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Improving Composed Image Retrieval via Contrastive Learning
with Scaling Positives and Negatives
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ABSTRACT

The Composed Image Retrieval (CIR) task aims to retrieve target

images using a composed query consisting of a reference image

and a modified text. Advanced methods often utilize contrastive

learning as the optimization objective, which benefits from ade-
quate positive and negative examples. However, the triplet for CIR

incurs high manual annotation costs, resulting in limited positive

examples. Furthermore, existing methods commonly use in-batch

negative sampling, which reduces the negative number available

for the model. To address the problem of lack of positives, we pro-
pose a data generation method by leveraging a multi-modal large

language model to construct triplets for CIR. To introduce more

negatives during fine-tuning, we design a two-stage fine-tuning

framework for CIR, whose second stage introduces plenty of static

representations of negatives to optimize the representation space

rapidly. The above two improvements can be effectively stacked

and designed to be plug-and-play, easily applied to existing CIR

models without changing their original architectures. Extensive

experiments and ablation analysis demonstrate that our method

effectively scales positives and negatives and achieves state-of-the-
art results on both FashionIQ and CIRR datasets. In addition, our

methods also perform well in zero-shot composed image retrieval,

providing a new CIR solution for the low-resources scenario. The

code isreleased at https://anonymous.4open.science/r/45F4 and will
be publicly available upon acceptance.

CCS CONCEPTS

« Information systems — Multimedia and multi-modal Re-
trieval; Image Search; Retrieval effectiveness.

KEYWORDS

composed image retrieval, contrastive learning

1 INTRODUCTION

Composed Image Retrieval (CIR) aims to retrieve images given a
query composed of a modified text and a reference image. Unlike
the standard text-to-image retrieval tasks, the modified text in CIR
describes the unsatisfied attributes of the reference image or the
new attributes based on the reference image. CIR provides a new
idea for iteratively optimizing the retrieval results based on the

Unpublished working draft. Not for distribution.
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(a) Mlustration of the Composed Image Retrieval (CIR) task
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(b) Our proposed method effectively scales the number of positive and negative exam-
ples in the CIR task to a level comparable to other computer vision tasks and models.

Figure 1: Task introduction and the motivation of this work.

current text-to-image retrieval and thus has become a popular re-
search task in the multi-modal field. Previous research on CIR typi-
cally involves model architecture [5, 9, 33] and optimization objec-
tives [2, 5, 23, 35]. The methods for the model architecture focus
on better representation and fusion methods for texts and images.
The contribution of the works in this aspect includes (1) introduc-
ing vision-language pre-trained models, like CLIP [28], BLIP [18],
as the backbone [2, 5, 23, 35] and (2) designing the novel late fu-
sion [5, 33, 35] or early fusion [2, 16, 23] modules to fuse the ref-
erence image and the modified text to obtain the single query rep-
resentation. Therefore, the popular model architecture in CIR can
be illustrated in Fig.1(a), which consists of a query encoder and a
target image encoder. In practice, a collection of image candidates
is first converted into image representations by the image encoder
for rapid indexing. When the user gives a reference image and a
modified text, they are forwarded to the query encoder to fusion
and obtain the query representation. Finally, the query representa-
tion is computed with the dot product or cosine similarity with all
representations of candidate images, and the image with the top
similarity is considered the target image.

The works for optimization objective [2, 35] focus on aligning
the query representation with the target image representations.
Advanced methods use contrastive learning [31] to align the rep-
resentations of queries and images. The key to contrastive learn-
ing is to select correct and sufficient positives and negatives. The
annotated triplets in the dataset, in the form of (reference image,
modified text, target image), usually are regarded as positive exam-
ples, while negative examples are generated by replacing the target
images with other ones in the mini-batch. However, as shown in
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Fig.1(b), there are two challenges with these works: (1) The num-
ber of manually annotated triplets (20K) is deficient, leading to a
lack of sufficient positive examples for the model. As a comparison,
in other tasks using contrastive learning like visual representation
learning [10], image-text retrieval [19, 27], and image retrieval [26],
the number of positive examples is at least 60k; (2) Previous CIR
tasks typically use in-batch negative sampling, with around 128
negative examples, while many successful works in contrastive
learning use over 4k negative examples [7, 13, 18]. Existing works
ignore these two problems at the data level, resulting in the inabil-
ity of contrastive learning to fulfill its capabilities.

Therefore, this work is based on a universal and simple motiva-
tion: to scale the number of positive and negative samples of the
CIR task to the same scale as other tasks with contrastive learning.
To construct more positives for CIR, we propose a novel data gen-
eration method based on the multi-modal Large Language Model
(MLLM). Specifically, we design a four-step pipeline to automati-
cally construct positive samples, which includes (1) caption gen-
eration with MLLM; (2) reference-target image pair matching; (3)
modified text generation based on templates; and (4) positive ex-
ample construction. With the help of our method, plenty of ac-
ceptable positive examples can be generated without any manual
annotation, scaling the triplet number from 20k to 100k without
the use of external datasets (Fig.1(b)). To introduce more negatives
for CIR, we design a two-stage fine-tuning framework. Specifically,
in the first stage, we follow previous works [2, 4, 23, 35] and use
in-batch negative sampling to enable the model to learn initial rep-
resentation space for CIR; while in the second stage, we initialize
the model trained in the first stage and freeze the target image
encoder, only fine-tuning the query encoder. The frozen target im-
age encoder introduces a large number of static representations
of negatives at once (Fig.1(b)), guiding query encoders to optimize
representation space rapidly. Note that the second stage has only
about 1/20 of the time overhead of the first stage and can be easily
superimposed on existing advanced models in CIR.

To verify the effectiveness of our method, we experiment ex-
tensively with both the full-supervised and zero-shot settings. For
the full-supervised setting, we adopt our method in four advanced
models in CIR with different backbones, achieving a 1%-6% perfor-
mance improvement on the popular FashionIQ and CIRR datasets,
reaching a new state-of-the-art. For the zero-shot setting, the model
needs to be built without requiring human-labeled triplets for train-
ing. We apply our method to in-domain and out-of-domain im-
age datasets to construct sufficient positives and negatives for CIR.
With fewer image scales than the baselines, the superior perfor-
mance of our method demonstrates the ease with which our method
can be applied to low-resource scenarios.

The contributions of our paper can be summarized as follows:

e We propose a data generation method with the multi-modal
large language model to scale positive examples in CIR, which
can automatically build high-quality positive examples based
on image datasets only.

e We propose a two-stage plug-to-play framework to scale
negative examples during fine-tuning, whose second stage
can be quickly adapted to almost any model in CIR with 1/20
time overhead of the first stage.

Anonymous Authors

o Extensive experiments and analysis under the full-supervised
and zero-shot setting demonstrate the effectiveness and su-
periority of our proposed method, which achieves state-of-
the-art performance on both FashionIQ and CIRR datasets.

2 RELATED WORK

Composed Image Retrieval. The recent paradigm in CIR [4, 33,
40, 41] consists of three main steps: (1) extracting the representa-
tion of both images and sentences; (2) fusing the representations
of sentences and reference images to obtain query representations;
(3) aligning the representations of queries and target images with
similar semantics. For the first step, early models in CIR utilize
two separate encoders [11, 14, 33, 38] while recent CIR models [4,
21, 35, 41] exploit pre-trained vision-language encoders [25, 28]
as the backbone. Some works [4, 41] simply use the global repre-
sentations extracted from these pre-trained encoders while other
works [35, 38, 40] integrate local and global representations. For
the second step, some works [4, 33, 34, 41] leverage weights or
gating mechanisms, while other works [38, 40] design combining
modules like cross-modal transformer. For the third step, the most
commonly used loss functions in CIR are triplet loss [8, 30, 40], con-
trastive learning [4, 15, 31, 33-35, 41]. Recent advanced methods
in the CIR predominantly employ a combination of dual encoders
and contrastive learning with in-batch negative sampling. We treat
the models obtained from these methods as the first-stage models
and continue to train them in the second stage to improve CIR per-
formance further.

