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Abstract—To address insufficient fine-grained perception and
noise interference in video captioning, this paper proposes EAS-
Cap (Event-Anchored Semantic Captioning), an event-aware
semantic-enhanced model. EAS-Cap decomposes videos into
atomic events and aligns visual action features with textual event
representations via cross-modal knowledge distillation, enhancing
semantic perception. A Visual-Text Alignment (VTA) module
suppresses noise and improves coherence by mapping visual
features into a textual semantic space with contrastive learning. A
Visual-to-Event (V2E) constraint further ensures comprehensive
event capture while filtering irrelevant interference. Experiments
on MSVD and MSR-VTT show that EAS-Cap outperforms
existing methods, achieving CIDEr scores of 120.7 and 58.9
respectively, and generates accurate, semantically rich captions.

Index Terms—video captioning, feature alignment, atomic
events, contrastive learning, event-anchored, cross-modal knowl-
edge distillation

I. INTRODUCTION

Video captioning aims to generate descriptive narratives
by summarizing visual content, with significant applications
in visual retrieval [12], [34]–[36], visual question answering
[2], and assistive accessibility [27]. Current approaches fall
into two categories: methods that learn holistic video rep-
resentations often overlook fine-grained details, resulting in
ambiguous captions, while those leveraging fine-grained visual
elements (e.g., objects and actions) may introduce irrelevant
noise that degrades performance [14], [27], [28]. To address
these limitations, we propose EAS-Cap, a model designed to
enhance fine-grained perception while effectively suppressing
visual interference.

As shown in Fig. 1, EAS-Cap employs atomic events—basic
semantic units extracted via part-of-speech analysis—as an-
chors. Using a pre-trained, frozen Phrase-BERT as the teacher,
we perform cross-modal knowledge distillation: the Event
Encoder transforms visual action features, and the Event
Decoder aligns them with textual features using learnable
queries. This process transfers prior semantic knowledge to
the visual encoder, enhancing its discriminative power. Fur-
thermore, the Visual-Text Alignment (VTA) module enhances
global semantics via contrastive learning, and the Visual-to-
Event (V2E) constraint ensures local features remain con-
sistent with this global context. This closed-loop interaction
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Fig. 1. Diagram of cross-modal distillation mechanism. The process begins
by extracting atomic events from the ground-truth caption. Using the text
encoder as a teacher model, semantic knowledge is transferred to the visual
encoder through feature matching.

between local extraction and global optimization establishes a
robust foundation for caption decoding.

EAS-Cap decomposes the task into three objectives: 1)
extracting atomic events, 2) distilling textual priors via cross-
modal alignment, and 3) enhancing global consistency to
suppress noise. Our main contributions are:

• Cross-modal Knowledge Distillation for Atomic Event
Modeling: We design an Event Module that distills
knowledge from text to vision. Learnable queries align
fine-grained features with semantic anchors, while the
V2E constraint filters out globally inconsistent noise.

• Global Semantic Enhancement and Denoising: The
VTA Module projects global visual features into a text-
aligned space through dimensionality reduction and con-
trastive learning, enhancing semantics and suppressing
noise.

• Superior Benchmark Performance: Experiments on
MSVD [5] and MSR-VTT [26] demonstrate that EAS-
Cap achieves state-of-the-art performance, notably evi-
denced by leading CIDEr scores.



II. RELATED WORK

A. Syntax-Based Methods

Syntax-aware methods use syntactic information from
ground-truth captions—such as Dependency Parsing (DEP)
and Part-of-Speech (POS) tags—to guide attention and im-
prove caption quality. For example, J. Pérez-Martı́n et al.
[7], [14], [17] integrate syntactic tree embeddings with visual
features to align grammar with content. B. Wang et al. [24]
employ POS sequences as control signals to regulate sentence
structure. These approaches enhance grammatical correctness
and coherence but often operate at a coarse syntactic level.

