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Abstract—Video captioning aims to generate accurate textual
descriptions from videos, bridging visual and linguistic under-
standing. While existing methods have advanced multimodal
representation learning during training, they often lack explicit
cross-modal semantic guidance during inference, leading to inac-
curate or generic descriptions in complex scenes. To address this,
we propose CMG-DP, a novel framework that introduces textual
prior knowledge for real-time guidance at inference. CMG-DP
consists of three key components: a Prior Knowledge Synergy
mechanism to retrieve relevant textual descriptions, a Semantic
Enhancement module to refine visual semantics, and a Dual-Path
Cross-Attention decoder for adaptive fusion. Experiments on
MSR-VTT and MSVD benchmarks show that CMG-DP achieves
state-of-the-art performance, with CIDEr scores of 58.3 and
124.6, respectively, demonstrating its effectiveness in enhancing
caption accuracy and robustness.

Index Terms—video captioning, cross-modal guidance, prior
knowledge retrieval, semantic enhancement, dual-path attention

I. INTRODUCTION

Video captioning, the task of generating accurate and co-
herent textual descriptions from video content, serves as a
vital bridge between visual and linguistic understanding. Its
applications span a wide range of real-world domains, in-
cluding video summarization, content-based retrieval, assistive
technologies for the visually impaired, and human-computer
interaction systems [2], [6], [15], [22], [23].

Recent advances in this field have largely focused on
enhancing the model’s perception of fine-grained visual in-
formation. Predominant approaches include leveraging multi-
source features from pre-trained models [10], [14], [26], [29],
fine-tuning large-scale vision-language models on extensive
corpora [4], [11], [19], and employing contrastive learning
(e.g., CLIP [17]) to align visual and textual features in a shared
semantic space [13], [24], [27].

While these strategies have significantly improved multi-
modal representation learning during training, a pivotal yet
often overlooked limitation persists at inference: models op-
erate within a visual-only paradigm, lacking a mechanism to
incorporate external linguistic knowledge in real time. Conse-
quently, in complex, ambiguous, or out-of-distribution scenes,
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they often produce inaccurate, generic, or hallucinated descrip-
tions. The root cause lies in the inference mechanism itself:
although trained on aligned visual-textual representations, the
model must retrieve these alignments solely from visual input
at test time—a process that fails when visual evidence is weak
or ambiguous. To overcome this, we posit that inference should
be augmented with explicit textual priors, retrieved in real time
to provide contextualized language patterns that complement
visual perception. This serves as a dynamic semantic prompt,
akin to a human describer consulting relevant references before
writing, guiding generation toward more accurate and specific
captions.

To address this critical deficit in inference-stage semantic
guidance, we propose a novel framework named CMG-DP
(Cross-Modal prior knowledge Guided Dual-Path). The core
innovation of CMG-DP lies in its dedicated mechanism to
explicitly retrieve and leverage cross-modal (textual) prior
knowledge during inference, thereby providing the model with
crucial semantic cues that are absent in traditional visual-
only decoding. This is achieved through three synergistically
designed components that form a coherent pipeline: retrieval,
refinement, and fusion.

First, we introduce a Prior Knowledge Synergy (PKS)
mechanism. It constructs a textual corpus from training cap-
tions and, for an input video, retrieves the top-K semantically
similar textual descriptions in real-time. This directly injects
relevant linguistic priors into the decoding process, offering
a “semantic blueprint” to guide caption generation, especially
for challenging or novel scenes. However, naively injecting ex-
ternal text risks introducing semantic noise—descriptions that
are globally similar but contain entity or action mismatches
with the specific input video.

Therefore, secondly, we design a Semantic Enhancement
(SE) Module to sharpen the model’s perception of the ac-
tual visual content and counteract potential noise from PKS.
Inspired by masked language modeling [7], the SE Module
is trained to reconstruct masked entity words in ground-truth
captions using only the visual input. This forces the encoder
within SE to distill and reinforce fine-grained, video-specific
semantic representations, enhancing its ability to ground de-
scriptions in observed visual evidence rather than spurious
textual associations.



