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Abstract

Composed video retrieval is a challenging task that strives
to retrieve a target video based on a query video and a tex-
tual description detailing specific modifications. Standard
retrieval frameworks typically struggle to handle the com-
plexity of fine-grained compositional queries and variations
in temporal understanding limiting their retrieval ability in
the fine-grained setting. To address this issue, we introduce
a novel dataset that captures both fine-grained and com-
posed actions across diverse video segments, enabling more
detailed compositional changes in retrieved video content.
The proposed dataset, named Dense-WebVid-CoVR, consists
of 1.6 million samples with dense modification text that is
around seven times more than its existing counterpart. We
further develop a new model that integrates visual and tex-
tual information through Cross-Attention (CA) fusion using
grounded text encoder, enabling precise alignment between
dense query modifications and target videos. The proposed
model achieves state-of-the-art results surpassing existing
methods on all metrics. Notably, it achieves 71.3% Recall@1
in visual+text setting and outperforms the state-of-the-art by
3.4%, highlighting its efficacy in terms of leveraging detailed
video descriptions and dense modification texts. Our pro-
posed dataset, code, and model are available at : https:
//github.com/OmkarThawakar/BSE-CoVR.

1. Introduction
Composed Image Retrieval (CoIR) aims at retrieving an
image from a database based on a reference image and a
textual description detailing the desired modifications. Re-
cently, Ventura et al. [30] extend this problem to the video
domain, giving rise to Composed Video Retrieval (CoVR),
where the aim is to retrieve a target video based on a ref-
erence video and a modification text. Fine-grained CoVR
task strives to retrieve a target video based on a reference
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video and a detailed textual modification, requiring models
to capture subtle visual and temporal changes. For example,
in video editing and media production, professionals often
require systems that can retrieve content with subtle varia-
tions in scene composition or actor actions, aiding in locating
footage that meets specific creative requirements. As videos
grow longer and more complex, users are likely interested
in searching for specific moments or actions rather than an
entire clip. As a result, fine-grained CoVR task requires a
deeper understanding of both the visual and textual infor-
mation to ensure the modifications described are accurately
reflected in the retrieved video.

Fine-grained CoVR task poses unique challenges by re-
quiring the retrieval model to comprehend the visual content
as well as the intricate temporal sequences and semantic nu-
ances of textual modifications. To this end, existing CoVR
benchmarks such as, WebVid-CoVR [30] are insufficient due
to lack of granularity, short or generic modification text, and
imprecise temporal understanding, which is crucial for cap-
turing subtle visual and temporal modifications (see Fig. 1).
For instance, in Fig. 1 example 2, WebVid-CoVR bench-
mark’s difference "as a child" is insufficient to retrieve video
with a "young child playing piano with his instructor".

A robust CoVR benchmark must capture subtle yet mean-
ingful differences between input and target videos using
context-rich modification texts. While prior benchmarks,
such as EgoCVR [12], focus on specific aspects like tempo-
ral changes, they lack dense modification text and dataset
diversity, being limited to egocentric videos. These limi-
tations highlight the need for a comprehensive benchmark
that effectively encodes visual, semantic, and temporal mod-
ifications across a broad range of video content, including
lifestyle, nature, sports, and educational domains.

We introduce Dense-WebVid-CoVR, a benchmark de-
signed to enhance retrieval accuracy by leveraging detailed
modification texts (see Fig. 1). Our dataset is not merely
about lengthening modification text, but about providing
richer, more contextually grounded descriptions that help
retrieval models distinguish subtle yet important changes

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

20435

https://github.com/OmkarThawakar/BSE-CoVR
https://github.com/OmkarThawakar/BSE-CoVR


Input Video Modification Text Target Video

WebVid-CoVR: replace cow with 
goat

Ours: Replace the group of 
cows and calf with a single 
white goat.

WebVid-CoVR: as a child 

Ours: Change the male adult to 
a young child practicing with 
an instructor nearby and a 
sheet of music on the stand.

WebVid-CoVR: Get rid of the jar

Ours: Change the presentation 
style from assembling a jar 
salad to serving a Greek salad 
from the glass bowl to plate.

Input Video Modification Text Target Video

WebVid-CoVR: make a smaller 
drawing
Ours: Change the fifty dollar
bill to a one dollar bill and 
focus on George Washington's 
face, ……

WebVid-CoVR: turn it into a 
corn field
Ours: Replace the hillside 
community with a field of tall 
grasses.

WebVid-CoVR: replace the 
antelope with a giraffe
Ours: Replace the herd of five 
common eland antelopes 
grazing in the savanna with a 
single giraffe standing ……….

Figure 1. Example composed video retrieval triplets, consisting of the input video, modification text, and the corresponding target video. We
compare the basic change text from the existing WebVid-CoVR benchmark [30] with our Dense-WebVid-CoVR dataset that provides a more
detailed and context-aware modification text. Additional examples are in the suppl. material.

