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Abstract

The core challenge in video-text retrieval lies in measuring the cross-modal gap between
visual and linguistic representations. While mainstream methods leverage deep learning
to project video and text features into a shared space for similarity matching, they often
rely on superficial statistical correlations. This limits their ability to model underlying
causal relationships or capture high-level semantics, resulting in poor interpretability. To
address this, we analyze the biases existing in video-text retrieval tasks and introduce a
Causal Visual-Semantic Enhancement (CVSE) method that integrates causal inference with
deep learning. Our approach applies causal intervention to mitigate bias from contextual
confounders and uses textual descriptions as a condition to guide frame aggregation,
emphasizing semantically relevant frames while suppressing redundant ones. Experiments
on MSR-VTT, MSVD, and LSMDC demonstrate that the proposed method outperforms
state-of-the-art retrieval models, validating its superior performance.

Keywords: visual-semantic; causal inference; computer vision; video-text retrieval

1. Introduction

Cross-modal video-text retrieval [1-8] has extensive applications in fields such as
social media video search, intelligent security, content retrieval, and e-commerce product
search. Most current video-text retrieval [9-11] studies leverage the powerful feature ex-
traction capabilities of deep learning to learn multimodal feature representations, then
map them into a common space for similarity calculation. For example, the studies re-
ported in [12-15] employ convolutional neural networks, recurrent neural networks, or
expert networks to extract video and text features. Although these methods have achieved

promising results, their performance is hindered by the challenges of end-to-end optimiza-
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as “what” and “where”, but fail to capture higher-level contextual semantic information,
such as “why”. In addition, the redundancy of video frames or textual tokens, combined
with inherent dataset biases and over-optimization, can lead to spurious correlations
during training. Moreover, prior knowledge-based debiasing methods and fine tuning-
based debiasing methods are often inadequate for current video-text models. Therefore,
learning the causal relationships hidden behind the correlations is the key to improving
performance and ensuring model robustness. Causal inference [23] provides a principled
framework for this purpose. It can identify true cause—effect relationships and eliminate
the influence of confounding factors, thereby mitigating spurious correlations arising from
issues like data imbalance and bias. Among various causal inference techniques, back-door
adjustment is used primarily for observable confounders, whereas front-door adjustment
handles unobservable confounders. As a more advanced form of reasoning, counterfactual
inference enables “what-if” hypothetical analysis. Studies have shown that incorporating
causal inference into vision-language tasks can significantly enhance model performance
and robustness [24-29].

To this end, this paper integrates causal inference theory with deep learning to propose
a visual-semantic enhanced video-text retrieval method. By analyzing the video-text
retrieval process, we observe that videos contain not only contextual observational co-
occurrence biases but also common-sense causal relationships within visual semantics.
We utilize causal intervention to eliminate the harmful effects of contextual observational
co-occurrence bias information, excavate common-sense causal visual features, and obtain
more causal contextual semantic information. Additionally, we use text information as a
condition for frame aggregation to enhance the training of frames most semantically similar
to the text description and weaken redundant frames. This enables the model to better
leverage visual-semantic causal relationships to learn video feature representations.

The main contributions of this paper are outlined as follows:

(1) We analyze and identify the existence of contextual observational co-occurrence bias
in video-text retrieval tasks, as well as the common-sense causal relationships that are
implicitly embedded within visual semantics.

(2) To eliminate the harmful effects of contextual observational co-occurrence bias, we
construct a causal graph and adopt a back-door intervention to extract common-sense
causal visual features. Furthermore, we leverage the text as a conditional guide for
frame aggregation, which enhances the representation of semantically relevant frames
while suppressing redundant ones.

(8) We design experiments to verify the effectiveness of our method. Experimen-
tal results on large-scale datasets (MSR-VTT, MSVD, and LSMDC) show that the
proposed method significantly outperforms state-of-the-art retrieval models in
retrieval performance.

2. Related Work

Video-text retrieval: Video-text retrieval aims to achieve cross-modal matching by
computing similarity scores between feature representations extracted from video and
text data via deep learning. This task primarily involves three components: the extraction
of video and text feature representations, feature embedding and matching, and objec-
tive function optimization. In recent years, due to core challenges such as the learning
of efficient spatiotemporal video representations, bridging of the heterogeneity gap be-
tween modalities, and optimization of model parameters, video-text retrieval remains a
challenging and highly active research field. Based on different feature extraction and
alignment approaches, existing video-text retrieval methods can be categorized into three
groups: (1) Coarse-grained feature-matching methods: These methods extract holistic se-
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mantic information from video-text pairs, map them to a common space, and employ loss
functions to optimize cross-modal semantic alignment. (2) Fine-grained feature-matching
methods: These methods focus on aligning fine-grained units (e.g., video frames) with
textual words or phrases, then aggregate local alignments to derive an overall video-text
similarity measure. (3) Multi-grained feature-matching methods: These methods employ
multi-level interactive matching between fine-grained and coarse-grained features, aggre-
gating global-local, local-local, and global-global alignments to compute the final similarity
score. Methods in category (1) (e.g., the work reported in [19,30,31]) often overlook fine-
grained correspondences between video frames and textual words, making it difficult to
capture local semantic associations and limiting their adaptability in complex retrieval
scenarios. Methods in category (2) (e.g., [6,32,33]) achieve accurate local semantic mapping
by annotating frame-word correspondences, but they heavily depend on high-quality,
fine-grained annotations. Building on (1) and (2), methods in category (3) (e.g., [22,34-36])
introduce interactive alignment across different granularities, enhancing retrieval accuracy
through multi-level feature interaction. However, these models fundamentally learn data
correlations rather than true causal relationships, making them susceptible to spurious
correlations caused by dataset biases. For instance, during dataset collection, certain scenes
or activities may be over- or under-represented, while manual annotations may introduce
linguistic biases through overused words or phrases. In summary, despite significant
progress, current deep learning-based video-text retrieval methods primarily model data
correlations, lacking the ability to infer robust causal relationships. Challenges in terms of
model interpretability and generalization also persist.