Finally, having established two complementary information
streams—the retrieved textual guidance from PKS and the
enhanced, grounded visual semantics from SE—the challenge
becomes their effective integration. Simple concatenation or
addition fails to model their complex, dynamic interactions.
To this end, we propose a Dual-Path Cross-Attention (DPCA)
Decoder. It processes the two streams in parallel via dedicated
cross-attention pathways, allowing the model to dynamically
query, weigh, and fuse visual details with external semantic
context. This structured fusion ensures that the generative
process is both anchored in the visual reality and fluently
guided by relevant linguistic knowledge.

In summary, CMG-DP tackles the inference-stage guidance
problem through a logically sequenced approach: 1) Retrieve
relevant cross-modal knowledge (PKS), 2) Refine and ground
the model’s own visual understanding to resist noise (SE), and
3) Fuse both streams intelligently for balanced and accurate
generation (DPCA). Our main contributions are threefold:

o We introduce, for the first time, a paradigm that provides
explicit cross-modal (textual) prior knowledge guidance
during the inference stage for video captioning, funda-
mentally overcoming the limitation of visual-only decod-
ing in complex scenes.

o Through the synergistic interplay of the PKS mechanism,
the SE Module, and the DPCA Decoder, the model
can effectively leverage cross-modal prior knowledge for
guidance while filtering out irrelevant semantic noise,
thereby enhancing its ability to capture fine-grained se-
mantics.

o CMG-DP achieves outstanding performance on the MSR-
VTT [25] and MSVD [3] benchmarks, with CIDEr scores
of 58.3 and 124.6 respectively, setting a new state of the
art and validating the effectiveness of our framework.

II. RELATED WORK

Video captioning research has evolved along several major
trajectories, all aiming to bridge the semantic gap between
visual content and linguistic description. These works can
be broadly categorized into the following strands, each with
its own strengths yet sharing a common limitation regarding
inference-stage guidance.

Traditional Encoder-Decoder Frameworks. Early ap-
proaches adopted encoder—decoder architectures, using CNNs
for visual encoding and RNNs/LSTMs for sequential decoding
[8]. Subsequent advancements incorporated attention mecha-
nisms [8] and Transformer-based models [11], [19] to better
align spatial-temporal features with text generation. While
these methods improved the basic architecture, they primarily
operate on frame-level visual features during inference, lack-
ing mechanisms to integrate high-level semantic knowledge
beyond what is embedded in the visual encoder.

Object-Centric and Hierarchical Modeling. Another line
of work treats objects as fundamental units, modeling their
dynamics and interactions through temporal graphs [29] or
hierarchical networks (e.g., HMN [26], RL-HMN [10]). These
approaches enhance the model’s ability to focus on salient

visual entities and filter clutter. However, during inference,
they remain visually grounded—relying solely on detected
objects and their relationships—without access to external
linguistic knowledge that could resolve ambiguity or guide
description in unseen scenarios.

Semantic Enhancement and Alignment. To reduce the
modality gap, many studies focus on semantic alignment
during training. This includes global alignment via auxiliary
losses [12], [14], fine-grained approaches like SAAT [30] that
use syntactic cues, and more recently, contrastive learning with
models like CLIP [17] to project visual and textual features
into a shared space [13], [24], [27]. These strategies effectively
suppress irrelevant visual information during training. Never-
theless, the semantic guidance they provide is implicit and
frozen after training; they offer no explicit, real-time textual
cues to the decoder during inference, especially when facing
novel or complex visual inputs.

Summary and Our Positioning. In summary, prior work
has made significant progress in architectural design, object-
aware reasoning, and cross-modal alignment. However, a
fundamental and common constraint persists: at the critical
inference stage, these models operate in a visually-isolated
paradigm. They lack a dedicated mechanism to explicitly
retrieve and leverage external, language-formatted knowledge
to guide the generation process in real-time. This often leads
to suboptimal performance in complex, ambiguous, or out-of-
distribution scenes where visual cues alone are insufficient.

Our proposed CMG-DP framework directly addresses this
inference-stage semantic guidance deficit. Unlike previous
methods that align modalities only during training, CMG-
DP introduces a dedicated PKS mechanism that actively
retrieves and infuses relevant textual knowledge during infer-
ence. This core innovation—complemented by SE Module for
visual grounding and DPCA Decoder for adaptive fusion—
enables explicit cross-modal guidance precisely when it is
most needed, bridging a gap that prior architectures have
largely overlooked.

