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Abstract

Composed Image Retrieval (ColR) has recently gained pop-
ularity as a task that considers both text and image queries
together, to search for relevant images in a database. Most
ColR approaches require manually annotated datasets, com-
prising image-text-image triplets, where the text describes a
modification from the query image to the target image. How-
ever, manual curation of ColR triplets is expensive and pre-
vents scalability. In this work, we instead propose a scalable
automatic dataset creation methodology that generates triplets
given video-caption pairs, while also expanding the scope of
the task to include composed video retrieval (CoVR). To this
end, we mine paired videos with a similar caption from a large
database, and leverage a large language model to generate
the corresponding modification text. Applying this methodol-
ogy to the extensive WebVid2M collection, we automatically
construct our WebVid-CoVR dataset, resulting in 1.6 mil-
lion triplets. Moreover, we introduce a new benchmark for
CoVR with a manually annotated evaluation set, along with
baseline results. Our experiments further demonstrate that
training a CoVR model on our dataset effectively transfers
to ColR, leading to improved state-of-the-art performance in
the zero-shot setup on both the CIRR and FashionIQ bench-
marks. Our code, datasets, and models are publicly available
at https://imagine.enpc.fr/~ventural/covr.

1 Introduction

Consider the scenario where a traveller takes a picture of a
landmark or scenic spot and wants to discover videos that
capture the essence of that location, by specifying certain
conditions via text. For example, the query image in Figure 1
(of a fountain in Barcelona), along with the text “during
show” should bring the video showcasing the fountain show.
Further refining the text query such as “during show at night”,
would allow the traveller to decide whether to wait for the
show until the night time. In this work, our goal is composed
video retrieval (CoVR), where the user performs such multi-
modal search, by querying an image of a particular visual
concept and a modification text, to find videos that exhibit the
similar visual characteristics with the desired modification,
in a dynamic context.

CoVR has many use cases, including but not limited to
searching online videos for finding reviews of a specific
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“at night” “with fireworks”

Figure 1: Task: Composed Video Retrieval (CoVR) seeks
to retrieve videos from a database by searching with both a
query image and a query text. The text typically specifies the
desired modification to the query image. In this example, a
traveller might wonder how the photographed place looks like
during a fountain show, by describing several modifications,
such as “during show at night, with fireworks”.

product, how-to videos of a tool for specific usages, live
events in specific locations, sports matches of specific players.
Similar to composed image retrieval (ColR), CoVR is also
particularly useful when conveying a concept with a visual
is easier and/or more accurate than only using words (e.g.,
unknown location/object, a specific camera view, a specific
color).

Given the increased momentum in vision and language
research in the recent years (Li et al. 2022b; Radford et al.
2021), ColR has emerged as a new task (Vo et al. 2019),
and since then witnessed improvements of both models and
benchmarks (Baldrati et al. 2023, 2022; Gu et al. 2023; Levy
et al. 2024; Liu et al. 2021; Wu et al. 2021). However, to the
best of our knowledge, CoVR was not studied before. A key
challenge in building CoVR models is the difficulty of gather-
ing suitable training data of video-text-video triplets. We over-
come this limitation by developing an automatic approach
to generate triplets from existing video-caption collections.
Specifically, we mine video pairs whose corresponding cap-
tions slightly differ in text space. We automatically describe
this difference with a language model, which we train for a
modification-text generation task. In particular, we use man-
ually annotated triplets, each containing: (a) source caption,
(b) target caption, (c) the modification text. We then finetune
a large language model (LLM) (Touvron et al. 2023) by in-
putting (a-b), and outputting (c). We assume the resulting
modification to describe the difference between the corre-
sponding videos, thus obtaining video-text-video triplets (see
Figure 2 for an overview). When training our CoVR/CoIR
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Figure 2: Method overview: We automatically mine simi-
lar caption pairs from a large video-caption database from
the Web, and use our modification text generation language
model (MTG-LLM) to describe the difference between the
two captions. MTG-LLM is trained on a dataset of 715 triplet
text annotations (Brooks, Holynski, and Efros 2023). The
resulting triplet with the two corresponding videos (query ¢
and target video v) and the modification text (¢) is therefore
obtained fully automatically, allowing a scalable CoVR train-
ing data generation.

models, we can flexibly select one or more frames from the
videos, enabling multiple settings (i.e., retrieving images or
videos).