Causal inference: Causal inference methods [23,37-41] have been successfully applied
across diverse fields, including psychology, economics, medicine, and artificial intelligence.
Unlike deep learning algorithms that predominantly capture correlational patterns, causal
inference seeks to uncover causal effects among variables by removing confounding fac-
tors through interventions—such as front-door and back-door adjustments—along with
counterfactual analysis. Causal relationships provide more stable foundations for decision
making compared to the often-limited and weakly generalizable correlations identified by
deep learning models. Furthermore, although effective, deep learning frequently operates
as an opaque “black box”, limiting interpretability. Consequently, the integration of causal
inference into deep learning has attracted growing research interest, aiming to enhance
both generalization ability and model interpretability.

This integrative trend is evident in various vision-language tasks. For example, in ob-
ject detection, visual question answering (VQA), and image captioning, a causal reasoning
framework [42] systematically addresses the out-of-distribution (OOD) problem in syn-
thetic aperture radar (SAR) target recognition via causal graph modeling and intervention
analysis. Its core idea is to explicitly separate background biases through causal inter-
vention, thereby guiding models to focus on intrinsic target features. The study reported
in [25] introduces a failure cause analysis (FCA) method for object detection algorithms
based on causal inference and random walks. To eliminate implicit bias in multimodal
fake-news detection, ref. [26] proposes a novel debiasing framework termed CCD (Causal
Intervention and Counterfactual Reasoning Debiasing), which formulates the detection
process as a causal graph. For explainable VQA, ref. [27] presents a Variational Causal
Inference Network (VCIN) equipped with a multimodal explanation gating transformer. In
the medical domain, ref. [28] designs a counterfactual causal effect intervention framework
to mitigate language bias and improve interpretability in Medical VQA (VQA-Med). For
text-based person retrieval, ref. [29] approaches the task from a causal perspective to extract
robust, text-critical visual representations and establish domain-invariant cross-modal
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correlations. Additionally, ref. [43] proposes a vision- and language-based framework for
common-sense visual causal reasoning from still images.

In video-text retrieval, ref. [31] designs a semantic causal reasoning module that en-
ables video and text input to adaptively capture full-memory contextual causal correlations
within their respective feature sequences. Aligned with this research direction, our work
introduces causal intervention mechanisms into the video-text retrieval task. Specifically,
to address the key limitation of existing models only capturing observational co-occurrence
information within limited visual contexts while neglecting implicit observational biases
and visual-semantic causal relationships (e.g., causal dependencies between scenes and
actions), we propose the elimination of interference from contextual co-occurrence biases
through causal intervention. Simultaneously, our approach mines common-sense causal
visual features to derive more causally coherent contextual visual-semantic representations.

3. Proposed Method

In this section, we first introduce causal graphs and causal interventions. We then
analyze the retrieval process of the baseline video-text retrieval model, pointing out that the
encoders in existing video-text retrieval models tend to capture contextual co-occurrence
information, along with observational biases or irrelevant details, while overlooking the
implicit common-sense causal relationships present in visual semantics. To mitigate the
influence of such biases, we construct a causal graph, apply back-door adjustment to
uncover latent common-sense causal relations, and leverage textual information as a
conditioning signal for frame aggregation. This enhances the training of frames that are
semantically closest to the text description and suppresses redundant frames.

3.1. Causal Graph and Causal Intervention

A causal graph is a directed acyclic graph (DAG) that describes the interactions
between variables and serves as a probabilistic model for analyzing causal relationships
among variables. As shown in Figure 1a, nodes X, Y, and Z represent three interacting
variables, where X is the cause variable, Y is the effect variable, and X — Y indicates
that X is the cause of Y. Z is a confounder that influences the X — Y relationship. In the
presence of the confounder (Z), p(Y|X ) can only learn the correlation between variables
X and Y. Therefore, to explore the true causal effect of variable X on variable Y, it is
necessary to eliminate the influence of confounders through intervention (do-calculus).
Main causal interventions in causal inference include back-door adjustment and front-door
adjustment, which involve intervening to ensure that confounders no longer affect the effect
variable (Y). This paper assumes that the confounder is the observational co-occurrence
bias in video-frame contexts. We adopt the back-door adjustment method by truncating the
back-door path in the causal graph through deletion of the incoming edges of X. According
to Bayes’ theorem, the post-intervention probability distribution can be derived as

pdo(Y‘X) :Zde(Y|X,Z)pd0(Z|X) (1)
Z
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(a) A causal graph (b) Causal diagram for video-text retrieval

Figure 1. Interventional causal graph. (b) From the perspective of causal inference, identify the
formation mechanism of biases in video-text retrieval. The results of video-text retrieval are affected
by two paths—namely, the paths expressed as (V,Q) - C -+ R and V — B — R.