III. METHOD

The CMG-DP framework is designed to enhance video cap-
tioning by integrating retrieved textual prior knowledge with
fine-grained visual semantic enhancement within a dual-path
decoding architecture. As illustrated in Fig. 1, the pipeline
consists of three stages:

(1) Feature Encoding and Prior Knowledge Retrieval:
The input video is encoded by a visual backbone to obtain
global visual features. Simultaneously, a textual corpus built
from training captions provides a source of prior knowledge.
For each video, the Prior Knowledge Synergy (PKS) mecha-
nism retrieves the top-k semantically relevant textual features
from the corpus based on cosine similarity.

(2) Fine-Grained Semantic Enhancement: The global
visual features are fed into SE Module, which is trained via
a masked language modeling (MLM) objective to reconstruct
masked entity words using only visual input. This encourages



the model to capture detailed video-specific semantics and
resist potential noise from retrieved text.

(3) Dual-Path Fusion and Decoding: The enhanced visual
features and the retrieved textual priors are processed in par-
allel by DPCA Decoder, which dynamically integrates visual
details with external semantic guidance to generate accurate
and fluent captions.

A. Semantic Enhancement Module

Given a video uniformly sampled into 7' frames, we ex-
tract global visual features G = {g;}_, with g; € Rdm,
To enhance fine-grained semantic perception, we employ a
visual-conditioned MLM task. First, a dedicated SE Encoder
extracts fine-grained features S = {s;}7_, from G. These are
combined with G to form the enhanced visual features G’ via
feature addition (corresponding to “V2S” in the Fig. 1):

G'=G+S§. (1)

During training, we mask entity words in a ground-truth
caption sequence X = {z1,...,2} to obtain X’, which is
encoded into queries Q = {¢;}._,. The SE Decoder then
reconstructs the masked tokens using G’ as key and value:

H = SE_Decoder(Q,G’,G’), )

where H = {h;}£_, and h; € R%". A causal mask is disabled
to allow full-context access. Each h; is projected to vocabulary
space via a linear layer followed by softmax, yielding token
probabilities p;. The MLM loss is computed only over masked
positions:

L MLM —

T > logpir). 3)

€L

During inference, only the SE Encoder is used to produce G’.

B. Prior Knowledge Synergy Mechanism

To provide explicit semantic guidance during inference, we
construct a textual prior cor us from training captions. For
N video-text pairs {(v;, {t i M: Y}N,, each caption t(g)
encoded as:

Tij = TeXt_Encoder(t;i)) € Rém. @

The retrieval corpus C excludes the current sample’s own
captions to prevent leakage:

C=A{Tvy | (@', 5") # (i,5), Vi',j'}. )

For a video feature g;, we retrieve the top-k most similar
textual features via cosine similarity:

R = TopK ({(Tor g, sim(gi, To i Dby, ec)s (6

a'b
\aubﬂ
,r*} with r™ € Rm

where sim(a b) = The retrieved set is R =

{rt,..

C. Dual-Path Cross-Attention Decoder

The DPCA decoder fuses the enhanced visual features
G’ and retrieved textual features R via dual cross-attention
pathways. The input token sequence X is embedded and
processed by self-attention to obtain queries Q' € R7Xdm,
Two parallel attention blocks compute:

-
JF1 = softmax <Q\l/% ) R, 7

as
F» = softmax (Q\l/ka ) g, (8)

where Q) is a linear projection of @’. The outputs are summed:

F=F+ Fa. 9)

Finally, F passes through a feed-forward network and a clas-
sification head to produce token probabilities P’ = {p/}L ;
The cross-entropy captioning loss is:

L
Leg=—Y logp}(ys), (10)
i=1
and the total training loss combines both objectives:
L = Lcg + Lyim- (11

IV. EXPERIMENTAL RESULTS
A. Experimental Details

We implement CMG-DP using PyTorch and conduct all
experiments on a single NVIDIA RTX-4090 GPU. During
training, we set the batch size to 256, the learning rate to
1 x 10~*, and the dropout rate to 0.2. Both the SE Encoder,
SE Decoder, and DPCA Decoder consist of 2 layers, with
a model dimension d,, = 512 and 8 attention heads. Each
textual description is truncated to at most 40 words. To ensure
statistical stability, we run each experiment under five different
random seeds and report the average performance. For the
MSR-VTT dataset, we uniformly sample 30 keyframes per
video; for MSVD, we sample 20 keyframes. All visual and
textual features are extracted using CLIP (ViT-B/32) as the
backbone encoder.

