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Abstract

Fine-grained video action recognition remains challenging because action categories of-
ten differ only in subtle inter-class variations and complex temporal dynamics. Recent
Contrastive Language-Image Pre-training (CLIP)-based extensions perform well on gen-
eral action recognition, but they typically rely on early global pooling of video features.
Such coarse representations discard the fine temporal cues that distinguish subtle actions,
causing a granularity mismatch in cross-modal alignment. To address this, we propose
Structure-Aware Semantic-Adaptive (SASA)-CLIP, a framework for multi-granular cross-
modal alignment. SASA-CLIP adopts a dual-branch design: a coarse-grained branch
captures the global context, while a fine-grained branch matches descriptors against indi-
vidual frames before aggregation, rather than pooling features early. To keep this alignment
temporally coherent, we introduce a Gaussian prior as a temporal structural constraint,
encoding the inductive bias of local temporal continuity into the attention matrix to guide
an ordered alignment of key action segments along the temporal axis. On Kinetics-400
(ViT-B/32), SASA-CLIP reaches a Top-1 accuracy of 81.37%, improving over the X-CLIP
baseline by 0.97%; on HMDB-51 and UCF-101 (ViT-B/16), it reaches 74.0% and 96.81%,
improving by 3.25% and 2.61%, respectively. It also transfers to the zero-shot setting,
improving over the baseline on HMDB-51 and UCF-101. These results show that combin-
ing multi-granular representations with a temporal structural prior benefits fine-grained
recognition, suggesting that SASA-CLIP is a practical option for real-world visual sensing
applications such as intelligent surveillance and wearable activity monitoring.

Keywords: deep visual recognition; fine-grained action recognition; video understanding;
vision-language models; CLIP; cross-modal alignment

1. Introduction

Video action recognition is a fundamental problem in computer vision and a key
component of many vision-based sensing systems, such as intelligent surveillance, human-—
robot interaction, and wearable activity monitoring [1]. As visual sensors become widely
deployed in these settings, recognizing human actions reliably has become increasingly
important, and growing attention is now turning to its more demanding setting: fine-
grained recognition. Fine-grained video action recognition aims to distinguish action
categories that share highly similar visual appearances and differ only in subtle temporal
cues [2], such as “Swimming Backstroke” versus “Swimming Breast Stroke” and “Golf
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Chipping” versus “Golf Putting”. These action pairs typically share nearly identical
background scenes, whereas their essential differences lie primarily in the trajectories
of body movements and the temporal ordering of key frames. Distinguishing such pairs
therefore requires the model to capture how the motion evolves over time, not just what
appears in each frame.

In recent years, Contrastive Language-Image Pre-training (CLIP) [3] has constructed
a rich joint vision-language embedding space by performing contrastive learning over
massive image—text pairs collected from the Internet, enabling models to achieve open-
vocabulary visual recognition through natural language prompts. As a result, CLIP gener-
alizes well across downstream tasks such as image classification, object detection, and seg-
mentation. Building upon this foundation, recent studies in video understanding have
increasingly explored how to transfer CLIP’s pre-trained knowledge to action recognition.
Methods such as ActionCLIP [4], X-CLIP [5], and ViFi-CLIP [6] treat videos as sequences of
consecutive frames, extracting and aggregating frame-level visual features, and leverage
the prior knowledge from large-scale vision—-language pre-trained models to guide the
learning of spatio-temporal video representations, with consistent gains on general action
recognition benchmarks. A key advantage of this paradigm is open-vocabulary recognition:
by grounding actions in language, these models can also recognize categories not seen
during training.

However, these methods have clear limitations in fine-grained settings. The core
problem is the gap between relying on global alignment alone and the discrimination
of fine-grained actions these tasks actually demand. This mismatch manifests itself in
two main aspects:

The first is information loss from semantic compression. Most methods compress a
whole video into a single global vector, using average pooling or a shallow Transformer,
and then match it against a sentence-level text embedding. Such coarse aggregation smooths
away the very frame-level variations that distinguish fine-grained actions. As illustrated in
Figure 1, “Swimming Backstroke” and “Swimming Breast Stroke” share almost the same
aquatic scene and differ only in how the arms move and at what rhythm. However, X-CLIP
yields Softmax confidence scores below 0.45 for both classes (0.30 vs. 0.39 and 0.44 vs. 0.28,
respectively), exhibiting pronounced discriminative uncertainty. This observation reveals
the granularity mismatch that arises when fine-grained action recognition relies on global
alignment alone.

Swimming
Backstroke

Swimming
Breast Stroke

t t; ts ts ts

Figure 1. Granularity mismatch in X-CLIP: two visually similar swimming actions are cross-confused
due to global alignment failing to capture frame-level temporal differences.

Second, existing fine-grained alignment methods often suffer from computational
redundancy and noise interference. Some methods attempt to introduce more fine-grained
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matching strategies; for instance, OST [7] adopts the Sinkhorn algorithm based on optimal
transport to solve for the optimal matching between frames and descriptors. However,
as noted in the original OST paper, the descriptors of a given action category are not
always fully manifested in every video instance, and the descriptors generated by Large
Language Models (LLMs) may contain hallucination-induced noise. Under such conditions,
the forced global matching nature of Sinkhorn tends to introduce invalid alignments. More-
over, the Sinkhorn algorithm requires multiple iterations to converge, and its computational
cost grows substantially as the sequence length increases [8]. To address these two limi-
tations, we propose Structure-Aware Semantic-Adaptive (SASA)-CLIP, a structure-aware
and semantically adaptive multi-granular video-language alignment framework. The core
idea is to capture key action cues through fine-grained frame-level feature interaction and
temporally structured alignment guided by semantic-adaptive priors.

The contribution of this work does not lie in separately introducing structured descrip-
tors and a Gaussian prior into a CLIP-style alignment pipeline, but in the coupled design
of the two. The centers of the prior are determined by the phase order of the descriptors,
without any temporal annotation. In turn, the descriptors yield stable gains only under the
temporal constraint provided by the prior. CLIP is pre-trained on static image-text pairs [3],
and our empirical analysis shows that its embedding space is insensitive to the temporal
order of the descriptors. We quantify the consequence of this property in frame-level
descriptor matching: the peak matching positions of temporal descriptors from different
phases almost coincide, and the matching degenerates into a temporally agnostic form
(Section 3.3.2). The ablation results are consistent with this analysis. With the full descriptor
set but no prior, Top-1 accuracy improves slightly while Top-5 accuracy falls below the
baseline. Only after the prior is added do both metrics surpass the baseline (Section 4.2.3).

The main contributions of this work are summarized as follows:

¢  We propose SASA-CLIP, a model for fine-grained video-language alignment. A
single global text representation cannot carry the full semantics of an action. To
address this, we introduce temporal and spatial descriptors for each action category,
which decompose the action into multi-granular semantic units for direct matching
against frame-level visual features. This design avoids the loss of critical cues caused
by early global pooling. The global matching in OST is driven by similarity alone,
with no ordering constraint between frames and descriptors. We encode the intrinsic
temporal structure of actions as an alignment constraint and inject it into the attention
weights. This constraint takes the form of a closed-form bias and does not require
iterative optimization.

e We design Gaussian-Prior Guided Attention (GPGA). It explicitly encodes the induc-
tive bias of local temporal continuity into the cross-modal attention weights, guiding
temporal descriptors toward an ordered alignment with their corresponding action
phases. Prior work such as D3G [9] targets temporal localization tasks with annota-
tions. The centers of the GPGA prior are directly determined by the phase order of the
LLM-generated descriptors. Since the descriptors themselves carry the start, middle,
and end phase order, the prior centers are obtained without any temporal annotation
in the classification setting. The prior is not a hard constraint. A learnable coefficient «
adjusts the relative weight between the prior term and the content similarity, so that
the influence of the prior weakens when the temporal structure of a video deviates
from the ideal phase order.

*  Experiments on Kinetics-400, HMDB-51, and UCF-101 show that SASA-CLIP con-
sistently outperforms the X-CLIP baseline, improving Top-1 accuracy by 0.97% on
Kinetics-400 (ViT-B/32) and by 3.25% on HMDB-51 and 2.61% on UCF-101 (ViT-B/16);
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under zero-shot evaluation (ViT-B/16), it gains a further 4.3% on HMDB-51 and 3.1%
on UCF-101.

2. Related Works
2.1. Video Action Recognition

Early work on video action recognition relied on deep convolutional networks to
learn discriminative spatio-temporal representations. Methods such as C3D [10], 13D [11],
and SlowFast [12] learn spatio-temporal feature representations through fully supervised
training on large-scale datasets. Beyond deep networks, some methods address fine-
grained action recognition with hand-crafted features and statistical models; for example,
Yenduri et al. [13] use action-independent Gaussian mixture models with dynamic kernels
to capture the subtle variations among fine-grained actions. Subsequently, Video Swin
Transformer [14], ViViT [15], and TimeSformer [16] introduced the self-attention mecha-
nism into the video domain, achieving notable progress in modeling long-range temporal
dependencies. However, these methods all adopt a closed-set classification paradigm,
where their generalization capability is inherently constrained by predefined category
labels. To overcome this limitation, researchers have begun to leverage vision-language
models (VLMs) for introducing semantic supervision signals, transforming video action
recognition from a “label-mapping” task into a “video-text” semantic matching task.

Vision-language pre-trained models, represented by CLIP [3], perform contrastive
learning over large-scale image-text pairs and have established a new paradigm for
semantic-driven video action recognition. ActionCLIP [4] pioneered the “pre-train, prompt,
and fine-tune” paradigm, reformulating action recognition as a video-text matching prob-
lem. X-CLIP [5] further proposed a cross-frame communication mechanism which explicitly
introduces temporal modeling capability while preserving the pre-trained representation
space of CLIP. ViFi-CLIP [6] demonstrated that full-parameter fine-tuning combined with a
frame-averaging strategy can also establish a competitive baseline. Although these methods
achieve strong performance on general datasets, they typically employ max pooling or
average pooling to perform early-stage temporal compression, which may dilute critical
local cues and limit the exploitation of frame-wise dynamic relationships and fine-grained
motion patterns unique to videos. As illustrated in Figure 1 (introduced in Section 1),
this global alignment paradigm exhibits inherent limitations when handling fine-grained
actions, leading to insufficient discriminative capability in fine-grained scenarios.

2.2. Fine-Grained Cross-Modal Alignment for Action Recognition

To address the limitations of the global alignment paradigm, recent research has begun
to explore fine-grained cross-modal alignment strategies. MP-Align [17] leverages an
LLM to decompose complex activities into ordered step descriptions and achieves fine-
grained alignment between video segments and texts through a multi-pathway alignment
mechanism. RefAtomNet [18] addresses the referring action recognition task with a multi-
stream architecture, introducing an agent attention mechanism for pixel-level grounding.
OST [7] employs an LLM to generate spatial and temporal descriptors, and solves for the
optimal matching between video frames and text descriptions using the Sinkhorn algorithm
from optimal transport. BIKE [19] introduces bidirectional cross-modal knowledge into
video representation learning through a knowledge distillation framework. FROSTER [20]
further employs frozen CLIP as a powerful teacher model, preventing the fine-tuned
feature space from excessively deviating from the pre-trained distribution, which effectively
enhances generalization on open-vocabulary action recognition.

