) = H(y). By leveraging inequal-
ities and combining intermediate results, we derive
|I(x; zS) −H(y)| + |I(zS;y) −H(y)| < 25δ. Thus,
setting δ = ε/25 (ε is a constant introduced by the
universal quantifier during the proof to represent any
number greater than zero), we show that LDIB is
consistent on the maximum compression according
to Definition 1 in Pan et al. (2021). Detailed proof
is shown in the supplementary materials.

Theorem 1 shows that the LDIB adheres to the
maximum compression principle, which ensures that
the learned salient and non-salient video embeddings
play distinct roles to optimally balance information
preservation and compression, thereby preserving
recognition fidelity.

3.1.3 Training strategy

We propose Theorem 2 to derive an optimizable
training objective of Eq. (2).
Theorem 2 The global optimum for minimizing
LDIB satisfies

D∗ = argmin
D

E [− log p(y|zS) + log p(y|zN)] , (3)

where E(∗) is the mathematical expectation, D de-
notes the disentangler, and D∗ denotes the optimal
disentangler in Eq. (2) that divides input segment
embeddings x into zS and zN.

Proof sketch: We divide LDIB into two sec-
tions: L1 = −I(zS;y) + I(zN;y) and L2 =

I(zS; zN). First, we show that D∗ minimizes
L1 by showing E[− log p(y|zS) + log p(y|zN)] ≥
E[− log p(y|z∗

S) + log p(y|z∗
N)] for any pair (zS, zN),

leading to −I(zS;y) + I(zN;y) ≥ −I(z∗
S;y) +

I(z∗
N;y). Second, using a proof by contradiction, we

demonstrate that minimizing L1 also minimizes L2,
ensuring that the I(zS; zN) is minimized. Thus, D∗

provides the global optimum for minimizing LDIB.
Detailed proof can be found in the supplementary
materials.

Notably, the optimal solution D∗ is based on the
true conditional distributions p(y|zS) and p(y|zN),
which are analytically intractable, making direct op-
timization infeasible. Inspired by Liang et al. (2020),
TFE uses a self-adversarial training strategy to ap-
proximate D∗. Specifically, two approximators, the
salient approximator AS and the non-salient approx-
imator AN, estimate the variational distributions
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qS(y|zS) and qN(y|zN). An adversarial optimiza-
tion framework then alternates between maximizing
log qS(y|zS) and minimizing log qN(y|zN), driving D

to the optimal state. This strategy is formalized as
follows:

D∗ = argmin
D

E[−log qS(y|zS) + log qN(y|zN)],

(4)
(A∗

S, A
∗
N) = argmin

AS,AN

E[−log qS(y|zS)− log qN(y|zN)].

(5)

3.2 Network architecture

3.2.1 Overview

The TFE framework contains three compo-
nents: a visual encoder that extracts visual features
and contextual semantics from raw video segments,
resulting in segment embeddings, a disentangler that
divides them into salient and non-salient video em-
beddings, and a pair of approximators that process
respective embeddings using the training strategy
outlined in Section 3.1.

Fig. 2 shows our model architecture. First,
the visual encoder maps the input segment se-
quence to embeddings x = {xt | xt ∈ R

d, t =

1, 2, ..., T }, where T represents the sequence length.
Our design decouples the encoder from the subse-
quent disentangler–approximator modules, allowing
for seamless integration into state-of-the-art (SOTA)
methods by simply replacing their final layer with
our components.

Subsequently, the disentangler processes input
x to produce salient and non-salient video embed-
dings using H parallel temporal disentanglement
(TD) heads. Each head h generates semantically
distinct embeddings zh

S , z
h
N ∈ R

T×d. Concatenat-
ing all heads results in zS = [z1

S, z
2
S, . . . , z

H
S ] and

zN = [z1
N, z

2
N, . . . , z

H
N ]. Two feedforward networks

fDS and fDN are then merged to form the final
embeddings:

(z′
S, z

′
N) = D(x) = (fDS(zS) + x, fDN(zN) + x).

(6)
Finally, TFE incorporates two approximators:

AS and AN. AS predicts action labels based on
salient video embeddings, while AN predicts action
labels based on non-salient embeddings. In practice,
custom-designed networks can be simple fully con-
nected layers; when integrated into existing models,
the original approximator structure can be reused.
To compute the losses, these approximators use
salient embeddings z′

S and non-salient embeddings
z′

N as inputs and output action predictions:

LS = �(y, AS(z
′
S)), LN = �(y, AN(z

′
N)), (7)

where �(·, ·) represents the cross-entropy loss.
The detailed descriptions of the TD module

and learning scheme are elaborated in the following
subsections.