B. Comparison with State-of-the-Art Methods

To evaluate the effectiveness of CMG-DP, we compare it
with recent state-of-the-art video captioning models on two
widely used benchmarks: MSR-VTT [25] and MSVD [3]. We
adopt four standard automatic metrics: BLEU-4, METEOR,
ROUGE-L, and CIDEr. Among these, CIDEr correlates most
closely with human judgment and thus serves as our primary
performance indicator. The results are summarized in Table 1.
CMG-DP achieves the best performance across almost all
metrics on both datasets. Notably, on MSR-VTT, CMG-DP
attains a CIDEr score of 58.3, which surpasses the previous
best result (SEM-POS) by a substantial margin of +5.2 points.
On MSVD, our model reaches a CIDEr score of 124.6, outper-
forming the strongest baseline (CoCap) by +11.6 points. These
consistent improvements demonstrate that explicitly injecting
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Fig. 1. Overall framework of CMG-DP. It consists of three core components: PKS mechanism, SE Module, and DPCA Decoder. Both visual and textual

encoders are based on CLIP.

cross-modal prior knowledge during inference, as realized by
our PKS mechanism, effectively enhances the model’s ability
to describe complex and unseen scenes.

C. Ablation Studies

To validate the contribution of each proposed component,
we conduct a series of ablation experiments on both datasets
by first establishing a baseline model (which feeds global
visual features into a standard Transformer to generate cap-
tions) and then ablating each module from the full CMG-DP
framework. The results are reported in Table II.

Effect of individual modules. Removing any of the three
modules leads to a noticeable drop in performance across all
metrics. Specifically, discarding the PKS mechanism (“w/o
PKS”) causes the most significant decline in CIDEr, high-
lighting the importance of explicit textual guidance during
inference. Removing the SE Module (“w/o SE”) also degrades
performance, especially on entity-related metrics (as further
analyzed in Table III), indicating that SE plays a crucial
role in grounding descriptions to actual visual content and
filtering out noisy textual priors. Ablating the DPCA Decoder

(“w/o DPCA”) and simply concatenating visual and textual
features results in inferior fusion, confirming that our dual-path
attention design is essential for dynamically integrating the
two information streams.

Influence of the number of retrieved textual priors (k).
The PKS mechanism retrieves the top-k semantically closest
textual descriptions from the training corpus. To study the
impact of k, we vary it from 4 to 20 and evaluate the CIDEr
score on the validation set. As illustrated in Fig. 2, the best
performance is achieved at k& = 12. Although increasing
the value of k can retrieve more textual descriptions that
are semantically relevant, providing richer context for the
generation process, it also introduces more candidates with
lower similarity, which may be irrelevant or noisy. A moderate
k value (e.g., 12) strikes the best balance between obtaining
sufficient semantic guidance and suppressing noise, thereby
yielding the most accurate video captions.

Entity grounding capability of the SE Module. To verify
whether the SE module indeed helps the model focus on
visually present entities and resist noise from retrieved text,
we measure the entity-word accuracy in generated captions.



TABLE I
PERFORMANCE COMPARISON ON MSR-VTT AND MSVD DATASETS. BOLD VALUES INDICATE THE BEST RESULTS. “GLOBAL”: GLOBAL VISUAL
FEATURE EXTRACTED BY THE BACKBONE; “A”: ACTION FEATURE; “O”: OBJECT FEATURE. RESNET VARIANTS (R101/R151/R200) [9]; IRvV2:
INCEPTION-RESNET-V2 [21]. CLIP-BASED METHODS USE VIT BACKBONES AND DO NOT USE SEPARATE A/O FEATURES.