However, existing alignment strategies still face two main challenges. First, when
computing frame-descriptor matching, these methods treat all frame positions as equivalent
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candidate alignment targets, without explicitly introducing any inductive bias regarding
temporal structure. This means that a descriptor describing the start phase of an action may
produce spuriously high matching scores with frames at the end of the video, while a de-
scriptor for the end phase may erroneously attend to frames at the beginning. Such neglect
of local temporal continuity weakens the model’s ability to separate critical action segments
from redundant background frames during alignment. Second, as noted in the original
OST [7] paper, the descriptors of a given action category are not always fully manifested in
every video instance, and the descriptors generated by LLMs may contain hallucination-
induced noise. Under such conditions, the forced global matching nature of Sinkhorn
tends to introduce invalid alignments. Moreover, the Sinkhorn algorithm requires multiple
iterations for convergence, and its computational cost grows substantially as the sequence
length increases [8]. More recently, ActAlign [21] attempts to reformulate video classifi-
cation as a sequence alignment problem using Dynamic Time Warping (DTW), achieving
competitive results in the zero-shot setting. However, its performance heavily depends on
the quality of LLM-generated sub-action scripts, and the rigid alignment constraint of DTW
limits its adaptability to non-linear temporal variations. In addition, STDD [22] extends
CLIP’s spatio-temporal understanding by constructing spatio-temporal text augmentation,
but its focus lies in semantic enhancement on the text side, without explicitly introducing
temporal structural constraints into the alignment mechanism itself.

Therefore, building fine-grained alignment that incorporates temporal structural
awareness while maintaining low computational overhead remains an open problem.

2.3. Structural Priors for Temporal Modeling

As discussed in Section 2.2, existing fine-grained alignment methods have achieved
notable progress at the semantic level; however, there remains substantial room for im-
provement in explicitly modeling temporal structures. Notably, the integration of structural
priors into attention computation has been explored in several related fields, showing
considerable potential for enhancing sequence and temporal modeling capabilities.

For positional bias in sequence modeling, Gaussian Transformer [23] introduces Gaus-
sian distributions as priors into self-attention computation, thereby imposing locality
constraints on attention weights and enabling the model to adaptively focus on specific
local regions. ALiBi [24] replaces absolute positional encoding with a linear distance-decay
bias, directly encoding the structural assumption that “the farther apart, the lower the at-
tention” into the attention scores, thereby validating the general effectiveness of positional
bias as an inductive bias. In the field of temporal action localization, ASL [25] introduces
learnable Gaussian weights to model frame-level action sensitivity, enhancing attention to
critical action frames while suppressing interference from background frames via Gaussian
weighting. Along the temporal dimension of video understanding, D3G [9] incorporates a
dynamic Gaussian prior to model the local temporal distribution of actions in temporal
action localization, effectively mitigating the uncertainty of temporal boundaries. The
aforementioned works demonstrate that temporal structural priors can provide significant
benefits for action localization and sequence modeling. However, in temporal action local-
ization, these priors rely on temporal annotations or inter-frame similarity to anchor their
positions. Fine-grained video-language alignment for classification offers neither. In this
work, the prior centers are instead derived from the phase order of the LLM-generated
descriptors, which allows the Gaussian prior to serve as a structural constraint on cross-
modal frame-descriptor alignment without any temporal supervision. The detailed design
is presented in Section 3.

Table 1 summarizes representative methods along four dimensions: datasets, method-
ology, feature extraction, and performance evaluation. Early methods such as I3D and
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TimeSformer build on convolution or Transformer architectures and learn spatio-temporal
representations under closed-set supervision, where recognition is limited to a predefined
label set. CLIP-based methods introduce language supervision and enable the recogni-
tion of unseen categories. ActionCLIP and X-CLIP adapt CLIP through prompt learning
and cross-frame modeling, while OST and BIKE improve the alignment through optimal
transport and knowledge distillation, respectively. SASA-CLIP decomposes an action into
multi-granular descriptors and aligns them with frame-level features under a Gaussian tem-
poral prior, strengthening fine-grained temporal discrimination while remaining applicable
to the zero-shot setting.

Table 1. Comparison of representative video action recognition methods.

Method Datasets Methodology Feature Extraction Performance Evaluation
o0 e e T
TimeSformer [16] K400, SSv2 Divsigliitstlgliie(;gme ViT (Transformer) Clo;g%—os;: (S)Erigigé)sed;
ActionCLIP [4] Kinetics-400 Pre-train, prompt, fine-tune CLIP ViT-B/16 Supgﬁfégig (f; Zlgf;(’)ghot/'
X-CLIP[5] K400, HMDB-51, UCF-101 Cross-frame CLIP ViT-B/16 Supervised & zero-shot;
ViFi-CLIP[6] K400, HMDB-51, UCF-101  Full ﬁng"fe‘g{;‘rélg frame CLIP ViT-B/16 Supervised & zero-shot;
OST [7] K400, UCF-101, HMDB51 . M gstsfmristgfn;port CLIP ViT-B/16 Supervised & zero-shot;
BIKE [19] K400, HMDB-51, UCF-101 Bfﬁé‘i‘éi‘ﬁ?é Grossmodal CLIP ViT-B/16 Supervised & zero-shot;

3. Methodology

This section elaborates on the proposed method in detail. We first provide a brief
overview of the overall architecture in Section 3.1, including the coarse-grained branch
(Section 3.1.1) and the fine-grained branch (Section 3.1.2). Sections 3.2 and 3.3 then describe
the construction of multi-granular semantic prototypes and the design of the cross-modal
fine-grained alignment module, respectively. Section 3.4 introduces the adaptive gating
fusion mechanism used for feature aggregation. Finally, the optimization objective and
training strategy are presented in Section 3.5.

3.1. Overview of the Framework

We propose SASA-CLIP (Structure-Aware Semantic-Adaptive), illustrated in Figure 2.
The core design principle is to elevate cross-modal alignment from the conventional “video-
descriptor” level (where a globally pooled video feature is matched against a single text
embedding) to the more fine-grained “frame-descriptor” level, while overcoming the
unordered nature of traditional matching through a structural constraint based on a Gaus-
sian prior. This design preserves the generalization capability inherited from CLIP while
strengthening the model’s ability to capture subtle temporal action cues, thereby improving
its performance on fine-grained action recognition.

As shown in Figure 2, SASA-CLIP adopts a dual-branch parallel cooperative architec-
ture. During the feature extraction stage, the input video and the set of spatio-temporal
descriptors generated by a large language model are processed by the vision encoder
and the text encoder, respectively, producing frame-level visual feature sequences and a
descriptor-embedding matrix. The two branches model video semantics from complemen-
tary perspectives and are adaptively fused at the output stage.
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Figure 2. Overview of the SASA-CLIP architecture. A coarse-grained branch and a fine-grained
branch are adaptively fused; their internal structures are detailed in the following figures.

The two branches are designed to be complementary. The coarse-grained branch
matches a global video representation against class-level text. It performs well on categories
that are dominated by scene or global appearance, but cannot separate fine-grained actions
whose differences lie only in subtle temporal cues, as shown in Figure 1. The fine-grained
branch matches frame-level features against multi-granular descriptors and captures these
local differences. When used in isolation, however, it lacks a stable global reference and is
more sensitive to descriptor noise. Combining the two branches allows their global and
local discrimination to compensate for each other. The outputs are merged by adaptive
fusion according to the alignment confidence.

3.1.1. Coarse-Grained Branch

As shown in Figure 3, this branch follows the base architecture of X-CLIP [5] and aims
to extract global discriminative features thereby providing a stable performance baseline for
the overall framework. Specifically, the input video is uniformly sampled into a sequence
of T frames, and the per-frame feature representations are extracted via a CLIP vision
encoder initialized from pre-trained weights. Following the design of X-CLIP, a Cross-
frame Communication Transformer is then introduced to model temporal dependencies
while maintaining the consistency of the original CLIP pre-trained feature space. This
module enables each frame to integrate the full-sequence context through fully connected
self-attention interactions across frames, and the global video feature representation vgjop,
is finally obtained by mean pooling.

At the same time, the class label (e.g., “Archery”) is fed into the CLIP text encoder
through a standard prompt template (“A video of [CLS]”) to obtain the class textual
feature representation t,5s. The matching score between the video feature and the text
feature is then computed via cosine similarity, yielding the coarse-grained classification
logits Logitscoarse. This branch generally maintains high recognition accuracy on categories
dominated by scene or global appearance cues, thereby providing a reliable performance
lower bound and reference baseline for subsequent fine-grained modeling.

Input CLIP Vision Frame-level Cross-frame Communication N Global Feature Aggregation Global Feature
video Encoder Features(X) Transformer (Mean Pooling) (Vgtobad ’

Output
ommTm T ~
{ () Cosine Similarity |

Class Prompt CLIP Text d - Class Embedding
“A video of [CLS]” (Frozen CLIP) (Tetass)

Figure 3. Illustration of the coarse-grained branch.
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3.1.2. Fine-Grained Branch

As shown in Figure 4, this branch constitutes the core component of our method.
Unlike the coarse-grained branch, which performs early aggregation of frame features,
the fine-grained branch preserves the complete frame-level feature sequence and an ex-
tended semantic descriptor bank generated by an LLM. A Gaussian-Prior Guided Attention
(GPGA) mechanism is then applied to explicitly encode the inductive bias of local temporal
continuity into the attention weights. After expectation aggregation, this branch outputs
the fine-grained classification logits Logits ;.. The detailed design of each submodule will
be elaborated in Sections 3.2 and 3.3.

CLIP Visi Output
Input Video—» ision »F level Features(X)
Encoder

Base Similarity Matrix ~ Gaussian-Prior Gui?ed

Computation > ) > o N
Gaussian Bias Matrix

Spatial (SA"S:) (M)

i Descriptor
LLM-generated Descriptory CLIP Text Encoder esc pFo
> —» Embeddings
Descriptor Bank (Frozen CLIP)
Temporal (D)

Descriptors

Figure 4. Illustration of the fine-grained branch.

3.2. Multi-Granularity Semantic Prototype Construction

In video action recognition, relying solely on brief category names (e.g., “Playing
Basketball”) for video-text alignment often leads to semantic insufficiency and ambiguity.
To enhance the discriminability of the textual modality, we leverage a large language
model (OpenAI GPT-4.1 API with temperature = 0.7) [26] to generate a set of fine-grained
semantic prototypes for each action category, which can be aligned with visual features.
Figure 5 illustrates the construction pipeline of our descriptor bank and the structural
constraints imposed on the spatio-temporal descriptors.

GPT-4 Prompting Process and Structural Constraints Generated Structured Descriptor Bank

Spatial Descriptors (Static)

Strict Prompt Engineering Templates . court b gl 3 ing ball, ready
. stance."
Action Class Label « Spatial Template: [Background] + [Object] + [Pose] = : o "
. N P H . "Indoor gym setting, player with ball, bent knees.
("Playing ) P y [Phase] + [Key Motion] + [Anchor] . (Captl?ryes single?frapmz concepts)
Ci ints: Fixed bulary, disjoint definitions.