in videos. Unlike traditional text-to-video retrieval, com-
posed retrieval requires understanding how a target video
differs from a reference, making detailed modification texts
essential for capturing spatial transformations, object manip-
ulations, and temporal transitions. Dense-WebVid-CoVR is
constructed through a two-step process: (1) Detailed video
descriptions are generated using Gemini-Pro [28], ensur-
ing high-quality, context-aware textual representation. (2)
Source-Modification_Text-Target triplets are then created
using GPT-4o [13], which refines video pair relationships
with dense, structured modifications. A manual verifica-
tion step further enhances annotation quality, ensuring that
modification texts remain precise, avoid redundancy with
the input video, and truly require multimodal understanding.
For example, in Fig. 1, our modification text does not simply
describe the target video in isolation but explicitly encodes
contextual relationships with the input video. In Example 2,
rather than a generic phrase like "child playing the piano",
our benchmark guides the retrieval system by specifying:
"change the male adult to a young child practicing piano
with an instructor and a sheet of music on the stand." To
further mitigate the risk of text-only retrieval overshadowing
multimodal learning, our benchmark introduces query struc-
turing strategies that prevent the modification text from being
a direct target description. Building on our Dense-WebVid-
CoVR dataset, we develop a new fine-grained CoVR model
that effectively encodes the relationships between visual and
textual data by fusing input video, description and dense
modification text in a single grounding encoder. Our contri-
butions are summarized as:

• We introduce a large-scale fine-grained CoVR dataset,
named Dense-WebVid-CoVR, with enriched modification
text to encode subtle visual and temporal changes. The
dataset comprises 1.6 million samples with an average
description length of 81 words and modification text of 31
words, which is around seven times more than the existing
CoVR dataset [30]. The test set is fully manually verified
to ensure high-annotation quality.

• We further develop a robust CoVR model, leveraging our
Dense-WebVid-CoVR dataset, that effectively utilizes the
rich text modifications together with input video and tex-
tual descriptions in a single grounding encoder. On the
Dense-WebVid-CoVR test set, our model achieves a gain
of 3.4% over the best existing method [29] when using the
same training set, input modalities, and backbone.

2. Related Work
Composed Image Retrieval (CoIR): The task aims to re-
trieve images based on a reference image and a modification
text describing desired changes [32]. Earlier methods rely
on manually annotated datasets, e.g., CIRR [22] and Fash-
ionIQ [33], which are of high-quality but limited in scale
due to the labor-intensive annotation process. More recent
approaches aim to scale the task by automatically generating
large datasets. Recently, large-scale datasets like LaSCo [20]
and SynthTriplets18M [11] have been generated automati-
cally, using visual question answering and text-conditioned
image editing frameworks [4]. However, these datasets are
not yet publicly available.
Composed Video Retrieval (CoVR): The CoVR task aims
to retrieve target videos based on reference videos and textual
modification prompts. Recent CoVR methods adapt CoIR
techniques to video domain by aggregating multi-frame fea-
tures [25, 34–36]. Large datasets like WebVid-CoVR [30]
and vision-language models (VLMs) [21, 24] have advanced
CoVR using contrastive learning and multi-modal embed-
dings. WebVid-CoVR [30] is constructed by mining video-
pairs with similar captions and generating modification texts
using large language models (LLMs). Recently, [29] pro-
poses an approach that utilizes language descriptions of
source to improve query-specific alignment between the
source and target videos. The work of [12] introduces an
action retrieval benchmark from egocentric videos. How-
ever, the benchmark only has a test set, does not capture
dense modification text and is limited to egocentric videos.
The benchmark also lacks diversity in terms of video con-
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Benchmark Venue Type # Samples Splits Data Type Tools Used Human Avg Length of Avg Length of Dense Dense Diversity
Verification Description Modifiction Text Modifiction Text Descriptions

InstructPix2Pix CVPR-2023 Image 454K train, test synthetic GPT-3, Stable Diffusion None - 9.4 ✗ ✗ ✓
CIRR ICCV-2021 Image 36K train, test real-world AMT test - 11.3 ✗ ✗ ✓
FashionIQ ICCV-2019W Image 60K train, test synthetic - - - 5.3 ✗ ✗ ✗
CIRCO ICCV-2023 Image 4.5K test synthetic SEARLE - - 8.2 ✗ ✗ ✓
WebVid-CoVR AAAI-2024 Video 1.6M train, test real-world MTG-LLM test 6.68 4.6 ✗ ✗ ✓
Ego-CVR ECCV-2024 Video 2.2K test real-world GPT-4 test - 4 ✗ ✗ ✗
Dense-WebVid-CoV (Ours) - Video 1.6M train, test real-world Gemini-Pro, GPT-4 train, test 81.32 31.16 ✓ ✓ ✓

Table 1. Comparative analysis of various video and image-based benchmarks for composed video retrieval (CoVR). The benchmarks
are categorized by type (video or image), sample size, data type (real-world or synthetic), tools used for generation, and human verification.
Compared to existing CoVR datasets, our benchmark provides fine-grained dense descriptions with an average description length of 81.32
words and modification texts of 31.16 words, surpassing them in generating rich, context-aware video retrieval capabilities.

tent (e.g., general purpose videos including, nature, sports,
educational visual content and lifestyle), that is available
in WebVid-CoVR dataset. In this work, we develop a new
benchmark (see Tab. 1) that comprises both training and test
set, while containing high-quality detailed modification text
about general purpose videos.

3. Dense-WebVid-CoVR Benchmark

To construct a fine-grained CoVR benchmark with de-
tailed modification text, we start with the WebVid-CoVR
dataset [30] that contains diverse video content including
nature, lifestyle, and professional activities. The dataset
contains 1.6 million triplets with videos averaging around
16.8 seconds in length. To effectively create captions for
videos, we employ the Gemini-Pro [28] model for video
captioning. To ensure caption quality, we apply a hallucina-
tion check using the BLIP model [21] to compute the cosine
similarity between the video and its caption. Here, captions
scoring below a specified threshold that is set empirically
are deemed inadequate and recomputed, ensuring alignment
with video content and creating a more robust and reliable
dataset. Additional details are presented in suppl. material.