Data Generation for CIR. InstructPix2Pix [6] first uses GPT-3 to
generate modified text for captions and then utilizes a diffusion
model to generate images for these texts. COVR [32] mine similar
captioned videos from a large database and use a language model
to generate modified text that describes the differences between
the videos, resulting in the WebVid-CoVR dataset with 1.6 million
triplets. CASE [16] uses a data roaming approach that rephrases
labels from a large-scale VQA dataset into a form suitable for com-
posed image retrieval. CompDiff [12] constructs triplets for CIR
datasets by automatically generating modified texts and correspond-
ing images using large language models and diffusion models. Un-
like these works that often require generating images or well-labeled
datasets, our method is built on a real image collection without the
need for any additional manual annotation and leverages the capa-
bilities of MLLM to construct triplets.

Negative Sampling in Contrastive Learning. In the realm of con-
trastive learning, negative sampling techniques have evolved to
enhance model performance: the in-batch negative sampling from
SimCLR [7] selects negative examples from the same batch, while
the memory bank approach in Bank [37] utilizes a stored set of past
instances for more diverse negatives. Additionally, MoCo [13] em-
ploys a moving average of representations to create dynamic neg-
atives, contributing to robust representation learning. Compared
to Memory Bank and MoCo, our method does not dynamically up-
date the negatives with the aid of additional queues or momentum
encoders; instead, it fine-tunes the model for the second stage by
introducing a large number of static negative samples at once.
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3 METHOD

3.1 Preliminary

Suppose a CIR dataset consists of N annotated triplets, where the
ith triplet x; is denoted as

xi = (riymi ti),ri,t; € Qm; €T (1)

where r;, m;, and t; represent the reference image, the modified
text!, and the target image of the ith example, respectively, while
Q is the candidate image set containing all reference and target
images of the triplets and T is the text set containing all modified
texts. The CIR task aims to use the reference image r; and the mod-
ified text m; to compose a query g;, and retrieve the target image
t; from the candidate set Q with g;.

Then, we describe the classical paradigm of CIR. Multiple an-
notated triplets are combined into a mini-batch, and the reference
images and modified texts in the same batch are then encoded us-
ing a query encoder F(-) query representations. The target images
are encoded using an image encoder G(-) to obtain target image
representations. For simplicity, we rewrite the representations for
the triplet (r;, m;, t;) as q; = F(r;, m;) and t; = G(¢;), respectively.
The cosine similarity f(-, -) is then adopted to calculate the similar-
ity between the query and target image representations. Recall that
current methods based on contrastive learning usually treat the an-
notated examples as positive examples and treat the examples ob-
tained by replacing the target image in the positive examples with
another image in the mini-batch as the negatives. Then contrastive
learning is used to pull the query representations and target image
representations in positive examples closer while pushing query
representations and target image representations in negative ex-
amples further, which can be expressed as

Lt = Iy_ ( exp(f(q;, ti)/7)
cl B ; og Z?:l exp(f(qi,tj)/f)

B

@

where B is the batch size and 7 is a temperature hyper-parameter.

Despite the good results achieved with this current paradigm,
the lack of negative and positive examples still severely limits the
performance of contrastive learning. To address these problems,
we first propose a method of scaling positive examples using a
multi-modal large language model (MLLM). Then, we investigate
the impact of different types of negative examples on CIR perfor-
mance and find that using negative examples obtained by replacing
the target image is simple and most effective. Therefore, we pro-
pose a two-stage fine-tuning strategy, scaling negative examples
using a caching technique based on existing models.

3.2 Scaling Positive Examples

Due to the high cost of manually labeling triplets, we propose a
simple but effective method with a multi-modal Large Language
Model (MLLM) to construct the triplets for CIR. As shown in Fig,2,
given an image dataset? D = {14, I, ..., Iy } with size M, our method
consists of four steps: (1) Generating a suitable caption for each im-
age to obtain the image-text pairs; (2) Constructing M (reference

In this work, we refer to the text in the CIR triplet as a "modified text”, which is also
referred to as a “modification sentence” or "modification text” in other works.
“Image dataset here could be Q in the CIR dataset or any image dataset.
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image, target image) pairs; (3) Generating modified texts for im-
age pairs using the captions; (4) Combining the modified texts and
image pairs to form triplets.

Caption Generation. We introduce a MLLM gpjim (+, ) to gener-
ate a corresponding caption for each image in the dataset. Specifi-
cally, we design a prompt template Peap (type, k) to guide the MLLM
to obtain a brief caption for each image under constrained condi-
tions, where type and k are two dataset-specific parameters

to simulate the type and length of modified text in the real dataset.

For an image [; in the candidate image set, we input I; and Pcap to-
gether into the MLLM to obtain the corresponding caption C;:

Ci = gmilm (i Pcap(type, k)). (3)

Then we can obtain M image-text pairs {(I1,C1), ... Iy, Cm) }- In
practice, the Pcap used in this work is written as follows:

Please briefly describe the {type} in {k} words. ]

Image Pair Match. After obtaining the image-text pair, we need
to match two image-text pairs to generate a quadruplet. Regard-
ing the image in an image-text pair as the reference image, the
naive method randomly chooses the image from another image-
text pair as the target image. However, a randomly selected target
image may be too similar to the reference image to construct pre-
cise modified text or too dissimilar to help models improve perfor-
mance. Therefore, we introduce a uni-modal image encoder gimg ()
to get the representation of every image and calculate the pairwise
similarity between two different images I; and I;:

simij = f(gimg(Ii), Gimg (1)) (1 < i, j < M, i # j) 4)
Then we can rank the similarities related to I; in descending order.
Only one image whose similarity rank is between [co, ¢1)(co < ¢1)
will be chosen as the target image, where cg and ¢; are two hyper-
parameters. In practice, we regard each image in the dataset D as
the reference image and sample a target image for each image. We
denote the target image for image I; as I;.[, therefore, we can get
M (reference image, target image) pairs {(I1, I}), v (M1, I}VI)}. We
combine these image pairs with their corresponding captions to
form M quadruplets:

{(I,C1, 1}, CY), ... (Int, O, Iy Ci ) } (5)

Modified Text Generation. Given one quadruplet (I;, C;, I, C}) by
the last step, we use a prompt template Ptemp, (k € {0, 1,2} to form

a modified text mzempk:

mt'empk = Ptempk (Ci, C,t) (6)

1

In this work, we consider three types of templates below.

Prempy: {C'} instead of {C;}
Premp ¢ Unlike {C;}, I want {C}}
Ptemp23 {Ci}

Note that we attempt to use LLM to post-process the generated
modified text. The first method involves using LLM to make the
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Scaling Positive Examples

Step 1: Caption Generation Step 3: Modified Text Generation

Image A living room with a A white bookshelf with
s 2 e Captioning blue couch, green books and a plant in a

Prompt pillows room

[@ MLLM } [ a

Prompt Template

A white bookshelf with books and a plant in a room,
instead of A living room with a blue couch, green

A white bookshelf with books and a plant in a room
pillows

Step 2: Image Pair Match Step 4: Positive Example Construction

General Fashion

4 bookshelf Adog
instead of instead of
A room { bird
¢
Black and white Lion face t-shirt with
zebra print dress "New" written on it
K -
/
~
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Scaling Negative Examples

Step 1: Constructing Negative Examples

Replacing Target

Replacing Query

Replacing Modified Text

Replacing Reference

Step 2: Negative Sampling In Batch Step 3: Negative Sampling In Candidate Set

Contrastive
Learning

Contrastive
Learning

oI TTT L1111 | 4
Query Target Query Target
Encoder & Encoder  * Encoder & Cache
Target
Encoder %

A bookshelf 1 dog
instead of  instead of

{ bookshelf 1dog
instead of  instead of
A room 4 bird A room 1 bird

Figure 2: Overview of Our Framework of Scaling Positive Examples and Negative Examples. We abbreviate some of the modi-

fied texts due to space constraints.

modified text more diverse and fluent. The second method uses
in-context learning to make LLM mimic the modified text in an-
notated datasets. However, based on our experiments, neither of
these methods surpasses the prompt template method. Specific re-
sults can be found in supplementary materials.