Temporal Descriptors (Dynamic Evolution)

\ 4

. "Start phase: Dribbling towards basket near center
GPT-4I;I\-PNII E"gi"_eo ™ 5 fI\?Ilil(;‘::ile phase: Jumping and shooting ball in the
( , temp=0.7) * | air”

- "End phase: Releasing ball at hoop, landing on

floor."

Figure 5. Construction pipeline of the multi-granularity semantic prototypes.

For each action category, M; spatial descriptors and M; temporal descriptors are
generated through structured prompt templates (Ms = M; = 3). These descriptors
are strictly organized along two orthogonal semantic dimensions, thereby enhancing
semantic coverage while reducing inter-dimensional coupling. Furthermore, to prevent
hallucinated outputs from the LLM that could cause the generated descriptors to become
overly divergent, we design prompt templates with explicit vocabulary and syntactic
constraints (Prompt Engineering), thereby constraining the output of the large language
model at the semantic-structural level.

Spatial descriptors aim to capture static visual elements identifiable from a single
frame without temporal context, such as scene backgrounds, objects/tools, human poses,
or spatial relations. They provide frame-level visual anchors that enable the model to
establish stable cross-modal correspondences at the local visual level. Their generation
follows a fixed template as shown in Figure 5. Meanwhile, we impose semantic constraints
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to forbid the use of any temporal-order words or process-oriented connectives (e.g., “then”,
“after”, “while”); verbs are restricted to stative or postural expressions (e.g., “holding”,
“standing”, “bending”) to avoid implicit descriptions of cross-temporal changes. In addi-
tion, scene elements must be directly visible, and vague expressions such as “some” and
“kind of” are prohibited. These constraints enable spatial descriptors to better exploit the
representational capacity of the CLIP vision encoder for scenes, objects, and poses, thereby
providing reliable contextual information for subsequent fine-grained alignment.

Temporal descriptors are designed to characterize the evolution of an action along the
temporal axis, with particular emphasis on phase transitions and local motion patterns of
the action, serving as the core semantic basis for temporal reasoning in the fine-grained
branch. By explicitly encoding process information, temporal descriptors enable the model
to distinguish between visually similar action categories that differ primarily in their
temporal dynamics. As shown in Figure 5, the content of each temporal descriptor mainly
consists of three components: action phase, key motion, and spatial anchor. Their generation is
likewise constrained by a restricted vocabulary and structured expressions: the action phase
must contain a phase indicator (e.g., “start”, “middle”, or “end”); the key motion must be
a directly observable action phrase. In addition, each temporal descriptor must include
an explicit spatial anchor (e.g., an object, body part, or scene reference) to ensure that the
dynamic process remains alignable with static visual content.

Finally, for each action category, we extract textual features using a frozen CLIP
text encoder to construct the descriptor embedding matrix. This matrix injects human
prior knowledge into the model in a structured form, guiding the model to focus on
more discriminative spatio-temporal details during alignhment and providing a semantic
foundation for cross-modal alignment and adaptive fusion.

During the encoding stage, we reformulate the text template into the form “A video of
{Class Name} usually includes: {Action Descriptor}.” By explicitly introducing contextual
information as a semantic anchor, this template projects homogeneous action semantics
into more separable semantic subspaces, substantially reducing inter-class similarity and
enabling the fine-grained branch to provide effective discriminative signals. Such a struc-
tured generation paradigm provides the model with richer semantic supervisory signals
with explicit temporal logic. The complete prompt templates and the full set of spatial and
temporal descriptors for all action categories are provided in the Supplementary Materials.

3.3. Structure-Aware Semantic-Adaptive Alignment Module

This module is the key component of our method, designed to establish fine-grained,
structure-aware cross-modal correspondences between frame-level visual evidence and
multi-descriptor semantic prototypes. We propose a SASA alignment mechanism to address
the dilution of critical local action cues caused by coarse-grained temporal aggregation.
While maintaining low computational complexity, the mechanism incorporates Gaussian-
Prior Guided Attention (GPGA) to impose explicit constraints on the temporal structure
of actions.

Unlike purely similarity-based matching approaches that align frames and descriptors
based on appearance alone, our approach introduces a temporal inductive bias, enabling
descriptors to focus on semantically appropriate and temporally coherent regions along
the temporal axis. The module ultimately outputs fine-grained classification evidence that
complements the coarse-grained branch (the fusion strategy is described in Section 3.4).
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3.3.1. Base Similarity Matrix Computation

Given an input video, the frame-level feature sequence extracted by the visual encoder
is defined as in Equation (1):

X ={xy,x0,...,x7} € RT*D 1)

where T denotes the number of sampled frames and D is the feature dimension. For a
given action category k, the multi-granularity semantic prototype library constructed in
Section 3.2 contains a set of temporal descriptors and a set of spatial descriptors, as defined
in Equation (2):
t_ gt t _
Dy =Adg1, - st De=Adi1, - di .} 2)

where M; and M; denote the numbers of temporal and spatial descriptors, respectively,
and both d,t(, i and dj j are obtained from the frozen CLIP text encoder.

To eliminate differences in vector magnitude and to remain consistent with the cosine
similarity measure of the CLIP pre-trained space, we first normalize the visual features and
the two types of textual descriptors, as defined in Equation (3):

t
2= Xi o dkrj 75 dlS(/] (3)
1 7 i 7 '
xill2” 7%l 12" R Tl

Based on the normalized features, the dot-product similarity between the frame
sequence and the two types of descriptors is computed, yielding two base similarity
matrices, as defined in Equations (4) and (5):

Selioj] =2l dj, ie{l,..., T}, je{l,. ... M} (4)

Silijl =2 dy;, ie{l,..., T}, je{l,..., M} (5)

where St € RT*Mr and S§ € RT*M:s_ Each matrix element [i, j] characterizes the matching
strength between the i-th frame and the j-th semantic descriptor in the shared embedding
space. However, S} and S are still essentially content-level matching results. As analyzed
in Section 3.3.2, in the CLIP pre-trained embedding space, the matching patterns between
temporal descriptors of different phases and video frames are nearly identical.

3.3.2. Gaussian-Prior Guided Attention (GPGA)

To quantify the temporal agnostic behavior of S, we conducted an empirical analysis
on the Kinetics-400 validation set using the CLIP model. For each video, we computed the
cosine similarity between all frames and the three temporal descriptors of the correspond-
ing action category (which correspond to the start, middle, and end phases of the action,
respectively), and recorded the normalized position on the time axis [0, 1] of the frame that
achieves the maximum similarity with each descriptor. We denote this normalized peak
position as u for each descriptor.

The results are presented in Table 2. The expected i denotes the ideal positions (0.00,
0.50, 1.00) under temporally aware matching, while the empirical u is the mean peak
position observed across the validation set. As shown, the peak positions of the three
descriptors largely overlap with each other, deviating significantly from the ordered distri-
bution, and cannot be effectively fitted by a Gaussian function. This observation reveals a
critical issue: since CLIP is pre-trained on static image—text pairs, its embedding space lacks
awareness of the temporal evolution of action sequences, and descriptors corresponding
to different phases exhibit highly consistent feature directions. As a result, CLIP cannot
exploit the phase order encoded in the descriptors, causing the frame-descriptor matching

https://doi.org/10.3390/s26154865


https://doi.org/10.3390/s26154865

Sensors 2026, 26, 4865

11 of 28

to degenerate into temporally agnostic matching. If alignment is performed directly under
such conditions, the visual encoder tends to collapse all frame features toward a single
descriptor that bears the highest similarity to the static scene, thereby weakening its dis-
criminability with respect to the underlying action-phase structure. Therefore, introducing
an explicit temporal structural prior is necessary. This observation is further validated in
Section 4.2 of the experiments.

Table 2. Empirical analysis of CLIP’s temporal agnosticism on the Kinetics-400 validation set.

Method Start Middle End
Expected u 0.00 0.50 1.00
Empirical y (validation set) 0.49 0.49 0.49

Inspired by D3G [9], which employs dynamic Gaussian priors for temporal calibration
in temporal sentence grounding, we introduce a similar structured inductive bias into the
cross-modal alignment of fine-grained action recognition. The core assumption is that
temporal descriptors corresponding to the same action phase should exhibit local conti-
nuity and a relatively stable distribution trend along the temporal axis. This assumption
originates from the intrinsic temporal structure of human actions, which generally follow
an ordered phase pattern of preparation, execution, and completion [27]. The key difference
from D3G lies in the task setting: D3G targets temporal localization tasks with single-frame
annotations and dynamically adjusts the Gaussian center by exploiting inter-frame feature
similarity, whereas our work addresses action classification without temporal annotations,
where the phase order of temporal descriptors is determined by the semantic sequence
generated by the LLM. Therefore, we adopt deterministic descriptor-index-based centers to-
gether with a shared global standard deviation, which injects temporal-ordering constraints
while maintaining low computational overhead.

Specifically, we predefine an ideal normalized temporal center y; for each temporal
descriptor, whose value is determined by the descriptor’s relative position within the phase
sequence, as defined in Equation (6):

o j-1
BWi=M—-1

ie{1,2,..., M} (6)

For a video frame sequence, we normalize the frame indexiasi = (i—1)/(T —1).
Based on this, we construct a Gaussian bias matrix, as defined in Equation (7):

(T—pj)?

)
where ¢ is the standard deviation of the Gaussian distribution, controlling the width of
the temporal window. A smaller ¢ produces sharper phase constraints, while a larger ¢
allows a certain degree of temporal drift to accommodate variations in action speed (e.g.,
differences between fast and slow actions).

We then inject this structural prior into the similarity logits to form the corrected
alignment scores, as defined in Equation (8):

Spli,j) = Sli, j] + & - MIi, j) 8)

where « is a learnable parameter that adaptively balances content matching and the tem-
poral prior. This formulation can be interpreted from a Bayesian inference perspective:
the first term S;[i, j] corresponds to the degree of support from visual evidence, while
the second term « - M[i, j] corresponds to the structural preference for the temporal order-
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ing of descriptors, thereby strengthening the temporal consistency of alignment without
significantly increasing computational cost.

It is also worth noting that the Gaussian prior is applied only to temporal descriptors
and not to spatial descriptors. This decoupled design originates from the fact that spatial
descriptors characterize static intra-frame cues that lack temporal ordering, and imposing
temporal constraints on them would introduce inappropriate restrictions.