3.1. Modification-Text Generation
In the context of fine-grained robust CoVR, modification text
is crucial and bridges the gap between two similar videos by
explicitly describing the differences between them. These
descriptions highlight specific changes, such as alterations in
actions, objects, or scenes. Dense modifications are expected
to cover nuanced variations in visual content to enable more
precise retrieval of videos based on subtle details. For this,
we employ GPT-4o [13] to generate modification texts. We
provide the model with existing triplets from WebVid, includ-
ing both the original video captions and their corresponding
modification texts, to guide the generation process. Fig. 2
shows the differences between WebVid descriptions and our
dense descriptions and detailed modification text. Compared
to original WebVid descriptions, subtle changes between
videos are captured. For instance Fig. 2 row 1 contains a
outdoor nature video. The original WebVid modification text
(put a grassland background) lacks subtle details. In con-
trast, our modification text (Add a serene outdoor scene with

a lone tree on a grassy hill, and make the camera static to
capture the subtle movements of the tree and clouds, evoking
tranquility and the beauty of nature better captures) better
captures detailed information. The examples in Fig. 2 shows
that our modification text provides more details in the form
of intricate visual elements, such as environmental settings,
colors, lighting, and subtle changes in object focus.

3.2. Modification-Text Verification
To ensure high-quality, we manually verify the generated
modification texts. During this process, input and target
videos are presented side-by-side along with their generated
dense descriptions. The annotators are tasked with assessing
the quality of the modification text by comparing it to the
visual content and making corrections when necessary. To
ensure the quality and accuracy of the generated modifica-
tion text, the following quality control protocol is used for
verification process. (i) A side-by-side comparison to ensure
that the changes mentioned accurately reflect the differences
between the two videos. (ii) A contextual consistency check
to verify that the modification text addresses key changes,
such as consistent object movement and transitions in the
main scene, related surroundings, and background. (iii) An
action and object verification check, where the annotators
are asked to check whether the objects and their correspond-
ing actions mentioned in the modification text are present in
both the videos. (iv) A temporal alignment check to ensure
that the modification text aligns with the actual sequence of
actions in the videos. (v) The annotators are asked to check
the comprehensive description quality to ensure all relevant
changes between the input and target video are covered. (vi)
The annotators are asked to ensure that the modification text
is clear and concise. (vii) We empirically set a cosine simi-
larity threshold to identify low-quality modification texts for
further manual modification. Moreover, it is worth noting
that annotators are asked to make manual corrections to the
modification text in case of any errors or missing details.

We manually verify all 3,000 triplets each from the test
set and validation set consisting of WebVid-8M [2] corpus
videos. For training set, out of the total of 1.6M triplets
consisting WebVid-2M [2] corpus, we carefully select 100k
triplets with unique input and target video covering distinct
categories representing all training triplets for verification.
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Our Modification TextOur Description (Video-2)Our Description (Video-1)
WebVid 

Modification 
Text 

WebVid 
Description 
(Video-2)

WebVid 
Description 
(Video-1)

Target (Video-2)Input (Video-1)

Add a serene outdoor 
scene with a lone tree on a 
grassy hill, and make the 
camera static to capture 
the subtle movements of 
tree and clouds.

The video displays a serene outdoor 
scene with a lone tree standing on a 
grassy hill against a backdrop of a 
bright blue sky dotted with fluffy 
white clouds. The tree's leaves rustle 
gently in the wind, creating a sense of 
tranquility and peace. …....

The video shows a timelapse of 
fluffy white cumulus clouds moving 
across a blue sky. The clouds appear 
to be moving from left to right, 
expanding and changing shape as 
they drift. The sunlight illuminates 
the clouds, creating a sense …….

put a grassland 
background

Grassland 
and blue sky

Clouds and 
blue sky.

Change the landscape to a 
serene marsh, include 
bright sunlight, vibrant 
green plants and trees, a 
blue sky with white clouds 
emphasize the tranquil and 
reflective water.

The video showcases a stunning view 
of a serene marsh. The sunlight 
shines brightly, casting a glistening 
reflection upon the tranquil waters. 
The sky displays a picturesque scene 
of blue hues adorned with delicate 
wisps of white clouds, ……

The video shows a picturesque 
landscape with rolling hills covered 
in a mix of green, yellow, and 
orange autumnal trees. White 
buildings peek out from behind the 
hills on the left side. A body of 
water, likely a pond or …..

make it a 
swamp.

Autumn 
swamp.

Autumn day.

make hibiscus, highlight its 
reproductive organs, and 
add subtle swaying motion.

The video showcases a vibrant red 
hibiscus flower in full bloom, its 
petals glistening under the sun. The 
camera focuses on the flower's 
center, highlighting the intricate 
details of its reproductive organs.…….

The video displays a single, vibrant 
red rose in full bloom, positioned 
prominently in the foreground. The 
rose remains stationary throughout 
the video, its petals slightly curled 
inward. In the background, ……..

make hibiscus.Red hibiscus 
closeup.

Red rose 
closeup.

Figure 2. Comparison between original WebVid-CoVR [30] descriptions and change-text vs. our generated detailed descriptions and change
text. Each row presents an input video (Video-1), a target video (Video-2), and their corresponding descriptions followed by the change-text
generated using the descriptions. The original WebVid-CoVR’s [30] change texts lack fine-grained details, whereas our approach offers
significantly more comprehensive and context-rich change texts.