3.2. Common-Sense Causal Relationships in Visual Semantics

All existing video-text datasets rely on manual annotation. As shown in Figure 2,
variations in individual cognition and emotional preferences lead annotators to focus
on different video frames or regions when describing the same video. In some cases,
textual descriptions of identical content may even contradict one another. Moreover, videos
typically contain richer information than their corresponding textual descriptions. Weak
semantic captions and limited annotated data not only fail to capture complete visual
semantics but may also cause models to learn spurious correlations and irrelevant features
during pre-training for video-text alignment, ultimately degrading retrieval performance
on test sets. Additionally, the spatiotemporal nature of videos introduces common-sense
causal relationships within visual contexts. As illustrated in Figure 3, given the caption,
“A person is cooking in the kitchen”, the visual scene might show a person in a kitchen
peeling an apple with a knife. One can infer that the person entered the kitchen earlier and
took out an apple; their current intention could be to eat the peeled apple or to later use
it to bake an apple pie. In such everyday scenarios, humans can readily reason about the
underlying causal relationships linking visual and textual content. For machines, however,
understanding these cross-modal semantics remains challenging due to the modality gap,
which hinders genuine comprehension of semantic connections.

Video descriptions Video clips

Caption1: a train is passing over the bridge
Caption2: a train is crossing a railroad track
Caption3: a subway train is passing by
Captiond: the yellow train crossed the bridge
Caption5: a bullet train crosses a tressel

Caption1: a person puts rice into a skillet
Caption2: a woman cooking her kichen
Caption3: a woman is stirring ingredients in a pan
Captiond: a chef is frying rice in a pan

Caption5: the man is cooking meat in a pan

Figure 2. Two examples from the MSR-VTT dataset.
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Caption: A person is cooking in the kitchen

Figure 3. There exists causal information rooted in visual-semantic common sense and observational
co-occurrence bias information in the video context. The information in the red boxes represents
causal information rooted in visual-semantic common sense, while the information in the green
boxes represents observational co-occurrence or fake information.

Current computational approaches to video-text understanding are largely confined to
the learning of co-occurrence correlations. For instance, if a video segment simultaneously
contains “person”, “dog”, and “knife”, an encoder tends to learn context-dependent co-
occurrence patterns with observational bias, i.e., it implicitly assumes that these elements
are interrelated. Consequently, querying “dog” may retrieve videos featuring “knife”
and “person”. Although such statistically correlated co-occurrence signals can improve
in-domain retrieval performance, the underlying visual-semantic relationships are often
semantically unreasonable. They lack higher-order cognition of common-sense causality
and generalize poorly beyond the training distribution.

To address this issue, we incorporate causal inference theory and employ causal
intervention to mitigate the influence of context-dependent observational co-occurrence
bias. This enables the model to better leverage contextual visual-semantic causal structures
for the learning of video representations.

Specifically, for all instances in all datasets, let V = {v;}1%, be the input video se-
quence, 11, represent the number of videos, Q = {qi}?il be the text sequence, and 1, denote
the number of text descriptions. Assuming a given text (g;), retrieval of video (v;) from the
video dataset is influenced by two factors with respect to video features: one is the semantic
relationship between the video (v;) and text (g;), and the other is the bias relationship
describing the superficial statistical correlation between v; and g; (i.e., observational bias
information in the context), since semantic relationships exhibit causal invariance and
remain constant across all instances, while bias relationships lack stability and general
applicability. To prevent the training model from relying on bias relationships for prediction
while ignoring common-sense causal relationships (as shown in Figure 1b), we constructed
a causal graph for the video-text retrieval task. Nodes V, Q, and C represent video features,
text features, and multimodal features for video-text matching, respectively. Node R de-
notes the video—text matching ranking. As mentioned above, assuming that observational
biases between video and text all originate from contextual video features, B refers to the
observational bias information in the context during training. According to the structural
causal graph, the final video-text matching ranking (R) is influenced by two branches:
The influence of the semantic relationship features of inputs V and Q on R is expressed
as (V,Q) = C — R, and the influence of observational co-occurrence bias in the video
context is expressed as V — B — R. Current video-text retrieval models learn the explicit
co-occurrence correlation (p = (R|(V, Q) )) between videos and texts. However, due to
their neglect of implicit causal relationships, these models exhibit weak generalizability and
cannot handle datasets with complex and variable scenarios. To address this issue, we em-
phasize the learning of video—text semantic relationships in the (V, Q) — C — R branch.
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Specifically, we use text information as a condition for frame aggregation, strengthen the
training of frames semantically most similar to the text description, weaken the learning
of redundant frames, and achieve causal visual-semantic alignment between videos and
texts. Additionally, in the V — B — R branch, the model is trained on the probability
(p = (R|(V,Q))) of learning the observational bias information (B) in the context. To sever
the V — B connection and eliminate the influence of confounding factors (observational
bias information in the context), we adopt causal intervention via back-door adjustment.
The training probability of the model after intervention is expressed as follows:

Pao(RIV) =Y pao(R|V,B)pao(B|V) @)
B

After back-door adjustment, the input variable (V) and the confounding factor (B)
become independent of each other, and p;,(B|V') is equivalent to the marginal distribution
(4o (B)). Since the confounding factor (B) has no incoming edges, the marginal distribution
remains consistent with the original distribution after intervention. The conditional proba-
bility of R, conditioned on the input variable (V) and the confounding factor (B), remains
unchanged after intervention—identical to the original conditional probability. Therefore,
the conditional probability after intervention (do-calculus) can compute an approximate
conditional probability of the original distribution during training, denoted as (3).

p(R|do(V))= pgo(R|V) = giﬂ(RlV,B)P(B) ©)

where p(R|V, B) is the prediction result of the training model based on the observational
co-occurrence bias information in the video context.