We apply our triplet generation approach to the WebVid2M
dataset (Bain et al. 2021) which contains 2.5M Web-scraped
video-caption pairs. This results in the WebVid-CoVR train-
ing dataset with 1.6M CoVR triplets. By virtue of its au-
tomatic generation procedure, WebVid-CoVR is inherently
noisy. To efficiently train on such large-scale and noisy data,
we use a contrastive loss (van den Oord, Li, and Vinyals
2018), adopting the HN-NCE variant from (Radenovic et al.
2023) to upsample the significance of hard negatives. We
design a CoVR model based on the cross-modal BLIP (Li
et al. 2022b) and use query scoring (Bain et al. 2022) to
exploit information from multiple video frames. Training
this model on WebVid-CoVR shows strong transferability
to the ColR task, in both zero-shot and finetuning settings,
achieving state-of-the-art results on the standard CIRR (Liu
et al. 2021) and FashionIQ (Wu et al. 2021) benchmarks in
the zero-shot setup. Finally, to foster research in CoVR, we
repeat our generation procedure on a distinct subset of the
WebVid10M dataset (Bain et al. 2021) and manually select
correctly generated samples to constitute WebVid-CoVR-
Test, a test set of 2,435 CoVR triplets. We find that our model
achieves promising results on WebVid-CoVR-Test compared
to standard baselines.

To summarize, our contributions are: (i) We propose a scal-
able approach to automatically generate composed visual re-
trieval training data. We apply this pipeline to the WebVid2M
dataset and generate the WebVid-CoVR training dataset with
1.6M CoVR triplets. (ii) We show that training a CoVR
model on WebVid-CoVR transfers well to the ColR task,
and achieves state-of-the-art results on the CIRR and Fash-
ionlQ benchmarks in the zero-shot setup. (iii) We evaluate
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our model on WebVid-CoVR-Test, a new CoVR benchmark
that we manually annotate. Our code, datasets, and models
are available at https://imagine.enpc.fr/~ventural/covr. Ap-
pendix is included in the arXiv version (Ventura et al. 2023).

2 Related Work

Composed image retrieval (CoIR). ColR (Vo et al. 2019)
has been an active area of research in recent years (Guo et al.
2018; Vo et al. 2019; Wu et al. 2021; Baldrati et al. 2022;
Liu et al. 2021; Delmas et al. 2022; Kim et al. 2021; Baldrati
et al. 2023; Saito et al. 2023; Gu et al. 2023). Most methods
designed for this problem use manually annotated image-text-
image triplets for training (Wu et al. 2021; Liu et al. 2021;
Baldrati et al. 2022; Delmas et al. 2022). Very recent works,
such as Pic2Word (Saito et al. 2023) and SEARLE (Baldrati
et al. 2023), explore zero-shot ColR setups where no manu-
ally annotated ColR triplet is used. These approaches build
on CLIP (Radford et al. 2021) and train a mapping network
using image-only data for text inversion so that they can be
flexibly composed with text descriptions. Our approach is
similar in that it avoids collecting manual triplets; however,
we instead perform supervised training on automatically gen-
erated image-text-video triplets given only video-text pairs.
We also differ from above works by focusing on the com-
posed video retrieval (CoVR) task, as opposed to ColR.
Datasets for composed image retrieval. CIRR (Liu et al.
2021) and Fashion-IQ (Wu et al. 2021) are the two most
widely used ColR benchmarks. Both are manually annotated,
hence small scale (about 30k triplets, see Table 1) due to
the high cost implied in collecting ColR triplets. To scale
up, two concurrent works proposed larger, automatically gen-
erated ColR datasets: LaSCo (Levy et al. 2024) and Syn-
thTriplets18M (Gu et al. 2023). However, these two datasets
are currently not publicly available. The LaSCo dataset (Levy
et al. 2024) is generated using the visual question answering
annotations and the pairing between images and counterfac-
tual images in the VQAv2 dataset (Antol et al. 2015). In
detail, this dataset provides for each (image, question, an-
swer) triplet a counterfactual triplet with the same question
and different image and answer. In contrast, we do not rely on
such expensive annotation schemes. SynthTriplets18M (Gu
et al. 2023) uses the text-conditioned image editing frame-
work InstructPix2Pix (Brooks, Holynski, and Efros 2023)
to automatically generate ColR data. Their edit text gener-
ation process is similar to ours, but our generation process
differs in that we automatically mine similar videos from a
dataset of video-text pairs to construct CoVR triplets instead
of generating visual data. In experiments, we show the su-
periority of our triplet construction procedure as we achieve
much higher ColR results (e.g., 38% vs 19% zero-shot R@1
on CIRR while generating fewer data). Lastly, our WebVid-
CoVR dataset is not limited to still images and considers
videos, while standing out as the largest composed retrieval
dataset in the natural domain, as depicted in Table 1.
Vision-language pretraining. Many strong multi-modal
models have been pretrained on large datasets of image-
caption pairs (Alayrac et al. 2022; Chen et al. 2020; Li et al.
2021, 2023, 2020b; Radford et al. 2021; Jia et al. 2021;
Su et al. 2019; Schuhmann et al. 2022) or video-caption
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Dataset Type #Triplets  #Visuals #Unique Avg.text Domain
words length
CIRR (Liu et al. 2021) O] 36,554 21,185 7,129 59.51 Natural
FashionIQ (Wu et al. 2021) O] 30,132 7,988 4,425 27.13  Fashion
CIRCO-Test (Baldrati 2023) Q 800 - 870 50.94  Natural
LaSCo (Levy et al. 2024) (0] 389,305 121,479 13,488 30.70  Natural
SynthTriplets18M (Gu et al. 2023) O] 18,000,000 - - - Synthetic
WebVid-CoVR ] 1,648,789 130,775 19,163 23.36  Natural
WebVid-CoVR-Test [ 2,556 2,444 1,935 21.97 Natural