B. Spatio-Temporal Feature Modeling

These methods focus on capturing both spatial and tem-
poral information for accurate video descriptions. J. Zhang
et al. [1], [19], [28] model hierarchical object–action–scene
relationships via semantic clustering. K. Lin et al. [31], [32]
adapt contrastive learning to align 3D spatio-temporal features
efficiently. Y. Shen et al. [20] propose a lightweight temporal
encoder that uses motion vectors and residuals, avoiding heavy
optical flow or 3D convolutions. Such works improve temporal
awareness but may still miss fine-grained event semantics.

C. Grammar and Knowledge Enhanced Methods

Another direction integrates grammatical rules or external
knowledge. Q. Zheng et al. [27], [29] apply syntactic con-
straints and sentence decomposition, while X. Luo et al. [6],
[13] use semantic memory banks or ontologies to enhance
representation. These methods show that structured semantic
information helps produce coherent captions. In contrast to
these approaches, our method employs a cross-modal distil-
lation mechanism that enhances discriminative visual feature
extraction through atomic event visual-text alignment and V2E
constraint, jointly achieving fine-grained event awareness and
noise suppression.

III. METHOD

As shown in Fig. 2, the workflow of EAS-Cap comprises
five key steps. 1) Extract global visual features and encode
them to preserve the holistic information of the video. 2)
The VTA Module projects these features into a text-aligned
semantic space via contrastive learning, thereby enhancing
global semantic understanding. 3) The Event Module generates
fine-grained embeddings for atomic events based on action
features, capturing local details through cross-modal distilla-
tion. 4) The V2E constraint guides the local extraction using
the aligned global features, ensuring semantic consistency
and suppressing noise. 5) The preliminary encodings, VTA-
enhanced features, and event features are fused and decoded
to produce the final caption. This approach effectively balances
fine-grained event perception with global semantic coherence.

A. Visual-Text Alignment Module

As illustrated in Fig. 2, we uniformly sample T keyframes
from video vi and use the CLIP (ViT-B/32) Image Encoder
[18] to extract image features from these keyframes, compos-
ing a sequence of visual features Bi = {bn

i }Tn=1 for video
vi, where bn

i ∈ Rdm , and dm denotes the model dimension.
The visual sequence is fed into the VTA Encoder to obtain
Gi = {gn

i }Tn=1, where gn
i ∈ Rdm . Additionally, a mean pool-

ing operation is performed on Gi to reduce its dimensionality.
Therefore, we have Gi = MeanPooling(g1

i ,g
2
i , . . . ,g

T
i ).

For the ground-truth caption ti, we utilize the text encoder
of CLIP (ViT-B/32) to obtain its text feature Ti ∈ Rdm .
Assuming that each batch during training contains N pairs
of visual-text features {(G1,T1), (G2,T2), . . . , (GN ,TN )},
we employ contrastive learning with a symmetric InfoNCE
loss function for both video and text features.

sij =
GiT

>
j

‖Gi‖ ‖Tj‖
, (1)

LG→T = − 1

N

N∑
i=1

log
exp(sii)∑N
j=1 exp(sij)

, (2)

LT→G = − 1

N

N∑
i=1

log
exp(sii)∑N
j=1 exp(sij)

, (3)

LC =
1

2

(
LG→T + LT→G

)
, (4)

where sij denotes the cosine similarity between the ith visual
feature and the jth text feature, and sii corresponds to the
correctly paired video-text feature. We optimize the total loss
LC to align visual and text features for global semantic
enhancement.

B. Event Module

The Event Module follows an encoder-decoder architecture
akin to the Transformer and is designed to perform cross-
modal knowledge distillation from text to vision. It incorpo-
rates learnable queries to generate atomic event embeddings
that align with textual descriptions, thereby capturing fine-
grained semantics in videos. Specifically, we first extract verb-
based atomic events from the ground-truth caption through
syntactic dependency parsing using RoBERTa [11] in spaCy
[9]. The textual embeddings of these events, denoted as
Hi = {hn

i }Ln=1 (hn
i ∈ Rda ), are obtained via Phrase-BERT

[25], where L is the number of events and da denotes the
dimension of the phrase embeddings. On the visual side,
we employ XCLIP (ViT-B/16) [15] to extract action-aware
features from T keyframes of video vi. These features are fed
into the Event Encoder to produce fine-grained visual event
features Ai = {ani }Tn=1 (ani ∈ Rdm ). To ensure semantic
consistency between local events and the global video context,
we introduce a V2E constraint that leverages the enhanced
global features Gi from the VTA Module. By fusing Gi

with Ai, we form a composite representation A′i = [Gi;Ai],
which allows the model to simultaneously attend to local event