3.3. Causal Visual-Semantic Enhancement for Video-Text Retrieval

The core task of video-text retrieval is to retrieve semantically matched videos (v;)
from a candidate video pool based on a given textual description (g;). To achieve more
robust retrieval performance, we propose a method based on causal visual-semantic
enhancement: by eliminating interfering factors in visual contexts and deeply exploring
the causal semantic correlations between videos and texts, we further improve the accuracy
of cross-modal matching. The overall framework is illustrated in Figure 4. The video-text
retrieval model based on causal visual semantics consists of a video encoder, a text encoder,
and a feature embedding and matching component.

Causal Intervention

Visual encoder

i i 7
. Objective
function
Temporal Encoder | ] @y — Ranking
Senter @
awoman peels an apple  Text encoder 7 — zaiagy |

a woman is peeling an apple
a woman cuts up vegetables
the lady peeled an apple

the person is cooking  ——>

video/text feature
representation extraction

Figure 4. Overall framework of causal visual-semantic enhancement for video-text retrieval. Specifi-
cally, we introduce the Visual Genome dataset into the causal intervention module and leverage its
rich visual object relationship information to analyze each video frame, thereby reducing the model’s
reliance on visual context co-occurrence information and alleviating contextual bias during training.
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For text representation, we employ the multi-layer bidirectional transformer in the Bert
model as the text encoder to extract fine-grained hierarchical features of the text. First, to
aggregate frames with the most comprehensive visual semantics, we merge all annotations
of a video into a paragraph; input the paragraph into the text encoder for learning; and
output a paragraph-level text representation (f) to describe the video, marked with the
[CLS] token. Finally, we re-input each sentential annotation of the video into the text
encoder, where the [CLS] token output for each sentence is used to construct the sentential
representation of the video, that is, the text representation of the video can be denoted as
b= {lh, 42,93, 14, }, where 1, represents the number of text sentences. We randomly
select N sentences and use f = {t1,t2,t3,- - - ,tn} as the sentence-level features. We input a
given video (v;) into a ViT/32 video encoder. First, we uniformly sample the video using a
sampling method, taking one frame per second, then split the sampled frames into multiple
regions. To obtain more visual-semantic information, we add [CLS] tokens and position
tokens to each region and use the [CLS] token extracted by the last transformer layer as
the frame-level feature (f = {f1, f2, f3,* -+ fu,, }, where n,, represents the number of video
frames in video v;). Additionally, considering the temporal sequence of the video, we adopt
the temporal transformer in Clip4clip to mine the temporal relationships between video
frames. Each video-frame feature is first appended with a position token before being input
into the temporal transformer. Finally, the output values are subjected to average pooling
to obtain the video-level feature (V’), denoted as follows:

]A(i = TransEnc(f; + ;) 4)
1 i
V= TUZfi (5)

where TransEnc(.) represents the transformer encoder, ;\Ci is the output of video frame f;
after passing through the temporal transformer, and 4; denotes the position marker added
to video frame f;.

The video-text retrieval method based on visual-semantic enhancement proposed
in this paper consists of two key steps: (1) In the (V,Q) — C — R branch, taking text
information as the condition for frame aggregation, it achieves causal visual-semantic
alignment between video and text by enhancing the training of frames with semantics
most similar to the text description and weakening the learning of redundant frames.
(2) In the V — B — R branch, harmful effects of confounding factors (observational bias
information in the context) are eliminated through causal intervention on the input (V).

To capture more comprehensive and refined semantic information from video—text
pairs, we introduce a text-guided multi-head attention mechanism in the (V,Q) - C — R
branch. Specifically, we use text features as Queries (Q), while video features serve as both
Keys (K) and Values (V). When presented with both frame-level local features and video-
level global features of a video, we leverage their complementary nature to strengthen the
learning of video-text semantic relationships. More specifically, first, we aggregate the
video-level global features and frame-level local features through matrix operations. The
aggregated video features (9) are then processed via a linear transformation using a fully
connected layer. This step maps both video and text features into a shared semantic space.
Finally, interactive video features are derived through a residual network structure, which
helps preserve and enhance the cross-modal information flow.

A _
V = Attention (t, 9, 9) (6)
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0= FFN(LN(Pool(f)—I—Pool(I/}))) (7)

where LN(+) denotes layer normalization, Pool(-) represents average pooling, and FFN(-)
stands for feed-forward network.