To further prevent text-only retrieval from overshadowing
multimodal learning, we introduce query structuring strate-
gies that ensure modification texts are not direct target de-
scriptions but require contextual interpretation with the input
video. This enforces true multimodal reasoning, ensuring
that models cannot retrieve the target video based solely on
modification text as stated in CIRCO [1]. These structuring
strategies play a crucial role in preserving the core purpose
of Composed Video Retrieval (CoVR) by preventing the task
from being reduced to text-to-video retrieval. To ensure high-
quality annotations, trained annotators manually verified and
refined modification texts through multiple rounds. Although
around 2-3% of modification texts in the training set may
have minor inaccuracies, our experiments show that this has
minimal impact on model performance. Instead, the inclu-
sion of detailed modification texts significantly improves
retrieval accuracy, leading to a 3.4% gain in Recall@1, prov-
ing that our dataset remains highly reliable and effective for
fine-grained video retrieval. Additional details are presented
in the suppl. material (Section E). Next, we introduce our
method that leverages the detailed modification text from the
Dense-WebVid-CoVR dataset for fine-grained CoVR.

4. Method

Problem Formulation: In the fine-grained CoVR task, the
objective is to retrieve a modified video from a large database
using two inputs: a reference video and a detailed textual
description that outlines the desired modification. Let V
represent the set of all videos, D represent the set of corre-
sponding dense descriptions, and T the space of detailed
textual modifications. Given a query video q ∈ V , its descrip-
tion d ∈ D and a corresponding detailed textual modification
t ∈ T , the goal is to identify the target video v∗ ∈ V that
best reflects the described changes. The retrieval system is

desired to leverage both visual and textual embeddings to
capture semantic changes, ensuring fine-grained, context-
sensitive video retrieval.

4.1. Overall Architecture
For the fine-grained CoVR task, it is desired to accurately
encode fine-grained subtle visual and temporal changes by
capturing the inter-dependencies between the query video
(q), dense detailed description (d), and the modification text
(t). Recent methods, such as [29] utilizes a pairwise fusion
scheme (see Fig. 4a) that processes each component pair
separately (e.g., f(q, t), f(d, t), and f(q, d)). We observe
such strategy to achieve sub-optimal results likely due to the
dilution of the rich modification text details in the final mul-
timodal embedding. To this end, we introduce an approach
having a simple yet effective fusion strategy to better align
the multimodal query and target videos. Our architecture
(see Fig. 3) comprises three components: vision encoder (g),
text encoder (e), and grounding text encoder (f ). The goal
is to retrieve a target video based on a query video (q), a de-
tailed description of the query (d), and a textual modification
(t) that describes the desired changes.
Vision Encoder: The Vision Encoder (g) utilizes ViT-L [9]
as its backbone and processes the visual input. Instead of
processing every frame, the middle frame of the input video
is selected to compute the visual embeddings for efficient
feature extraction, following [29, 30].
Text Encoder: The text encoder (e), pretrained from the
BLIP, processes the detailed textual description (d) that ac-
companies each video. The comprehensive description is
expected to comprise both spatial aspects and temporal ele-
ments to effectively summarize all actions within the video.
Consequently, the description embeddings capture all video-
level features to obtain a holistic representation of the input
video. To obtain alignment between visual and textual fea-
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“𝑓(𝑞, 𝑑, 𝑡)”

“	𝑞	”

“	𝑑	”
Similarity 
Search & 
Retrieval

The video shows a grey heron 
landing gracefully on a nest 
built on the branches of a 
tree against a clear blue sky. 
The heron approaches the 
nest from the left, adjusts its 
wings for a controlled 
descent, extends its long legs 
forward, and settles down 
amongst the twigs. ………

“	𝑡	”

Se
lf 

At
te

nt
io

n

Cr
os

s 
At

te
nt

io
n

FF
N

“Include the Grey 
Heron's interaction 
with other herons, 
highlighting the 
communal dynamics 
in the tree with bare 
branches.”

Multi-model Embeddings 
“{𝑔 𝑣1 , … 𝑔 𝑣ℬ }”…

“	ℒ𝑐𝑜𝑛𝑡𝑟	”

Vision
Encoder (𝑔)

ℒ𝑐𝑜𝑛𝑡𝑟 Contrastive Loss ,
Frozen params,        Trainable params, 
Target Database,       Addition

Grounding Text
Encoder (𝑓)

Text 
Encoder (𝑒)

α

(1 − α)

Figure 3. Our proposed fine-grained CoVR architecture comprising three main components: a vision encoder (g), a text encoder (e), and a
grounding text encoder (f ). The video query (q) and detailed textual description (d) are processed by vision encoder (g) and text encoder (e),
with a projection layer aligning their embeddings. Through a unified fusion strategy, the weighted combination of these embeddings is
grounded with the modification text (t) in the grounding text encoder (f ) using self-attention, cross-attention, and a feed-forward network
(FFN). The model is trained with contrastive loss (Lcontr), leveraging frozen (g, e) and trainable (f ) components to produce multi-modal
embeddings for effective video retrieval.

(“𝑑”)

(“𝑡”)

Grounding 
Encoder

Grounding 
Encoder

Grounding 
Encoder

“𝑓(𝑞, 𝑡)”

“𝑓(𝑑, 𝑡)”

“𝑓(𝑞, 𝑑)”

..
..

..

“𝑓(𝑞, 𝑑, 𝑡)”

(“𝑞”)

(“𝑑”)

(“𝑡”)

Grounding 
Encoder

..