Fig. 2. The overall framework diagram of EAS-Cap. Training task only involves the training process. CLIP, XCLIP, and Phrase-BERT are used with frozen
parameters.

details and globally refined semantics. Following the design of
DETR [4], a set of learnable queries Qi = {q1

i ,q
2
i , . . . ,q

L
i }

is introduced in the Event Decoder. Through cross-attention
with A′i, these queries generate structured atomic event rep-
resentations Ei = {eni }Ln=1 (qn

i , e
n
i ∈ Rdm ). Formally, the

decoding process is expressed as:

Ei = EventDecoder (Qi,A
′
i,A

′
i) , (5)

where Qi serves as the query and A′i acts as the key and value.
This design enables the module to distill text-aligned semantic
knowledge into the visual encoder, enhancing discriminative
feature extraction while filtering out irrelevant noise.

Finally, we compute the cosine similarity loss between Ei

and Hi. However, since hn
i ∈ Rda and eni ∈ Rdm have

different dimensionalities, we first reduce the dimensionality
of eni to Rda via a fully connected layer before calculating the
ultimate loss LE :

E′i = FC (Ei) , (6)

LE =
1

L

L∑
j=1

(
1−

e′ij · hij

‖e′ij‖ ‖hij‖

)
. (7)

Guided by the globally enhanced visual features (via the
V2E constraint), the Event Module performs semantic dis-
tillation: it learns to distill text-aligned atomic event visual
representations from the raw action features. The gradients

from this distillation task propagate backward to refine the
Event Encoder, enabling it to extract more discriminative fine-
grained features—effectively filtering out noise while pre-
serving caption-critical semantics. Thus, the module not only
aligns local events with text but also progressively purifies
the visual representation through this closed-loop, semantics-
guided distillation.

C. Caption Generation

The Caption Generator adopts a Transformer-based encoder-
decoder architecture, denoted as Global Encoder and De-
coder in Fig. 2. Specifically, the Global Encoder encodes
Bi from the CLIP Image Encoder into sequential features
Mi = {mn

i }Tn=1. Then, enhanced global visual features Gi

(from VTA) are added to Mi. Finally, we concatenate the
sum of Gi and Mi with the fine-grained visual features Ei

from the Event Module to form the final multimodal features
Ki = {kn

i }Tn=1 as:

Ki = [Mi +Gi ; Ei] , (8)

where mn
i ,k

n
i ∈ Rdm . In the Global Decoder, Ki guides the

decoding process to produce distributions over the vocabulary
for the final captions, resulting in a standard sequence-to-
sequence loss LG during training (i.e., the cross-entropy loss).

D. Training

The final loss function of our model integrates these three
losses to jointly control the iterative optimization process.



TABLE I
PERFORMANCE COMPARISON ON MSR-VTT AND MSVD DATASETS. “GLOBAL”: GLOBAL VISUAL FEATURE EXTRACTED BY BACKBONE; “M”: MOTION

FEATURE; “O”: OBJECT FEATURE. R200, R151, AND R101 STAND FOR RESNET-200, RESNET-151, AND RESNET-101 [8], AND IRV2 REPRESENTS
INCEPTION-RESNET-V2 [21]. “†” INDICATES FROZEN PARAMETERS WITHOUT FINE-TUNING. COCAP USES CLIP (VIT-B/16), WHILE SNCL AND

EAS-CAP USE CLIP (VIT-B/32). BOLD VALUES REPRESENT THE BEST PERFORMANCE, UNDERLINED VALUES INDICATE THE SECOND-BEST.