3.2.2 Temporal disentanglement module

TD divides segment embeddings into two dis-
tinct representations: salient video embedding which
preserves temporal fidelity for action recognition,
and non-salient embedding which encodes redundant
temporal contexts. As shown in Fig. 3, our module
implements this using a temporal attention mecha-
nism that disentangles input sequences into seman-
tically divergent embeddings.

The module accepts segment embeddings x

as input. It first computes a temporal atten-
tion mask m to probabilistically separate salient
and non-salient temporal segments during feature
transformation:

m = Gumbel-softmax(α(x), ki) ∈ R
T×T , (8)

Visual
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1 
1  

 

 

Head 1

Head  H
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Fig. 2 Overview of TFE. We guide our model to learn temporal attention with fidelity for action recognition
with the DisenIB objective. The model consists of a visual encoder, a disentangler, and a pair of approximators
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Fig. 3 Architecture of the TD module. Given a
segment embedding sequence x, this module out-
puts a pair of semantically distinct video embeddings
(zS, zN). WQ, WK, and WV represent the mapping
matrices of query, key, and value, respectively. q, k,
and v represent the results obtained from the input x
after mapping transformations

α(x) =
(xWQ)(xWK)

T
√
d

, (9)

where ki is an integer satisfying 0 < ki ≤ T , and
WQ,WK ∈ R

d×d are projection matrices. This
differentiable mask m quantifies temporal saliency,
where higher values indicate action-critical segments
while lower values correspond to non-essential pat-
terns. We adopt Gumbel-softmax reparameteriza-
tion (Liang et al., 2020) to enable efficient k-hot
sampling for combinatorial optimization of feature
disentanglement.

The proposed TD module computes two mutu-
ally distinct video embeddings as follows:

zS = fS(mxWV + x) ∈ R
T×d, (10)

zN = fN((1−m)xWV + x) ∈ R
T×d, (11)

where WV ∈ R
d×d represents the value projection

matrix, fS and fN are feedforward neural networks
with the same structure, zS is the salient video em-
bedding, and zN is the non-salient video embedding.
The complementary mask 1 − m ensures that zN

captures temporal features neglected by m. Since m
quantifies saliency, 1−m inversely weights segments
with lower saliency, which generally encode resid-
ual motion patterns (e.g., background hand move-
ments in “eating” actions) or redundant temporal
contexts. This explicit inversion ensures mutual
exclusivity between zS and zN, which corresponds
to DisenIB’s requirement for complementary latent
disentanglement.

3.2.3 Learning scheme

The proposed TFE adopts a joint objective in
expression (12), which is derived from the theoretical
bounds in Eqs. (4)–(5), to materialize the DisenIB
principle through adversarial coordination:

min
(AS,AN)

(LS + LN), min
D

(LS − LN). (12)

This is executed via iterative two-phase
optimization:

1. Approximator phase: update AS and AN us-
ing ∇(LS + LN) (∇ denotes the gradient) to maxi-
mize feature utility from both salient and non-salient
embeddings.

2. Disentangler phase: update D with ∇(LS −
LN) to enforce orthogonality between zS and zN.

This coordinated optimization addresses tempo-
ral infidelity by enhancing temporal discriminabil-
ity in zS by LS maximization and suppressing
action-irrelevant temporal variations in zN via LN

minimization.

4 Experiments

4.1 Datasets

UCF101 (Soomro et al., 2012) is an action recog-
nition dataset of realistic action videos collected
from YouTube, with 101 action categories and 13320
videos. The videos in 101 action categories are
grouped into 25 groups, with each group consisting of
4–7 videos of an action. All videos in this dataset are
single-label, with an average duration of 5 s, ranging
from 4 to 7 s in length. We split the dataset into
9537 videos for training and 3783 videos for testing.

HMDB-51 (Kuehne et al., 2011) is a collection
of realistic videos from various sources, including
movies and web videos. The dataset comprises 5100
video clips from 51 action categories. This dataset
contains only single-label videos, with an average du-
ration of 7 s and video lengths ranging from 4 to 22 s.
We split the dataset into 3570 videos for training and
1530 videos for testing.

Charades (Sigurdsson et al., 2016) is a dataset
composed of 9848 videos of daily indoor activities.
The dataset contains 66 500 temporal annotations
for 157 action classes, 41 104 labels for 46 object
classes, and 27 847 textual descriptions of the videos.
Each video in this dataset has multiple labels, and
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the average duration is 29 s, with video lengths rang-
ing from 2 to 187 s. We divide the dataset into 7985
videos for training and 1863 videos for testing.