“𝑓(𝑞, 𝑑, 𝑡)”

(a) Pairwise Fusion [28] (b) Unified Fusion (Ours)

(“𝑞”)

Figure 4. Comparison between the pairwise fusion strategy [29]
(left) and our unified fusion scheme (right) for integrating query
(q), description (d), and modification text (t) in CoVR.

tures, a projection layer is employed that aligns the text em-
beddings with the visual embeddings extracted by the vision
encoder (g). These aligned embeddings are then integrated
using a learnable parameter α, as in:

embs = (1− α)g(q) + αe(d) (1)

This enables the model to dynamically balance the impact
of visual and textual information (see Fig. 3) based on the
optimized α value derived from validation set.
Grounding Text Encoder: The grounding text encoder (f )
generates the final composed multimodal embedding. The
encoder f fuses the query video and description embeddings
with the detailed modification text (t) using a cross-attention
mechanism. Cross-attention layers align the visual features
from the video with the textual description, grounding the
modification in the correct context. The encoder f outputs a
fused embedding (f(q, d, t)) that encodes the query, descrip-
tion, and modification text in a single representation. This
enriched embedding is then compared against embeddings
of target videos in a large video database for retrieval.

As discussed above, our approach employs a unified fu-
sion scheme to simultaneously fuse q, d, and t by integrating
all three components within a single grounding encoder (see

0.2 0.4 0.6 0.8 1.0
Cosine Similarity between Multi-Modal Embedding & Target Video

0

1

2

3

4
No

 o
f V

id
eo

s

Pairwise Fusion [28]
Unified Fusion (Ours)

Figure 5. Comparison between the pairwise fusion [29] and our uni-
fied fusion in terms of cosine similarity score computed between
multimodal query embedding and target video. The results are
computed on Dense-WebVid-CoVR validation set. The pairwise
embeddings are generated separately, leading to less contextually
aligned representations as each pairwise combination is processed
separately. In contrast, our method fuses query (q) and description
(d) first followed by combination with modification text(t) within a
single grounding encoder. Our simple yet effective fusion scheme
enables richer and granular understanding of the relationships be-
tween visual and textual data achieving higher similarity between
multi-modal embeddings with target videos.

Fig. 4b). Compared to the pairwise fusion [29], our unified
fusion achieves better alignment between multi-modal query
and target videos (see Fig. 5). The overall model is trained
using a contrastive loss (Lcontr), encouraging the alignment
of fused embeddings (f(q, d, t)) with correct target video
embeddings (g(v)). The objective is defined as minimizing:

Lcontr = −
∑
i∈B

log

(
eSi,i/τ

λ · eSi,i/τ +
∑

j ̸=i e
Si,j/τwi,j

)

−
∑
i∈B

log

(
eSi,i/τ

λ · eSi,i/τ +
∑

j ̸=i e
Sj,i/τwj,i

)
(2)

Here, λ is assigned a value of 1, and the temperature τ is set
to 0.07, following [23]. The term Si,j represents the cosine
similarity between the joint composed multi-modal embed-
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Training Modification Recall@K
Model Dense-WebVid-CoVR Input Modalities Text Fusion Backbone Frames R@1 R@5 R@10 R@50

1 Random - - - - 0.04 0.21 0.32 1.46
2 CoVR-BLIP [30] ✘ Text - BLIP - 24.12 56.02 60.16 82.34
3 CoVR-BLIP [30] ✘ Visual - BLIP 15 22.52 53.08 58.34 81.26
4 CoVR-BLIP [30] ✘ Visual + Text Avg BLIP 15 38.44 64.96 71.72 87.12
5 Thawakar .et.al. [29] ✘ Visual + Text Avg BLIP 15 40.23 66.38 74.84 88.12
6 Our Approach ✘ Visual + Text Avg BLIP 15 42.41 68.54 77.07 91.24
7 CoVR-BLIP [30] ✘ Visual + Text CA BLIP 15 35.60 60.80 70.31 87.05
8 Thawakar .et.al. [29] ✘ Visual + Text CA BLIP 15 39.20 64.40 75.56 88.90
9 Our Approach ✘ Visual + Text CA BLIP 15 48.08 73.36 81.06 93.78

10 CoVR-BLIP [30] ✔ Text - BLIP - 38.92 66.36 74.08 90.92
11 Our Approach ✔ Text - BLIP 15 50.12 78.36 79.52 92.62
12 CoVR-BLIP [30] ✔ Visual - BLIP 15 36.26 64.32 72.18 90.46
13 CoVR-BLIP [30] ✔ Visual + Text CA BLIP 15 63.12 85.66 92.56 97.36
14 Thawakar .et.al. [29] ✔ Visual + Text CA BLIP 15 67.86 87.72 93.06 98.18
15 Our Approach ✔ Visual + Text CA BLIP 15 71.26 89.12 94.56 98.88

Table 2. Comparison of our approach with existing methods on the Dense-WebVid-CoVR test set. Our proposed approach consistently
outperforms existing methods in all settings and Recall@K metrics. Notably in the Visual + Text setting with Cross-Attention (CA), our
method improves Recall@1 to 71.26 and Recall@50 to 98.88. Best results are in bold.

ding f(q, d, t) and the corresponding target video g(v). The
weight wi,j is configured as in [23], using β = 0.5, and B
refers to batch size. Finally, a similarity search is performed
over video database using the fused multi-modal embed-
dings. Here, we compare the embedding (f(q, d, t)) with
embeddings of all target videos (g(v)). Videos with highest
similarity scores are retrieved as the most likely matches.