Table 1: Existing datasets: We compare our proposed WebVid-CoVR training dataset and its manually annotated test set
WebVid-CoVR-Test with existing composed visual retrieval datasets. £ denotes image, B4 denotes video datasets. We contribute
the largest training dataset for the natural domain. Note that, while SynthTriplets18M is larger, the transfer performance to real
images is ineffective potentially due to a domain gap (see Table 3).

pairs (Akbari et al. 2021; Li et al. 2022a, 2020a; Miech et al.
2019, 2020; Xu et al. 2021; Sun et al. 2022; Xue et al. 2022a;
Zhao et al. 2023). In contrast, we generate CoVR training
data from video-caption pairs instead of directly training on
them. Our data generation approach is also related to other
generation approaches used for other tasks, e.g., action recog-
nition (Nagrani et al. 2020), visual question answering (Yang
et al. 2021), and visual dialog (Liu et al. 2023). However, un-
like all these tasks, the CoVR task requires retrieving visual
data.

Video retrieval. Text-to-video retrieval has received great
attention over the last few years (Fang et al. 2021; Gao et al.
2021; Ge et al. 2022; Liu et al. 2022; Luo et al. 2021; Ma
et al. 2022; Rasheed et al. 2023; Xue et al. 2022b; Yang,
Bisk, and Gao 2021; Yao et al. 2022; Xu et al. 2021). We
also make use of multiple video frames with query scoring
similar to (Bain et al. 2022). However, different from these
methods, we focus on composed video retrieval, where the
query consists of both text and visual data.

3 Automatic Triplet Generation and Training

The goal of our composed video retrieval (CoVR) task is,
given an input image ¢ and a modification text ¢, to retrieve a
modified video v in a large database of videos'. Our goal is
to avoid the manual annotation of (g, ¢, v) triplets for training.
Hence we automatically generate such triplets from Web-
scraped video-caption pairs, as explained in Section 3.1 and
illustrated in Figure 2. The resulting WebVid-CoVR dataset,
together with its manually curated evaluation set, is presented
in Section 3.2. Finally, we present how we train a CoVR
model using WebVid-CoVR in Section 3.3.

3.1 Generating Composed Video Retrieval Triplets

Given a large (Web-scraped) dataset of video-caption pairs,
we wish to automatically generate video-text-video CoVR
triplets (g, t, v) where the text ¢ describes a modification to
the visual query g. However, the dataset of video-caption

'Note that ¢ could also be a video query, but in our main experi-
ments we focus on an image query, and provide more results in the
supplementary material (Section C.2) with video queries.
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pairs neither contains annotations of paired videos, nor modi-
fication text that describes their difference. Hence we propose
a methodology to automatically mine paired videos and de-
scribe their difference, as described below. Note that for illus-
tration, we take as an example the WebVid2M dataset (Bain
et al. 2021) with 2.5M video-caption pairs, but this method-
ology could potentially be applied to other large datasets of
video-text (or image-text) pairs.

Mining paired videos by pairing captions. In order to ob-
tain video pairs that exhibit visual similarity while differing
in certain aspects, we leverage their associated captions. The
core idea is that videos with similar captions are likely to have
similar visual content. Specifically, we consider captions that
differ by a single word, excluding punctuation marks. For
instance, the caption “Young woman smiling” is paired with
“Old woman smiling” and “Young couple smiling”. In the 2M
distinct captions from WebVid2M, this process allows us
to identify a vast pool of 1.2M distinct caption pairs with
177k distinct captions, resulting in 3.1M paired videos. In the
following, we describe further steps to filter the data into a
smaller set.

Filtering caption pairs. We wish to automatically gener-
ate the modification text between paired videos using their
(paired) captions. However, caption pairs with the same mean-
ing are likely to result in meaningless differences. On the
contrary, caption pairs that differ too much are likely to result
in large visual differences that cannot be easily described. To
address these issues, we filter out caption pairs that are too
similar and too dissimilar. Specifically, we exclude caption
pairs with CLIP text embedding similarity > 0.96 (e.g., “Fit
and happy young couple playing in the park” and “Fit and
happy young couple play in the park’) and caption pairs
with CLIP text embedding similarity < 0.6 (e.g., “Zebra on
a white background” and “Coins on a white background”).
We also exclude pairs where the captions differ by a digit
(which mostly consist of a date in practice), a word not part
of the English dictionary, or by a rare word. Rare words are
detected based on the zipfzipf frequency (Speer 2022). Fi-
nally, we remove templated captions such as “abstract of ”,
“concept of ’, and “flag of” which are over-represented in
WebVid2M. At the end of this filtering stage, we have 370k
distinct caption pairs with 92k distinct captions, resulting in
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1.2M paired videos that we will use to generate the modifi-
cation text. Note that we can use these paired videos in both
directions to generate triplets, as the source and target videos
can be swapped.