In the V — B — R branch, the confounding factor (B) can be regarded as a collection
of observational co-occurrence information in the video context. Extracting observational
contextual information without semantic relationships from local regions of video frames
influences the input video representation (V), thereby affecting the matching and ranking of
the retrieval model simultaneously. The optimal solution for handling confounding factors
in causal inference is to average different confounding factors, that is, to sum and average
each contextual confounding factor and assign the maximum weight to the more reliable
signal with fewer error signals. Given the video representation (V) and the confounding-
factor representation (B), according to Equation (3), p(R|do(V)) is the expectation of the
conditional probability (p(R|V, B = b)) with respect to the distribution of B.

p(R|do(V)) = Ey[p(R|V, B = b)] = By[6(¢(v,]))] (®)

where ¢(-) represents a training model based on the observational co-occurrence bias
information of the video context, while J(-) denotes the output mapping of the retrieval
model with respect to ¢(-). Our model (§(-)) is defined as Softmax(.).
In the video-text retrieval task, each regional feature (f;, ) can be regarded as a value of
the confounding factor (B); thus, the model needs to calculate the expectation (E;[¢(v, D)]).
Ey[¢(v,b)] learns the probability weight of each visual region acting as a confounding
factor. Based on this, we approximate the expected value in the above formula using
the Normalized Weighted Geometric Mean (NWGM) method by introducing an exter-
nal expected value. Specifically, NWGM assumes that the Softmax function can be ap-
proximately swapped inside and outside the expectation. Therefore, we denote this as
p(R|do(V)) =~ 6(Ep[¢(v,b)]). Subsequently, we approximate the conditional probability
using a linear model.
$(0,b) = Wov+ Wy - £(b) o)

Ey[¢(0,0)] = Wov + W, - Ep[£(D)] (10)

where W, and W, are learnable weight parameters.

To compute E,[¢(b)], we introduce the Visual Genome dataset [44] and obtain an
external knowledge set (D) from it. We treat B as a set of fixed confounding factors
(Dy = {b1, by, b3, -+ , by}, where n denotes the feature dimension).

Ey[4(b)] = ; {softmax ( \%IT\TI;

For Equation (11), we employ the scaled dot-product attention mechanism (Q = Wy,

JL=AR0 )

K = W,D;, where Wy and W, are learnable weight parameters). ® and p(b) denote
element-wise product and prior statistical probability, respectively.

3.4. Model Training

Based on the aforementioned overall framework, we proceed to elaborate the model’s
training objectives, feature-matching strategies, and optimization methods in detail. In this
paper, we adopt cosine similarity to measure the semantic relevance between videos and
texts, employ symmetric cross-entropy loss as the objective function, an adaptive learning
rate optimizer. At the level of feature embedding and matching, we further introduce two
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techniques—frame-sentence matching and video—paragraph matching—to enhance the
granularity and robustness of cross-modal alignment.
For frame-sentence matching, we employ the following equations:

exp(s(fi. fi))
L = LT 5 e (7, ) 2
exp(s(fi, fi))
L = 13
0 = T T o)) 19
Lps = %(LVZT + Lroy) (14)

For video—paragraph matching, we employ the following equations:

exp(s(?i 1))
ZVZT - Zl 1 Zn exp(s( E )) (15)
exp(s(t;,7;))
= SE B el 1o
lyp = %(lva +I12v) (17)

where n denotes the batch size and the similarity function (s(-)) calculates the cosine
similarity between video and text. Ly,r ensures that the similarity (s(f;, ;)) between the
video frame (f;) and the text- description sentence (f;) from the same video—-text pair is
greater than the similarity (s(f;, f)) between F and any other text-description sentence (f;)
from the video frame-text pairs. The same logic applies to L1py, L1ay, and Ioy. Therefore,
by minimizing the sum of the two loss functions, the model is prompted to learn the regions
where video and text semantics are most similar.

L=puLpg+ Alyp (18)
where y and A are parameters within the range of 0 to 1.

4. Experiments and Results

To verify the effectiveness of the proposed method, this study conducts experiments
on three cross-modal public video-text retrieval datasets: MSR-VTT [45], MSVD [46], and
LSMDC [47]. First, we compare our method with state-of-the-art video-text retrieval tech-
niques. Then, we validate the performance of the proposed method from two perspectives:
strategy ablation and alignment ablation. Finally, to provide an intuitive demonstration,
we present the visualization results of partial retrieval.

4.1. Experimental Data and Evaluation Metrics

The following is a detailed description of common datasets containing large numbers
of video clips and their corresponding annotation descriptions, with comparisons shown
in Table 1.

The MSR-VTT [45] dataset contains 10,000 video clips selected from 7180 videos on
YouTube, covering 20 different domains, such as family, anime, cooking, TV interviews, and
sports events. Each video clip was manually annotated with 20 different text descriptions
by staff, and each video has a duration of 10 ~ 32 s. The total duration of the entire dataset
exceeds 40 h. Additionally, there are three types of data-splitting methods for test/training
division: full split, “Training-7K’, and ‘Training-9K’. The full split uses 7000 videos for
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training and 3000 videos for testing. This paper adopts “Training-9K’, where 9000 videos
and their corresponding text descriptions are used as the training dataset. Since each video
corresponds to 20 text descriptions, the actual training set contains 180,000 video—text pairs.
The test set consists of the remaining 1000 videos and one corresponding text for each,
forming 1000 video—text pairs.

Table 1. Datasets for video—text retrieval.

Datasets Clips  Captions Source Caption Source Length Year
MSR-VTT [45] 10,000 200,000 YouTube Manual 10~30s 2016
MSVD [46] 1970 78,800  YouTube Manual 1~62s 2011
LSMDC [47] 118,081 118,081  Movies Manual 2~30s 2015

The MSVD [46] dataset contains 1970 videos, each with a duration of 1 ~ 62 s. The
number of manually written text descriptions for each video clip varies, with an average of
approximately 40 text descriptions per video. In this paper, 1200 video—text pairs are used
as the training set, and the remaining 100 and 670 pairs are used as the validation set and
test set, respectively.