Model Year Features MSR-VTT MSVD

Global M O B@4 M R C B@4 M R C

OABTG [28] 2019 R200 − X 41.4 28.2 − 46.9 56.9 36.2 − 90.6
GRU-EVE [1] 2019 IRv2 X X 38.3 28.4 60.7 48.1 47.9 35.0 71.5 78.1
SAAT [29] 2020 IRv2 X X 40.5 28.2 60.9 49.1 46.5 33.5 69.4 81.0
SemSynAN [17] 2021 R152 X − 46.4 30.4 64.7 51.9 64.4 41.9 79.5 111.5
SGN [19] 2021 R101 X − 40.8 28.3 60.8 49.5 52.8 36.5 72.9 94.3
SHAN [7] 2021 IRv2 X − 40.3 28.8 61.2 54.1 50.9 35.1 72.4 94.5
HMN [27] 2022 IRv2 X X 43.5 29.0 62.7 51.5 59.2 37.7 75.1 104.0
SEM-POS [14] 2023 IRv2 X X 45.2 30.7 64.1 53.1 60.1 38.5 76.0 108.3
GSEN [13] 2024 IRv2 X X 42.9 28.4 61.7 51.0 58.8 37.6 75.2 102.5
VCRN [30] 2025 R101 X − 41.5 28.1 61.2 50.2 59.1 37.4 74.6 100.8

CoCap [20] 2023 CLIPViT-B/16 – – 43.1 29.8 62.7 56.2 55.9 39.9 76.8 113.0
SNCL [6] 2024 CLIPViT-B/32 – – 43.8 29.6 63.6 54.6 59.7 38.5 77.2 106.3
EAS-Cap 2025 CLIP†

ViT-B/32 – – 45.5 29.6 62.9 57.1 61.0 40.5 77.3 114.1
EAS-Cap 2025 CLIP†

ViT-B/32 X – 46.8 30.7 64.8 58.9 63.3 42.0 79.9 120.7

We do not assign hyperparameters or weights to each of
them, allowing the model to effectively leverage the distinct
contributions of each loss function without additional tuning:

L = LC + LE + LG. (9)

IV. EXPERIMENTAL RESULTS

A. Dataset and Evaluation Metrics

Datasets. We evaluate on MSR-VTT [26] and MSVD [5].
MSR-VTT contains 10,000 video clips, each with 20 human-
written descriptions. Its diverse content and varying lengths
challenge model generalization. MSVD has 1,970 short clips
with about 40 descriptions each, featuring concise but diverse
captions focusing on different details.
Evaluation Metrics. We adopt standard video captioning
metrics: BLEU@4 [16], METEOR [3], ROUGE-L [10], and
CIDEr [23]. Among these, the CIDEr metric has been shown
to align more closely with human judgment, making it a
reliable indicator of caption quality.

B. Details

During training, we use batch size 256, dropout rate 0.1,
and learning rate 1×10−4. Captions are truncated to 20 words
maximum. For reliability, we conduct experiments with five
random seeds (1, 2, 3, 4, 5) and report average performance.
We sample 20 keyframes for MSR-VTT and 16 for MSVD.
Our model uses 2-layer Transformers with 8 attention heads
and 512 dimension size. The system is implemented in Py-
Torch on a single RTX-4090 GPU.

C. Comparison with Existing Methods

To verify the effectiveness of our model, we evaluate
the proposed method against state-of-the-art approaches on
the MSR-VTT and MSVD datasets. As shown in Table I,
our method achieves a comprehensive lead on the MSVD

TABLE II
ABLATION STUDIES ON MSR-VTT AND MSVD DATASETS. “E”: EVENT
MODULE; “V”: VTA MODULE; “W/O”: WITHOUT; “CUT V2E”: REMOVE

THE VISUAL-TO-EVENT (V2E) PATH.