3.3.3. Expectation Aggregation

Based on the corrected temporal similarity matrix S} obtained from GPGA and the
spatial similarity matrix S}, expectation aggregation is employed to integrate frame-level
features into classification scores. Specifically, softmax normalization is applied along
the descriptor dimension to obtain the frame-descriptor matching weights, as defined in
Equations (9) and (10):
eXP( li ]/ Tatt)

M exp(SL1i ']/ Tar)

Ali ) = ©)

4501 i] = exp( i, 7]/ Tate)
kb E].,Zl exp(Si[i, ']/ Tat)

where T, is the temperature parameter. The fine-grained classification score for cate-

(10)

gory k is finally obtained by expectation aggregation over all descriptors, as defined in

Equation (11):
fine 1 & t M Z .. ..
% = E ZAk i,j] - Selij) + Z Y Al ] - Sili ) (11)
] 1i=1 j=1i=1

This aggregation strategy ensures that only frames falling within reasonable temporal
windows and relevant to critical semantic descriptors contribute more substantially to the
classification, while maintaining computational efficiency, thereby improving fine-grained
action discrimination. As shown by the visualization analysis in Section 4.2.3, after end-to-
end training under the GPGA constraint, the matching matrix Al exhibits a pronounced
diagonal trend: start-phase descriptors achieve the highest activation in the early portion
of the video, middle-phase descriptors in the middle portion, and end-phase descriptors
in the latter portion. This sharply contrasts the pre-training state and shows what GPGA
contributes. With the right inductive bias in place, the visual encoder learns temporally
discriminative representations that standard global alignment, on its own, rarely produces.

3.4. Adaptive Fusion

After obtaining the coarse-grained logits Logitscosrse and the fine-grained logits
Logitsine, effectively integrating the complementary information from the two branches be-
comes crucial for the overall recognition performance. Fixed-ratio weighted fusion is a sim-
pler approach, but it implicitly assumes that all categories rely equally on fine-grained cues,
ignoring inter-class differences. For action categories that are strongly scene-dependent,
global semantic and background cues alone are sufficient for accurate recognition, and
over-introducing fine-grained matching may instead amplify noise and lead to performance
degradation. To address this, we design an adaptive fusion mechanism that dynamically
adjusts the fusion weights between the coarse-grained and fine-grained logits according to
the alignment confidence estimated by the GPGA module, as illustrated in Figure 6.

Whether the fine-grained branch can effectively distinguish between highly similar
actions largely depends on the quality of the alignment between temporal descriptors
and video frames. Therefore, we use the concentration of the GPGA attention matrix A,t(
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as a measure of alignment quality. Specifically, the alignment degree C is defined as in
Equation (12):

C= MtlogT ZH AL, (12)

where H(-) denotes the entropy function, AL[:, j] represents the attention distribution of the
j-th temporal descriptor over T video frames, and M; is the number of temporal descriptors.
When the distribution tends toward uniform, a temporal descriptor matches all frames
almost equally, and C approaches 0, indicating that the fine-grained branch fails to establish
a discriminative and temporally localized alignment. Conversely, when the distribution is
highly concentrated within a specific temporal window, C approaches 1, indicating that
the temporal descriptor has successfully matched the corresponding action phase, and the
fine-grained branch is assigned a higher fusion weight.

| |
| |
| |
! Temporal attention Global Feature |
! matrix 4; () |
| \ J |
| |
| |
| |
| |
| |
} Alignment confldence Concatenate MLP+Sigmoid I
| . — !
1 C=1- ZH (AL.JD VanaiCl 7 2=0(MLP(V,0,03CD) :
|
i v !
| A I
‘ |
|
! 1
|
} LogitSfine a . 1
_— >
i (fine branch) Dynamic Fusion Final Action }
| LogitScoarse (Logits ,, = A Logits .+ (1— A) * Logits,,,,..) Brediction }
} ( coarse branch) |
| |
| |
| |
| |
|

Figure 6. Illustration of the adaptive fusion mechanism.

Subsequently, the global visual feature vg;,p, extracted from the coarse-grained branch
is concatenated with the alignment signal C, and the resulting vector is fed into a multi-layer
perceptron (MLP) network [28,29] to produce the sample-specific dynamic fusion parameter
A. Finally, the video action prediction logits are obtained by adaptively combining the
outputs of the coarse-grained and fine-grained branches in a sample-dependent manner,
as defined in Equations (13) and (14):

A= U(MLP([Z)global}CD) (13)
Logitsfina = A - Logitsfine + (1 —A) - Logitscoarse (14)

3.5. Optimization Objective and Training Strategy

The model is trained end-to-end with a joint optimization strategy. The loss function
adopts the standard symmetric cross-entropy loss, which is commonly used in CLIP-based
models for contrastive learning. Given a batch of N videos and their corresponding N class
labels (along with the generated descriptor sets), we compute the bidirectional contrastive
losses (video-to-text and text-to-video) and sum them as the final training objective, as
defined in Equations (15) and (16):

1
L= E(LUZt + LtZU) (15)
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N LogQitsy; ,Y:) /T,
Loot = 7% Zlog exp( 081 Sfmal(l ]/z)/ con)

N ) X (16)
i=1 Z]‘:l EXP(LOglfoinaz(l, }/]‘)/Tcon)

where 7., is the temperature parameter of contrastive learning, used to adjust the smooth-
ness of the similarity distribution. Through this design, the fine-grained cross-modal
alignment objective directly drives the visual encoder to learn frame-level representations
with greater semantic discriminability, forming a closed-loop optimization with the high-
level semantic constraints and thereby achieving a synergistic improvement of feature
learning and semantic alignment.

4. Experiments

In this section, we conduct experiments on three widely used video action recognition
datasets, namely HMDB-51, UCF-101, and Kinetics-400, to comprehensively evaluate the
effectiveness and generalization capability of the proposed SASA-CLIP model. We first
describe the experimental setup in Section 4.1, including dataset details, implementation
configurations, and evaluation protocols. We then present detailed ablation studies on the
key components of our model, namely the dual-branch collaboration and the GPGA module,
in Section 4.2. Section 4.3 presents the main results and comparisons with state-of-the-art
methods. Extensive experiments demonstrate that SASA-CLIP achieves competitive Top-1
accuracy on all three benchmark datasets, consistently outperforming the X-CLIP baseline
and obtaining notable improvements on the fine-grained action categories of HMDB-51.

4.1. Experimental Setup
4.1.1. Datasets

To comprehensively evaluate the effectiveness of SASA-CLIP, we conduct experiments
on three widely used video action recognition benchmarks, as summarized in Table 3:

HMDB-51 [30]: This dataset contains 6849 web-sourced video clips spread across 51
action categories. The clips center on facial actions, body movements, and human-object
interactions, run at 320 x 240 resolution, and last about 5 s on average. With more than one
hundred clips per category, it is a good testbed for fine-grained recognition when training
data are scarce.

UCF-101 [31]: A small-to-medium-scale dataset containing 101 action categories, pri-
marily used to evaluate the model’s transfer capability in few-shot and zero-shot scenarios.

Kinetics-400 [11]: A large-scale dataset consisting of approximately 240k training
videos and 20k validation videos, covering 400 human action categories. Each video lasts
approximately 10 s. Due to its large scale and category diversity, Kinetics-400 serves as
an important benchmark for evaluating the robustness and scalability of video action
recognition methods.

Table 3. Detailed information on datasets.

Dataset Categories  Training Set Test Set Total Split Sources
HMDB-51 [30] 51 3570 1530 6849 3 Movies and web videos

UCF-101 [31] 101 9537 3783 13,320 3 YouTube

Kinetics-400 [11] 400 ~240k ~20k ~260k 1 YouTube

4.1.2. Implementation Details

To ensure fair comparison with the X-CLIP baseline, we adopt the CLIP pre-trained
vision encoder as the backbone in all experiments. The model is trained on four NVIDIA
RTX 4090D GPUs. The video input is uniformly sampled into T frames, with T € {8,16,32}
depending on the experimental setting, and each frame is resized to 224 x 224 pixels.
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Specifically, we use ViT-B/32 and ViT-B/16 backbones for the Kinetics-400 supervised
experiments, ViT-B/16 for the HMDB-51 and UCF-101 supervised experiments, and ViT-
B/16 with T = 32 for the zero-shot experiments.

Regarding the training strategy, the CLIP text encoder is kept frozen to preserve the
linguistic prior knowledge learned during large-scale vision-language pre-training, while
the CLIP vision encoder is fully fine-tuned together with the cross-frame communication
Transformer and the SASA module to adapt to the visual representation learning required
for video tasks. To accommodate the differing learning dynamics of pre-trained and
newly introduced parameters, we adopt a layer-wise learning rate strategy in which the
newly introduced modules (cross-frame communication Transformer and SASA module)
use a 10x learning rate multiplier relative to the CLIP backbone. The detailed training
hyperparameters are summarized in Table 4.

On the textual side, we leverage a large language model (GPT-4.1) to generate M = 6
hierarchical descriptors for each action category, consisting of three spatial descriptors
and three temporal descriptors. The construction of the descriptor bank is subject to strict
syntactic and semantic constraints, ensuring that the generated descriptors are visually
observable, action-relevant, and phase-aware. During training, the total loss function con-
sists of bidirectional contrastive losses between video-to-text and text-to-video directions,
optimized via symmetric cross-entropy. For inference, we adopt the multi-view evaluation
protocol with 4 temporal clips and 3 spatial crops.

Table 4. Detailed settings of model training hyperparameters.

Setting Value

Training Hyperparameters

GPUs 4 x NVIDIA RTX 4090D

Batch size 256 (fully supervised), 64 (zero-shot)

Training epochs 30

Optimizer AdamW, g = (0.9,0.98),e = 1078

Weight decay 1x1073

LR schedule Cosine annealing

Warmup epochs 5

LR (CLIP backbone) 8 x 107 (K400), 2 x 10~¢ (HMDB-51, UCF-101)
LR (new modules, 10x) 8 x 1075 (K400), 2 x 10~° (HMDB-51, UCF-101)
o (Gaussian prior) 0.25

Ta (attention temperature) 0.2

Teon (contrastive temperature) 0.07 (initialized, learnable)

Data Augmentation

Training resize RandomSizedCrop
Training crop size 224

Random horizontal flip probability 0.5
Color jitter probability 0.8
Random grayscale probability 0.2
Mixup « 0.8

CutMix a 1.0

Switch probability 0.5

Label smoothing 0.1

4.2. Ablation Experiments and Analysis

To quantitatively validate the effectiveness of the core design components of SASA-
CLIP, namely the dual-branch collaboration, temporal structural awareness, and multi-
granularity semantic prototypes, this section conducts ablation studies under a unified set-
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ting. All models in this section adopt ViT-B/32 and ViT-B/16 as the backbone architectures
and are trained on four NVIDIA RTX 4090D GPUs. We follow the single-view evaluation
protocol to ensure a fair comparison while optimizing computational resource utilization.

4.2.1. Fine-Grained Branch Ablation and Analysis

The core of our method lies in the complementary collaboration between the coarse-
grained and fine-grained branches: the coarse-grained branch captures global contextual
information, while the fine-grained branch captures local temporal dynamics through
structure-aware descriptor alignment. To validate the effectiveness of the fine-grained
branch, we compare the coarse-grained-only baseline (i.e., X-CLIP) with the complete
dual-branch fusion model (SASA-CLIP) on the Kinetics-400 dataset. Both configurations
adopt ViT-B/32 and ViT-B/16 as the visual backbone, with the number of input frames set
to 8 and 16, respectively.