Positive Example Construction. Finally, we could combine image
pairs from the second step with the modified texts obtained in the
third step to get new M triplets {(I;, miemp, IIF) }. So, we can ob-
tain an expanded dataset that is comparable in size to the origi-
nal dataset. We could use these new examples as a complement to
the annotated dataset. We could also use these examples to train a
model from scratch, thus allowing for fully automated training of
a CIR model without human involvement.

3.3 Scaling Negative Examples

Recent works in visual contrastive representation learning [13, 37]
have shown that scaling negative numbers can effectively improve
performance. However, existing works in CIR employ in-batch neg-
ative sampling strategies, restricting the model from seeing enough
negatives. Furthermore, recalling that the labeled data in CIR is a
triplet, it is theoretically possible to construct negative examples
by replacing any element in the triplet. Most works [2, 5, 33, 35]
only use the "replace the target image” strategy to construct nega-
tive samples without additional interpretation. Therefore, we first
explore the performance impact of different methods of construct-
ing negative examples and find that "Replacing the target image”
leads to more true and hard negatives than other methods with the
popular CIR datasets. After determining the method of negative ex-
ample construction, we propose a two-stage fine-tuning strategy
for CIR that leverages a two-stage framework to scale negative ex-
amples during fine-tuning.

Constructing Negative Examples. Considering the annotated data
in CIR are triplets, for triplet (r;, m;, t;), there are four methods

50 FashionlQ 80 CIRR

50
© 60
Q
240
4

30 40

20

1 2 3 4 1 2 3 4

Figure 3: Performance of four different methods on nega-
tive example construction. The number on the horizontal
axis corresponds to the serial number before the different
replacing methods in Section 3.3.

Rmean

of negative example construction by randomly sampling another
triplet (rj, mj, tj):

(1) Replacing the reference image, obtaining (7}, m;, t;);

(2) Replacing the modified text, obtaining (r;, mj, t;);

(3) Replacing the target image, obtaining (r;, m;, t;);

(4) Replacing the whole query pair, i.e. the reference image and
modified text, obtaining (r;, mj, t;).

Most previous works use only the third method [2, 5, 9, 23, 33, 35],
and Wang et al. [34] uses the first three methods jointly. However,
none of the existing works have explored all four methods com-
pletely. To this end, we compare these four negative construction
methods while other settings remain the same. As shown in Fig.3,
we find that constructing the negative examples by replacing tar-
get images works best. Based on the examples in Fig.2, we can ob-
serve that the other three methods easily generate relatively simple
or false negatives. For example, since some modified texts (e.g., "a
dog”) only describe the target image, replacing the reference image
with another image can lead to false negatives. Similarly, if the ref-
erence image is very similar to the target images, this type of data
leads the model to directly use the reference image to retrieve the
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target image, making it easy to generate false negatives when re-
placing the modified text (e.g., "dog” and “lying”). Lastly, replacing
the whole query pair leads to the simple negatives as the reference
image and modified text significantly differ from those in the pos-
itive example (e.g., "sofa+shelf” and "llama+dog”). Compared with
the other three methods, “replacing the target image” is inherently
aligned with the final application scenario, and the probability of
generating false negatives is relatively low. In the supplementary
materials, we report the performance of every combination of four
types of negative examples. The experimental results suggest that
incorporating other types of negative examples may lead to in-
creased overhead and potentially compromise model performance.
For this reason, we keep consistent with previous work and only
consider the negative example type of replacing the target image.

Two-Stage Fine-tuning. Previous work on extended negative ex-
amples, such as Memory Bank [37] and MoCo [13], has focussed
on visual representation learning, whose models typically follow a
simple Siamese network architecture. However, CIR tasks require
an information fusion of visual and language, and different meth-
ods follow different backbones, such as CLIP [28], BLIP [18], and
BLIP-2 [17]. Therefore, we propose a more general two-stage frame-
work to ensure fast adaptation of different models in CIR (Right
half of Fig.2). Specifically, in the first stage, we fine-tune both the
query encoder and the target encoder with in-batch negative sam-
pling as in Eqn.2 following previous works [2, 5, 23]; while in the
second stage, we freeze the target encoder and only fine-tune the
query encoder. Therefore, all candidate images, i.e., the entire Q,
can advance past the frozen target image encoder, cached before
the second fine-tuning stage. Finally, for triplet (m;, r;, t;), we uti-
lize all non-target images from the candidate set, i.e. Q — {t;}, to
form negative examples. The contrastive loss for the second stage
can be expressed as

L LN e(f (s 4(1)) /1)
=52 Y cae (f (a 9(2) /7)

i=1

™)

where §(.) represent the frozen target image encoder. It is worth
noting that the second stage is very efficient. According to our esti-
mates on different baselines, one training epoch on average takes
12 minutes, and typically 50 epochs are needed for the first stage,
resulting in a total duration of around 10 hours. While in our ad-
ditional second stage, pre-computing representations take an aver-
age of 10 minutes, with each epoch taking 5 minutes, and only 5
epochs are required, around half an hour in total.

4 EXPERIMENTS
4.1 Experimental Setup

4.1.1 Baselines. To evaluate the superiority of our method, we
conduct experiments on four advanced models in CIR: TG-CIR [35],
CLIP4CIR [5], BLIP4CIR [23] and SPRC [2].

TG-CIR [35] uses CLIPy;T-p/16 as the backbone, which exploits the
global and local attribute representations and information from the
target image to guide both query fusion and metric learning.
CLIP4CIR [5] uses CLIPResNet50x4 @ the backbone, which simply
regards element-wise sum as a fusion approach.
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BLIP4CIR [23] uses BLIP},q. as the backbone, which adopts the
fusion encoder of BLIP to fuse the reference image tokens and mod-
ified text tokens. We do not include an extra re-ranker to ensure
the evaluation protocols are consistent.

SPRC [2] uses BLIP-2p crained-vitl 28 the backbone, which exploits
the QFormer [17] as an encoder for query and target image sharing.

4.1.2 Training Protocol. We directly use checkpoints released by
baseline works as the first stage models to avoid retraining. For
the second stage, we calculate image representations for all images
before training and only finetune the query encoder using scaled
positives and negatives for 5 epochs. For the main results in section
4.2, we only use images in Q, so it can be fairly compared to any
model that uses the original dataset.

Table 1: Average token length calculated by LLAVA Tok-
enizer [20] of the modified text and triplet count statistics
for the annotated and generated training sets.

Annotated Generated
Dataset
Token Triplet Token Triplet
FashionIQ [36] 7.8 18k 16.5 96k
CIRR [21] 15.4 28k 20.9 128k

4.1.3  Evaluation Datasets. We evaluate our model on two com-
monly used CIR datasets: FashionIQ [36] and CIRR [21].
FashionIQ [36] consists of 30,134 examples extracted from 77,684
images crawled from fashion websites. These images are catego-
rized into Dress, Shirt, and Top&Tee. The modified text is manu-
ally annotated for each pair of reference and target images. As in
[4, 40, 41], we use 18,000 examples for training and 6,016 validation
examples for testing since the “real” test set is unavailable.

CIRR [21] (Composed Image Retrieval on Real-life images) con-
tains 21,552 real-life images from the web taken from NLVR?, a
popular natural language reasoning dataset. CIRR contains 36,554
examples, of which 28,225 examples are used for training, 4,181
for validation, and 4,148 for testing. In addition, the images in this
dataset are divided into several semantically similar groups to eval-
uate Ry pset @K metric (see below).

