
CoLLM: A Large Language Model for Composed Image Retrieval

Chuong Huynh1⇤ Jinyu Yang2† Ashish Tawari2 Mubarak Shah2,3 Son Tran2

Raffay Hamid2 Trishul Chilimbi2 Abhinav Shrivastava1

1 University of Maryland, College Park 2 Amazon
3 Center for Research in Computer Vision, University of Central Florida

1{chuonghm, abhinav}@cs.umd.edu
2{viyjy, atawari, sontran, raffay, trishulc}@amazon.com 3shah@crcv.ucf.edu

Abstract

Composed Image Retrieval (CIR) is a complex task that
aims to retrieve images based on a multimodal query. Typ-
ical training data consists of triplets containing a ref-
erence image, a textual description of desired modifica-
tions, and the target image, which are expensive and time-
consuming to acquire. The scarcity of CIR datasets has led
to zero-shot approaches utilizing synthetic triplets or lever-
aging vision-language models (VLMs) with ubiquitous web-
crawled image-caption pairs. However, these methods have
significant limitations: synthetic triplets suffer from lim-
ited scale, lack of diversity, and unnatural modification text,
while image-caption pairs hinder joint embedding learn-
ing of the multimodal query due to the absence of triplet
data. Moreover, existing approaches struggle with complex
and nuanced modification texts that demand sophisticated
fusion and understanding of vision and language modali-
ties. We present CoLLM, a one-stop framework that effec-
tively addresses these limitations. Our approach generates
triplets on-the-fly from image-caption pairs, enabling su-
pervised training without manual annotation. We leverage
Large Language Models (LLMs) to generate joint embed-
dings of reference images and modification texts, facilitat-
ing deeper multimodal fusion. Additionally, we introduce
Multi-Text CIR (MTCIR), a large-scale dataset comprising
3.4M samples, and refine existing CIR benchmarks (CIRR
and Fashion-IQ) to enhance evaluation reliability. Exper-
imental results demonstrate that CoLLM achieves state-of-
the-art performance across multiple CIR benchmarks and
settings. MTCIR yields competitive results, with up to 15%
performance improvement. Our refined benchmarks pro-
vide more reliable evaluation metrics for CIR models, con-
tributing to the advancement of this important field. Project
page is at collm-cvpr25.github.io.

⇤This work was done during internship at Amazon. † Project lead.
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(b) Recall Sum of state-of-the-art methods on CIR benchmarks

Figure 1. (a) An example of CIR. (b) Recall Sum at {1,10,50} for
CIRR and {10, 50} for Fashion-IQ between CoLLM and state-of-
the-art (SoTA) models under zero-shot settings. We evaluate two
training scenarios: (i) without triplet data and (ii) with synthetic
triplet data.

1. Introduction
Composed Image Retrieval (CIR) enhances traditional im-
age retrieval [42, 62] by combining text and image queries,
offering greater flexibility in search systems, with applica-
tions in e-commerce, fashion, and design [9, 12, 20, 63, 67].
As illustrated in Fig. 1a, CIR retrieves similar items, such
as shirts, where the reference image provides a visual basis,
and the modification text specifies desired modifications.
By expanding the capabilities of conventional image or text-
based searches, CIR allows for more nuanced and specific
queries. However, this advanced approach also presents sig-
nificant challenges compared to traditional image retrieval.

Supervised CIR approaches face challenges in data ac-
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quisition. They require high-quality CIR triplets (refer-
ence image, target image, and modification text), collected
through a labor-intensive and expensive process. Conse-
quently, existing CIR triplet datasets are limited in scale
and domain coverage, restricting model generalizability.
To overcome these limitations, recent CIR methods [14,
23, 28, 58, 64] have adopted zero-shot approaches [36].
These can be broadly categorized into two strategies: (i)
leveraging vision-language models [29, 45, 53] (VLMs)
for composed query embedding generation, and (ii) gen-
erating synthetic triplets for supervised training. VLM-
based approaches utilize pre-trained models that already
align vision and language features in latent space. These
methods rely on large-scale image-caption pairs and fol-
low two main directions, i.e., textual inversion [8, 15, 55]
and direct interpolation [21]. Synthetic triplet generation
approaches [23, 28, 64] employ Large Language Models
(LLMs) [7, 57, 65] to generate modification text, with Com-
poDiff [14] further utilizing diffusion models [5, 46] to cre-
ate synthetic reference-target image pairs. Despite the re-
cent advances in CIR, several critical challenges persist:
• [Data] Limitation-1: VLM-based methods may hinder

efficient and effective composed query embedding learn-
ing by relying solely on image-caption pairs.

• [Data] Limitation-2: Existing synthetic triplet datasets
often suffer from a lack of diversity and unnatural modifi-
cation text. Moreover, these datasets are either very small
or closed-source, impeding research progress in the field.

• [Model] Limitation-3: Current methods for composed
query embeddings mainly use shallow transformer mod-
els or linear interpolation. While these methods are com-
putationally efficient, they lack the ability to capture the
full complexity of the composed understanding tasks.