As shown in Table 5, the introduction of the fine-grained branch yields consistent
performance improvements across all evaluated configurations. Specifically, SASA-CLIP
improves the Top-1 accuracy by 0.97% (80.40% — 81.37%) under the ViT-B/32, T = 8 setting
and by 0.90% (84.70% — 85.60%) under the ViT-B/16, T = 16 setting. Moderate but consis-
tent gains are also observed under the intermediate configurations: 0.60% improvement
under ViT-B/32, T = 16 (81.10% — 81.70%) and 0.43% improvement under ViT-B/16,
T = 8 (83.80% — 84.23%). Top-5 accuracy follows the same trend, with the largest gain
of 0.24% observed under the ViT-B/16, T = 16 setting (96.80% — 97.04%). These results
indicate that the fine-grained branch provides stable and complementary benefits to the
coarse-grained branch across different backbone capacities and temporal sampling rates,
demonstrating its effectiveness in enhancing fine-grained video action recognition.

Table 5. Performance comparison of different branch configurations on the Kinetics-400 dataset.

Branch Configuration = Backbone Input Top-1 (%) Top-5 (%)

. 8 x 224 x 224 80.40 95.00
ViT-B/32 16 x 224 x 224 81.10 95.50
X-CLIP [ 8 x 224 x 224 83.80 95.70

. X X . .
VITB/16 16 224 x 224 84.70 96.80
. 8 x 224 x 224 81.37 95.35
ViT-B/32 16 x 224 x 224 81.70 95.67

SASA-CLIP (Ours)

VIT-B/16 8 x 224 x 224 84.23 95.78
16 x 224 x 224 85.60 97.04

The above experiments verify the overall gain of the fine-grained branch under
different configurations. To further quantify the individual contributions of the coarse-
grained and fine-grained branches, we evaluate a single trained model under the ViT-B/32,
T = 8 setting, using only the coarse-grained output (A = 0), only the fine-grained output
(A = 1), and the full fusion, respectively, as shown in Table 6. With the coarse-grained
output only (A = 0), the Top-1 accuracy is 80.53%, slightly higher than the independently
trained X-CLIP baseline (80.40%). Both configurations share essentially the same struc-
ture. The difference is that the visual encoder of the full model also receives gradients
from the fine-grained branch during end-to-end training, so that the learned frame-level
representations are also beneficial to the global discrimination of the coarse-grained branch.
With the fine-grained output only (A = 1), the Top-1 accuracy drops to 79.82%, below the
baseline. The fine-grained branch captures local temporal differences through frame-level
descriptor matching, but lacks the global context provided by the coarse-grained branch.
Some Kinetics-400 categories can be distinguished from scene and global semantic cues
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alone. For these categories, the fine-grained branch alone does not provide sufficient
discriminative evidence. This shows that the fine-grained branch provides complemen-
tary local temporal discriminative information for the global representation, while its
performance when used alone remains inferior to the full model. By combining the two
branches through adaptive fusion, the full model obtains the best result of 81.37%, higher
than any single-branch configuration, which verifies the effectiveness of the dual-branch
cooperative design.

Table 6. Contribution of the coarse-grained and fine-grained branches on the Kinetics-400 dataset.

Branch Configuration Fusion (1) Backbone T Top-1 (%) Top-5 (%)
X-CLIP [5] (baseline) - 80.40 95.00
SASA-CLIP (coarse only) A=0 . 80.53 95.09
SASA-CLIP (fine only) A=1 ViT-B/32 8 79.82 9456
SASA-CLIP (Full) adaptive 81.37 95.35

Figure 7 presents four representative cases where X-CLIP makes incorrect predictions
while SASA-CLIP predicts correctly. Swimming Breast Stroke and Swimming Backstroke
share an identical aquatic scene and differ only in swimming posture; X-CLIP misclassifies
breaststroke as backstroke, while SASA-CLIP successfully distinguishes the two through
temporal descriptor matching. Both Strumming Guitar and Playing Guitar involve a guitar as
the central interaction object. SASA-CLIP’s spatial and temporal descriptors cooperatively
capture the rhythmic reciprocating motion unique to strumming. Golf Chipping and Golf
Putting exhibit nearly identical scenes and initial postures, and SASA-CLIP, by constraining
the temporal descriptors within their corresponding temporal windows via the GPGA
module, effectively captures the difference in swing amplitude. The core distinction
between Long Jump and Triple Jump lies in the number of action phases: a single takeoff
versus three consecutive jumps; this difference cannot be captured by single-frame features,
and SASA-CLIP successfully recognizes the single-phase structure of a long jump by
aligning temporal descriptors with the frame sequence in an ordered and structure-aware
manner through GPGA.

Case ty t3 ts ty Prediction Comparison

&l - - = jgeg@ GT: Swimming Breast Stroke
Case 1 = e B il Smaifuiinid X-CLIP: Swimming Backstroke X
= — g & - Ours: Swimming Breast Stroke v

GT: Strumming Guitar
X-CLIP: Playing Guitar X

Case 2 e g ]
Al Ours: Strumming Guitar v

8y GT: Golf Chipping
X-CLIP: Golf Putting X
Ours: Golf Chipping v

Case 3

GT: Long Jump
e & <-CLIP: Triple Jump X
Ours: Long Jump v

Case 4

Figure 7. Qualitative examples where X-CLIP misclassifies but SASA-CLIP correctly identifies fine-
grained actions across four confusion types: motion pattern, action granularity, action amplitude,
and temporal structure. v denotes a correct prediction and x denotes an incorrect prediction.
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The above experimental results and qualitative cases demonstrate that relying solely
on global feature matching is insufficient to fully distinguish action categories with subtle
dynamic differences. When facing highly similar actions, as illustrated in Figure 7, the
global pooling used by the coarse-grained branch tends to dilute critical local cues, leading
to reduced discriminative capability for visually similar action categories. Our method
addresses this issue by introducing the fine-grained branch, which enhances the model’s
spatio-temporal modeling capability from the textual side.

By constructing structured spatio-temporal semantic prototypes on the textual side,
our method expands a single category label into multi-granular supervisory signals that
explicitly encode temporal phases and visual anchors. Under the guidance of rich semantic
priors and the temporal constraint of GPGA, the visual encoder is driven to learn to
discriminate between highly similar actions. Building on the coarse-grained branch, the
fine-grained branch supplements the critical local discriminative information needed for
distinguishing easily confused actions, forming an effective complementarity with the
coarse-grained branch.

To complement the successful cases above, we also examine the samples that SASA-
CLIP still misclassifies. One source of the residual errors is the mismatch between the
LLM-generated descriptors and individual instances. As noted in the original OST [7] work,
the descriptors of an action category are not always fully manifested in every instance,
and LLM-generated descriptors may contain hallucinated content. When matched at the
frame level, such descriptors can inject misleading evidence into the fine-grained branch.
We further examine how many such errors occur. On the Kinetics-400 validation set, only
9 samples are correctly classified by the coarse-grained branch but misclassified after fusion,
indicating that the adaptive fusion suppresses descriptor-induced errors to a negligible
level. Filtering low-quality descriptors by matching score, as discussed in Section 5, is a
direct direction for further reducing these residual errors.

4.2.2. Ablation on Descriptor Types and Fusion Strategy

The ablation in this section consists of two parts. The first part evaluates the individual
contributions of the two descriptor types, spatial and temporal descriptors. The second
part evaluates the fusion strategy between the coarse-grained and fine-grained branches,
comparing fixed fusion with adaptive fusion. We conduct an ablation study on Kinetics-
400 (ViT-B/32, T = 8), with results shown in Table 7. To keep the descriptor type as the
only variable, both single-descriptor configurations adopt a fixed branch fusion weight,
and GPGA is applied only to temporal descriptors.

Using spatial descriptors alone, the Top-1 accuracy is 80.24%, slightly below the X-CLIP
baseline (80.40%). Spatial descriptors characterize static information such as scene, objects,
and poses, which is already covered by the global representation of the coarse-grained
branch. As a result, introducing them alone brings little gain, while their frame-level
matching adds extra noise. Using temporal descriptors alone, the Top-1 accuracy reaches
80.71%, above the baseline. Temporal descriptors encode the phase evolution of an action.
Such fine-grained temporal cues are weakened when the coarse-grained branch aggregates
frame features into a global representation. They remain essential for distinguishing fine-
grained actions. This observation is consistent with OST [7], which likewise finds that
temporal descriptors contribute more significantly than spatial ones. Under the fixed fusion
strategy, combining the two descriptor types raises the accuracy to 81.06%, higher than
either type alone, which indicates that the two are complementary.

The last two rows of Table 7 evaluate the fusion strategy between the coarse-grained
and fine-grained branches, comparing fixed fusion with adaptive fusion. Under the full
descriptor configuration, adaptive fusion reaches 81.37% Top-1 and 95.35% Top-5, higher
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than the 81.06% and 95.23% of fixed fusion. Fixed-ratio fusion assigns the same weight to the
two branches across all categories. In contrast, adaptive fusion adjusts the weight between
the coarse-grained and fine-grained branches per sample according to the alignment
confidence from GPGA and therefore yields better results.

Table 7. Ablation on descriptor types and fusion strategy on Kinetics-400. v" indicates that the
corresponding component is enabled and X indicates that it is disabled.

Configuration Spatial Desc Temporal Desc GPGA Fusion Top-1 (%) Top-5 (%)
Spatial only v X X Fixed 80.24 94.97
Temporal only X v v Fixed 80.71 95.18
Spatial + Temporal (Full) v v v Fixed 81.06 95.23
Spatial + Temporal (Full) v v v Adaptive 81.37 95.35

We further analyze the effect of the number of spatial descriptors on performance. It
should be noted that the number of temporal descriptors is fixed at 3, corresponding to the
start, middle, and end phases of an action, and is bound to the Gaussian prior centers of
GPGA (Equation (6)). It is therefore not treated as an independent variable in this analysis.
In contrast, spatial descriptors are mutually independent static visual dimensions, and their
number can be examined separately. The results are shown in Table 8. When the number of
spatial descriptors increases from 1 to 3, the Top-1 accuracy improves from 81.14% to 81.37%.
This improvement is consistent with the design intent of spatial descriptors. A single
descriptor is insufficient to cover multiple static visual dimensions such as scene, objects,
and posture, whereas a moderate number of descriptors provides more comprehensive
visual anchors. However, when the number increases to 5 and 7, the accuracy drops to
81.21% and 81.07%, respectively. This observation is consistent with the finding in OST [7]
that an excessive number of descriptors aggravates the hallucination problem of large
language models and introduces noisy descriptors. The reason is that the static semantic
dimensions of a single action category are limited. When the number of descriptors exceeds
the visual concepts that can be covered, the large language model generates repetitive or
fabricated content. Despite these effects, the overall accuracy fluctuation remains within
a narrow range (81.07% to 81.37%). This stability has two sources. First, the structured
prompt template in Section 3.2 imposes vocabulary and syntactic constraints on descriptor
generation, which limits the deviation of descriptor content. Second, as shown in Table 7,
spatial descriptors mainly serve as a complement to the global representation. Considering
both performance and noise, we set Ms = 3.

Table 8. Ablation on the number of spatial descriptors on Kinetics-400.