4.2 Implementation details

In experiments, the TFE framework integrates
the established architectures from SOTA methods
(Mondal et al., 2023; Wu WH et al., 2023, 2024)
as backbone components, preserving their visual en-
coders while replacing final classification layers with
our disentangler–approximator modules. Hyperpa-
rameters align with the original implementations,
with 16 uniformly sampled segments per video with
a frame resolution of 336×336 (Wu WH et al., 2023,
2024) or 224×224 (Mondal et al., 2023). The net-
work is trained using AdamW (Loshchilov and Hut-
ter, 2019) with hyperparameters of β1 = 0.9 and
β2 = 0.999, an initial learning rate 5e−5 (cosine de-
cay with 5-epoch warmup), and a weight decay of
0.2 over 100 epochs. All the experiments are im-
plemented in PyTorch (Paszke et al., 2019) on an
NVIDIA RTX 3090 GPU with 24 GB memory.

4.3 Main results

In temporal attention models, temporal fidelity
quantifies how effectively attention mechanisms pri-
oritize action-critical segments. Enhancing temporal
fidelity directly correlates with improved recognition
accuracy. To validate TFE’s fidelity enhancement
capability, we integrate it into three SOTA baselines:
MSQNet (Mondal et al., 2023), BIKE (Wu WH et al.,
2023), and Text4Vis (Wu WH et al., 2024). Experi-
ments cover UCF101 (Soomro et al., 2012), HMDB-
51 (Kuehne et al., 2011), and Charades (Sigurdsson
et al., 2016). For multi-label Charades, evaluation
uses mean average precision (mAP), while single-
label datasets (UCF101/HMDB-51) are assessed via
classification accuracy.

4.3.1 Long-term action recognition

Table 1 compares the SOTA approaches on the
Charades dataset for long-term video understand-
ing. While 3D convolution-based methods (e.g.,
ResNet-152 (He et al., 2016)) and short-term tem-
poral approaches (e.g., temporal fields (Sigurdsson
et al., 2017)) show limited effectiveness in captur-
ing long-range dependencies, architectures model-
ing complex temporal relationships achieve superior

performance. Specifically, GHRM (Zhou JM et al.,
2021) uses graph-based reasoning, while SlowFast
R101 (Feichtenhofer et al., 2019) uses dual-pathway
modeling, though both remain constrained by fixed
architectural priors. Temporal attention mecha-
nisms address this limitation through dynamic im-
portance weighting of video segments, thereby si-
multaneously enhancing local action discrimination
and global temporal context modeling. This explains
the superior performance of TwinFormer (Zhou JM
et al., 2024), ActionCLIP (Wang MM et al., 2023),
and BIKE (Wu WH et al., 2023) over non-attentive
counterparts.

Table 1 Comparisons of the state-of-the-art ap-
proaches on Charades in terms of mAP values of sub-
actions within long-term actions

Method∗ mAP (%)

Temporal Fields (Sigurdsson et al., 2017) 22.4
ResNet-152 (He et al., 2016) 22.8
TRN (Zhou BL et al., 2018) 25.2
RhyRNN (Yu et al., 2020) 25.4
I3D (Carreira and Zisserman, 2017) 32.9
STM (Jiang et al., 2019) 35.3
Timeception (Hussein et al., 2019a) 37.2
VideoGraph (Hussein et al., 2019b) 37.8
GHRM (Zhou JM et al., 2021) 38.3
SlowFast R101 (Feichtenhofer et al., 2019) 43.4
X3D-XL (Feichtenhofer, 2020) 44.3

Method∗∗ mAP (%)

UGPT (Guo et al., 2022) 42.4
TwinFormer (Zhou JM et al., 2024) 43.6
MViT-B (Fan et al., 2021) 43.9
ActionCLIP (Wang MM et al., 2023) 44.3
AdaFocus (Li XH et al., 2023) 47.8

MSQNet (Mondal et al., 2023) 48.5
MSQNet+TFE 49.5
BIKE (Wu WH et al., 2023) 49.4
BIKE+TFE 50.1
The best result is in bold. ∗ Without temporal atten-
tion; ∗∗ with temporal attention

Our proposed TFE framework achieves the
best results, 50.1% mAP with the BIKE backbone
and 49.5% with the MSQNet backbone. Notably,
TFE shows smaller gains with BIKE than with
MSQNet. This is due to their supervision granu-
larity: BIKE leverages segment-level labels by split-
ting long videos into clips during training, while
MSQNet uses untrimmed videos with only video-
level supervision. This indicates TFE’s superior
capability to approximate DisenIB’s optimal solution
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through self-adversarial learning, particularly under
coarse-grained supervision without explicit temporal
fidelity constraints.