• [Evaluation] Limitation-4: Existing CIR benchmarks
are often compromised by noise, particularly in the form
of ambiguous samples. Ambiguity arises when multiple
target images can correctly match a single query, but only
one is labeled as the ground truth, ignoring valid matches.
Although CIRCO [4] attempts to address this issue, its ef-
forts are limited in scale. This ambiguity in benchmarks
hinders meaningful model evaluation and comparison.

We propose CoLLM, an LLM-based CIR approach to
address the aforementioned limitations. CoLLM tackles
Limitation-1 by dynamically synthesizing triplets from
image-caption pairs, introducing two key components: a
reference image embedding synthesis and a modification
text synthesis module. The former employs Spherical Lin-
ear Interpolation [52] (Slerp) to generate an intermediate
embedding between a given image and its nearest neighbor
within the training batch, serving as a synthesized reference
image embedding. The latter utilizes a pre-defined text in-
terpolation template to generate modification text based on
the current caption and that of the nearest image neighbor.

This strategy effectively leverages the vast amount of read-
ily available image-caption pairs on the Internet, enabling a
model’s training in a supervised CIR manner. By doing so,
CoLLM overcomes the scarcity of labeled triplet data and
paves the way for more robust and scalable CIR models.

To address Limitation-2, we introduce Multi-Text CIR
(MTCIR), a synthetic dataset of 3.4M image pairs with
17.7M modification texts. MTCIR focuses on two often-
overlooked aspects: image diversity and naturalistic modifi-
cation texts. We curated images from diverse sources to en-
sure variety. For modification text generation, we employ a
two-stage approach using Multi-modal LLM (MLLM) [34,
35] for detailed captioning and LLM for describing inter-
caption differences. Uniquely, MTCIR provides multiple
short modification texts for each image pair, covering vari-
ous attributes. This better reflects human query formulation,
offering a more realistic, comprehensive training founda-
tion for CIR models.

To overcome Limitation-3, CoLLM harnesses the
power of LLMs for composed query understanding. It is
motivated by the extensive world knowledge embedded in
pre-trained LLMs. With their deep semantic understanding,
we posit that LLMs are superior to shallow transformers and
simple embedding interpolation techniques in comprehend-
ing the intricate relationships between reference images and
modification texts. By leveraging LLMs, CoLLM aims to
capture nuanced semantic connections, enhancing the qual-
ity and relevance of composed image retrieval results.

To address Limitation-4, we refine two popular CIR
benchmarks: CIRR [37] and Fashion-IQ [61]. We use
MLLMs to evaluate sample ambiguity in each benchmark
and regenerate clear modification text for ambiguous ones.
Our pipeline incorporates multiple validation steps to guar-
antee the enhanced quality of the refined samples.

Our main contributions can be summarized as: (i) We
propose a method to synthesize CIR triplets on-the-fly from
image-caption pairs, which can even outperform models
trained on CIR triplets, eliminating the need for costly CIR
datasets. (ii) We collect and will release MTCIR, a new
CIR triplet dataset covering 3.4 million image pairs with
17.7 million modification texts. To our knowledge, MTCIR
is the largest open-source synthetic CIR dataset. (iii) We in-
troduce an approach to leverage LLMs for composed query
understanding, utilizing their instruction-following and em-
bedding generation capabilities. (iv) We refine CIRR and
Fashion-IQ to provide more robust evaluation benchmarks
for the CIR community. Extensive experiments on popular
CIR benchmarks and settings demonstrate the effectiveness
of our model innovations and new datasets ( Fig. 1b).

2. Related Works

Composed Image Retrieval. Composed Image Retrieval
(CIR) has garnered significant attention due to its flexibil-
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ity in search systems [37, 43, 48]. Zero-shot CIR meth-
ods have been extensively explored, with textual inver-
sion [4, 8, 15, 49, 55] emerging as a prominent technique.
This approach maps image encoder outputs to text encoder
inputs, creating pseudo-word tokens. SlerpTAT [21] em-
phasizes the text encoder’s importance by re-aligning visual
and textual embeddings. While most zero-shot CIR models
utilize image-caption pairs for training, our work introduces
an innovative method to synthesize triplets from these pairs
during training. This method enables supervised CIR style
training, enhancing the model’s understanding of composed
queries without relying on real CIR datasets.