5. Experiment
Datasets: We conduct experiments on the proposed Dense-
WebVid-CoVR dataset. The training set comprises 131K
distinct videos paired with 467K unique change texts, hav-
ing video descriptions with average words length 81.32 with
each video associated with an average of 12.7 triplets, and the
change texts averaging 31.2 words in length. The dataset also
includes 7K validation triplets and 3.2K manually curated
test triplets, ensuring high-quality evaluation sets from the
WebVid10M corpus. In addition to Dense-WebVid-CoVR,
we conduct experiments on the recent EgoCVR [12] to fur-
ther evaluate our approach on Ego-Centric videos. EgoCVR
consists of 2,295 samples, with 78.9% focusing on temporal
events and 21.1% on object-centered modifications, focusing
on temporal video understanding.

We also conduct experiments on composed image
retrieval (CoIR) task using two standard benchmarks:
CIRR [22] and FashionIQ [33]. CIRR contains 36.5K manu-
ally annotated open-domain natural image pairs along with
their change text. The dataset is split into 28.2K, 16.7K pairs
for training, and 41.8K, 22.6K pairs for testing and valida-
tion, respectively. FashionIQ focuses on fashion products
in three categories such as Shirts, Dresses, and Tops/Tees
consisting of 30K images paired with 40.5K change texts.
The data distribution includes 18K, 45.5K pairs for training,
and 60.2K, 15.4K for testing and validation.
Evaluation Metrics: We follow standard protocols for both

composed video and image retrieval tasks (CoVR and CoIR),
as in prior works [12, 22, 30]. Retrieval performance is
measured using Recall@K (R@k), where k represents the
top-k ranked results. Recall at rank k signifies the percentage
of times the correct target is retrieved within the top-k results.
Specifically, we report the recall values at ranks 1, 5, 10, and
50 to comprehensively assess the model’s retrieval accuracy
across different scenarios.
Implementation Details: We utilize ViT-L [9] as the vision
encoder. The text encoder and the grounding text encoder
is from BLIP-2 [21], for fusing the modification-text with
multimodal features. The model is trained for 5 epochs with
a batch size of 1024 (256 per device) and an initial learning
rate of 1e− 5. The value of learnable parameter α derived
from validation set is 0.36. For transfer learning on CoIR,
we fine-tune on the FashionIQ dataset for 6 epochs using a
batch size of 2048/1024 and a learning rate of 1e − 4. All
experiments are run on four NVIDIA A100 40GB GPU’s.

5.1. Results on Composed Video Retrieval (CoVR)

Tab. 2 presents a comparison with existing methods on the
proposed Dense-WebVid-CoVR test set with dense modifi-
cation text under different settings. Our approach achieves
consistently improved performance in all settings and met-
rics. When using the training setting and both input modali-
ties (visual + text), the recent work of Thawakar .et.al. [29]
obtains Recall@1 and Recall@5 score of 67.9 and 87.7,re-
spectively. Our approach outperforms [29] with Recall@1
and Recall@5 score of 71.3 and 81.1, respectively. In case of
no training scenario and cross-attention (CA) based modifica-
tion text fusion, our approach achieves a larger performance
(+8.9% in Recall@1) over [29] likely due to the proposed
unified fusion being more effective at leveraging the detailed
descriptions. Additionally, Our approach shows impressive
performance of Recall@1 of 50.12 with text-based video re-
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Change the white 
tulips with green 
stems and a neutral 
backdrop to yellow 
tulips with red 
flames and a white

switch her car to a 
green sports 
motorcycle with its 
rear end facing the 
camera, specify 
that she is inspe…

Thawakar et.al [28] Our ApproachModification TextInput Query Video

replace the imagery 
of wilted and drying 
sunflowers and the 
theme of decay 
with vibrant, 
blooming sunflo….

Make them walk on 
a city sidewalk 
holding hands with 
the woman wearing 
a red, black, blue 
plaid shirt over … 

Focus on a close-up 
of a single 
sunflower with a 
bee collecting 
pollen, showing the 
spiral pattern of …

Thawakar et.al [28] Our ApproachModification TextInput Query Video

Move the horse 
from the lush green 
forest to a wooden 
stable where it 
displays signs of 
impatience or …

Figure 6. Qualitative comparison between the recent CoVR method [29] and our approach on example videos from the Dense-WebVid-CoVR
test set. The approach of [29] based on pairwise fusion misses fine-grained details from the modification text, leading to sub-optimal retrieval
performance. For instance in the first example video (row 1 on the left), it retrieves the video with yellow flower but misses the other details
of red flames and a white brick background in the modification text. Similarly, it misses the fine-grained details in the modification text such
as, specify that she is inspecting ... in the first example (left) on row 2. Our approach achieves superior retrieval performance by better
capturing the fine-grained details and context. Best viewed zoomed in. Additional results are presented in suppl. material.

Method Global Local

R@1 R@5 R@10 R@1 R@2 R@3

Random 0.01 0.05 0.1 25.3 38.2 50.7

CoVR-BLIP [30] 5.4 15.2 24.3 33.1 49.5 62.9
Thawakar et.al [29] 6.0 14.8 24.3 33.4 49.3 63.0
CIReVL [16] 2.0 6.8 10.2 21.6 35.1 46.0
TFR-CVR [12] 14.1 39.5 54.4 44.2 61.0 73.2
Our Approach 14.6 41.3 54.9 44.8 61.7 74.0

Table 3. Comparison of our method with existing approaches, in a
zero-shot setting, on the Ego-CVR test set. Our approach performs
favorably in terms of both global and local retrieval metrics (R@K)
compared to existing methods. Best results are in bold.