4.1.4  Evaluation Metrics. Recall@K (R@K) is the proportion of
queries for which the retrieved top K images include the correct
target image. Recallgpset @K (Rgubset@K) is nearly the same as
R@K but the model only retrieves inside the semantically similar
group of the reference image. For the FashionIQ) dataset, following
previous works [2, 4, 23], we evaluate our model through R@K
(K = 10,50) on the original protocol. As in [41], we also report the
mean of all R@K scores as Rmean. For the CIRR dataset, follow-
ing previous works [4, 22], we evaluate our model through R@K
(K = 1,5,10,50) and Rgypset@K (K = 1,2,3). As in [2], we also
report (R@5+Rgypset@1)/2 as Rmean.

4.1.5 Implementation Details. We use LLaVA-v1 [20] as a multi-
modal large language model for caption generation. We use the
advanced model unicomyjt.1,/14 [1] for the unimodal image en-
coder. As used by CLIP4CIR [5], we leverage AdamW [24] opti-
mizer. All experiments are conducted on a single Tesla V100 GPU.
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Table 2: Evaluation results of various models on FashionIQ. The best results are in boldface.

Methods Backbone Dress Shirt Top&Tee Average

R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50 Rmean
CIRPLANT [21] w/o VLP 17.45 4041 17.53 3881 21.64 4538 18.87 41.53 30.20
ARTEMIS [9] w/o VLP 27.16 5240 2178 43.64 29.20 54.83 26.05 50.29 38.17
ComqueryFormer [39] w/o VLP 28.85 5538 2564 50.22 3361 6048 2937  55.36 42.37
PL4CIR [41] CLIP 3360 5890 3945 61.78 4396 6833 39.02 63.00 51.01
TG-CIR [35] CLIP 3555 5944 40.24 6237 4365 6736 3981 63.06 51.44
+SPN CLIP 36.84 60.83 4185 63.89 4559 6879 4143 64.50 52.97
CLIP4CIR [4] CLIP 38.18 62.67 44.01 64,57 4539 69.56 4252  65.60 54.06
+SPN CLIP 38.82 6292 45.83 6644 48.80 7129 44.48 66.88 55.68
BLIP4CIR [23] BLIP 44.22  67.08 45.00 66.68 49.72 73.02 4631 6893 57.62
+SPN BLIP 44.52 67.13 45.68 67.96 50.74 73.79 46.98 69.63 58.30
SPRC [2] BLIP-2 49.18 7243  55.64 7389 5935 7858 5492 7497 64.85
+SPN BLIP-2 50.57 74.12 57.70 7527 60.84 79.96 56.37 76.45 66.41

Table 3: Performance comparison of various models on CIRR. The best results are in boldface.

Methods Backbone Recall@K Rsubset @K Rmean
K=1 K=5 K=10 K=50 K=1 K=2 K=3
CIRPLANT [21] w/o VLP 19.55 5255 68.39 9238 39.20 63.03 79.49 45.88
ARTEMIS [9] w/o VLP 16.96 46.10 61.31 87.73 39.99 62.20 75.67 43.05
ComqueryFormer [39] w/o VLP 25.76  61.76 7590 95.13 51.86 76.26 89.25 56.81
TG-CIR [35] CLIP 4523 7834 87.13 97.30 72.84 89.25 95.13 75.59
+SPN CLIP 47.28 79.13 87.98 97.54 75.40 89.78 95.21 77.27
CLIP4CIR [4] CLIP 42.80 75.88 86.26 97.64 70.00 8745 94.99 72.94
+SPN CLIP 4533 78.07 87.61 98.17 7393 89.28 95.61 76.00
BLIP4CIR [23] BLIP 4477 76.55 86.41 97.18 7499 89.90 95.59 75.77
+SPN BLIP 46.43 77.64 87.01 97.06 75.74 90.07 95.83 76.69
SPRC [2] BLIP-2 51.96 82.12 89.74 97.69 80.65 9231 96.60 81.39
+SPN BLIP-2 55.06 83.83 90.87 98.29 81.54 92.65 97.04 82.69

We manually tune 7 € {0.01,0.02,0.03,0.05} and learning_rate €
{2e —6,5e —6,6e —6,1e — 5, 2e — 5}. Detailed hyper-parameters are
reported in the supplementary materials.

We analyze the modified text in the two datasets using LLAVA
tokenizer [20] and count the average annotated token length in
Table 1. For FashionlQ, we set type to the name of the split, i.e.,
dress/shirt/top tee, and k to 5. For CIRR and Conceptual Caption,
we set type to image” and k to 10 in the image captioning template.
The detailed data statistics for both the generated and annotated
triplets are provided in Table 1. For both datasets, we set co to 10000.
We set ¢; to 20000 for FashionIQ and 15000 For CIRR.

4.2 Main Results

We compare our method against the following baseline methods:
CIRPLANT [21], ARTEMIS [9], ComqueryFormer [39], PL4CIR [41],
TG-CIR [35], CLIP4CIR [4], BLIPACIR [23], SPRC [2]. Details about
these models can be found in supplementary materials. We abbre-
viate the method of scaling positive examples as SP, the method of

scaling negative examples as SN, and the superposition of the two
methods as SPN.

Results on FashionlIQ. Table 2 illustrates the comparison between
our model and other recent studies on FashionIQ. It demonstrates
that our plug-and-play approach improves the effectiveness of all
four baseline models with different architectures. SPN boosts the
R@10 metric for TG-CIR by 3.8%, CLIP4CIR by 4.1%, BLIP4CIR by
1.5%, and SPRC by 2.6%. SPN enhances the R@50 of TG-CIR by 3%,
CLIP4CIR by 2%, BLIP4CIR by 1%, and SPRC by 2%. This mainly
benefits from more negative and positive examples in contrastive
learning, which allows the model to learn a better representation.

Results on CIRR. Table 3 illustrates the comparison between our
model and other recent studies on CIRR. It shows that SPN also im-
proves the performance of all four baseline models. SPN increases
the R@1 of TG-CIR by 4.5%, CLIPACIR by 5.9%, BLIP4CIR by 3.7%,
and SPRC by 6%. SPN improves the R@5 of TG-CIR by 1%, CLIP4CIR
by 2.9%, BLIP4CIR by 1.4%, and SPRC by 2.1%. This proves our
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Figure 4: Discussion of the core components in the method. The results shown in the figures are on the validation set.

method works well for images in both general and fashion scenes. Discussion on k. Since the LLAVA tokenizer utilizes the BPE tok-
SPN promotes the Rgypset @1 of TG-CIR by 3.5%, CLIP4CIR by 5.6%, enization method, which typically results in a word count to token
BLIP4CIR by 1%, and SPRC by 1.1%. The objective of the subset count ratio of 1:2. So the corresponding word counts for FashionIQ
test is to justify whether the model can distinguish between hard are around 4, and for CIRR, they are around 8. Therefore, we exper-
negative examples [21]. Such a boost indicates that our model can iment with k values that approximate the word count of the modi-
learn more fine-grained representations than the base model, thus fied text in the annotated triplets. As shown in Fig.4(a), we find that
distinguishing harder negative examples. slightly exceeding the annotated word count yields better results,

as lower or higher values lead to performance degradation.