Recent works enhance enhancing models’ language un-
derstanding using Large Language Models (LLMs) [26,
30], primarily leveraging their text generation abilities.
MCL [30] composes image-text query in the LLM input
space and aligns joint embedding with the target image cap-
tion. However, this may introduce noise due to limited vi-
sual information in the target image captions. CIReVL [26]
employs LLMs to generate captions based on the reference
image and modification text, subsequently retrieving the tar-
get image using a text-to-image retrieval approach. Our
model also utilizes LLMs but differs by directly producing
a composed query embedding for target image retrieval, po-
tentially reducing intermediate steps and associated errors.
CIR with Synthetic Datasets. The scarcity of supervised
CIR datasets has prompted recent studies to leverage gener-
ative models for synthetic triplet creation. CompoDiff [14]
employs image editing pipelines [5, 46] to generate target
images, though their nature limits performance. Other ap-
proaches [23, 28, 58, 59, 64] utilize LLMs to generate mod-
ification text for real image pairs. Our work introduces a
novel two-stage approach, combining MLLMs [34, 35] for
detailed captioning and LLMs [1, 2] for describing inter-
caption differences. Distinctively, our synthetic triplets pro-
vide multiple concise modification texts for each image pair,
encompassing various attributes, in contrast to the conven-
tional single, lengthy modification text. This enables a more
nuanced representation of image modifications, potentially
improving CIR model performance and versatility.
Large Language Models. Recent advancements in LLMs
have expanded their applications beyond text generation to
include image understanding [34, 35] and text embedding
generation [40, 60, 68]. Large Language Embedding Mod-
els (LLEMs) are specialized versions trained using con-
trastive learning, leveraging LLM knowledge for embed-
ding generation while often disabling text generation capa-
bilities. To enhance text embedding quality, [27, 31, 39]
propose removing causal attention in LLMs, thereby im-
proving text information encoding efficiency and train-
ing these modified LLMs on text retrieval datasets. This
text retrieval capability has been further extended to text-
image retrieval by aligning visual and LLM text embed-
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Figure 2. An overview of our model and training strategies when
using (a) image-caption pairs and (b) CIR triplets.

ding spaces [22, 25, 38]. These developments demonstrate
the potential of LLMs for composed query understanding
in CIR tasks. Our work builds upon this foundation, ex-
tending LLMs/LLEMs to generate composed query embed-
dings by incorporating reference images and modification
text. This novel approach leverages the multimodal capabil-
ities of LLMs to enhance the performance of CIR systems,
leading to more accurate and context-aware image retrieval.

3. Method
This section outlines our methodology, starting with a brief
overview of the model architecture, followed by a formal
CIR problem definition. We then detail our triplet synthesis
strategy, including reference image embedding and modifi-
cation text synthesis, using image-caption pairs. Lastly, we
describe our LLM-based query composition approach.
3.1. Model Architecture
As illustrated in Fig. 2, CoLLM consists of several essential
components: (1) a vision encoder f(·) for extracting image
features; (2) modules for synthesizing reference image em-
beddings and modification text; (3) an image adapter g(·)
that maps visual features into the language model’s seman-
tic space; (4) a LLM �(·) that processes multimodal queries
and (5) a projection layer proj(·) (omitted from the figure
for simplicity) that maps the LLM output to a suitable repre-
sentation for retrieval. It is important to note that Fig. 2 (a)
and Fig. 2 (b) illustrate architectures designed for two dis-
tinct input formats. The former is tailored for image-caption
pairs, while the latter is optimized for CIR triplets.

3.2. CoLLM with Image-Caption Pairs as Input
Let X = {(vi, wi)}Ni=1 denote a set of image-caption pairs,
where vi and wi represent the image and caption of the
ith sample, respectively. To effectively leverage the vast
amount of image-caption pairs, we introduce a novel ap-
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Figure 3. An overview of reference image embedding synthesis
and modification text synthesis. The red-framed image represents
the nearest neighbor of the augmented image in the training batch.

proach that synthesizes a CIR triplet on-the-fly for each
image-caption pair (vi, wi). In this process, vi serves as
the target image, while two distinct modules generate the
remaining components: (i) a reference image embedding
synthesizer and (ii) a modification text synthesizer (Fig. 2a).
Notably, we do not generate an actual image for reference
image synthesis. Instead, we synthesize the reference image
embedding, which is computationally more efficient and al-
lows seamless integration into the CIR pipeline. This for-
mulation enables CoLLM to exploit the rich information
in image-caption pairs, transforming them into CIR triplets
that can be used for training. The following subsections de-
tail the specific mechanisms for synthesizing the reference
image embedding and the modification text.
Reference Image Embedding Synthesis. Our reference
image embedding synthesis process is illustrated in Fig. 3
(left). We begin by applying an augmentation t ⇠ T to
the input image vi, where T represents a family of augmen-
tations. The resulting augmented image is denoted as v0i,
with its corresponding embedding h0

i = f(v0i). For h0
i, we

identify its in-batch nearest neighbor v0j with j defined as:

j = argmax
j 6=i; j2{1,...B}

sim(h0
i,h

0
j), (1)

where B is the batch size, h0
j = f(v0j), and sim(u,v) =

uTv/(kukkvk) denotes cosine similarity.
We then employ Spherical Linear Interpolation

(Slerp) [52] to synthesize the reference image embedding
by interpolating between h0

i and h0
j . The synthesized

reference image embedding is obtained as:

✓ = arccos(h0
i · h0

j)

h⇤
i =

sin(↵✓)

sin ✓
h0
i +

sin ((1� ↵)✓)

sin ✓
h0
j ,

(2)

where ↵ 2 [0, 1] is a hyper-parameter controlling the inter-
polation strength. The intuition behind this approach is that
an image with embedding h⇤

i shares certain visual similari-
ties with the target image vi. Specifically, a larger ↵ results

in h⇤
i more closely resembling h0

i, allowing for fine-grained
control over the synthesized embedding.
Modification Text Synthesis. For the augmented image
v0i, its nearest neighbor is (v0j , wj). To generate the mod-
ification text w⇤

i , we use text interpolation to combine wi

and wj using pre-defined templates, as illustrated in Fig. 3
(right). The complete set of templates is provided in the
supplementary material. During training, we randomly se-
lect a template for each sample to ensure diversity in the
synthesized modification text. It is worth noting that we
do not simply use wi as the modification text for two pri-
mary reasons: (i) wi alone fails to capture the visual dif-
ferences between the reference image and the target image.
(ii) Using only wi could lead to model cheating, where it
learns to rely solely on wi for retrieval while ignoring the
reference image. Our synthesis approach, in contrast, mim-
ics real-world modification text, which often describes both
similarities and differences between the reference and tar-
get images. Furthermore, this strategy forces the model to
learn composed query embeddings by considering both the
reference image and the modification text simultaneously.

By combining the synthesized reference embedding h⇤
i

and the interpolated modification text w⇤
i , our method gen-

erates diverse CIR triplets from image-caption pairs. This
approach enables effective training of the CoLLM model
on large-scale image-caption datasets, effectively mitigat-
ing the dependency on scarce labeled triplet data.
Query Composition with LLM. To construct the com-
posed query, we utilize a pre-trained LLM that processes the
synthesized reference image embedding h⇤

i , image caption
wi, and the synthesized modification text w⇤

i . We define
three distinct composed embeddings:

cvi = p(�(g(h⇤
i ))) (3)

cwi = p(�(wi)) (4)
ci = p(�([g(h⇤

i );w
⇤
i ])) (5)

where [; ] denotes an instruction template that combine two
modalities (see supplementary material).
Training Objective. We employ a contrastive loss Lcl [44],
consistent with previous works [56, 59], to compute the loss
between query embeddings {cvi , cwi , ci} and the target im-
age embedding zi = f(vi). The final loss for each sample
during pre-training is defined as:

L =
1

3
(Lcl(c

v
i , zi) + Lcl(c

w
i , zi) + Lcl(ci, zi)) (6)

This formulation encourages the model to learn discrimi-
native representations for different query types while main-
taining consistency with the target image embedding. By
combining losses from image-to-image (cvi ), text-to-image
(cwi ), and composed (ci) queries, we ensure that the model
learns to effectively process and align various input modal-
ities for compositional image retrieval.
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Table 1. Comparison of synthetic CIR training datasets.

Dataset Public
Reference-Target Image Pair Modification Text Generation

Type Source # Pairs # Entities LLM LLM input # Text # Text/Pair

LaSCo [28] X image VQAv2 [13] 360K 82K GPT-3 [6] question-answer 360K 1

VDG [23] X image NLVR2 [54], COCO [32] 467K 183K Vision-LLaMA2 image pair 523K 1.12

WebCoVR [59] X video WebVid2M [3] 1.6M 131K Custom LLM caption 1.6M 1

CC-CoIR [58] X image CC3M [51] 3.3M 357K Custom LLM caption 3.3M 1

SynthTriplets [14] synth. image SD [46], IP2P [5] 18.8M 37.6M OPT-6.7B [65] - 18.8M 1

MagicLens [64] image Web crawled 36.5M - PaLM [7] image metadata 36.5M 1

MTCIR (Ours) X image LLaVA-558k [34] 3.4M 423K Sonnet 3 [2] synth. caption 17.7M 5.18

Category Modification Text
Object Added Add a person’s hand holding the cup.
Attribute Changed Modify the liquid being poured.
Object Removed Remove the social media text overlay.

Reference Image Target Image

Figure 4. An example from the MTCIR dataset. Each sample
contains multiple short texts describing different modifications.

3.3. CoLLM with CIR Triplet as Input
For CIR triplet inputs, our model design is shown in Fig. 2b.
Let X = {(vri , vti , wi)}Ni=1 be a set of triplets, where vri ,
vti , and wi represent the reference image, target image, and
modification text of the ith sample, respectively. The refer-
ence embedding is obtained as hi = f(vri ). The composed
embedding is then computed as ci = p(�([g(hi);wi])).
The training objective is L = Lcl(ci, zi), where zi = f(vti)
denotes the target embedding.

4. Dataset Construction
This section outlines the data construction process for two
primary objectives: (1) creating a novel CIR training dataset
called Multi-Text CIR (MTCIR) and (2) refining widely
used CIR benchmarks, specifically CIRR [37] and Fashion-
IQ [61]. We detail the methodologies for each task, high-
lighting the improvements and innovations.

4.1. Multi-Text CIR (MTCIR) Dataset
Existing CIR triplet datasets [23, 28, 59] lack diversity and
contain unnatural modification text. We introduce Multi-
Text CIR (MTCIR) to address these limitations.