Generating a modification text from paired captions. In or-
der to generate a modification text between paired videos, we
develop and apply a “modification text generation large lan-
guage model” (MTG-LLM) to their corresponding paired cap-
tions. We describe the MTG-LLM inference process below
and then explain its training details. The MTG-LLM takes
as input two paired captions and generates a modification
text that describes the difference between the two captions
(see Figure 2). In detail, the generation is auto-regressive, i.e.,
we recursively sample from the token likelihood distribution
conditioned on the previously generated tokens until an end-
of-sentence token is reached. Examples of the input-output,
and details about the prompt format, which involves concate-
nating the two captions with a delimiter, can be found in
Section B.4 of the Appendix in (Ventura et al. 2023). We use
top-k sampling (Fan, Lewis, and Dauphin 2018) for generat-
ing the tokens instead of maximum-likelihood methods such
as beam search. Note that we only generate a single mod-
ification text per caption pair for computational efficiency,
but the MTG-LLM could be used to generate multiple mod-
ification texts per caption pair which could serve as a data
augmentation in future work.

We now describe the training details of the MTG-LLM.
We start from a LLM pretrained with a next token prediction
objective on a Web-scale text dataset, namely LLaMA (Tou-
vron et al. 2023). We then finetune this LLM for the MTG
task on a manually annotated text dataset. In particular, we
repurpose the editing dataset from InstructPix2Pix (Brooks,
Holynski, and Efros 2023), which provides a modification
text and a target caption for 700 input captions. We augment
this dataset with 15 annotations that cover additional cases.
More details about the additional examples can be found in
Section B.4 of the Appendix in (Ventura et al. 2023).
Filtering video pairs. We wish to avoid some modification
texts being over-represented in the dataset as it could harm
training. Hence, if there are more than 10 video pairs associ-
ated with the same pair of captions (therefore leading to the
same modification text), we only select top 10 video pairs. As
the CoVR task typically involves similar query-target video
pairs, we choose pairs of videos with the highest visual simi-
larity, as measured by the CLIP visual embedding similarity
computed at the middle frame of the videos.

3.2 Our Resulting WebVid-CoVR Dataset

In the following, we describe the training and test partitions
of our CoVR data. While our training set is automatically
generated, our test set is manually verified.

WebVid-CoVR: a large-scale CoVR training dataset. By
applying the previously described pipeline to the WebVid2M
dataset (Bain et al. 2021), we generate WebVid-CoVR, a
dataset containing 1.6M CoVR triplets, which is significantly
larger than prior datasets (see Table 1). On average, a video
lasts 16.8 seconds, a modification text contains 4.8 words,
and one target video is associated with 12.7 triplets. We
study the effect of the modification text length in Section C.6
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Tilt shot of segesta
greek temple in sicily. italy
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greek temple in sicily. italy

Two little boys are running
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Figure 3: Examples of generated CoVR triplets in WebVid-
CoVR: The middle frame of each video is shown with its
corresponding caption, with the distinct word highlighted
in bold. Additionally, the generated modification text is dis-
played on top of each pair of videos. The bottom example
illustrates a noisy generated modification text, as ‘beautiful’
is subjective and both target and query videos can be consid-
ered as beautiful fields.

of the Appendix in (Ventura et al. 2023). WebVid-CoVR
is highly diverse with 131k distinct videos and 467k dis-
tinct modification texts. Examples of CoVR triplets from the
WebVid-CoVR dataset are illustrated in Figure 3. These ex-
amples (along with additional ones included in Section D.3 of
the Appendix) demonstrate the diversity present in WebVid-
CoVR, highlighting a wide range of content and variations in
the modification texts. However, it is important to acknowl-
edge that some noise naturally exists in the dataset, as shown
in the bottom example of Figure 3, where the text does not
describe the difference between the two videos due to both
videos describing beautiful fields. We provide further anal-
ysis such as removal of inappropriate content, and dataset
statistics of WebVid-CoVR in Section A of the Appendix.

WebVid-CoVR-Test: a new CoVR evaluation benchmark.
Due to the noise in WebVid-CoVR, we manually annotate
a small test set, dubbed WebVid-CoVR-Test, for evaluation.
For this, we first repeat the data generation procedure de-
scribed in Section 3.1, but on a different corpus of video-
caption pairs. Specifically, we consider video-caption pairs
from the WebVid10M corpus (Bain et al. 2021) that are not
included in the WebVid2M dataset, resulting in a pool of 8
million video-caption pairs. This ensures that other models
using WebVid2M for pretraining have not been exposed to
any of the test examples. In the video pairs filtering stage, for
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each pair of captions, we here only keep one pair of videos
(the one with the highest visual similarity). This results in
163k candidate triplets that could be used for testing purposes.
We randomly sample 7k triplets that we use for validation
and randomly sample 3.2k other triplets that we manually
annotate as described below.