Table 4: Ablation results on CLIP4CIR. Discussion on MLLM Model. The MLLM we use can be replaced

with any model that can generate captions for images, so we try

Model FashionIQ CIRR three representative models LLAVA [20], BLIP [18], and BLIP-2 [17]
R@10 R@50 R@1 R@5 Ryypee@1 in Table 4(b). We find that LLAVA, with great instruction fine-tuning,
works best among the three models. But surprisingly, BLIP works
CLIP4CIR  42.52  65.60 43.96 77.68 70.84 better than BLIP-2. This suggests that BLIP-2’s ability to follow im-
+SP 43.83  66.66 4475 7945 72.85 age captioning instructions is not very good. At the same time,
+SN 4343 6645 46.35  79.67 73.07 using different MLLMs consistently yields better results than w/o
+SPN 4448 66.88 46.97 80.29 74.17 SP, indicating that our method is insensitive to different MLLMs.
Discussion on Number of Positive Examples. SP allows for con-
structing many triplets based on images, so we consider exactly
4.3 Ablation Study how many additional triplets on top of the existing ones work best.
Contribution of SP and SN. To evaluate the effectiveness of SP As shown in Fig 4(c), as the number of positive examples rises, the
and SN, we train CLIP4CIR using several variants of our method effect of the model increases and then decreases, with the best re-
and test on the validation set of CIRR and FashionIQ. SP variant sults when increasing nearly 60% of the number of original triplets,
conducts contrastive learning with in-batch negative sampling on that is 12k for FashionlQ and 16k for CIRR.
the scaled positive examples. SN variant only scales negative ex-
amples without exploiting new positive examples. The results illus- Discussion on Image Pair Match. In Fig.4(d), we explore four meth-
trate that removing either SN or SP significantly decreases perfor- ods for constructing image pairs. The first method involves select-
mance. SP and SN can improve the baseline model by 1.3% to 3.1% ing target images with the highest similarity to the reference image.
on the two datasets, respectively. SN is more effective for the CIRR The second method entails choosing target images with moderate
dataset. SP is more useful for the FashionIQ dataset. We attribute similarity to the reference image. The third method focuses on se-
this phenomenon to the fact that the modified texts are more com- lecting target images with the lowest similarity to the reference
plex in the CIRR dataset and that contrast learning is more lacking image, while the fourth method involves selecting target images
in negative than positive examples. While the modified texts are randomly from the entire set. Our findings indicate that the second

simple in FashionIQ, the situation is exactly the opposite. method consistently produces superior results across both datasets.
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Table 5: Zero-shot results.

FashionIQ CIRR
R@10 R@50 R@1 R@5

Model

Rsubset @1

Out-of-Domain Image Dataset

CLIP [28] 19.04 35.03 12,65 3841 34.29
PIC2WORD [29] 24.70 43.70 23.90 51.90 -
SEARLE-OTI [3] 27.61 47.90 24.87 52.31 53.80

SPN-CC 28.97 49.54 34.34 65.42 64.87
In-Domain Image Dataset
SPN-IN 31.11 52.19 36.55 67.69 67.28

This observation can be attributed to the higher quality of triplets
generated through this selection approach compared to the others.

Discussion on Prompt Templates. We can combine three prompt
templates in 7 ways. For two or more combinations of templates,
we obtain a corresponding number of modified texts for each triplet
and randomly select one during training. As shown in Fig.4(e), we
find that for CIRR, a mixture of the first two works best. For Fash-
ionlQ, only the third works best. This indicates that in FashionIQ,
more modified texts directly describe the target image.

Discussion on Number of Negative Examples. Because SN could
exploit many images as negative examples, an experiment is con-
ducted to verify the relationship between the number of negative
examples and the performance. As shown in Fig 4(f), the model per-
forms better as the number of negative examples rises and works
best when all images in the candidate image set are used as nega-
tive examples, which is 24k for FashionIQ and 16k for CIRR. We
additionally scale negative examples with images from external
MSCOCO datasets. However, we observe a decline in performance.

4.4 Results of Zero-Shot CIR

Zero-shot CIR is aimed at building a CIR model without requir-
ing human-labeled triplets for training [29]. For comparison un-
der the zero-shot setting, we introduce two advanced baselines for
zero-shot CIR, PIC2WORD [29] and SEARLE [3]. Following these
two baselines, we use CLIPyjT.1/14 as the backbone. Before train-
ing, we use the method described in Section 3.2 to generate a CIR
dataset from an image dataset. Then contrastive learning with in-
batch negative sampling is used for first-stage fine-tuning and the
method described in Section 3.3 is used to scale negative examples
for second-stage fine-tuning.

Neither of these baselines uses an in-domain image dataset for
training. Therefor, we also utilize images from the out-of-domain
dataset Conceptual Caption (CC3M), comprised of 3.3 million image-
caption pairs from the Internet, to generate positive examples for a
fair comparison with PIC2WORD. Specifically, we randomly select
the 50k images in CC3M to construct the CIR dataset due to com-
puting resource limitations. The number of 50k images is equal
to 1.7% of that PIC2WORD used and 50% of that SEARLE used.
We abbreviate our model trained with this setting as SPN-CC. As
shown in Table 5, SPN-CC gets the best results while using the
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Figure 5: Comparison of retrieval results between the
CLIP4CIR model w/o and w SPN.

least amount of images. This suggests that, given a collection of
images out of the domain, our method can automatically construct
appropriate triplets and train an acceptable model in the zero-shot
setting. We also explore the setting of in-domain images, i.e., those
in FashionIQ and CIRR, and abbreviate the model trained with this
setting as SPN-IN. Under this setting, SPN-IN yields better results
than SPN-CC using out-of-domain data. This suggests that if in the
future we need to do a composed image retrieval task for a new
scene but with few labeling costs, an accepted solution is to use
our SPN method to automatically construct the positive examples
within this scene and train a model from scratch.

4.5 Case Study

Fig.5 indicates the retrieval cases of CLIP4CIR w/o and w SPN. The
first example is selected from CIRR, and the second one is from
FashionIQ. For both examples, we can find that using SPN allows
us to learn more of the rarer concepts (e.g. “llama”, "logo”), thus
enhancing the base model. In the meantime, we can find that the
base model has difficulty in retrieving the correct image when the
reference and target images are very different (e.g., "panda”
and “llama”, dress” and “tee”), and SPN narrows this gap. More
examples can be found in supplementary materials.

5 CONCLUSION

The Composed Image Retrieval (CIR) task uses a composed query
to retrieve target images. While existing methods have achieved
impressive results, limited labeled data and contrastive learning
with in-batch negative sampling limit the performance of their
methods. To address these problems, we first propose a data gen-
eration method using a multi-modal large language model to scale
positives. We then propose a two-stage fine-tuning framework to
scale negatives, introducing static representations of negatives in
the second stage. These improvements are plug-and-play, enhanc-
ing existing CIR models without architecture changes. Extensive
experiments show that we obtain state-of-the-art results on the
FashionIQ and CIRR datasets. Moreover, our method could be ap-
plied to zero-shot composed image retrieval, offering a novel solu-
tion for unannotated CIR scenarios.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927

928



Improving Composed Image Retrieval via Contrastive Learning with Scaling Positives and Negatives ACM MM, 2024, Melbourne, Australia

20 REFERENCES

930 [1] Xiang An, Jiankang Deng, Kaicheng Yang, Jaiwei Li, Ziyong Feng, Jia Guo, Jing

Vancouver, Canada, Michael J. Wooldridge, Jennifer G. Dy, and Sriraam Natara- 987
jan (Eds.). AAAI Press, 2991-2999. https://doi.org/10.1609/AAAIV3814.28081 988
[17] Junnan Li, Dongxu Li, Silvio Savarese, and Steven C. H. Hoi. 2023. BLIP-2:

Yang, and Tongliang Liu. 2023. Unicom: Universal and Compact Representation

931 . > © . 989
Learning for Image Retrieval. In The Eleventh International Conference on Learn- Eootst{appmg L;;Ilggalgeiln}a%e Prfftrallné“g with Fr OZ;? Ix;agiEncher ;g]cg
932 ing Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. OpenReview.net. 232?6 2;1;%uagle 23236 SI‘_In ? fmi_;o"a” (ggf;rer}l)ee Ond‘ ac tneA/Ieargl}ng,L 990
933 https://openreview.net/pdf?id=3YFDsSRSxB- Ve, & July , fTonoiuly, Hawatl, ( rocee ings of Machine Learn- 991
oss Yang Bai, Xinxing Xu, Yong Liu, Salman Khan, Fahad Shahbaz Khan, Wangmeng ing Research, Vol. ?02), Andreas Krause, Emma Brunskill, Kyunghyun Cho, Bar- 09
3 Zuo, Rick Siow Mong Gokh, and Chun-Mei Feng. 2023. Sentence-level Prompts bara Engelhard?, Sivan Sabato, and]enathan Scarlett (Eds.). PMLR, 19730-19742.
935 Benefit Composed Image Retrieval. CoRR abs/2310.05473 (2023). https:/doi. https://proceedings.mlr.press/v202/1i23q html ) . 993
036 org/10.48550/ ARXIV.2310.05473 arXiv:2310.05473 [18] Junnan L1,ADongxu Li, Caiming Xlong, find Stever? C. H.. HOL 2022. BLIP: 904
Alberto Baldrati, Lorenzo Agnolucci, Marco Bertini, and Alberto Del Bimbo. Bootstrapplng Language—'lmage Pre—tralr_ung for Unified Vlslon—Lenguage Un-
937 2023. Zero-Shot Composed Image Retrieval with Textual Inversion. In IEEE/CVF derstanding and Generation. In 'Internatlonal Conference on M?Ch’”e Learm'ng, 995
938 International Conference on Computer Vision, ICCV 2023, Paris, France, October iCML 420255 17 _23h7”‘l/3’12012622’)31‘21t’m01r£’ A/é‘zyl‘g}lld’ Usgi (fPrqcee]dmg{]s{ of I{\4a§h1ne 996
J1doi earning Research, Vol. , Kamalika Chaudhuri, Stefanie Jegelka, Le Song,
030 1-6, 2023. IEEE, 15292-15301. https://doi.org/10.1109/ICCV51070.2023.01407 s e, T ) e (Eds), BMLR e s, 007
Alberto Baldrati, Marco Bertini, Tiberio Uricchio, and Alberto Del Bimbo. 2022. P 4 g > AT - > - https:
940 Conditioned and composed image retrieval combining and partially fine-tuning {1{ proceit'i}?gs;/lnllrﬁ)relslsv/lv'l62/51122n.ht]r3n11 . Havs. Pietro P b 998
941 CLIP-based features. In IEEE/CVF Conference on Computer Vision and Pattern ] Rsung— ! 113nt IB ?le' al(rie,c e]fge J.Be Ogﬁlejjl?“;gsm a{/ff 1e rf(; Ce(r)(gg’ Ceva 999
. Recognition Workshops, CVPR Workshops 2022, New Orleans, LA, USA, June 19-20, amanan, Fiotr Dollar, and L. Lawrence Z1tnick. - Microso s Lom-
o 202 EEE 4955—49(51. https://doi.orgl/)IOJ109/CVPRW56347.2022.007543 mon Objects in Context. In Computer Vision - ECCV 2014 - 13th European Confer- 1000
943 ] Alberto Baldrati, Marco Bertini, Tiberio Uricchio, and Alberto Del Bimbo. 2024. ence, Zurich, S«eitzerland, September 6-12, 2014, Proceedings, PartV (Lect:{re Notes 1001
944 Composed Image Retrieval using Contrastive Learning and Task-oriented CLIP- ’ll"n Com{] "tfr ISCIEHCE‘Z’d Vol.5865"3), Da;r;%]& I;Leet,h'tftorrfjl/sdf’ejdla}llze;(r)l(t);(;};;elg, ;Il;j 1002
0as based Features. ACM Trans. Multim. Comput. Commun. Appl. 20, 3 (2024), 62:1- l(‘):gze 1“3’86 aars (Eds.). Springer, 740-755. ps://dot.org/10. I 1003
62:24. https://doi.org/10.1145/3617597 20 o .
946 ] Tim Brooks, Aleksander Holynski, and Alexei A. Efros. 2023. InstructPix2Pix: ] Haotian L1u,A Chunygan Li, Qingyang 'Wu, and Yong ]ae Lee. 202?' Vi- 1004
047 Learning to Follow Image Editing Instructions. In IEEE/CVF Conference on Com- iual I;l;trzctlonl 'I('}mmg. In Adv}t\l]nces llrIl NeuratlA Inf;rmathn P;ocissmg;)z;— 1005
puter Vision and Pattern Recognition, CVPR 2023, Vancouver, BC, Canada, June ems 36: Annual Conference on Neural Information Processing Systems s
948 17-24, 2023, IEEE, 18392-18402. https:/doi.org/10.1109/CVPR52729.2023.01764 NeurIPS 2023, New Orleans, LA, USA, December 10 - 16, 2023, Alice 1006
949 ] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey E. Hinton. 2020. Sh’ Trlsgan' Nau;liann, Am;lrttq}7berson, ‘Kate /Saenkofll M/OHtZ 23;‘;’}1 aI}S 1007
950 A Simple Framework for Contrastive Learning of Visual Representations. In Pro- ergey Levine (Eds.). b://papers.nips.cc/paper_Liles/paper as 1008
ceedings of the 37th International Conference on Machine Learning, ICML 2020, 13- 6dcf277ea3?ce32§8?14faf369fe6deO-Abstract—anference.html
951 18 July 2020, Virtual Event (Proceedings of Machine Learning Research, Vol. 119). ] g;lzelylian Lull{ C@St‘?lm ngdrllgl}}ezl Opazo, D;r}r’nen T'enegl,ver}d Ste%hin Gould. 1009
952 PMLR, 1597-1607. http://proceedings.mlr.press/v119/chen20j.html M d' lme}ge etn;;:‘];E?gV;;}_ 1e mage? VCV” re—tramec 1smn—ar:/‘- lang[ucag‘e/ 1010
] Yanbei Chen and Loris Bazzani. 2020. Learning Joint Visual Semantic Matching oaelss 2021 nternational Conference on Computer Vision, '
953 Embeddings for Language-Guided Retrieval. In Computer Vision - ECCV 2020 - 2021, Montreal, QC, Canada, October 10-17, 2021. IEEE, 2105-2114. https://doi. 1011
954 16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part XXII org/lo.110?/1CCY48922.2021.09213 . 1012
; ; : : ] Zheyuan Liu, Weixuan Sun, Yicong Hong, Damien Teney, and Stephen Gould.
955 (Lecture Notes in Compu?er Science, Vol. 12367), Andrea Vedaldi, Horst Blechof, 2023 Bi—directional Traini;l for Com os’ed Imaze Retrieval vin Text Promot 1013
Thomas Brox, and Jan-Michael Frahm (Eds.). Springer, 136-152. https://doi.org/ L T, CoRR abs/2303 16?04 2023 P htt '//g i-ora/10.48550/ ARXTY 2353
956 10.1007/978-3-030-58542-6_9 earning. CoRR abs . (2023). ps://doi.org/10. . . 1014
957 ] Ginger Delmas, Rafael Sampaio de Rezende, Gabriela Csurka, and Diane Lar- ) 121604 arXiY:ZS&;‘_I“M Sun. Damien T d Stephen Gould. 2023, Candi 1015
. ion- i i R ici ; eyuan Liu, Weixuan Sun, Damien Teney, and Stephen Gould. . Candi-
958 lus. 2022, ARTEMIS: Attention-based Retneval with Text-Explicit Metchmg date Set Re-ranking for Composed Image Retrieval with Dual Multi-modal En- 1016
and Implicit Similarity. In The Tenth International Conference on Learning Rep- der. CoRR abs/2305.16304 (2023). httns/doi.ore/ 1048550/ ARXIV.2305.16304
959 resentations, ICLR 2022, Virtual Event, April 25-29, 2022. OpenReview.net. https: co er: oRitabs : (2023). https://doi.org/10. e300 1017
960 //openreview.net/forum?id=CVfLvQq9gLo ﬁrXI?B}?S‘hIA?M d Frank Hutter. 2019. D led Weight D Reeul 1018
[10] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. 2009. Im- ] Tlya Loshchilov an ranx Hutter. - Decoupled Welght Decay Regular-
961 ageNet: A large-scale hierarchical image database. In 2009 IEEE Computer So- ization. In 7th International Conference on Lea(nmg Representations, IC'LR 2019, 1019
962 ciety Conference on Computer Vision and Pattern Recognition (CVPR 2009), 20- tNeW O;l;arésf( ngg&?n May 6-9, 2019. OpenReview.net. https://openreview.net/ 1020
963 2 June 200 ?’lgg“c%é:lggg?’s;éi?;};EEE Computer Society, 245-255. _ hips: (25] Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan Lee. 2019, VILBERT: 1021
o1.org/10. - - L . AT - e ) .
964 Eric Dodds, Jack Culpepper, Simao Herdade, Yang Zhang, and Kofi Boakye. 2020. EretralnlngT TiSk'?g];O;tlc VIS{OIIZgUIStllCI Representagons for \S/'lslon—ar;c; 1022
965 Modality-Agnostic Attention Fusion for visual search with text feedback. CoRR anguage lasks. In Advances In Neura nformat_zon rocessing Systems 32: 1023
st abs/2007.00145 (2020). arXiv:2007.00145 https://arxiv.org/abs/2007.00145 ?5‘1’;”% C”"J; er"”?j:’;o}ﬁ”yl Infor '"“I?C""CP rocessing SW‘I’\;I"S \;0111 % ]i\’elf‘lﬂg S oo
Geonmo Gu, Sanghyuk Chun, Wonjae Kim, HeeJae Jun, Yoohoon Kang, and » Lecember 5-14, » vancouver, 5C, Lanada, Hanna M. Wallach, Hugo
967 Sangdoo Yun. 2023. CompoDiff: Versatile Composed Image Retrieval With La- Larocgelle, é\h;:lg Be}llgelzz;mer,h Florj;lce dlkéehe-Buc, Emll}; B. F‘;Zbla;;ﬁ R];)/' 1025
968 tent Diffusion. CoRR abs/2303.11916 (2023). https://doi.org/10.48550/ ARXIV. man Garnett (Eds.). 13-23.  https://proceedings.neurips.cc/paper as 1026
2303.11916 arXiv:2303.11916 ¢74d97b01eae257e44aa9d5bade97baf- Abstract.html
969 ] Kaiming He, Haogi Fan, Yuxin Wu, Saining Xie, and Ross B. Girshick. 2020. ] Eng-Jon Ong, Sameed Husain, and Miroslaw Bober. 2017. Siamese Network of 1027
970 Momentum Contrast for Unsupervised Visual Representation Learning. In 2020 DeeP Fisher-Vector Descrlpters for Image Retrieval. CoRR abs/1702.00338 (2017). 1028
IEEE/CVF Conference on Computer Vision and Pattern Recognition, CVPR 2020, arXiv:1702.00338 http:A//ar_xlvAorg/abs/l_702.00338 .
o Seattle, WA, USA, June 13-19, 2020. Computer Vision Foundation / IEEE, 9726— ] Bryan A. Plummer, Liwei Wang, Chris M. Cervantes, Juan C. Caicedo, Ju- 10
972 9735. Jhttps’://doij.org/la1109,/CVPR42600.2020.00975 ’ lia Hockenmaier, and Svetlana Lazebnik. 2015. Flickr30k Entities: Collecting 1030
973 [14] Jongseok Kim, Youngjae Yu, Hoeseong Kim, and Gunhee Kim. 2021. Dual Com- l;;]g;o?}z—lt;%-fl’htrase t(;orr?sgondences foréhchert Im;g?'to_?ggzin;g] é\d;delts: In 1031
074 positional Learning in Interactive Image Retrieval. In Thirty-Fifth AAAI Confer- Chile. D nbern;z ;gngowolrg];g’ge on N ‘"gp ul etr 2121:1"’ 5649, ht ’A//“im‘ zago/, 1032
ence on Artificial Intelligence, AAAI 2021, Thirty-Third Conference on Innovative tie, December /=12, - omputer Society, B - https://doLorg
975 Applications of Artificial Intelligence, IAAI 2021, The Eleventh Symposium on Ed- 10.1109/ICCV.2015.303 ) . . . 1033
976 ucational Advances in Artificial Intelligence, EAAI 2021, Virtual Event, February ] Alec Rafiford, Jong WF’Ok Kim, Chris Hallacy, Aditya Ram'esh,' Gabriel Goh, 1034
2-9, 2021. AAAI Press, 1771-1779. https:/doi.org/10.1609/AAALV3512.16271 Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
977 Selingmin Lee Dong\;van Kim, and Bohyung Han. 2021. CoSMo: Content-Style Gretchen Krueger, and Ilya Sutskever. 2021. Learning Transferable Visual Mod- 1035
978 Modulation for Image Retrieval With Text Feedback. In IEEE Conference on Com- els From Natural Lapguage Sgpervlsmn In Proceedings of the 3_8th International 1036
979 puter Vision and Pattern Recognition, CVPR 2021, virtual, June 19-25, 2021. Com- Conference on Ma_ehme Lea_rnmg, ICML 2021, 18-24 ]u'ly 20213 Virtual Event (Pro- 1037
puter Vision Foundation / IEEE, 802-812. https://doi.org/10.1109/CVPR46437. ceedings of Machine Learning Research, Vol. 139), Marina Meila and Tong Zhang
980 2021.00086 (Eds.). PMLR, 8748-8763. http://proceedings.mlr.press/v139/radford21a.html 1038
981 Matan Levy, Rami Ben-Ari, Nir Darshan, and Dani Lischivski. 2024. ]?ata Ream— ] g;’zil: asx"licllt%oﬁla}llsylggstseih;(’)z)gu;nigzalsztig"fvlcg;;?jg;Iilft Eésﬁgi;jﬁ:‘fii’ ZK;t:_ 1039
982 ing and Quality Assessiment for Composed Image Ren.fleval: In Thirty-Eighth shot Composed Image Retrieval. In IEEE/CVF Conference on Computer Vision and 1040
AAAI Conference on Artificial Intelligence, AAAI 2024, Thirty-Sixth Conference on Patter R ition. CVER 2023, Vi BC Conad, 17-24 2023, IEEE
983 Innovative Applications of Artificial Intelligence, IAAI 2024, Fourteenth Symposium atiern kecognition, : . Vancouver, BC, Canada, june 17-24, - > 1041
984 on Educational Advances in Artificial Intelligence, EAAI 2014, February 20-27, 2024, 19305-19314. https:/doi.org/10.1109/CVPR52729.2023.01850 1042
985 1043
986 1044