To enhance image diversity, we source images from
the LLaVA-558k dataset [34] filtered from image cap-
tion datasets [41, 50, 51] based on noun-phrase frequency
for broad concept coverage. We pair images using CLIP
[45] visual similarity metrics, following CIRR’s group-
ing approach, yielding 3.4M pairs from approximately
423K images. Leveraging the detailed captions gener-
ated by LLaVA-Next-34B [35] for each image in the
LLaVA-558k dataset, we employ Claude 3 Sonnet [2]

Unchanged Regenerate Remove Cannot process

40%

54%

4% 2%

(a) CIRR

39%

46%

7%
8%

(b) FIQ-Dress

53%40%

6% 1%

(c) FIQ-Shirt

52%41%

5% 2%

(d) FIQ-Toptee

Figure 5. Statistical analysis of the refinement process for CIRR
and FashionIQ (FIQ) datasets.

Original Text One puppy looking at the camera.

Regenerated Text
The dog is indoors on a tiled floor with a 
food bowl nearby.

Reference Image Target Image Similar Image

Figure 6. An example from the refined CIRR dataset. The orig-
inal modification text yields multiple plausible results (shown as
similar images to the target on the right). In contrast, the newly
generated text accurately captures the distinctive features of the
target image, differentiating it from other candidates.

(20240229-v1:0) to generate modification text for each
image pair, using these captions as input. To control de-
tail levels in Claude outputs, we define six modification text
categories in the prompt, inspired by prior research [4, 37].
This approach maintains diverse aspects and prevents repe-
tition. We also incorporate examples from the CIRR dataset
to ensure human-like modification text. Detailed prompting
strategies are provided in the supplementary material.

Our method generates multiple brief, focused texts for
each image pair, each highlighting a unique aspect. This
approach captures all changes between two images with-
out producing overly long sentences, better aligning with
human-written modification text. These short texts can be
combined for training, enhancing dataset diversity. We ob-
tained 17.7M text samples for the 3.4M image pairs, av-
eraging 5.18 short sentences per pair. Fig. 4 illustrates an
example, showcasing modification texts corresponding to
specific categories and covering diverse attributes.

As shown in Table 1, MTCIR offers several advantages
over existing synthetic CIR datasets: (i) Unlike [14], which
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Table 2. Performance comparison of various models and visual
encoders on CIR benchmarks, evaluated without training on triplet
datasets. Bold and underlined values denote the best and second-
best scores within each vision encoder group. Models incorporat-
ing LLMs in their architectures are marked with ?. Results repro-
duced by our team are indicated by ‡.

Method
CIRCO (mAP") CIRR (Rec.") FIQ (Rec.")
@5 @10 @50 @1 @10 @50 @10 @50

OpenAI CLIP-B/32
PALAVRA [8] 4.6 5.3 6.8 16.6 58.5 84.0 19.8 37.3
SEARLE [4] 9.4 9.9 11.8 24.0 66.8 89.8 22.9 42.5
Slerp-TAT [21] 9.3 10.3 12.3 28.2 68.8 88.5 23.0 44.0
CIReVL? [26] 14.9 15.4 17.8 23.9 66.0 87.0 28.3 49.4
CoLLM? 12.9 13.2 15.0 28.6 71.8 92.7 24.8 45.2

OpenAI CLIP-L/14
Pic2World [49] 8.7 9.5 11.3 23.9 65.3 87.8 24.7 43.7
SEARLE [4] 11.7 12.7 15.1 24.2 66.3 88.8 25.6 46.2
LinCIR‡ [15] 13.0 13.9 16.2 24.6 66.9 88.8 26.4 46.6
ContextI2W [55] 13.0 13.8 16.0 25.7 68.6 89.6 27.8 48.9
MCL? [30] 17.8 18.4 21.8 25.9 69.4 91.0 - -
Slerp-TAT [21] 18.5 19.4 21.4 30.9 70.9 89.2 28.3 47.6
CIReVL? [26] 18.6 19.0 21.8 24.6 64.9 86.3 28.6 48.6
CoLLM? 20.3 20.8 23.4 29.7 72.8 91.5 30.1 49.5

BLIP-L/16
Slerp-TAT [21] 17.8 18.4 21.1 34.0 72.7 88.9 32.8 53.3
CoLLM? 19.7 20.4 23.1 35.0 78.6 94.2 34.6 56.0

uses synthetic images, MTCIR uses real images covering
diverse concepts and domains. (ii) MTCIR provides mul-
tiple modification texts for each image pair, offering more
natural descriptions and training flexibility. (iii) MTCIR is
the largest public dataset to advance CIR research.

To prevent the leakage of biometric information, we fur-
ther process MTCIR at both the image and text levels. For
images, we apply face blurring to all instances. For text, we
remove any content containing keywords related to human
attributes (e.g., skin, hair, gender, age, race).

4.2. Refined CIRR and Fashion-IQ Datasets
Current CIR benchmarks often suffer from label ambigu-
ity, where modification text lacks clarity, potentially match-
ing multiple target images. To address this issue, we
propose a refinement method using Claude 3 Sonnet [2]
(20240229-v1:0) to enhance the validation sets of two
well-known benchmarks: CIRR and Fashion-IQ. Each sam-
ple in these validation sets comprises a triplet containing a
reference image, target image, and modification text.