M; (Spatial) M, (Temporal) Backbone T Top-1(%)  Top-5 (%)
1 3 81.14 95.28
3 3 , 81.37 95.35
5 3 ViT-B/32 8 81.21 95.26
7 3 81.07 95.12

Regarding the three-phase temporal design described above, its applicability under
different video structures requires further clarification. The Gaussian prior assumes that
action phases are temporally ordered along the time axis. This assumption is reasonable for
most complete actions, but it does not always hold in cases such as trimmed clips, repetitive
actions, shot changes, or actions where key evidence appears only briefly. Our method
handles these cases through the following designs.
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The Gaussian prior in Equation (8) is not imposed on the alignment process as a hard
constraint. Instead, it is combined with content similarity through the learnable fusion
coefficient . When the temporal structure of a video deviates from the ideal phase order, «
adaptively decreases during training, and the model relies more on the content matching
between frames and descriptors than on the fixed temporal assumption. The Gaussian
distribution adopted by the prior is itself a smooth soft window. Its standard deviation o
allows action phases to shift along the time axis, which accommodates differences in action
tempo and starting position. At the branch fusion level, the adaptive fusion in Section 3.4
dynamically adjusts the weights according to the temporal alignment quality of each
sample. When the temporal alignment quality of a video is low, the overall weight of the
fine-grained branch decreases accordingly, and the inappropriate prior it may introduce is
suppressed as well. Therefore, although the fixed phase assumption still has limitations on
extremely irregular videos, the above mechanisms keep the three-phase temporal modeling
robust under common conditions.

4.2.3. Ablation Study and Analysis of the GPGA Module

The GPGA module is designed to address the unordered frame-descriptor matching
problem in fine-grained alignment by injecting an inductive bias of local temporal con-
tinuity. To quantitatively validate the effectiveness of the GPGA module, we design the
controlled experiments shown in Table 9, starting from the X-CLIP baseline and progres-
sively introducing the fine-grained branch and the GPGA module to systematically analyze
the contribution of each component.

Table 9. Ablation study of the GPGA module on the Kinetics-400 dataset. All experiments use
ViT-B/32 as the backbone. v" indicates that the corresponding component is enabled and x indicates
that it is disabled.

Configuration Coarse-Grained Branch Fine-Grained Branch GPGA Input Top-1 (%)/Top-5 (%)

X-CLIP (Baseline) v . 8 186122224;;222244 2(1):118 ; Zg:gg
SASA-CLIP w/o GPGA ‘ ‘ < dgxmixms  8123/0810

sasa-cup ‘ ‘ CREE

To analyze the contribution of each component in detail, we conduct controlled ex-
periments using ViT-B/32 as the backbone under two input configurations (T = 8 and
T = 16). Starting from the X-CLIP baseline, we first introduce the fine-grained branch (i.e.,
SASA-CLIP w/o GPGA). Under the T = 8 configuration, the Top-1 accuracy improves
from 80.40% to 80.81% (+0.41%), while the Top-5 accuracy unexpectedly drops from 95.00%
to 94.67% (—0.33%); the same pattern is observed under the T = 16 configuration, where
the Top-1 accuracy improves from 81.10% to 81.23% (+0.13%) but the Top-5 accuracy drops
from 95.50% to 95.10% (—0.40%). This contrast between the Top-1 improvement and the
Top-5 decline corroborates the empirical analysis in Section 3.3.2 (Table 2): without temporal
structural priors, the matching between temporal descriptors and video frames is temporal
agnostic. Although the fine-grained branch enhances the model’s discriminability over
the most matched category (Top-1), the alignment noise introduced by unordered frame-
descriptor matching impairs semantic recall across the top-ranked candidates, leading to a
decline in Top-5 accuracy.

After further incorporating the GPGA module (i.e., the complete SASA-CLIP), the per-
formance pattern changes significantly. Under the T = 8 configuration, the Top-1 accuracy
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improves from 80.81% to 81.37% (+0.56%), and the Top-5 accuracy recovers from 94.67% to
95.35% (+0.68%); under the T = 16 configuration, the Top-1 accuracy improves from 81.23%
to 81.70% (+0.47%), and the Top-5 accuracy recovers from 95.10% to 95.67% (+0.57%). By
explicitly injecting the inductive bias of local temporal continuity into the attention weights,
the GPGA module constrains the start, middle, and end phase descriptors to focus on
their corresponding temporal windows along the video (detailed visualization in Figure 8).
This temporally ordered constraint effectively alleviates the unordered-collapse problem in
fine-grained frame-descriptor alignment.

Figure 8 illustrates the working mechanism of the GPGA module. After incorporat-
ing GPGA, the inductive bias of local temporal continuity is explicitly encoded into the
matching process. Taking Springboard Diving as an example, the matching matrix after
the GPGA constraint exhibits a clear diagonal trend: the start-phase descriptor “approach
run on the springboard” attends primarily to the early frames (f;—f3), the middle-phase
descriptor “takeoff with arms overhead on the board” attends to the middle frames (f4—f5),
and the end-phase descriptor “body rotation in the air above water” attends to the latter
frames (f7—fg). Such ordered alignment enables the model to distribute attention more
appropriately along the temporal axis, preventing fine-grained features from collapsing
toward a single dominant semantic node.

More notably, the performance gain brought by GPGA (+0.56%/+0.47%) substantially
exceeds that of the fine-grained branch alone (+0.41%/+0.13%), and only after introducing
GPGA does the Top-5 accuracy surpass the baseline under both input configurations.
This demonstrates that the GPGA module is not merely an auxiliary refinement to the
fine-grained branch, but rather a prerequisite for the fine-grained alignment to yield
consistent gains. Without temporal and structural constraints, fine-grained matching itself
introduces noise due to unordered frame correspondence, thereby weakening the model’s
discriminative capability.

After GPGA: "Springboard Diving"

0.40
Start: "approach run 0.35
- app! 4 0.18 0.13 0.04 0.02 0.02 0.02
on the springboard"
0.30
0.25
Middle: "takeoff witharms 1 9 92 0.03 0.08 | 0.22 0.22 0.09 0.02 L 0.20
overhead on the board"
- 0.15
- 0.10
End: "body rotationinthe { 901 0.02 0.02 0.03 0.06 0.16
air above water" L 0.05
T T T T — 000

T T
fl f2 f3 f4 f5 f6 f7 f8
Frame index

Figure 8. Temporal descriptor-frame matching distribution after applying the GPGA module on the
action category Springboard Diving.

4.2.4. Computational Cost

We also evaluate the computational overhead introduced by SASA-CLIP’s specialized
components: the fine-grained branch, GPGA module, adaptive fusion, and the LLM
descriptor bank. Table 10 benchmarks our method against three standard CLIP-based
models (X-CLIP, OST, and BIKE). All models were tested under identical configurations
(ViT-B/32, T = 8 frames, 224 x 224 resolution, batch size 1) on a single RTX 4090D GPU.
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Admittedly, improving video action recognition accuracy comes with a computational
cost. Table 10 shows that SASA-CLIP’s structural complexity brings the FLOPs to 41.03 G
and peak inference memory to 810 MB, which are slightly higher than those of the baseline
models. The larger total parameter count of SASA-CLIP (203.85 M) mainly comes from
retaining the full CLIP encoders. However, the trainable parameter count (140.29 M)
remains reasonably constrained—heavier than X-CLIP (131.50 M) but still avoiding the
full fine-tuning cost required by OST (151.28 M). The main additional cost is inference
latency (18.89 ms per video), which arises from the fine-grained frame-level matching and
the GPGA module. On 4 x RTX 4090D, SASA-CLIP takes about 38 min per epoch on
Kinetics-400, close to the 34 min per epoch of X-CLIP, suggesting that the added modules
introduce only a small training overhead. An efficient and deployment-oriented model
design is an important consideration for real-world visual sensing applications [32], which
motivates the computational analysis reported in this section.

Table 10. Computational cost comparison on Kinetics-400.

Method Total (M) Trainable (M) FLOPs(G) Latency (ms) Memory (MB)

X-CLIP [5] 196.60 131.50 39.00 12.01 +0.48 781
OST [7] 151.28 151.28 35.32 6.75+0.22 611
BIKE [19] 171.28 107.85 38.78 13.53 +0.15 786
SASA-CLIP 203.85 140.29 41.03 18.89 £0.71 810

4.3. Supervised Experiments

As shown in Table 11, we evaluate our method on the large-scale Kinetics-400 dataset
and compare it with recent CLIP-based video recognition methods, including ActionCLIP,
Text4Vis, OST, X-CLIP, and BIKE. All methods adopt a unified input setting of T = 8 frames
at 224 x 224 resolution, and are evaluated under both ViT-B/32 and ViT-B/16 backbones.

Under the ViT-B/32 backbone, our method achieves a Top-1 accuracy of 81.37%, an im-
provement of 0.97% over the X-CLIP baseline (80.40%), and outperforms contemporary
methods including ActionCLIP (78.36%), Text4Vis (78.50%), and OST (78.70%). Compared
with BIKE (81.40%), our method performs comparably (—0.03%), reaching the same ac-
curacy level. Considering that BIKE achieves its performance gain through an additional
bidirectional cross-modal knowledge distillation mechanism, whereas our improvement
arises entirely from the cooperative design of multi-granularity semantic prototypes on
the textual side and GPGA-based temporal alignment, this result suggests that explicit
semantic decomposition combined with structure-aware temporal alignment can achieve
competitive performance without relying on complex cross-modal distillation mechanisms.

Under the ViT-B/16 backbone, our method achieves 84.23% Top-1 accuracy, surpassing
X-CLIP (83.80%) by 0.43% and BIKE (84.00%) by 0.23%, and outperforming ActionCLIP
(81.09%), Text4Vis (81.40%), and OST (82.00%). Notably, the advantage of our method
becomes more pronounced as the backbone capacity scales from ViT-B/32 to ViT-B/16:
while our method performs comparably to BIKE under ViT-B/32, it surpasses BIKE by
0.23% under ViT-B/16. This indicates that the proposed fine-grained semantic alignment
mechanism can benefit more effectively from stronger visual representations, thereby
further improving discriminative capability in large-scale action recognition.

Overall, our method achieves competitive performance with recent CLIP-based meth-
ods under the Kinetics-400 fully supervised setting. Importantly, this improvement arises
entirely from a more thorough exploitation of the spatio-temporal semantic structure
already embedded in CLIP’s pre-trained knowledge, without introducing additional cross-
modal distillation or large-scale vision-language alignment.
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Table 11. Performance comparison between SASA-CLIP and other alternative methods on the
Kinetics-400 dataset.

Methods Input Backbone K400 Top-1 (%)
ActionCLIP [4] 8 x 224 x 224 xggﬁé ijgg
Text4Vis [33] 8 x 224 x 224 xggﬁé Z?:Zg
OST [7] 8 x 224 x 224 xggﬁé Zijgg
X-CLIP [5] 8 x 224 x 224 xggﬁé ng‘ég
BIKE [19] 8 x 224 x 224 xggﬁé Siﬁg
ViT-B/32 81.37

SASA-CLIP (Ours) 8 x 224 x 224 ViT-B/16 8423

We further evaluate our method on the HMDB-51 and UCF-101 datasets, with results
shown in Table 12. The experiments in this section are conducted by the authors. All
methods adopt ViT-B/16 as the backbone and are trained for 30 epochs under the same
experimental setting to ensure fair comparison. Since X-CLIP and BIKE do not report fully
supervised results on HMDB-51 and UCF-101 in their original papers, we reproduce these
baselines using their official open-source code under our experimental setting.