https://openreview.net/pdf?id=3YFDsSRSxB-
https://doi.org/10.48550/ARXIV.2310.05473
https://doi.org/10.48550/ARXIV.2310.05473
https://arxiv.org/abs/2310.05473
https://doi.org/10.1109/ICCV51070.2023.01407
https://doi.org/10.1109/CVPRW56347.2022.00543
https://doi.org/10.1145/3617597
https://doi.org/10.1109/CVPR52729.2023.01764
http://proceedings.mlr.press/v119/chen20j.html
https://doi.org/10.1007/978-3-030-58542-6_9
https://doi.org/10.1007/978-3-030-58542-6_9
https://openreview.net/forum?id=CVfLvQq9gLo
https://openreview.net/forum?id=CVfLvQq9gLo
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1109/CVPR.2009.5206848
https://arxiv.org/abs/2007.00145
https://arxiv.org/abs/2007.00145
https://doi.org/10.48550/ARXIV.2303.11916
https://doi.org/10.48550/ARXIV.2303.11916
https://arxiv.org/abs/2303.11916
https://doi.org/10.1109/CVPR42600.2020.00975
https://doi.org/10.1609/AAAI.V35I2.16271
https://doi.org/10.1109/CVPR46437.2021.00086
https://doi.org/10.1109/CVPR46437.2021.00086
https://doi.org/10.1609/AAAI.V38I4.28081
https://proceedings.mlr.press/v202/li23q.html
https://proceedings.mlr.press/v162/li22n.html
https://proceedings.mlr.press/v162/li22n.html
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
http://papers.nips.cc/paper_files/paper/2023/hash/6dcf277ea32ce3288914faf369fe6de0-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/6dcf277ea32ce3288914faf369fe6de0-Abstract-Conference.html
https://doi.org/10.1109/ICCV48922.2021.00213
https://doi.org/10.1109/ICCV48922.2021.00213
https://doi.org/10.48550/ARXIV.2303.16604
https://doi.org/10.48550/ARXIV.2303.16604
https://arxiv.org/abs/2303.16604
https://doi.org/10.48550/ARXIV.2305.16304
https://arxiv.org/abs/2305.16304
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://proceedings.neurips.cc/paper/2019/hash/c74d97b01eae257e44aa9d5bade97baf-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/c74d97b01eae257e44aa9d5bade97baf-Abstract.html
https://arxiv.org/abs/1702.00338
http://arxiv.org/abs/1702.00338
https://doi.org/10.1109/ICCV.2015.303
https://doi.org/10.1109/ICCV.2015.303
http://proceedings.mlr.press/v139/radford21a.html
https://doi.org/10.1109/CVPR52729.2023.01850