Our refinement process, applicable to any benchmark,
consists of validation, re-generation, and re-validation
steps. For each triplet, we first identify the top-3 visually
similar images to the target image based on CLIP visual
scores, serving as hard negative samples for ambiguity as-
sessment. We employ Claude 3 Sonnet to evaluate each
triplet’s ambiguity by attempting to identify the target im-
age from these hard negatives. Triplets correctly identified
by Claude 3 Sonnet are considered “good” samples and re-

Table 3. Performance of models trained on synthetic triplet
datasets. Bold indicates the best method overall, while underline
highlights the best method within the same vision encoder. Our
CoLLM outperforms comparable methods in most metrics.

Method Dataset
CIRR " FIQ "

@1 @10 @50 @10 @50
CoCa-L/18 288⇥ 288

MagicLens [64] MagicLens [64] 33.3 77.9 94.4 38.1 58.3
EVA-CLIP ViT-G/14 364⇥ 364

CoVR2 [58] WV-CC-CoVIR [58] 43.7 84.0 96.1 38.2 58.4
OpenAI CLIP-L/14 224⇥ 224

CompoDiff [14] SynTrip18M [14] 18.2 70.8 90.3 36.0 48.6
MagicLens [64] MagicLens [64] 30.1 74.4 92.6 30.7 52.5
CoLLM MTCIR (ours) 34.7 77.0 93.1 32.9 54.2

BLIP-L/16 384⇥ 384; fine-tuned on COCO
CASE [28] LaSCo [28] 35.4 78.5 94.6 - -
Omkar et al. [56] WebCoVR [59] 40.1 78.9 94.7 30.3 46.5
CoLLM MTCIR (ours) 45.8 84.7 95.8 39.1 60.7

main unchanged. For “bad” samples, we use Claude 3 Son-
net to re-generate the modification text. The model pro-
duces three new modification texts with increasing detail in
a hierarchical structure, with each finer text building upon
the coarser one. We then repeat the validation process, eval-
uating the new texts from coarsest to finest and selecting the
best one. Any re-generated modification text that passes the
validation process replaces the original text and concludes
the process. If all generated texts fail the validation, the
triplet is removed from the benchmark. Detailed process
information is provided in the supplementary material. Be-
sides, following MTCIR, biometric information is also re-
moved from the refined benchmarks.

As illustrated in Fig. 5, up to 8% of samples are omit-
ted due to Claude’s processing limitations related to harm-
ful content. Additionally, 4-7% of ambiguous samples that
could not be effectively rewritten are removed. More than
40% of the original samples are retained, and 40-55% of
triplets are successfully revised. The refined CIRR and
Fashion-IQ datasets exhibit less ambiguity (Fig. 6), offering
more robust evaluation benchmarks for the CIR community.

5. Experiments
Our proposed CoLLM framework adopts a two-stage train-
ing paradigm: pre-training and fine-tuning phases. In pre-
training, CoLLM is exposed to a diverse corpus of image-
caption pairs, enabling it to understand composed queries
comprehensively. Subsequently, in the fine-tuning stage, we
leverage our newly curated MTCIR datasets to verify their
effective performance on complex multimodal tasks.

5.1. Pre-Training on Image-Caption Pairs

Training and Evaluation Datasets. The pre-training
dataset consists of 5 million image-caption pairs, compiled
from CC3M [51], LAION [50], and LLaVA-558K [34]. We
evaluate our model on three CIR benchmarks: CIRCO [4],
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Table 4. Performance of BLIP-L and CoLLM (pre-trained) trained
on synthetic triplet datasets. Bold values indicate the best score
within each group. Models trained on MTCIR demonstrate supe-
rior performance compared to those trained on other datasets.

Method Dataset
CIRR " FIQ "

@1 @10 @50 @10 @50

BLIP-L [29]
LaSCo [28] 36.6 78.4 94.6 24.8 44.0
WebCoVR [59] 39.3 78.9 94.7 26.7 43.3
MTCIR (ours) 42.4 83.1 95.9 37.9 59.2

CoLLM
LaSCo [28] 43.2 84.1 95.7 38.5 60.1
MTCIR (ours) 45.8 84.7 95.9 39.1 60.7

CIRR [37] test set, and Fashion-IQ [61] validation set. All
datasets are filtered to exclude biometric information.
Evaluation Metrics. We employ recall on the complete
image index set as the evaluation metric for CIRR and
Fashion-IQ. For CIRCO, we use mean Average Precision
(mAP). We exclude the recall on subset for CIRR due to re-
liability concerns (see supplementary material for details).
Implementation Details. See supplementary material.
Quantitative Results. Table 2 compares our pre-trained
model with other methods not trained on triplet datasets.
We evaluate three variants of our architecture, each employ-
ing different vision encoders. CoLLM with the CLIP-B en-
coder achieves the second-best performance on the CIRCO
and Fashion-IQ benchmarks while significantly improving
on the CIRR benchmark. Although CIReVL [26] outper-
forms other methods, its use of the closed-source GPT-4 [1]
introduces additional costs and increased inference latency,
making it an unfair comparison.