The LSMDC [47] dataset contains 118,081 video—text pairs selected from 202 different
movies, with a total duration of approximately 158 h. The dataset is formed by merging the
M-VAD and MPII-MD datasets, where each video corresponds to one text description and
each video has a duration of 2 ~ 30 s. In this paper, 101,079 video—text pairs are used as
the training set, 7408 pairs as the validation set, and the remaining 1000 pairs as the test set.

This paper draws R@K, MdR, and MnR as the evaluation metrics for video-text
retrieval. R@K represents the ratio of relevant query instances in the top K retrieval results
to the total number of query instances. The higher the R@K value, the better the retrieval
performance. In this paper, we mainly focus on R@1, R@5, and R@10. MdR represents the
median of the ranking position of relevant instances in the retrieval results, with lower
values indicating better results. MnR represents the mean of the ranking position of relevant
instances in the retrieval results, with lower values indicating better retrieval performance.

correct matches
R@K = (19)
top-k results

MdR = median(rank(y;)) (20)

1
MnR = @quQ rank (y,) (21)

where rank(y;) represents the ranking of the correctly matched result (y;) in the model’s
ranking results and Q is the set of queries.

4.2. Experimental Details

We trained the model on eight NVIDIA A100 GPUs and used PyTorch (1.13.1) software
to edit the program code. To reduce computational and memory requirements, this paper
adopted a downsampling process of one frame per second for videos in the MSVD, MSR-
VTT, and LSMDC datasets. Taking the Clip4clip model as the backbone, this paper used
a 12-layer ViT/32 video encoder and the multi-layer bidirectional transformer in the Bert
model as the text encoder, with the initial value of the dynamic learning rate set to 0.00001.
The text-description length of all datasets was set to 32, and the video length was set to 12.
During training, the number of samples per batch was 32, and the AdamW optimizer was
used to train for 200,000 rounds.
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4.3. Experimental Results

To evaluate the effectiveness of the method proposed in this paper, we conducted
experiments on the MSR-VTT, MSVD, and LSMDC datasets and compared them with
previous state-of-the-art (SOTA) methods. We performed text-to-video retrieval and video-
to-text retrieval experiments on the MSR-VTT dataset and compared them with DFLB [30],
Memory Enhancing [31], CLIP2Video [20], X-CLIP [21], TS2-Net [18], X-Pool [19], Prompt
Switch [17], CLIP4Clip [22], MSIA [36], LSECA [48], DGL [35], and TempMe [3]. The results
are shown in Table 2.

Table 2. Comparison of the retrieval results of state-of-the-art techniques on the MSR-VTT dataset.

Text to Video Video to Text
Method
Re@1 R@5 R@10 MnR MdR Re@1 R@5 R@10 MnR MdR
NO CLIP AND DFLB [30] 2464 5299 6609 2626 5.0 - - - - -
CAUSAL INFERENCE Memory Enhancing [31] 24.8 51.6 64.9 - - - - - - -
CLIP2Video [20] 45.6 72.6 81.7 14.6 - 435 72.3 82.1 10.2 2.0
X-CLIP [21] 46.1 73.0 83.1 13.2 46.8 733 84.0 9.1 2.0
CLIP 'Bﬁ&%ggﬁ%%%fgﬁ“m“ TS2-Net [18] 465 736 833 139 . 453 741 837 92 2.0
X-Pool [19] 46.9 72.8 82.2 14.3 2.0 444 73.3 84.0 9.0 2.0
Prompt Switch [17] 47.8 73.9 82.2 14.1 - 46.0 74.3 84.8 8.5 -
CLIP-BASED AND CLIP4Clip [22] 445 71.4 81.6 153 2.0 4.7 70.9 80.6 11.6 2.0
COARSE-TO-FINE REPRESENTATION MSIA [36] 47.2 73.8 84.1 - 2.0 - - - - -
LEARNING LSECA [48] 471 749 828 149 20 475 754 834 123 20
CLIP-BASED AND DGL [35] 45.8 69.3 79.4 16.3 - 43.5 70.5 80.7 13.1 -
PARAMETER/INFERENCE-EFFICIENT TempMe [3] 46.1 71.8 80.7 14.8 - - - - - -
CLIP-BASED AND CAUSAL Ours 49.0 74.1 83.3 124 2.0 45.8 74.4 83.4 115 2.0

INFERENCE

Note: For each category (e.g., “NO CLIP AND CAUSAL INFERENCE,” “CLIP-BASED AND CROSS-MODAL
TEMPORAL FUSION,” etc.), the highest value among all evaluation metrics (R@1, R@5, R@10) for the “Text to
Video” and “Video to Text” tasks within that category is selected and bolded. If there are multiple models under
the same classification, the comparison is made among all models in that category.