Features MSR-VTT MSVD
Model Year
Global A O B@e4 M R C Be@e4 M R C
OABTG [29] 2019 R200 - v 414 282 - 469 569 362 - 90.6
GRU-EVE [1] 2019 1IRv2 v v 383 284 60.7 481 479 350 715 78.1
SAAT [30] 2020 IRv2 v v 405 282 609 49.1 465 335 694 81.0
SGN [18] 2021 RI101 v — 408 283 60.8 495 528 365 729 943
SHAN [8] 2021 IRv2 v — 403 288 612 541 509 351 724 945
HMN [26] 2022 IRv2 v v 435 290 627 515 592 377 751 104.0
SEM-POS [14] 2023 IRv2 v v 452 307 64.1 53.1 60.1 385 760 108.3
GSEN [12] 2024 IRv2 v v 429 284 61.7 51.0 588 37.6 752 1025
VCRN [28] 2025 RI101 v - 415 28.1 612 502 59.1 374 746 100.8
CoCap [20] 2023 CLIPviteie - - 43.1 298 627 562 559 399 768 113.0
SNCL [5] 2024 CLIPyitp3z2 - — 438 29.6 63.6 546 59.7 385 772 1063
CMG-DP 2025 CLIPvitez2 - - 459 303 642 583 623 415 793 124.6
TABLE I
ABLATION STUDIES ON MSR-VTT AND MSVD DATASETS. “DPCA”:
DUAL-PATH CROSS-ATTENTION DECODER; “SE”: SEMANTIC 1245 —o— CIDEr
ENHANCEMENT MODULE; “PKS”: PRIOR KNOWLEDGE SYNERGY
MECHANISM; “W/0”: WITHOUT; “CUT V2S”: REMOVE 124.0
VISUAL-TO-SEMANTIC ADDITION.
. 1235
MSR-VTT MSVD % 123.0
Model Be@e4 M R C Be@4 M R C ﬁ 1225
a)
Baseline 421 286 613 557 584 389 76.1 107.2 ° 1220
w/o DPCA 445 293 622 573 613 404 779 1172
w/o SE 448 300 632 57.1 616 410 782 119.6 1215
w/o PKS 432 299 629 565 608 405 773 114.1 1210
Cut V2§ 455 30.1 638 579 620 410 789 120.7 ; - - y ; y y y y
4 6 8 10 12 14 16 18 20
Full model 459 30.3 64.2 58.3 62.3 41.5 79.3 124.6 Number of Retrieved Captions (k)
TABLE III Fig. 2. Performance (CIDEr score) comparison under different number of k

COMPARISON OF ENTITY WORDS GENERATION ACCURACY ON
MSR-VTT AND MSVD

SE PKS DPCA MSR-VIT MSVD
— - - 81.9% 82.1%
v - - 84.8% 85.1%
- v - 82.1% 82.9%
v v - 83.1% 84.1%
- v v 82.9% 83.5%
v v v 83.8% 84.8%

Specifically, we check whether entity words (nouns) in the
generated sentence appear in the ground-truth caption’s entity
set. Table III shows that adding the SE module consistently
improves entity accuracy on both datasets. For instance, on
MSR-VTT, enabling SE raises the accuracy from 81.9% to
84.8% even without PKS, and further boosts it to 83.8% in
the full model. This confirms that the SE Module enhances
visual grounding and helps the model rely more on actual
video content rather than spurious textual associations.

V. CONCLUSION

In this paper, we propose CMG-DP, a novel framework that
addresses the lack of explicit cross-modal guidance during
inference in video captioning. CMG-DP introduces three core
components: a PKS mechanism for retrieving relevant textual
guidance, a SE Module for grounding visual semantics and
filtering noise, and a DPCA Decoder for adaptive multimodal
fusion. Experiments on MSR-VTT and MSVD demonstrate
that CMG-DP achieves outstanding performance, with signifi-
cant improvements in CIDEr scores. Ablation studies confirm
the contribution of each component and the model’s robustness
in complex scenes. Our work establishes a new paradigm for
inference-stage semantic guidance, effectively bridging visual
perception and linguistic priors. Future work may extend this
approach to other vision-language tasks.
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