MSR-VTT MSVD

Model B@4 M R C B@4 M R C

Baseline 44.2 28.9 61.2 55.3 58.9 39.4 76.1 107.2
w/o E 45.5 29.6 62.9 57.1 61.0 40.5 77.3 114.1
w/o V 46.6 30.0 63.6 56.9 61.6 41.3 78.2 117.6
Cut V2E 46.3 30.2 63.8 58.2 63.0 41.8 78.9 118.7
Full model 46.8 30.7 64.8 58.9 63.3 42.0 79.9 120.7

benchmark and obtains the best results on three out of four
metrics on the MSR-VTT benchmark. Notably, EAS-Cap does
not fine-tune CLIP and still delivers excellent performance
even without using motion features, which fully demonstrates
the effectiveness of the model itself. Especially on the more
challenging MSR-VTT dataset, we achieve a significant lead in
CIDEr score (with an improvement of +1.18), a metric known
to align most closely with human judgment and thus serves as
a strong indicator of caption quality.

D. Ablation Study

To further validate the effectiveness of each individual
module, we conducted ablation studies on the MSR-VTT
and MSVD datasets. Our baseline model comprises only the
Global Encoder and Global Decoder. As shown in Table II,
compared to the baseline, adding each component leads to
significant improvements across all four evaluation metrics,
clearly demonstrating their positive contribution.

EAS-Cap extracts atomic events through syntactic analysis
and then aligns these events with action features under the
constraint of enhanced global visual representations, thereby



Fig. 3. Quantitative results of model performance.

TABLE III
COMPARISON OF DIFFERENT METHODS FOR APPLYING ACTION FEATURES

ON MSR-VTT AND MSVD DATASETS.

MSR-VTT MSVD

Method B@4 M R C B@4 M R C

Predicate 46.3 30.3 63.6 57.2 62.1 41.1 78.0 118.0
Aux+Verb 45.8 30.3 63.4 57.6 61.5 40.7 77.6 116.0
EAS-Cap 46.8 30.7 64.8 58.9 63.3 42.0 79.9 120.7

capturing fine-grained semantic information in videos. We
note that prior work has proposed related yet distinct ap-
proaches for utilizing action features. For instance, HMN [27]
employs action features to predict predicate components in
ground-truth captions, aiming to guide the model toward high-
level semantic information in sentences; whereas SEM-POS
[14] uses action features to predict part-of-speech tags (e.g.,
auxiliary verbs, verbs) in ground-truth captions, helping the
model focus on key elements within the caption’s semantic
structure. As shown in Table III, to ensure experimental rigor,
we conduct comparative experiments within our Event Module
using these two alternative methods, evaluating whether our
proposed approach aligns better with the overall framework
and task objectives.

Based solely on the evaluation scores from the experimental
results, our method is better suited to our work context and
can more effectively enhance the model’s ability to perceive
high-level semantic information.

E. Quantitative Results

As shown in Fig. 3, to provide an intuitive demonstration
of our final results, we select several samples from the actual
test set to illustrate the generation performance of the EAS-
Cap model. The results show that EAS-Cap is able to generate
descriptive sentences that closely match the ground-truth cap-
tions, regardless of whether the video background is simple
or complex, and whether the content depicts real-life scenes
or movie clips. By focusing on atomic events, our method not
only effectively enhances the model’s focus on fine-grained
information in the generated sentences, but also helps filter out
redundant visual features during the vision-to-text alignment
process, thereby improving the overall quality of the generated
captions.

V. CONCLUSION

This paper introduces EAS-Cap, an event-aware semantic-
enhanced model for video captioning. The model decomposes
videos into atomic events and performs cross-modal knowl-
edge distillation within the Event Module, aligning visual
event features with textual descriptions to capture fine-grained
semantics. The VTA Module enhances global representations
through contrastive learning, while the V2E constraint ensures
consistency between locally distilled events and the global
video context. Experiments on MSVD and MSR-VTT show
that EAS-Cap outperforms existing methods and achieves
state-of-the-art CIDEr scores without fine-tuning CLIP. Ab-
lation studies confirm the contribution of each component.



Future work will extend the framework to dense captioning
and multi-modal settings.
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