4.3.2 Short-term action recognition

Table 2 compares the recognition results of dif-
ferent models on the short-term video action datasets
UCF101 and HMDB-51. While some models not re-
lying on temporal attention, such as TDN (Wang
LM et al., 2021), CF-IIH (Liu Y et al., 2024),
and STANet (Li XH et al., 2023), achieve good
recognition accuracy, attention-based models such
as ViLT-CLIP (Wang H et al., 2024), Text4Vis (Wu
WH et al., 2024), ZeroI2V (Li Z et al., 2023), and
BIKE (Wu WH et al., 2023) generally achieve higher
recognition rates. The temporal attention mecha-
nism enhances the model’s sensitivity to short-term

Table 2 Comparisons of the recognition results of dif-
ferent models on short-term action datasets UCF101
and HMDB-51, where the recognition accuracy of
single-label videos is used as the evaluation metric

Method∗ RA (%)
UCF HMDB

ARTNet (Wang LM et al., 2018) 94.3 74.8
CSVR (Zhang et al., 2025) 94.5 65.5
I3D (Carreira and Zisserman, 2017) 95.6 70.9
CoViFocus (Zheng et al., 2024) 95.8 74.8
TSM (Lin et al., 2019) 95.9 73.5
STM (Jiang et al., 2019) 96.2 72.2
R(2+1)D (Tran et al., 2018) 96.8 74.5
MVFNet (Wu WH et al., 2021) 96.6 75.7
S3D-G (Xie et al., 2018) 96.8 75.9
CF-IIH (Liu Y et al., 2024) 96.9 76.7
TDN (Wang LM et al., 2021) 97.4 76.4
KCMM (Liu Y et al., 2025) 97.4 77.1
STANet (Li XH et al., 2023) 97.6 77.7

Method∗∗ RA (%)
UCF HMDB

LCVE (Ishikawa et al., 2024) 95.6 70.0
VideoMAE (Tong et al., 2022) 96.1 73.3
ActionCLIP (Wang MM et al., 2023) 97.1 76.2
ViLT-CLIP (Wang H et al., 2024) 97.5 73.3
MVD-B (Wang R et al., 2023) 97.5 79.7
ZeroI2V (Li XH et al., 2023) 98.6 83.4

MSQNet (Mondal et al., 2023) 96.0 72.8
MSQNet+TFE 96.5 73.3
Text4Vis (Wu WH et al., 2024) 98.1 81.3
Text4Vis+TFE 98.3 81.4
BIKE (Wu WH et al., 2023) 98.9 83.1
BIKE+TFE 99.1 84.3
The best result is in bold. RA: recognition accu-
racy. ∗ Without temporal attention; ∗∗ with temporal
attention

actions and optimizes information extraction, en-
abling the model to extract action-relevant features.

The TFE framework consistently enhances
short-term action recognition across backbones by
suppressing non-salient temporal embeddings. The
limited gains with Text4Vis originate from its
classification-layer text–visual alignment, which di-
minishes temporal attention reliance when compared
to BIKE’s segment-level optimization. MSQNet’s
smaller improvement versus BIKE is due to the
short-term videos’ inherent low intra-class variation,
which reduces the need for segment-level supervision.
This performance ceiling highlights that TFE’s at-
tention refinement is secondary to base feature qual-
ity in scenarios where BIKE’s visual–textual interac-
tion dominates temporal modeling.

4.4 Ablation studies

We evaluate three key components: TD, opti-
mization via Eq. (4), and optimization via Eq. (5).
Table 3 shows ablation results using MSQNet, se-
lected based on findings in Section 4.3 where it ex-
hibits more discernible performance variations than
other backbones, enabling clearer ablation insights.

Variants 1 and 2 show that using dual-stream
architectures with identical optimization objectives
(Eq. (4) or (5)) is insufficient for effective em-
bedding differentiation, and structural complexity
degrades overall accuracy. Variant 3 also shows
that simply combining these two objectives with-
out TD leads to even lower performance, suggest-
ing that without TD’s structural guidance, the in-
teraction between the two objectives may introduce
conflicting gradients that hinder effective represen-
tation learning. Variant 5 also shows that using
Eq. (5) alone—focusing on approximator distribu-
tion matching—fails to induce mutually exclusive
salient/non-salient segment embeddings, resulting in

Table 3 Ablation studies of TFE on Charades,
UCF101, and HMDB-51 datasets

Method TD
Opt. via
Eq. (4)

Opt. via
Eq. (5)

mAP
(%)

Variant 1 – – � 48.3
Variant 2 – � – 48.2
Variant 3 – � � 48.1
Variant 4 � � – 48.7
Variant 5 � – � 48.2
TFE � � � 49.5

Opt.: optimization
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no significant improvement and even slight perfor-
mance degradation compared to Variant 1. This in-
dicates that Eq. (5) is insufficient on its own without
the complementary effect of adversarially driven em-
bedding separation. In contrast, the opposing pre-
diction requirement of Eq. (4) (i.e., Variant 4) shows
a clearer improvement when combined with TD, in-
dicating its effectiveness in leveraging TD to enforce
discriminative learning, though gains remain limited
due to its non-adversarial formulation.