Video Descriptions (d) Modification Text (t) R@1 R@5 R@10

WebVid-CoVR WebVid-CoVR 60.4 84.5 91.4
WebVid-CoVR Dense-WebVid-CoVR 61.2 84.8 92.6
Dense-WebVid-CoVR WebVid-CoVR 63.8 87.5 92.4
Dense-WebVid-CoVR Dense-WebVid-CoVR 71.2 89.1 94.5

Table 4. Ablation study comparing the performance of our pro-
posed model trained with different Video Descriptions (d) and
Modification Text (t) combinations. We report Recall@K scores.

trieval. We further note that our approach is 3× times faster
than [29] due to the unified fusion approach that avoids rep-
etition (in contrast to pairwise fusion) and utilizes a single
grounding text encoder to construct multimodal embedding.

Fig. 6 presents a qualitative between [29] employing pair-
wise fusion and our approach based on unified fusion on
example videos from Dense-WebVid-CoVR test set. We ob-
serve that pairwise fusion-based method [29] that separately
process each input component misses fine-grained details
within the modification text, leading to sub-optimal retrieval
quality. Our approach integrating all input elements within
a single grounding encoder better captures the context and
fine-grained details within the modification text, leading to
superior retrieval performance.

We further conduct experiments on the Ego-CVR dataset
in a zero-shot setting. Tab. 3 shows the comparison on Ego-
CVR test set. Here, recent methods such as TFR-CVR [12]

uses the pre-trained TFR model that is trained on 10 mil-
lion corpus of WebVid data for text-to-video retrieval. Our
approach performs favorably in terms of global and local
retrieval performance, compared to existing works.
Ablation Study: We first perform a study to analyze the
impact of using dense modification text for CoVR. Tab. 6
(left) compares the results of using our dense modification
texts versus the WebVid-CoVR short modification texts. Our
approach consistently outperforms across all recall metrics
demonstrating the effectiveness of more detailed modifica-
tion texts in improving the retrieval accuracy. We further
examine the impact of dense descriptions during inference
and present the results in Tab. 6 (right). The model utilizing
dense descriptions achieves a notable performance gain with
a retrieval score of 71.26% Recall@1, compared to 66.08%
without dense descriptions.

Table 4 shows that using Dense-WebVid-CoVR modifica-
tion texts significantly improves retrieval accuracy, with Re-
call@1 increasing from 63.8 to 71.2 and Recall@5 from 87.5
to 89.1, compared to models trained with WebVid-CoVR
modifications. This highlights that shorter modification texts
often lead to incorrect target retrieval, causing models to
focus on distractor videos similar to the input but lacking
the intended changes. In contrast, richer modification texts
help models capture subtle transformations more effectively,
reinforcing the importance of detailed textual modifications
in enhancing multimodal learning and preventing reliance
on text-only retrieval.

We conduct a study to understand the impact of different
fusion strategies on input video (q) and its description (d)
Here, we compared three fusion techniques to fuse visual
embedding with description embedding: Addition, Cross-
Attention (CA), and the proposed unified (weighted-mean).
When using addition strategy in our framework, we achieve
Recall@1 of 69.72. The results improve to 70.13 when using
CA. The best results of Recall@1 of 71.26 are obtained when
using the proposed unified fusion strategy.

20441



Pretrain Recall@K Rsubset@K
Method Data K=1 K=10 K=50 K=1 K=3

Tr
ai

n
C

IR
R

TIRG [31] - 14.61 64.08 90.03 22.67 65.14
MAAF-RP [8] - 10.22 48.68 81.84 21.41 61.60
ARTEMIS [7] - 16.96 61.31 87.73 39.99 75.67
CIRPLANT [22] - 19.55 68.39 92.38 39.20 79.49
LF-BLIP [3] - 20.89 61.16 83.71 50.22 86.82
CompoDiff [11] ✓ 22.35 73.41 91.77 35.84 76.60
Combiner [3] - 33.59 77.35 95.21 62.39 92.02
CASE [19] ✓ 49.35 88.75 97.47 76.48 95.71
CoVR-BLIP [30] - 48.84 86.10 94.19 75.78 92.80
CoVR-BLIP [30] ✓ 49.69 86.77 94.31 75.01 93.16
Thawakar et.al [29] ✓ 51.03 88.93 97.53 76.51 95.76
Our Approach ✓ 56.30 91.84 98.20 79.16 96.42

Z
er

o
Sh

ot

Random† - 00.04 00.44 02.18 16.67 50.00
CompoDiff [11] ✓ 19.37 72.02 90.85 28.96 67.03
Pic2Word [26] ✓ 23.90 65.30 87.80 - -
CASE [19] ✓ 35.40 78.53 94.63 64.29 91.61
CoVR-BLIP [30] ✓ 38.48 77.25 91.47 69.28 91.11
Thawakar et.al [29] - 21.34 52.37 74.92 64.66 90.87
Our Approach - 32.16 63.34 78.92 68.62 91.06
Thawakar et.al [29] ✓ 40.12 78.86 94.69 70.47 92.12
Our Approach ✓ 44.08 81.72 95.88 74.12 93.18