We augment the 3.2k triplets by generating two additional
modification texts with the MTG-LLM. The annotator reads
the three generated modification texts, looks at three frames
from the query and target videos, and either keeps the best
modification text if at least one is valid or discards the sample.
Through this meticulous annotation process, we ensure that
the test set comprises high-quality and meaningful CoVR
triplets. This results in a test set of 2.5k triplets, i.e., about
22% of the examples are considered as noisy and are dis-
carded.

3.3 Training on WebVid-CoVR

Here, we describe our CoVR model architecture and how we
train it on our WebVid-CoVR dataset.
CoVR-BLIP model architecture. Our model architecture
builds on a pretrained image-text model, BLIP (Li et al.
2022b). BLIP is pretrained on a large dataset of image-
caption pairs with three vision-language objectives: image-
text contrastive learning, image-text matching, and image-
conditioned language modeling. However, BLIP is not trained
for composed visual retrieval with both visual and text inputs.
Therefore we adapt BLIP to the CoIR/CoVR task as follows.
We use the BLIP image encoder to encode the image query
q (which corresponds to the middle frame of the video in
case of WebVid-CoVR). The resulting visual features and the
modification text (¢) are then forwarded to the BLIP image-
grounded text encoder together, which outputs a multi-modal
embedding f(g,t) € R? where d is the embedding dimen-
sion. To retrieve a target video vy, from a database of videos
V', we compute embedding vectors for all gallery videos
as follows. We uniformly sample N frames from the video
and compute a weighted mean of the BLIP image embed-
dings to obtain the video embedding vector h(v;) € R%.
The weights are obtained by computing the similarity be-
tween the corresponding frame and the modification text
using the pretrained BLIP image and text encoders, respec-
tively (similar to (Bain et al. 2022) in the context of text-
to-video retrieval). Using pretrained and frozen BLIP em-
beddings allows us to precompute and store all the weights.
Finally, given a multi-modal embedding f(q, t), the retrieved
video is the one that maximizes the embedding similarity, i.e.,
arg max,, cv (h(vg) - f(q,t)7).
Training. In order to train on WebVid-CoVR, we use a con-
trastive learning approach (van den Oord, Li, and Vinyals
2018; Radenovic et al. 2023), as it has been shown to be
effective to learn strong multi-modal representations from
large-scale noisy data (Radford et al. 2021). We make the
following design choices. First, we create a training batch by
sampling distinct target videos; and for each target video, we
randomly sample an associated image-text query pair. Iterat-
ing over videos ensures that the same target video appears
only once in a batch and maximizes the number of differ-
ent target videos that can be used as negatives in contrastive
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learning. We show the benefit of this approach in Section 4.4
(Table 6). Second, we employ HN-NCE (Radenovic et al.
2023) which increases the weight of most similar samples
and uses as negatives all target videos v;ep in the batch B.
Formally, given a training batch B of triplets (g;, t;,v;), we
minimize the following loss:

<a . esi,i/T
<a.esi,i/7' )

where « is set to 1, temperature 7 is set to 0.07, S; ; is
the cosine similarity between the multi-modal embedding
fi and the target video embedding ?;, and w; ; is set as in
(Radenovic et al. 2023) with 5 = 0.5.
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4 Experiments

We first describe the experimental protocol including the
datasets, evaluation metrics, and implementation details (Sec-
tion 4.1). We then present the results of CoVR on our new
video benchmark (Section 4.2), as well as transfer results of
ColR on standard image benchmarks (Section 4.3). Finally,
we provide ablations on our key components (Section 4.4).

4.1 Experimental Setup

Datasets. WebVid-CoVR is our proposed training CoVR
dataset, and WebVid-CoVR-Test is our new CoVR bench-
mark, both presented in Section 3.2.

CIRR (Liu et al. 2021) is a manually annotated ColR
dataset that contains open-domain natural images from
NLVR?2 (Suhr et al. 2019), comprising 36.5k queries anno-
tated on 19k images. CIRR includes two evaluation protocols:
a standard one with the entire validation set as the search
gallery, and a fine-grained subset, where the search space is a
subgroup of six images similar to the query image (based on
pretrained ResNet15 feature distance). The dataset is divided
into training, validation, and testing splits with 28225/16742,
4181/2265 and 4148/2178 queries/images, respectively.

FashionlQ (Wu et al. 2021) is another ColR dataset that
contains images of fashion products, divided into three cat-
egories of Shirts, Dresses, and Tops/Tees. The query and
target images were automatically paired based on title simi-
larities (crawled from the web), and modification texts were
then manually annotated. This dataset consists of 30k queries
annotated on 40.5k different images. It is divided into train-
ing and validation splits with 18000/45429 and 6016/15415
queries/images, respectively.

Evaluation metrics. Following standard evaluation proto-
cols (Liu et al. 2021), we report the video retrieval recall
atrank 1, 5, 10, and 50. Recall at rank k (R@k) quantifies
the number of times the correct video is among the top k
results. MeanR denotes the average of R@1, R@5, R@10,
and R@50. Higher recall means better performance.