As can be seen from Table 2, our method performs excellently on various indicators
and also shows outstanding performance in competition with the SOTA models of other
methods. Specifically, compared with the DFLB [30] and Memory Enhancing [31] methods,
which use causal inference but do not use the pre-trained Clip model, our proposed
model achieves significant improvements in all evaluation indicators. In particular, our
method improves the R@1 indicator by 24.2% compared with Memory Enhancing [31],
which reflects the excellent performance of the pre-trained Clip model in multimodal
feature extraction and representation and also proves the effectiveness of using Clip in our
proposed method. When compared with methods using Clip and cross-modal temporal
features, such as CLIP2Video [20], X-CLIP [21], TS2-Net [18], X-Pool [19], and Prompt
Switch [17], our method captures the temporal features of videos and uses text information
as the condition for frame fusion, which is somewhat similar to them. As can be seen from
most of the indicators in Table 2, our method only improves the R@1 indicator by 1.2%
and the R@5 indicator by 0.2% compared with Prompt Switch [17]. In addition, when
compared with methods using Clip and learning coarse and fine feature representations,
such as CLIP4Clip [22], MSIA [36], and LSECA [48], our method improves the R@1 by 1.8%
compared with MSIA [36], and other indicators are also improved. We also compared out
method with methods using Clip and learning efficient parameters or efficient inference,
such as DGL [35] and TempMe [3]. Our method outperforms TempMe [3] in most indicators
and reaches 49.0 in R@1, corresponding to an increase of 2.9%.

Similarly, our method was validated on the MSVD and LSMDC datasets. Tables 3 and 4
show the experimental results and comparisons with other methods. On the MSVD dataset,
we compared two types of methods: those using Clip with cross-modal temporal fea-
tures (CLIP2Video [20], X-CLIP [21], X-Pool [19], and Prompt Switch [17]) and those
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using Clip with coarse—fine feature learning (CLIP4Clip [22], MSIA [36], and LSECA [48]).
Our method improved all indicators. Meanwhile, on the LSMDC dataset, when com-
pared with X-CLIP [21], TS2-Net [18], X-Pool [19], Prompt Switch [17], CLIP4Clip [22],
MSIA [36], LSECA [48], and TempMe [3], our method also demonstrated significant per-
formance improvements, verifying the effectiveness and generalization ability of our
proposed approach.

Table 3. Comparison of the retrieval results of state-of-the-art techniques on the MSVD dataset.

Text to Video Video to Text
Method
R@l R@ R@10 MnR MJdR R@1 R@5 R@10 MnR MdR

CLIP2Video [20] 47.0 76.8 85.9 9.6 - 58.7 85.6 91.6 43 -
CLIP-BASED AND CROSS-MODAL X-CLIP [21] 47.1 77.8 - 9.5 - 60.9 87.8 - 47 -
TEMPORAL FUSION X-Pool [19] 47.2 77 .4 86.0 9.3 - 66.4 90.0 94.2 3.3 -
Prompt Switch [17] 47.1 76.9 86.1 9.5 - 68.5 91.8 95.6 2.8 -

CLIP-BASED AND CLIP4Clip [22] 45.2 75.5 84.3 10.3 2.0 62.0 87.3 92.6 4.3 1.0
COARSE-TO-FINE MSIA [36] 454 74.4 83.3 - 2.0 - - - - -
REPRESENTATION LEARNING LSECA [48] 46.9 76.8 85.7 9.9 2.0 - - - - -

CLIP-BASED AND CAUSAL Ours 49.4 77.3 86.0 9.3 2.0 68.5 91.2 95.0 3.0 1.0

INFERENCE

Note: For each category (e.g., “NO CLIP AND CAUSAL INFERENCE,” “CLIP-BASED AND CROSS-MODAL
TEMPORAL FUSION,” etc.), the highest value among all evaluation metrics (R@1, R@5, R@10) for the “Text to
Video” and “Video to Text” tasks within that category is selected and bolded. If there are multiple models under
the same classification, the comparison is made among all models in that category.

Table 4. Comparison of the retrieval results of state-of-the-art techniques on the LSMDC dataset.

Text to Video Video to Text
Method
R@1 R@ R@0 MnR MdR Rel R@ R@10 MnR MdR
X-CLIP [21] 23.3 43.0 - 56.0 - 225 422 - 50.7 -
CLIP-BASED AND CROSS-MODAL TS2-Net [18] 23.4 423 50.1 56.9 - - - - - -
TEMPORAL FUSION X-Pool [19] 25.2 43.7 53.5 53.2 - 22.7 42.6 51.2 474 -
Prompt Switch [17] 23.1 41.7 50.5 56.8 - 22.0 40.8 50.3 51.0 -
CLIP-BASED AND CLIPAClip [22] 22,6 41.0 49.1 61.0 11.0 20.8 39.0 48.6 54.2 12.0
COARSE-TO-FINE REPRESENTATION MSIA [36] 19.7 38.1 475 - 12.0 - - - - -
LEARNING LSECA [48] 23.4 43.1 50.4 56.0 10.0 - - - - -
CLIP-BASED AND DGL [35] 21.4 39.4 484 64.3 - - - - R i
PARAMETER/INFERENCE-EFFICIENT TempMe [3] 23.5 41.7 51.8 53.5 - - - - - -
CLIP-BASED AND CAUSAL ours 26.0 43.3 54.3 53.5 10.0 229 429 50.7 50.0 12.0

INFERENCE

Note: For each category (e.g., “NO CLIP AND CAUSAL INFERENCE,” “CLIP-BASED AND CROSS-MODAL
TEMPORAL FUSION,” etc.), the highest value among all evaluation metrics (R@1, R@5, R@10) for the “Text to
Video” and “Video to Text” tasks within that category is selected and bolded. If there are multiple models under
the same classification, the comparison is made among all models in that category.

4.4. Ablation Study

In this section, we conduct ablation studies to evaluate the effectiveness of the pro-
posed strategies on the MSR-VTT dataset.