Table 12. Performance comparison between SASA-CLIP and reproduced baselines (X-CLIP and
BIKE) on the HMDB-51 and UCF-101 datasets. All methods use ViT-B/16 as the backbone, trained
for 30 epochs in our experimental environment.

Methods Backbone T Epoch HMDB-51 (%) UCF-101 (%)
8 72.22 96.15
BIKE 16 7331 96.63
, 70.22 94.10
X-CLIP ViT-B/16 16 30 70.75 94.20
Oure 72.68 96.65
16 74.00 96.81

On the HMDB-51 dataset, our method achieves a Top-1 accuracy of 74.00% under
T = 16, an improvement of 3.25% over the X-CLIP baseline (70.75%) and surpassing
BIKE (73.31%) by 0.69%. Our method helps most on fine-grained actions, and that makes
sense, because their phase structures are complex and the distinguishing cues lie in small
differences between phases.

On the UCF-101 dataset, our method also delivers strong results. Under T = 16,
it reaches a Top-1 accuracy of 96.81%, an improvement of 2.61% over X-CLIP (94.20%),
and surpasses BIKE (96.63%) by 0.18%. Under the more challenging T = 8 configuration,
our method (96.65%) further widens its margin over BIKE (96.15%) to 0.50%. These results
suggest that the proposed fine-grained alignment strategy remains effective even when
fewer input frames are available.

On both HMDB-51 and UCF-101, then, SASA-CLIP comes out ahead of the X-CLIP
baseline and of BIKE alike. This validates that the multi-granularity semantic prototypes
combined with the GPGA-based temporal alignment mechanism generalize well across
action recognition datasets of varying scales and characteristics.
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4.4. Zero-Shot Experiments

As shown in Table 13, we conducted zero-shot experiments on the classic zero-shot
datasets HMDB-51 and UCF-101 to evaluate the zero-shot performance of our model. The
experimental results demonstrate consistent improvements over the baseline model. For the
experiments in Section 4.4, we first pre-trained the model on the Kinetics-400 dataset using
four NVIDIA RTX 4090D GPUs, adopting the ViT-B/16 backbone with a 32-frame input
configuration. After completing the pre-training on the Kinetics-400 dataset, zero-shot
evaluations were performed on HMDB-51 and UCF-101.

Table 13. Zero-shot performance comparison between SASA-CLIP and other alternative methods on
the UCF-101 dataset and HMDB-51.

Methods Backbone T UCF-101 Top-1 (%) HMDB-51 Top-1 (%)
ActionCLIP [4] 32 58.3 40.8
ViFi-CLIP [6] 32 76.8 51.3
Vita-CLIP [34] 32 75.0 48.6
X-CLIP [5] VITB/16 =5 72.0 44.6
OST [7] 32 79.7 55.9
SASA-CLIP (ours) 32 75.1 48.9

As shown in Table 13, SASA-CLIP achieves a Top-1 accuracy of 75.1% on the UCF-
101 dataset, yielding a 3.1% improvement over the baseline. On the HMDB-51 dataset, it
achieves a Top-1 accuracy of 48.9%, an improvement of 4.3% over the baseline. These results
indicate that the proposed SASA-CLIP method is not only effective under fully supervised
training but also exhibits promising generalization capability in the zero-shot setting.

It is worth noting that OST [7] achieves a Top-1 accuracy of 79.7% on the UCF-101
dataset and 55.9% on the HMDB-51 dataset, both of which outperform our method. This
difference stems from the different design orientations of the two methods, as analyzed
below. OST solves the frame-descriptor matching via the Sinkhorn global optimal transport
algorithm, which does not assume a temporal structure and estimates the correspondence
between frames and descriptors for each sample. This adaptability accounts for its higher
zero-shot results. In contrast, the temporal centers yi; of SASA-CLIP are fixed by the phase
indices of the descriptors (Equation (6)), with only the fusion coefficient « learnable. During
supervised training, these fixed centers work together with sufficient samples from the
seen categories and guide the encoder to learn discriminative temporal representations.
Under zero-shot transfer, however, the temporal structure of an unseen category does not
necessarily follow the assumed start-middle-end structure, and the prior centers cannot be
adjusted to it. A constraint that is beneficial under supervision therefore becomes a mis-
matched constraint on unseen categories. This reflects a design trade-off. The deterministic
temporal prior improves discrimination under supervision, but at the cost of adaptation
to unseen categories. The parameter-free matching of OST adapts more readily to unseen
categories, while providing weaker temporal discrimination under supervision. Under
the fully supervised setting on Kinetics-400 with ViT-B/32, SASA-CLIP outperforms OST
by 2.67% (Table 11). Enhancing zero-shot generalization while retaining the temporal
structural constraint, for example by introducing learnable or dynamically adjusted prior
parameters, remains a direction for future work.

5. Conclusions

In this paper, we propose SASA-CLIP, a structure-aware and semantically adaptive
framework for fine-grained vision-language alignment. It aims to address the insufficient
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discriminability of existing CLIP-based video action recognition methods for fine-grained
actions. Through a dual-branch architecture, SASA-CLIP shifts cross-modal alignment
from the global pooled feature-descriptor level to the frame-descriptor level. The coarse-
grained branch preserves global contextual features, while the fine-grained branch utilizes
spatio-temporal descriptors generated by an LLM to achieve frame-level semantic matching.
Concurrently, to overcome the temporal disorder in frame-wise alignment, we propose the
Gaussian-Prior Guided Attention (GPGA) module, which explicitly encodes the inductive
bias of local temporal continuity into the attention weights and guides the ordered align-
ment between temporal descriptors and their corresponding video phases. Experiments
on Kinetics-400, HMDB-51, and UCF-101 show consistent gains under both fully super-
vised and zero-shot settings. Beyond benchmark evaluation, SASA-CLIP offers a practical
approach for fine-grained action understanding in real-world visual sensing applications
such as intelligent surveillance and wearable activity monitoring.

Nevertheless, our method still has certain limitations that are worth exploring in
future work. First, the performance of the model depends on the quality of the LLM-
generated descriptors, as reflected in the residual error analysis in Section 4.2.1. Future
work could introduce an adaptive filtering mechanism based on matching scores to filter
out low-quality descriptors. Second, GPGA fixes the temporal centers y; and shares a single
standard deviation o across all of them. This rigidity is less suited to action categories whose
temporal structure varies widely. Future research could explore learnable parameters or
strategies that dynamically adjust parameters based on inter-frame feature similarity. Third,
there remains a performance gap in the zero-shot setting between our method and optimal
transport-based methods such as OST. This likely reflects a potential trade-off between the
discriminative gains introduced by temporal structural priors during supervised training
and the flexibility required for zero-shot generalization. Enhancing zero-shot generalization
while retaining temporal structural constraints remains an open direction for future work.
Following common practice for this dataset, the Kinetics-400 results are reported from
single training runs, as repeated full training is computationally expensive. The consistency
of the gains across backbones, frame numbers, and datasets supports the reliability of
the improvement.

Supplementary Materials: The prompt templates used for descriptor generation, together with the
complete set of spatial and temporal descriptors for all action categories, are publicly available at
https:/ / github.com/siwenbao/SASA-CLIP (accessed on 1 June 2026).

Author Contributions: Conceptualization, W.S. and X.H.; methodology, W.S. and X.H.; software,
W.S,; validation, W.S.; formal analysis, W.S.; investigation, W.S.; resources, X.H.; data curation, W.S.
and X.H.; writing—original draft preparation, W.S., X.H. and H.Z.; writing—review and editing,
H.Z,M.Y,, LM. and Y.F,; visualization, W.S. and H.Z.; supervision, X.H.; project administration, X.H.;
funding acquisition, X.H. All authors have read and agreed to the published version of the manuscript.

Funding: This work is supported by Heilongjiang Provincial Natural Science Foundation of China
(No. PL2024F004).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: This study uses three publicly available benchmark datasets. Kinetics-
400 is available at https:/ /github.com/cvdfoundation /kinetics-dataset (accessed on 1 June 2026);
HMDB-51 is available at https:/ /serre-lab.clps.brown.edu/resource /hmdb-a-large-human-motion-
database/ (accessed on 1 June 2026); and UCF-101 is available at https:/ /www.crcv.ucf.edu/data/
UCF101.php (accessed on 1 June 2026). No new data were created in this study. The code and trained
models are available from the corresponding author upon reasonable request.

https:/ /doi.org/10.3390/s26154865


https://github.com/siwenbao/SASA-CLIP
https://github.com/cvdfoundation/kinetics-dataset
https://serre-lab.clps.brown.edu/resource/hmdb-a-large-human-motion-database/
https://serre-lab.clps.brown.edu/resource/hmdb-a-large-human-motion-database/
https://www.crcv.ucf.edu/data/UCF101.php
https://www.crcv.ucf.edu/data/UCF101.php
https://doi.org/10.3390/s26154865

Sensors 2026, 26, 4865 26 of 28

Acknowledgments: The Heilongjiang Provincial Key Laboratory of Electronic Commerce and In-
formation Processing provided academic support. During the preparation of this study, the authors
used OpenAl GPT-4.1 via API to generate candidate semantic descriptors. The authors reviewed and
edited the output and take full responsibility for the content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

Sun, Z.; Ke, Q.; Rahmani, H.; Bennamoun, M.; Wang, G.; Liu, J. Human Action Recognition from Various Data Modalities:
A Review. IEEE Trans. Pattern Anal. Mach. Intell. 2023, 45, 3200-3225. [PubMed]

Shao, D.; Zhao, Y.; Dai, B.; Lin, D. FineGym: A Hierarchical Video Dataset for Fine-Grained Action Understanding. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Virtual, 14-19 June 2020; pp. 2616-2625.
Radford, A.; Kim, ].W.; Hallacy, C.; Ramesh, A.; Goh, G.; Agarwal, S; Sastry, G.; Askell, A.; Mishkin, P; Clark, J.; et al. Learning
Transferable Visual Models from Natural Language Supervision. In Proceedings of the International Conference on Machine
Learning, Virtual, 18-24 July 2021; pp. 8748-8763.