Implementation details. For our MTG-LLM, we use
LLaMA 7B model (Touvron et al. 2023) that we finetune
for one epoch with an initial learning rate of 3e—5. For our
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Input WebVid-CoVR-Test
modalities Fusion Backbone #frames | R@1 R@5 R@10 R@50
Random - - - - \ 0.08 0.23 0.35 1.76
Text - BLIP - 19.68 37.09 4585 65.14
Not finetuned on  Visual - BLIP 15 3490 59.23 68.04 8595
WebVid-CoVR  Visual + Text  Avg CLIP 15 4437 69.13 77.62 93.00
Visual + Text  Avg BLIP 15 4546 7046 79.54 9327
Text - BLIP - 23.67 4589 55.13 77.03
Visual - BLIP 15 38.890 6498 74.02 92.06
Finetuned on Visual + Text MLP CLIP 1 50.55 77.11 85.05 96.60
WebVid-CoVR  Visual + Text MLP BLIP 1 50.63 74.80 83.37 95.54
Visual + Text CA BLIP 1 51.80 7829 85.84 97.07
Visual + Text CA BLIP 15 53.13 79.93 86.85 97.69

Table 2: Benchmarking on the WebVid-CoVR-Test set: We observe that using both the visual and text input modalities performs
better than individual modalities alone, both with/without finetuning on WebVid-CoVR (shown at the top/bottom of the table,
respectively). When using pretraining models without finetuning, we apply average fusion (Avg) for the embeddings. BLIP
performs slightly better than CLIP on this benchmark. Finetuning on WebVid-CoVR brings significant benefits. In this case,
fusing with the pretrained cross-attention (CA) from BLIP is more effective than training a randomly-initialized MLP fusion as
done in (Baldrati et al. 2022). Moreover, using multiple frames to embed the target video brings further improvements over using
the middle frame. The first row represents the random performance.

CoVR model, we use the BLIP with ViT-L (Dosovitskiy
et al. 2021) at 384 pixels finetuned for text-image retrieval
on COCO and freeze the ViT for computational efficiency.
We train our CoVR model on WebVid-CoVR for 4 epochs
with a batch size of 2048 and an initial learning rate of le—5.
To finetune on CIRR/FashionlQ, we train for 6 epochs with a
batch size of 2048/1024 and an initial learning rate of le—4.
We set hyperparameters based on the validation curve of
WebVid-CoVR. Experiments are conducted on 4 NVIDIA
A100-SXM4-80GB GPUs. More details are included in Sec-
tion B of the Appendix.

4.2 Composed Video Retrieval Results

We provide a number of baselines for our new benchmark on
WebVid-CoVR-Test. Table 2 summarizes these CoVR results.
We first report the random chance performance in the first
row. The rest of the table is split into two. The top block uses
existing pretrained text and image encoders from BLIP (Li
et al. 2022b) or CLIP (Radford et al. 2021) backbones without
any finetuning. Models in the bottom block are finetuned on
WebVid-CoVR. We report results with the composed query,
as well as with the individual modalities. For combining
modalities, we experiment with the simple average fusion
baseline (Avg) when using frozen embeddings, and fusion
with a randomly-initialized MLP or BLIP-pretrained cross-
attention (CA) layers when finetuning. Note that the MLP
fusion baseline is similar to Combiner (Baldrati et al. 2022)
that concatenates the image and text embeddings from CLIP
(or BLIP in CASE (Levy et al. 2024)), and is referred to as
late fusion by CASE. For finetuning individual modalities,
we train and test either with text-only query using the modifi-
cation text, or with the visual-only image query. Finally, we
experiment with using only the middle frame embedding or
the weighted average of target video frame embeddings as
explained in Section 3.3 (with the exception that visual-only
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experiments use equal weights due to not having access to
the modification text for computing the scores).

We make several conclusions. (i) Combining both visual
and text modalities yields better performance than the models
with individual modalities. This result highlights that our new
CoVR benchmark requires paying attention to both modal-
ities. (ii) Visual-only outperforms text-only suggesting that
the video pairs automatically mined through their caption
similarity indeed exhibits visual similarity, and that the im-
age captures the target video better than the modification
text. (iii) Finetuning on WebVid-CoVR obtains substantial
improvements over using pretrained and frozen embeddings.
(iv) When finetuning, fusion with BLIP cross-attention (CA)
performs better than the MLP fusion. (v) Results with the
BLIP backbone are marginally higher than those with CLIP.
(vi) Using N = 15 target video frames further boosts the
performance over using only the middle frame. We further
analyse the effect of the number of frames in Section C.7 of
the Appendix in (Ventura et al. 2023).

4.3 Transfer Learning to CoIR

While our focus is video retrieval, we also experiment with
transferring our CoVR models to image retrieval tasks on
standard ColR benchmarks. We define zero-shot ColR as
not using any manually annotated ColR triplet for train-
ing. We perform zero-shot ColR by directly applying our
model trained on our automatically generated WebVid-CoVR
dataset to ColR tasks and also explore finetuning our model
on the training set of the downstream benchmark.