1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

[30]

[31]

[32]

[33

[34

[35]

[36]

[37

[38]

[39

[40

[41]

Florian Schroff, Dmitry Kalenichenko, and James Philbin. 2015. FaceNet: A uni-
fied embedding for face recognition and clustering. In IEEE Conference on Com-
puter Vision and Pattern Recognition, CVPR 2015, Boston, MA, USA, June 7-12, 2015.
IEEE Computer Society, 815-823. https://doi.org/10.1109/CVPR.2015.7298682
Adron van den Oord, Yazhe Li, and Oriol Vinyals. 2018. Representation
Learning with Contrastive Predictive Coding. CoRR abs/1807.03748 (2018).
arXiv:1807.03748 http://arxiv.org/abs/1807.03748

Lucas Ventura, Antoine Yang, Cordelia Schmid, and Giil Varol. 2024. CoVR:
Learning Composed Video Retrieval from Web Video Captions. In Thirty-Eighth
AAAI Conference on Artificial Intelligence, AAAI 2024, Thirty-Sixth Conference on
Innovative Applications of Artificial Intelligence, IAAI 2024, Fourteenth Symposium
on Educational Advances in Artificial Intelligence, EAAI 2014, February 20-27, 2024,
Vancouver, Canada, Michael J. Wooldridge, Jennifer G. Dy, and Sriraam Natara-
jan (Eds.). AAAI Press, 5270-5279. https://doi.org/10.1609/AAAILV3816.28334
Nam Vo, Lu Jiang, Chen Sun, Kevin Murphy, Li-Jia Li, Li Fei-Fei, and James Hays.
2019. Composing Text and Image for Image Retrieval - an Empirical Odyssey.
In IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2019, Long
Beach, CA, USA, June 16-20, 2019. Computer Vision Foundation / IEEE, 6439~
6448. https://doi.org/10.1109/CVPR.2019.00660

Chao Wang, Ehsan Nezhadarya, Tanmana Sadhu, and Shengdong Zhang. 2022.
Exploring Compositional Image Retrieval with Hybrid Compositional Learning
and Heuristic Negative Mining. In Findings of the Association for Computational
Linguistics: EMNLP 2022, Abu Dhabi, United Arab Emirates, December 7-11, 2022,
Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang (Eds.). Association for Com-
putational Linguistics, 1273-1285. https://doi.org/10.18653/V1/2022.FINDINGS-
EMNLP.92

Haokun Wen, Xian Zhang, Xuemeng Song, Yinwei Wei, and Ligiang Nie. 2023.
Target-Guided Composed Image Retrieval. In Proceedings of the 31st ACM In-
ternational Conference on Multimedia, MM 2023, Ottawa, ON, Canada, 29 October
2023- 3 November 2023, Abdulmotaleb El-Saddik, Tao Mei, Rita Cucchiara, Marco
Bertini, Diana Patricia Tobon Vallejo, Pradeep K. Atrey, and M. Shamim Hossain
(Eds.). ACM, 915-923. https://doi.org/10.1145/3581783.3611817

Hui Wu, Yupeng Gao, Xiaoxiao Guo, Ziad Al-Halah, Steven Rennie, Kristen
Grauman, and Rogério Feris. 2021. Fashion IQ: A New Dataset Towards Re-
trieving Images by Natural Language Feedback. In IEEE Conference on Computer
Vision and Pattern Recognition, CVPR 2021, virtual, June 19-25, 2021. Computer Vi-
sion Foundation / IEEE, 11307-11317. https://doi.org/10.1109/CVPR46437.2021.
01115

Zhirong Wu, Yuanjun Xiong, Stella X. Yu, and Dahua Lin. 2018. Unsupervised
Feature Learning via Non-Parametric Instance Discrimination. In 2018 IEEE Con-
ference on Computer Vision and Pattern Recognition, CVPR 2018, Salt Lake City,
UT, USA, June 18-22, 2018. Computer Vision Foundation / IEEE Computer Soci-
ety, 3733-3742. https://doi.org/10.1109/CVPR.2018.00393

Yahui Xu, Yi Bin, Jiwei Wei, Yang Yang, Guoqing Wang, and Heng Tao Shen.
2023. Multi-Modal Transformer With Global-Local Alignment for Composed
Query Image Retrieval. IEEE Trans. Multim. 25 (2023), 8346-8357. https://doi.
org/10.1109/TMM.2023.3235495

Yahui Xu, Yi Bin, Jiwei Wei, Yang Yang, Guoqing Wang, and Heng Tao Shen.
2023. Multi-Modal Transformer With Global-Local Alignment for Composed
Query Image Retrieval. IEEE Trans. Multim. 25 (2023), 8346-8357. hittps://doi.
org/10.1109/TMM.2023.3235495

Feifei Zhang, Ming Yan, Ji Zhang, and Changsheng Xu. 2022. Comprehensive Re-
lationship Reasoning for Composed Query Based Image Retrieval. In MM ’22: The
30th ACM International Conference on Multimedia, Lisboa, Portugal, October 10 -
14, 2022, Joao Magalhaes, Alberto Del Bimbo, Shin’ichi Satoh, Nicu Sebe, Xavier
Alameda-Pineda, Qin Jin, Vincent Oria, and Laura Toni (Eds.). ACM, 4655-4664.
https://doi.org/10.1145/3503161.3548126

Yida Zhao, Yuqing Song, and Qin Jin. 2022. Progressive Learning for Image
Retrieval with Hybrid-Modality Queries. In SIGIR °22: The 45th International
ACM SIGIR Conference on Research and Development in Information Retrieval,
Madrid, Spain, July 11 - 15, 2022, Enrique Amigo, Pablo Castells, Julio Gonzalo,
Ben Carterette, J. Shane Culpepper, and Gabriella Kazai (Eds.). ACM, 1012-1021.
https://doi.org/10.1145/3477495.3532047

Anonymous Authors

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160


https://doi.org/10.1109/CVPR.2015.7298682
https://arxiv.org/abs/1807.03748
http://arxiv.org/abs/1807.03748
https://doi.org/10.1609/AAAI.V38I6.28334
https://doi.org/10.1109/CVPR.2019.00660
https://doi.org/10.18653/V1/2022.FINDINGS-EMNLP.92
https://doi.org/10.18653/V1/2022.FINDINGS-EMNLP.92
https://doi.org/10.1145/3581783.3611817
https://doi.org/10.1109/CVPR46437.2021.01115
https://doi.org/10.1109/CVPR46437.2021.01115
https://doi.org/10.1109/CVPR.2018.00393
https://doi.org/10.1109/TMM.2023.3235495
https://doi.org/10.1109/TMM.2023.3235495
https://doi.org/10.1109/TMM.2023.3235495
https://doi.org/10.1109/TMM.2023.3235495
https://doi.org/10.1145/3503161.3548126
https://doi.org/10.1145/3477495.3532047

	Abstract
	1 Introduction
	2 Related Work
	3 Method
	3.1 Preliminary
	3.2 Scaling Positive Examples
	3.3 Scaling Negative Examples

	4 Experiments
	4.1 Experimental Setup
	4.2 Main Results
	4.3 Ablation Study
	4.4 Results of Zero-Shot CIR
	4.5 Case Study

	5 Conclusion
	References