Strategy Ablation: To obtain more visual-semantic features, we adopt the strategies of
causal intervention (CI) and text-conditioned video-frame aggregation. Table 5 presents the
comparative results of the model with and without the two strategies. By comparing the
performance of the No CI + No text-conditioned method with that of the CI method and the
text-conditioned method, it can be observed that both the causal intervention strategy and
the text-conditioned video-frame aggregation strategy can effectively improve the model’s
accuracy when applied independently. This is because causal intervention can eliminate the
negative impact of confounding factors on model training, while the text-conditioned video-
frame aggregation strategy can guide the model to learn more semantically informative
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features. In addition, the data shows that the CI + text-conditioned method achieves the
most optimal performance among all the methods. This result directly demonstrates that
the combination of causal inference and text-conditioned constraints can yield a synergistic
effect, which serves as an effective strategy for enhancing the performance of text-to-
video retrieval. To verify that the performance improvement of the CI + text-conditioned
method stems from the causal inference mechanism rather than random experimental
variation, we conducted an empirical bootstrapping test on the retrieval performance
metrics. Appendix A elaborates on the test design and implementation procedure and
provides a detailed analysis of the results.

Table 5. Experimental results on the MSR-VTT dataset.

Text to Video
Method
Re@1l R@5 R@10
No CI + No text-conditioned 447 71.2 80.0
CI 47.1 72.8 81.7
Text-conditioned 47.6 73.2 82.1
CI +text-conditioned 49.0 74.1 83.3

Alignment Ablation: To demonstrate the effectiveness of the alignment approach,
Figure 5 shows a comparison results between single-level alignment and multi-level align-
ment. According to the figure, we can conclude that using multi-level alignment (including
video—paragraph or frame—sentence alignment) is more accurate than single-level align-
ment. This is because single-level alignment only represents local or global features, while
multi-level alignment can capture more complete local and global features.

Comparison between Single-Level Alignment and Multi-
Level Alignment

83.3
74.1
49 73.1 823
47.2 72.9 81.6
467
R@1 R@5 R@10

e vyideo-paragraph alignment === frame-sentence alignment

multi-level alignment
Figure 5. Comparison results between single-level alignment and multi-level alignment.

4.5. Qualitative Analyses

Figures 6 and 7 show example visualizations of retrieval results for the text-to-video
and video-to-text tasks, respectively. To verify the effectiveness of causal intervention,
we compared two strategies on the MSR-VTT dataset: the baseline text-conditioned ap-
proach and our proposed CI + text-conditioned method. Results show that incorporating
causal intervention enables the model to more accurately capture vision—semantic causal-
ity. This leads to significant improvements not only in cross-modal retrieval performance
but also in result stability, confirming the critical role of causal intervention in enhancing
match quality.
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Query: Two dogs are fighting for food.

Text-

CI +Text-
conditioned

Figure 6. Examples of text-to-video retrieval. The retrieval results of the text-conditioned strategy
ignore the semantic information associated with the term “fighting”.

Text- A delicious looking dish attractively displayed
conditioned | Someone is cooking meat in a pan

CI +Text- women are cooking in the kichen
conditioned | the person is making the mixing the something and cooking

Figure 7. Examples of video-to-text retrieval.

5. Conclusions

Existing deep learning-based video-text retrieval models are typically trained to cap-
ture correlational patterns, which often fail to uncover the implicit causal relationships
underlying the data. Moreover, due to biases present in visual-language datasets, these
models tend to learn spurious correlations during training. To address these issues, this
paper introduces causal intervention into video-text retrieval. By applying back-door
adjustment to learn the causal relationships embedded in video contexts and performing
text-conditioned frame aggregation, our approach not only strengthens the logical con-
nections between video and text semantics but also accounts for both intra-modal and
cross-modal relationships. Experiments on the MSR-VTT, MSVD, and LSMDC datasets
show that the proposed method outperforms previous state-of-the-art approaches, improv-
ing both accuracy and generalization.

Since this paper uses the Visual Genome dataset to represent confounders, future
work could explore more precise ways to characterize such confounders. Additionally, the
current method only applies causal intervention to the visual feature extraction module,
without modeling causal relationships between words in the text. Thus, another direction
for future research is to investigate the implicit causal structures within each modality and
between the two modalities.
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Appendix A

To verify that the performance improvement achieved by the CI + text-conditioned
method is, indeed, derived from the causal inference mechanism rather than random fluc-
tuations in the experiment, the text-conditioned method was adopted as the baseline, with
comparisons conducted based on the retrieval performance metrics (R@1, R@5, and R@10).
For the assessment of statistical significance, the empirical bootstrapping method was em-
ployed for hypothesis testing. As a non-parametric testing approach, it is primarily utilized
for evaluating significance at the test-set sample level—specifically, through resampling,
with replacement performed on the test set, followed by the calculation of the sampling
distribution of performance differences between the two methods across all metrics.

In the experimental setup, the number of resampling iterations was set to 10,000, and
10 independent repeated experiments were conducted for each method. Different random
seeds were utilized in each iteration to control for randomness, and the significance level of
the test was set to @ = 0.05. Table A1 presents the p value of each retrieval metric calculated
via the empirical bootstrapping method. The results demonstrate that the p values of all
three metrics are less than 0.05, thereby statistically and fully validating the effectiveness of
the proposed causal inference mechanism.

Table Al. Empirical bootstrapping test results on the MSR-VTT dataset.

Text to Video (x=0.05)

Maetric
p
R@1l 0.028
R@5 0.017
R@10 0.012
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