For larger vision encoders, our model consistently out-
performs both non-LLM (e.g., Slerp-TAT [21]) and LLM
(CIReVL and MCL [30]) methods across all benchmarks.
Notably, our CLIP-L variant achieves state-of-the-art results
on the CIRCO benchmark, while BLIP-L significantly im-
proves CIRR and Fashion-IQ scores. The consistent gains
across benchmarks and architectures validate the robustness
and generalizability of our triplet synthesis approach. By ef-
fectively bridging the gap between abundant image-caption
data and scarce triplet annotations, our method paves the
way for more scalable and efficient training of CIR mod-
els. This innovative strategy represents a significant step
forward in addressing one of the critical challenges in the
field, Paving the way for larger-scale pre-training and more
complex multimodal interactions.

5.2. Fine-tuning on MTCIR

Training Dataset and Benchmarks. Despite the im-
pressive performance achieved using only image-caption
datasets, we hypothesize that CoLLM’s performance can
be further enhanced through fine-tuning on our newly de-
veloped MTCIR dataset. For a fair comparison, we also
train CoLLM and baseline models on other public datasets,
including WebCoVR [59] and LaSCo [28]. Our evaluation
focuses on the CIRR [37] test and Fashion-IQ [61] valida-

Table 5. Performance of models on refined CIRR and Fashion-IQ
validation sets. Bold indicates the highest score, while underlined
values represent the best metric within the same vision encoder
group. CoLLM+MTCIR continues to outperform other configura-
tions on these new benchmarks.

Method Dataset
Ref. CIRR " Ref. FIQ "

@1 @10 @50 @10 @50
EVA-CLIP ViT-G/14 364⇥ 364

CoVR2 [58] WV-CC-VIR [58] 56.1 91.1 97.9 54.2 72.9
OpenAI CLIP-L/16 224⇥ 224

MagicLens [64] MagicLens [64] 42.3 86.3 97.0 45.5 68.1
CoLLM MTCIR (ours) 46.5 87.4 96.1 48.3 68.6

BLIP-L/16 384⇥ 384; fine-tuned on COCO
BLIP-L [29] MTCIR (ours) 53.8 89.9 97.7 54.8 74.3
CoLLM LaSCo [28] 57.3 92.0 98.1 56.9 75.9
CoLLM MTCIR (ours) 60.4 92.6 98.2 57.2 76.4

tion sets. We exclude CIRCO [4] due to potential domain
overlap between COCO [32] images used in CIRCO and
those in LaSCo [28], as well as in the pre-training datasets.
Implementation Details. See supplementary material.
Quantitative Results. Table 3 presents the evaluation of
models trained on publicly available synthetic CIR datasets,
including our MTCIR. Fine-tuning CoLLM on MTCIR
yields significant gains, improving CIRR@1 by 5% over
CoLLM-OpenAI-CLIP-L/14 in Table 2. This improvement
reflects MTCIR’s enhanced generalizability and our supe-
rior data construction. Our method achieves exceptional re-
sults on all benchmarks using the same vision encoder com-
pared to previous approaches and models trained on other
synthetic datasets. Notably, our fine-tuned CoLLM outper-
forms MagicLens CoCa-L [64] and CoVR2 [58], despite
these models using larger, more advanced vision encoders
and being trained on larger datasets. These results under-
score the importance of data quality over quantity.
MTCIR vs. Other CIR Datasets. Despite CoLLM’s state-
of-the-art performance, two questions remain: (i) Can MT-
CIR benefit other models? (ii) Can CoLLM achieve good
performance when fine-tuned on other CIR datasets? To
address these questions, we train a baseline BLIP-L [29]
model on various CIR datasets, including MTCIR. Both
LaSCo and MTCIR experiments are trained for one epoch.
As shown in Table 4, we observe that: (i) BLIP-L shows
significant improvement when using MTCIR as the training
data, and (ii) CoLLM exhibits notable performance degra-
dation when fine-tuned on the LaSCo dataset. These re-
sults demonstrate MTCIR’s versatility as a plug-and-play
dataset, capable of enhancing performance across various
models. This underscores MTCIR’s potential to make sig-
nificant contributions to the CIR community.
5.3. Re-evaluation on Refined Benchmarks
Ambiguity in the CIRR and Fashion-IQ benchmarks poten-
tially skews the metrics presented in previous tables, partic-
ularly for high-performing models. While CIRCO mitigates
this issue, it still suffers from domain overlap with train-
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Table 6. Ablation studies of proposed components.
(a) Reference image and modification text interpolation.

Image Text CIRCO (mAP ") CIRR (Rec. ")
14.7 170.1

X 14.5 176.4
X 39.6 183.3
X X 52.8 194.5

(b) Unimodal queries in Eq. (3) and Eq. (4).