The comprehensive comparison in Table 3 shows
that only the disentangler–approximator framework
with adversarial learning enables TFE, thereby im-
proving recognition accuracy.

4.5 Visualization

As shown in Fig. 4, we visualize the temporal at-
tention calculated by the vanilla model and TFE for
comparison. This visualization highlights a benefit
of TFE: removal of non-essential temporal variation.
For the videos shown in Fig. 4, TFE assigns high
attention to the first two segments containing the
essential information “eating” and “opening televi-
sion,” avoiding interference from irrelevant informa-
tion that could disrupt action recognition.

4.6 Computational cost

While the proposed TFE framework introduces
additional computational overhead due to its dual-
stream structure within a single attention layer, it
achieves overall computational efficiency by reducing
the total number of attention layers in the network,
resulting in improved performance without increas-
ing resource consumption. As shown in Table 4,
taking MSQNet as an example, the vanilla model
uses 12 Transformer layers for segment embedding
refinement, following the front-end vision-language
model. Our approach reduces the total number of
layers to 7 by replacing the final layer with a dis-
entangler and a pair of approximators to implement
TFE. This results in a reduction of 2.5× 109 floating
point operations (FLOPs) and 4.2× 106 parameters
compared to the vanilla model.

4.7 Discussion

Although TFE improves temporal attention
models, there are several limitations to consider. The
framework’s TD module specifically targets segment-
level infidelity, successfully aligning attention learn-
ing with segment saliency to improve the overall
performance. However, this approach fails to ad-
dress finer-grained infidelity at the patch level within

Table 4 Performance and efficiency comparison with or without TFE on the Charades dataset

Method Layer count FLOPs (×109) Number of parameters (×106) mAP (%)

MSQNet (Mondal et al., 2023) 12 1303.9 220.4 48.5
MSQNet+TFE 7 1301.4 216.2 49.5

BIKE (Wu WH et al., 2023) 6 1864.7 230.4 49.4
BIKE+TFE 2 1864.4 211.5 50.1

FLOPs and the number of parameters are measured for a single inference pass with the same input. Layer
count refers exclusively to segment embedding refinement modules, excluding the visual encoder

0

50

100

150

200

250

Vanilla

TFE

Fig. 4 Visualization of temporal attention calculated by the vanilla model and TFE. In each subfigure, the first
row represents the original video segments showing that a person is standing in front of the pantry smiling and
eating a sandwich, while the television is on. The second and third rows are the temporal attention computed
by the vanilla model and TFE, respectively, with white indicating higher values and black indicating lower
values. The green box highlights essential segments based on human cognitive experience, while the red box
indicates non-essential ones. References to color refer to the online version of this figure
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segments. This limitation becomes particularly ev-
ident in short-term action recognition, where TFE
shows more modest improvements on MSQNet com-
pared to BIKE across short-term datasets. The per-
formance gap stems from rapid motion changes, cre-
ating semantically similar but visually heterogeneous
patch dynamics. While BIKE’s stronger visual–
textual interaction reduces sensitivity to this dy-
namics, MSQNet’s visual-only segment embedding
refinement remains affected. As a result, TFE’s
visual self-adversarial mechanism, without consid-
ering patch-level infidelity, achieves suboptimal re-
sults for short-term action recognition compared to
long-term scenarios. Future work should incorporate
patch-level fidelity considerations to better handle
highly dynamic scenes.

5 Conclusions

We propose the TFE framework for video ac-
tion recognition, which approximates the DisenIB
through self-adversarial learning. TFE uses a tem-
poral disentangler to divide input videos into two se-
mantically distinct embeddings: an action-relevant
one preserving temporal fidelity, and an action-
irrelevant counterpart that encodes residual tem-
poral contexts. TFE enforces strict separation be-
tween these components by adversarial coordination
of dual approximators, enabling robust recognition
against intra-class temporal variations without re-
quiring fine-grained supervision. Experiments using
Charades, UCF101, and HMDB-51 validate TFE’s
effectiveness.
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