Table 3 report results on CIRR and Fashion-IQ datasets.
These results show that our model highly benefits from train-
ing on WebVid-CoVR, especially in the zero-shot setting, on
both datasets. In addition, our model achieves state-of-the-art
zero-shot performance on both CIRR and FashionlQ, and
performs competitively in the finetuning setting.
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3 Pretraining CIRR FashionIQ
§ Method Data R@1 R@5 R@I10 R@50 || R@10 R@50
TIRG+LastConv (Vo *19) { - 11.04 35.68 51.27 83.29 - -
TIRG (Vo ’19)t - 14.61 48.37 64.08 90.03 - -
JVSM (Chen 20) - - - - - 1190 26.60
TRACE w/BER (Jandial ‘20) - - - - - 22.57  46.19
VAL w/GloVe (Chen ‘20) - - - - - 24.15  46.61
CurlingNet (Yu 20)1 - - - - - 2590 51.01
RTIC-GCN (Shin 21)% - - - - - 28.18  53.09
CoSMo (Lee 21) - - - - - 26.58 52.31
DCNet (Kim “21) . - . . . 2778 53.89
MAATF (Doods 20)t - 10.31 33.03 48.30 80.06 2430 48.80
MAAF-BERT (Doods ‘20)f - 10.12 33.10 48.01 80.57 - -
MAAF-IT (Doods 20)t - 990 32.86 48.83 80.27 - -
~§ MAAF-RP (Doods 20)t - 10.22 33.32 48.68 81.84 - -
g CIRPLANT (Liu 21)f - 19.55 52,55 68.39 9238 18.87 41.53
SAC w/BERT (Jandial ‘22) - - - - - 29.08 54.70
FashionVLP (Goenka ‘22) - - - - - 3427 62.51
ARTEMIS (Delmas ‘22) - 16.96 46.10 61.31 87.73 26.05 50.29
LF-CLIP (Baldrati ‘22) - - - - - 35.39  59.03
LE-BLIP (Levy 2023) - 20.89 48.07 61.16 83.71 2575 4398
Combiner (Baldrati ‘22) - 3359 6535 77.35 95.21 - -
CompoDiff (Gu ‘23) ST18M 22.35 5436 7341 91.77 4098 62.23
CASE (Levy ‘23) - 48.00 79.11 87.25 97.57 - -
CASE (Levy 23) LaSCo 48.68 79.98 88.51 9749 || 48.79 70.68
CASE (Levy ‘23) LaSCo+COCO | 49.35 80.02 88.75 97.47 - -
CoVR-BLIP - 48.84 78.05 86.10 94.19 || 49.02 70.24
CoVR-BLIP (Ours) WebVid-CoVR | 49.69 78.60 86.77 94.31 4940 70.98
Randomt - 0.04 0.22 0.44 2.18 0.06 0.32
_  CompoDiff (Gu ‘23) ST18M 19.37 53.81 72.02 90.85
S Pic2Word (Saito ‘23) CC3M 2390 51.70 6530 87.80 2470  43.70
g CASE (Levy 23) LaSCo 30.89 60.75 73.88 92.84 - -
[03 CASE (Levy ‘23) LaSCo+COCO | 3540 65.78 78.53 94.63 - -
CoVR-BLIP - 19.76 41.23 50.89 71.64 16.00 32.77
CoVR-BLIP (Ours) WebVid-CoVR | 38.48 66.70 77.25 9147 27.70 44.63

Table 3: State-of-the-art comparison on the CIRR test set and FashionlQ validation set: Our model benefits from training on
WebVid-CoVR in the zero-shot setting, and in the finetuning setting where it performs competitively. T denotes results reported
by (Liu et al. 2021). For methods that pretrain specifically for composed retrieval, we indicate their pretraining data. CC3M
denotes Conceptual Captions 3M (Sharma et al. 2018), ST18M denotes (Gu et al. 2023), and COCO denotes (Lin et al. 2014).

4.4 Ablation Studies

‘We now ablate the importance of several key aspects of our
method by training only on WebVid-CoVR.

Importance of data scale. In Table 4, we evaluate the effect
of the number of video-caption pairs used as a seed for our
triplet generation pipeline. We construct subsets of videos
such that larger ones include smaller ones, and only keep
triplets that contain the sampled videos for training. We find
that results steadily increase when using more videos, demon-
strating that our method largely benefits from scaling the size
of the seed dataset of video-captions. We also observe the im-
portance of the filtering techniques described in Section 3.1,
as the model trained on unfiltered data underperforms.
Modification text generation. We use a large language
model finetuned for modification text generation (MTG-
LLM) as explained in Section 3.1. We here compare this
solution to a simple rule-based baseline that uses several tem-
plates to generate the modification text given the two captions

