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Abstract Zero-Shot Composed Video Retrieval (ZS-CVR) aims to retrieve a target video from an
unannotated candidate set according to a reference video and a natural language modification
instruction provided by the user. Different from conventional text-video retrieval, this task
requires the model not only to understand the original semantic content of the reference video, but
also to accurately capture the semantic changes introduced by the modification text. Therefore,
the model needs to simultaneously handle the information that should be preserved and the
information that should be modified, which makes ZS-CVR a challenging task in compositional
semantic understanding. Existing zero-shot methods usually first convert the reference video into

a textual description, and then combine it with the modification instruction to generate a target
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video description for retrieval. Although such methods avoid dependence on large-scale annotated
triplet data, they still have two main limitations. On the one hand, important visual information
related to the modification text may be lost during the captioning process, which weakens the
modeling of the user’s actual retrieval intent. On the other hand, retrieval based only on the
generated target description is easily affected by semantic bias in the generated text, which may
lead to inaccurate retrieval results.

To address these issues, this paper proposes a Bidirectional Chain-of-Thought Reasoning for
Composed Video Retrieval method, termed BC4CVR. The proposed method consists of two
main components, namely a Chain-of-Thought reasoning module and a bidirectional retrieval
module. In the Chain-of-Thought reasoning module, the generation process of the target video
description is decomposed into four sub-tasks, including reference video parsing, modification
instruction decomposition, cross-modal modification execution, and target description
generation. By guiding a multimodal large model to perform step-by-step reasoning based on the
reference video and the modification text, the proposed method generates a target video
description that is more consistent with the user’s retrieval intent. Compared with directly
concatenating or simply editing video descriptions, this strategy can improve the fine-grained
modeling of both preserved semantics and modified semantics to a certain extent.

On this basis, a bidirectional retrieval module is further designed to alleviate the semantic bias
that may be introduced during target description generation. Specifically, the generated target
video description is first used to perform forward retrieval and obtain an initial candidate ranking.
Then, the Top-N videos from the forward retrieval results are respectively regarded as new
reference videos, and the original modification instruction is semantically reversed to generate
backward retrieval descriptions. These backward descriptions are used to evaluate whether the
candidate videos can be semantically traced back to the original reference video. According to the
consistency between forward retrieval and backward retrieval, the initial ranking results are re-
ranked, thereby improving the reliability of the final retrieval results. This mechanism helps
enhance the discrimination ability of the model against highly similar distractor samples and
improves retrieval robustness.

Experiments are conducted on two benchmark datasets, namely WebVid-CoVR-Test and
EgoCVR. The experimental results show that the proposed method achieves favorable retrieval
performance on both datasets. In particular, BC4CVR obtains an R@]1 of 53.40% on WebVid-
CoVR-Test and an R@1 of 12.24% on EgoCVR, while also achieving better R@5 and R@10
results than the compared zero-shot methods. These results indicate that the proposed method can
effectively improve the modeling of user retrieval intent in zero-shot composed video retrieval,
and that the bidirectional consistency verification strategy is beneficial for further optimizing
retrieval results. The present study provides a feasible new solution for zero-shot composed video

retrieval.

Keywords composed video retrieval; chain-of-thought reasoning; pre-trained vision-language

models; cross-modal retrieval; multimodal large language models
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and natural language processing (NLP). These models, such as
CLIP, excel in aligning image and text features, enabling them

to perform effectively in a variety of cross-modal tasks,
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including image-text retrieval, zero-shot classification, and
visual captioning. By leveraging large-scale pretraining datasets,
VLMs have achieved impressive results in tasks that require
deep understanding and generation of multimodal content.

Despite  their remarkable capabilities, VLMs face
significant challenges in real-world applications, especially in
tasks that require fine-grained understanding and manipulation of
visual and textual information. One such task is Zero-Shot
Composed Video Retrieval (ZS-CVR), which aims to precisely
locate target videos from an unannotated candidate video library
based on a reference video provided by the user, along with
natural language modification instructions. For example, a user
might request to find a video similar to a given reference but with
specific modifications, such as “a similar video but with a snowy
scene.” The core challenge of ZS-CVR lies in deeply
understanding the complex user intent, particularly the semantic
changes introduced by the modification instruction and their
relationship with the content of the reference video. Traditional
methods often convert the reference video into a single textual
description, which is then combined with the modification text to
generate an edited video description for retrieving the target
video. However, this approach often leads to a loss of relevant
visual information from the reference video and an inadequate
understanding of the user’s retrieval intent. Moreover, the
retrieval process relies solely on the similarity between the
generated edited description and the candidate videos, which
may result in retrieving negative samples with high visual
similarity due to biased content in the edited description, thus
affecting retrieval accuracy.

To address these limitations, recent research has explored

more sophisticated techniques to enhance the understanding and
generation of video descriptions. These methods include leveraging
pre-trained VLLMs to generate more accurate video descriptions
and using large language models (LLMs) to combine these
descriptions  with modification instructions more effectively.
However, existing methods still struggle with accurately capturing
the user’s intent and handling the semantic complexity of the task.

In this context, our research proposes a novel approach to
ZS-CVR by introducing a Bidirectional Chain-of-Thought
Reasoning for Composed Video Retrieval method (BC4CVR).
This method leverages Chain-of-Thought (CoT) reasoning to
guide a multimodal large model in generating a description of the
target video by incrementally reasoning through predefined sub-
tasks based on the query video and modification text. This
facilitates a fine-grained understanding of the user’s retrieval
intent. Additionally, a bidirectional retrieval mechanism is
introduced to validate the consistency of the retrieval results,
thereby improving retrieval accuracy and mitigating the semantic
bias introduced by the generated target video descriptions. Our
proposed method aims to address the limitations of existing ZS-
CVR techniques by providing a more accurate and robust
solution that better aligns with user intent and reduces the impact
of semantic biases. Through extensive experiments on major
benchmark datasets, we demonstrate that BC4ACVR achieves
state-of-the-art performance in the ZS-CVR task, highlighting
its potential for practical applications in video retrieval and
related fields.
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