Wang, M.; Xing, J.; Mei, J.; Liu, Y.; Jiang, Y. ActionCLIP: Adapting Language-Image Pretrained Models for Video Action
Recognition. IEEE Trans. Neural Netw. Learn. Syst. 2025, 36, 625-637. [CrossRef] [PubMed]

Ni, B.; Peng, H.; Chen, M.; Zhang, S.; Meng, G.; Fu, ].; Xiang, S.; Ling, H. Expanding Language-Image Pretrained Models for
General Video Recognition. In Computer Vision-ECCV 2022; Avidan, S., Brostow, G., Cissé, M., Farinella, G.M., Hassner, T., Eds.;
Springer Nature Switzerland: Cham, Switzerland, 2022; Volume 13664, pp. 1-18. [CrossRef]

Rasheed, H.; Khattak, M.U.; Maaz, M.; Khan, S.; Khan, ES. Fine-Tuned CLIP Models Are Efficient Video Learners. In Proceedings
of the 2023 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada, 17-24 June
2023; pp. 6545-6554. [CrossRef]

Chen, T;; Yu, H.; Yang, Z; Li, Z.; Sun, W.; Chen, C. OST: Refining Text Knowledge with Optimal Spatio-Temporal Descriptor
for General Video Recognition. In Proceedings of the 2024 IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), Seattle, WA, USA, 16-22 June 2024; pp. 18888-18898. [CrossRef]

Cuturi, M. Sinkhorn Distances: Lightspeed Computation of Optimal Transport. Adv. Neural Inf. Process. Syst. 2013, 2, 2292-2300.
Li, H.; Shu, X.; He, S.; Qiao, R.; Wen, W.; Guo, T.; Gan, B.; Sun, X. D3G: Exploring Gaussian Prior for Temporal Sentence Grounding
with Glance Annotation. In Proceedings of the 2023 IEEE/CVF International Conference on Computer Vision (ICCV), Paris,
France, 1-6 October 2023; pp. 13688-13700. [CrossRef]

Tran, D.; Bourdev, L.; Fergus, R.; Torresani, L.; Paluri, M. Learning Spatiotemporal Features with 3D Convolutional Networks.
In Proceedings of the 2015 IEEE International Conference on Computer Vision (ICCV), Santiago, Chile, 7-13 December 2015;
pp. 4489-4497. [CrossRef]

Carreira, J.; Zisserman, A. Quo Vadis, Action Recognition? A New Model and the Kinetics Dataset. In Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21-26 July 2017; pp. 4724-4733.
[CrossRef]

Feichtenhofer, C.; Fan, H.; Malik, J.; He, K. SlowFast Networks for Video Recognition. In Proceedings of the 2019 IEEE/CVF
International Conference on Computer Vision (ICCV), Seoul, Republic of Korea, 27 October-2 November 2019; pp. 6201-6210.
[CrossRef]

Yenduri, S.; Perveen, N.; Chalavadi, V.; C, K.M. Fine-Grained Action Recognition Using Dynamic Kernels. Pattern Recognit. 2022,
122,108282. [CrossRef]

Liu, Z.; Ning, J.; Cao, Y.; Wei, Y.; Zhang, Z.; Lin, S.; Hu, H. Video Swin Transformer. In Proceedings of the 2022 IEEE/CVF
Conference on Computer Visionand Pattern Recognition (CVPR), New Orleans, LA, USA, 18-24 June 2022; pp. 3192-3201.
[CrossRef]

Arnab, A.; Dehghani, M.; Heigold, G.; Sun, C.; Lucic, M.; Schmid, C. ViViT: A Video Vision Transformer. In Proceedings of the
2021 IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, QC, Canada, 10-17 October 2021; pp. 6816-6826.
[CrossRef]

Bertasius, G.; Wang, H.; Torresani, L. Is Space-Time Attention All You Need for Video Understanding? In Proceedings of the
38th International Conference on Machine Learning; Meila, M., Zhang, T., Eds.; PMLR: New York, NY, USA, 2021; Volume 139,
pp. 813-824.

Chen, Y,; Li, K,; Bao, W.; Patel, D.; Kong, Y.; Min, M.R.; Metaxas, D.N. Learning to Localize Actions in Instructional Videos with
LLM-based Multi-Pathway Text-Video Alignment. In Proceedings of the Computer Vision—ECCV 2024; Leonardis, A., Ricci, E.,
Roth, S., Russakovsky, O., Sattler, T., Varol, G., Eds.; Springer: Cham, Switzerland, 2025; pp. 193-210.

https:/ /doi.org/10.3390/s26154865


http://www.ncbi.nlm.nih.gov/pubmed/35700242
http://dx.doi.org/10.1109/TNNLS.2023.3331841
http://www.ncbi.nlm.nih.gov/pubmed/37988204
http://dx.doi.org/10.1007/978-3-031-19772-7_1
http://dx.doi.org/10.1109/CVPR52729.2023.00633
http://dx.doi.org/10.1109/CVPR52733.2024.01787
http://dx.doi.org/10.1109/ICCV51070.2023.01263
http://dx.doi.org/10.1109/ICCV.2015.510
http://dx.doi.org/10.1109/CVPR.2017.502
http://dx.doi.org/10.1109/ICCV.2019.00630
http://dx.doi.org/10.1016/j.patcog.2021.108282
http://dx.doi.org/10.1109/CVPR52688.2022.00320
http://dx.doi.org/10.1109/ICCV48922.2021.00676
https://doi.org/10.3390/s26154865

Sensors 2026, 26, 4865 27 of 28

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Peng, K; Fu, J.; Yang, K.; Wen, D.; Chen, Y,; Liu, R; Zheng, J.; Zhang, |.; Sarfraz, M.S.; Stiefelhagen, R.; et al. Referring Atomic
Video Action Recognition. In Proceedings of the Computer Vision—ECCV 2024; Leonardis, A., Ricci, E., Roth, S., Russakovsky, O.,
Sattler, T., Varol, G., Eds.; Springer: Cham, Switzerland, 2025; pp. 166-185.

Wu, W.,; Wang, X.; Luo, H.; Wang, J.; Yang, Y.; Ouyang, W. Bidirectional Cross-Modal Knowledge Exploration for Video
Recognition with Pre-trained Vision-Language Models. In Proceedings of the 2023 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), Vancouver, BC, Canada, 17-24 June 2023; pp. 6620-6630. [CrossRef]

Huang, X.; Zhou, H.; Yao, K.; Han, K. FROSTER: Frozen CLIP Is a Strong Teacher for Open-Vocabulary Action Recognition. In
Proceedings of the The Twelfth International Conference on Learning Representations, Vienna, Austria, 7-11 May 2024.
Aghdam, A.; Hu, V.T.; Ommer, B. ActAlign: Zero-shot Fine-Grained Video Classification via Language-Guided Sequence
Alignment. arXiv 2025, arXiv:2506.22967.

Yu, Y.; Cao, C,; Zhang, Y.; Lv, Q.; Min, L.; Zhang, Y. Building a Multi-modal Spatiotemporal Expert for Zero-shot Action
Recognition with CLIP. Proc. AAAI Conf. Artif. Intell. 2025, 39, 9689-9697. [CrossRef]

Guo, M,; Zhang, Y,; Liu, T. Gaussian Transformer: A Lightweight Approach for Natural Language Inference. In Proceedings of
the AAAI Conference on Artificial Intelligence, Honolulu, HI, USA, 27 January-1 February 2019; Volume 33, pp. 6489-6496.
Press, O.; Smith, N.; Lewis, M. Train Short, Test Long: Attention with Linear Biases Enables Input Length Extrapolation. In
Proceedings of the International Conference on Learning Representations, Virtual, 25-29 April 2022.

Shao, J.; Wang, X.; Quan, R.; Zheng, J.; Yang, J.; Yang, Y. Action Sensitivity Learning for Temporal Action Localization. In
Proceedings of the IEEE/CVF International Conference on Computer Vision, Paris, France, 2-6 October 2023; pp. 13457-13469.
Brown, T.; Mann, B.; Ryder, N.; Subbiah, M.; Kaplan, ].D.; Dhariwal, P.; Neelakantan, A.; Shyam, P; Sastry, G.; Askell, A. Language
Models Are Few-Shot Learners. Adv. Neural Inf. Process. Syst. 2020, 33, 1877-1901.

Liu, D.; Li, Q.; Dinh, A.D,; Jiang, T.; Shah, M.; Xu, C. Diffusion Action Segmentation. In Proceedings of the IEEE/CVF International
Conference on Computer Vision (ICCV), Paris, France, 4-6 October 2023; pp. 10139-10149.

Shazeer, N.; Mirhoseini, A.; Maziarz, K.; Davis, A.; Le, Q.; Hinton, G.; Dean, J. Outrageously Large Neural Networks: The
Sparsely-Gated Mixture-of-Experts Layer. In Proceedings of the International Conference on Learning Representations, Toulon,
France, 24-26 April 2017.

Hu, J; Shen, L.; Sun, G. Squeeze-and-Excitation Networks. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, Salt Lake City, UT, USA, 18-22 June 2018; pp. 7132-7141.

Kuehne, H.; Jhuang, H.; Garrote, E.; Poggio, T.; Serre, T. HMDB: A Large Video Database for Human Motion Recognition. In
Proceedings of the 2011 International Conference on Computer Vision, Barcelona, Spain, 6-13 November 2011; pp. 2556-2563.
Soomro, K.; Zamir, A.R.; Shah, M. Ucf101: A Dataset of 101 Human Actions Classes from Videos in the Wild. arXiv 2012,
arXiv:1212.0402. [CrossRef]

Hayat, M.; Izhar, R.; Nadeem, M.; Anjum, H.; Muhammad, A.; Bhattacharjee, S. HAMSRNet-Hybrid Attention Multiscale
Super-Resolution Network for Endoscopic Images. In Proceedings of the 2025 5th International Conference on Digital Futures
and Transformative Technologies (ICoDT2), Islamabad, Pakistan, 17-18 December 2025; pp. 1-6. [CrossRef]

Wu, W,; Sun, Z.; Ouyang, W. Revisiting Classifier: Transferring Vision-Language Models for Video Recognition. Proc. AAAI Conf.
Artif. Intell. 2023, 37, 2847-2855. [CrossRef]

Wasim, S.T.; Naseer, M.; Khan, S.; Khan, ES.; Shah, M. Vita-CLIP: Video and Text Adaptive CLIP via Multimodal Prompting. In
Proceedings of the 2023 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada,
17-24 June 2023; pp. 23034-23044. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/s26154865


http://dx.doi.org/10.1109/CVPR52729.2023.00640
http://dx.doi.org/10.1609/aaai.v39i9.33050
http://dx.doi.org/10.48550/arXiv.1212.0402
http://dx.doi.org/10.1109/ICoDT269104.2025.11360731
http://dx.doi.org/10.1609/aaai.v37i3.25386
http://dx.doi.org/10.1109/CVPR52729.2023.02206
https://doi.org/10.3390/s26154865

	Introduction
	Related Works
	Video Action Recognition
	Fine-Grained Cross-Modal Alignment for Action Recognition
	Structural Priors for Temporal Modeling

	Methodology
	Overview of the Framework
	Coarse-Grained Branch
	Fine-Grained Branch

	Multi-Granularity Semantic Prototype Construction
	Structure-Aware Semantic-Adaptive Alignment Module
	Base Similarity Matrix Computation
	Gaussian-Prior Guided Attention (GPGA)
	Expectation Aggregation

	Adaptive Fusion
	Optimization Objective and Training Strategy

	Experiments
	Experimental Setup
	Datasets
	Implementation Details

	Ablation Experiments and Analysis
	Fine-Grained Branch Ablation and Analysis
	Ablation on Descriptor Types and Fusion Strategy
	Ablation Study and Analysis of the GPGA Module
	Computational Cost

	Supervised Experiments
	Zero-Shot Experiments

	Conclusions
	References