Initial  Generated W-C-T CIRR FashionlQ
#videos #triplets  Fil. | MeanR | MeanR MeanR
0 - - | 3680 | 4588 | 24.39
200k 11k v | 62.20 65.25 37.04
500k 66k v | 76.12 68.09 36.98
IM 269k v | 77.89 68.20 36.47
2.5M 1.6M v | 7940 68.48 36.17
2.5M 3.6M X | 7892 | 6741 | 3231

Table 4: Data size: We measure the importance of the num-
ber of videos used for data generation and of filtering (Fil.
column) the generated data, by evaluating on WebVid-CoVR-
Test (W-C-T), CIRR, and FashionIQ. All models are trained
for the same number of iterations on the generated data.
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WebVid-CoVR-T. CIRR
Model R@1 MeanR R@1 MeanR
Rule-based 41.39 70.36 15.66  46.16
Rule-based paraph. | 52.39 78.75 33.54  64.33
MTG-LLM 53.13 79.40 38.48  68.48

Table 5: Modification text generation: We compare our MTG-
LLM (LLaMA 7B parameters) against both a rule-based
MTG baseline and a paraphrased rule-based MTG baseline
(using GPT-3.5-turbo from OpenAl). We observe important
gains in the downstream performance of the model trained
on the generated data.

WebVid-CoVR-T. CIRR
Iteration HN-NCE | R@1 MeanR R@1 MeanR
Triplets v 49.80 78.15 35.35 65.59
Videos X 49.02 76.62 35.57 66.07
Videos v 53.13 79.40 38.48 68.48

Table 6: Training strategies: Iterating on batches of distinct
target videos (instead of triplets) and up-sampling hard neg-
atives (HN-NCE (Radenovic et al. 2023)) both benefit the
CoVR/ColR performance.

that differ by one word. Specifically, the modification text
is based on the two different words from the captions. We
generate templates that use these words and choose one at
random during training. These templates include variations
such as ““Remove txt_diff,” and "Change txt_diff, for
txt_diff,”. A full list of all the templates can be seen
in Section B.3 of the Appendix in (Ventura et al. 2023).
Additionally, we investigate the possibility of paraphrasing
the rule-based modification texts using GPT-3.5-turbo
from OpenAl (Brown et al. 2020) as a source of augmen-
tation, by prompting “Paraphrase the following sentence:
{Rule-base modification text}”.In preliminary
analysis, we qualitatively observed that LLaMA (Touvron
et al. 2023) and LLaMA 2 (Touvron et al. 2023) alternatives
were overly verbose when used for paraphrasing; however,
GPT-3.5 outputs were satisfactory.

In Table 5, we show that our MTG-LLM generates better
modification texts than the rule-based baseline, by evaluat-
ing the results of the model trained on the generated data.
Paraphrasing the rule-based examples significantly boosts the
performance (from 41 to 52 R@1), while still being worse
than our MTG-LLM, especially on the CIRR benchmark.
Note that the paraphrasing comes with the cost of running
an expensive LLM ($43 cost for this experiment for 1 para-
phrasing per modification text on the entire dataset). On the
other hand, our MTG-LLM finetuning only requires 715 text
examples. Qualitative examples comparing MTG-LLM and
rule-based are provided in Table A.5 of the Appendix.
Training strategies. In Table 6, we first show the benefit
on WebVid-CoVR of training by iterating on target videos
instead of CoVR triplets. This is to avoid having the same tar-
get video appearing multiple times in a training batch, hence
increasing the number of correct negatives that are used in the
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contrastive loss. Furthermore, up-sampling hard negatives
adopting the HN-NCE loss formulation from (Radenovic
et al. 2023) also slightly benefits the performance.

5 Conclusions and Limitations

In this work, we studied the new task of CoVR by propos-
ing a simple yet effective methodology to create automatic
training data. Our results on several benchmarks (including
our manually curated video benchmark, as well as existing
image benchmarks) suggest that, while noisy, such an auto-
mated and scalable approach can provide effective CoVR
model training. One potential limitation of our method is that
the generated modification text may not depict some visible
changes due to not considering the image pair, but only their
captions. Moreover, our modification text is suboptimal due
to only inputting one-word difference caption pairs (i.e., fo-
cusing only on one change, and not considering multi-word
differences). For example, the following modification with
multiple changes from the CIRR dataset would not exist in
our data “close up of a similar dog, but it is swimming on
its own with a tennis ball in its mouth”. Future work can
incorporate visually-grounded modification generation and
multiple modifications between query and target video pairs.

Ethics statement

Our model constitutes a generic multi-modal search tool, but
is not intended for a specific application. While there are help-
ful use cases such as online shopping, traveling, and personal
development (i.e., how-to), there may be potential privacy
and harmful risks when training the model on datasets with
inappropriate content. The risks include surveillance applica-
tions such as searching for a specific person, and looking up
violent and graphic videos. For our WebVid-CoVR data re-
lease, we refer to Section A for further analysis about removal
of inappropriate content. We note that our dataset users must
also adhere to the terms of use stipulated by WebVid (Bain
et al. 2021).
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