Image-only Text-only CIRCO (mAP ") CIRR (Rec. ")
X 14.5 99.7

X 47.1 196.3
X X 52.8 194.5

(c) Reference image embedding interpolation.

CIRCO (mAP ") CIRR (Rec. ")
Random In-Batch Sample 46.7 182.2
Nearest In-Batch Neighbor 52.8 194.5

ing images. To assess the impact of ambiguous samples,
we re-evaluate the models on our newly refined CIRR and
Fashion-IQ benchmarks. Table 5 presents the performance
of these models on the revised benchmarks.

Our analysis shows that model rankings remain largely
consistent before and after the benchmark refinement. As
the modification texts in the refined benchmarks provide
additional nuance, we anticipated that models with more
robust composed query understanding capabilities would
distinguish themselves. Indeed, CoLLM consistently out-
performs other models across various settings on the re-
fined benchmarks. Notably, while BLIP-L (MTCIR) trailed
CoLLM (MTCIR) by 3.4% (CIRR@1)( Table 4), this per-
formance gap widened to 6.9% (CIRR@1) on the refined
CIRR benchmark. This suggests CoLLM better captures
nuanced modification text and distinguishes visual differ-
ences between source and target images.

5.4. Ablation Studies
We conduct comprehensive ablation studies to evaluate the
impact of our proposed components during the pre-training
stage. Our experiments use the BLIP-L encoder, trained ex-
clusively on the LLaVA-558k [34] dataset for one epoch.
Table 6 presents the performance across various settings.
We report the sum of mAP at k = {5, 10, 25, 50} for
CIRCO and Recall@k = {1, 5, 10, 50} for CIRR. Image
and Text Interpolation are Crucial: As shown in Ta-
ble 6a, employing Slerp for reference image embedding sig-
nificantly enhances the model’s learning capabilities. Ap-
plying interpolation on modification text further improves
performance. Unimodal Queries are Beneficial: We in-
vestigate the necessity of unimodal queries in Eq. (3) and
Eq. (4) and observe that omitting unimodal queries dur-
ing training, especially text-only queries, substantially de-
grades performance (Table 6b). Nearest Neighbor is Es-
sential: For reference image embedding interpolation, one
might hypothesize that a random in-batch sample could suf-
fice for interpolation. However, our study demonstrates that

Table 7. Performance of different LLMs with CLIP-L/14 as the
visual encoder. Bold and underline highlight the best and second
best score. ? indicates the original LLM for text generation; others
are Large Language Embedding Models (LLEMs) fine-tuned for
text retrieval.

LLM
CIRCO (mAP") CIRR (Rec.") FIQ (Rec.")
@5 @10 @50 @1 @10 @50 @10 @50

Stella-Qwen2-1.5B [11] 14.8 15.3 17.4 27.5 69.1 88.0 29.3 49.0
Mistral-7B? [24] 19.8 20.2 22.7 29.6 72.5 91.3 29.5 49.3
E5-Mistral-7B-Inst [60] 19.6 20.3 22.8 29.5 72.7 91.1 29.9 49.5
SFR-Embedding-2 [47] 20.3 20.8 23.4 29.7 72.8 91.5 30.1 49.5

using the nearest image embedding neighbor yields signif-
icantly better performance (Table 6c). LLEMs Outper-
forms LLMs: We investigate Large Language Embedding
Models (LLEMs), which are fine-tuned for text retrieval
compared to their base LLMs. As shown in Table 7, both
E5-Mistral-7B-Inst [60] and SFR-Embedding-2 outperform
their LLM counterpart, Mistral-7B [24]. The superior per-
formance of LLEMs demonstrates that models specifically
tailored for embedding and retrieval tasks can offer substan-
tial advantages in CIR applications compared to general-
purpose language models.

6. Limitations and Conclusion

While these advancements significantly improve CIR per-
formance, several areas warrant further investigation. Our
work, limited to LLM/LLEMs, could benefit from explor-
ing pre-trained MLLMs for enhanced understanding of CIR
tasks. Additionally, our triplet synthesis method generates a
single visual token, constraining the model’s ability to pro-
cess detailed image information. Future work should lever-
age the underutilized text category information in our syn-
thetic datasets to improve model generalization. Lastly, our
refined benchmarks, while more reliable, still contain noise
from original image pairs, suggesting a need for further re-
finement of evaluation metrics.

In conclusion, we present novel approaches to Com-
posed Image Retrieval (CIR) that obviate the need for anno-
tated datasets. Our contributions include: (1) an innovative
triplet synthesis method utilizing image-caption pairs, (2) a
new architecture leveraging LLM’s embedding generation
capabilities, (3) MTCIR, a diverse, human-aligned synthetic
dataset, and (4) refined versions of CIRR and Fashion-IQ
benchmarks, enhancing the reliability of evaluation metrics
in the field. Our method consistently outperforms existing
LLM and non-LLM baselines across popular benchmarks.
Notably, MTCIR achieves superior results with only 10-
20% of the size of larger datasets, demonstrating a 1-15%
increase in Recall. These advancements collectively push
the boundaries of CIR, offering more efficient and effective
solutions for real-world applications.
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