Pretrain Dress Shirt Toptee
Method Data R@10 R@50 R@10 R@50 R@10 R@50

Tr
ai

n
Fa

sh
io

nI
Q

JVSM [5] - 10.70 25.90 12.00 27.10 13.00 26.90
CIRPLANT [22] - 17.45 40.41 17.53 38.81 61.64 45.38
TRACE [14] - 22.70 44.91 20.80 40.80 24.22 49.80
VAL w/GloVe [6] - 22.53 44.00 22.38 44.15 27.53 51.68
MAAF [8] - 23.80 48.60 21.30 44.20 27.90 53.60
CurlingNet [37] - 26.15 53.24 21.45 44.56 30.12 55.23
RTIC-GCN [27] - 29.15 54.04 23.79 47.25 31.61 57.98
CoSMo[18] - 25.64 50.30 24.90 49.18 29.21 57.46
ARTEMIS[7] - 27.16 52.40 21.78 43.64 29.20 53.83
DCNet[17] - 28.95 56.07 23.95 47.30 30.44 58.29
SAC [15] - 26.52 51.01 28.02 51.86 32.70 61.23
FashionVLP[10] - 32.42 60.29 31.89 58.44 38.51 68.79
LF-BLIP [3] - 25.31 44.05 25.39 43.57 26.54 44.48
CASE [19] ✓ 47.44 69.36 48.48 70.23 50.18 72.24
CoVR-BLIP [30] - 43.51 67.94 48.28 66.68 51.53 73.60
CoVR-BLIP [30] ✓ 44.55 69.03 48.43 67.42 52.60 74.31
Thawakar et.al [29] ✓ 46.12 69.52 49.61 68.88 53.79 74.74
Our Approach ✓ 48.12 71.48 51.38 70.38 55.08 75.96

Z
er

o
Sh

ot

Random - 00.26 01.31 00.16 00.79 00.19 00.95
Pic2Word [26] ✓ 20.00 40.20 26.20 43.60 27.90 47.40
CoVR-BLIP [30] ✓ 21.95 39.05 30.37 46.12 30.78 48.73
Thawakar et.al [29] - 15.24 34.12 18.36 32.54 19.56 37.54
Our Approach ✓ 21.08 38.26 22.18 36.72 25.06 44.28
Thawakar et.al [29] ✓ 24.57 40.93 33.12 48.42 33.16 50.24
Our Approach ✓ 26.12 42.88 35.32 49.92 35.44 51.66

Table 5. Left: Comparison of our approach with existing methods on the CIRR [22] test set. We present the results in both training and
zero-shot settings in terms of Recall@K and R@K. Our approach consistently outperforms existing methods, achieving Recall@K=1 score
of 44.08 and Recall@K=50 score of 95.88. Right: Comparison with existing methods on retrieval tasks for specific attributes such as
dress, shirt, and toptee on FashionIQ [33] validation set. Best results are in bold.

Modification-Text R@1 R@5 R@10 R@50

WebVid-CoVR 68.88 88.62 94.20 98.62
Dense-WebVid-CoVR 71.26 89.12 94.56 98.88

Our Model R@1 R@5 R@10 R@50

Without using dense descriptions in inference 66.08 88.32 93.82 98.36
With using dense descriptions in inference 71.26 89.12 94.56 98.88

Table 6. Left: Impact of using the modification text from the original WebVid-CoVR or from our Dense-WebVid-CoVR on the
model performance at inference. Our method achieves best performance when incorporating dense and detailed modification texts from
Dense-WebVid-CoVR dataset. Notably, our approach achieves an R@1 of 71.26, surpassing its performance of 68.88 with WebVid-CoVR.
Right: Impact of using dense video descriptions during inference. When utilizing dense descriptions, our method achieves superior
performance across all metrics, achieving an R@1 of 71.26, compared to 66.08% without using dense descriptions. Best results are in bold.

5.2. Results on Composed Image Retrieval (CoIR)

In addition to the CoVR task, we evaluate our approach
on composed image retrieval (CoIR) task using both train-
ing and zero-shot settings. We conduct experiments on
CIRR [22] test set and FashionIQ [33] validation set. The
results are presented in Tab. 5. On the left and when us-
ing the train CIRR setting, our method achieves Recall@1
score of 56.30, outperforming recent approaches like CoVR-
BLIP [30] and Thawakar et al. [29] by a significant margin.
In the zero-shot setting when the methods are not trained on
CIRR data, our approach performs favorably against existing
methods with a Recall@1 score of 44.08. These results sug-
gest the generalizability of our method in terms of handling
unseen data. We also analyze the performance on specific
attribute-based retrieval tasks, as presented in Tab. 5 (right).
Our method achieves consistent improvements across vari-
ous categories. Notably in the dress category, our method
obtains R@50 score of 49.92. On the toptee category, our
approach achieves R@50 score of 51.66, outperforming ex-
isting methods in the zero-Shot setting. These results suggest
that our method has the ability to handle attribute-specific
composed image retrieval with better precision and accuracy.

6. Conclusion

We investigate the problem of composed video retrieval
(CoVR) and propose a new dataset with detailed video de-
scriptions and dense modification texts, capturing subtle
visual and temporal changes. Our dataset, named Dense-
WebVid-CoVR, comprises 1.6 million samples with dense
modification text with an average length of 31.2 words. In ad-
dition, we propose an approach that encodes subtle changes
by simultaneously processing input video, description, and
dense modification text in a single grounding encoder. For
CoVR, we conduct experiments on two datasets: Dense-
WebVid-CoVR and Ego-CVR. Our approach achieves favor-
able results on both datasets. We further evaluate our ap-
proach for CoIR task on two datasets: CIRR and FashionIQ.
Our approach achieves state-of-the-art performance on both
datasets. A potential future direction is to explore CoVR
task in a multilingual setting, especially for low-resource
languages, to expand its real-world applicability to diverse
populations. Another potential research direction is to ex-
plore efficient techniques for processing very long videos
and their corresponding descriptions for the CoVR task.
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