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Abstract

Composed image retrieval (CIR) enables users to search images
using a reference image combined with textual modifications.
Recent advances in vision-language models have improved
CIR, but dataset limitations remain a barrier. Existing datasets
often rely on simplistic, ambiguous, or insufficient manual
annotations, hindering fine-grained retrieval. We introduce
gooddcir, a structured pipeline leveraging vision-language
models to generate high-quality synthetic annotations. Our
method involves: (1) extracting fine-grained object descriptions
from query images, (2) generating comparable descriptions
for target images, and (3) synthesizing textual instructions
capturing meaningful transformations between images. This
reduces hallucination, enhances modification diversity, and
ensures object-level consistency. Applying our method improves
existing datasets and enables creating new datasets across
diverse domains. Results demonstrate improved retrieval
accuracy for CIR models trained on our pipeline-generated
datasets. We release our dataset construction framework to
support further research in CIR and multi-modal retrieval.

1. Introduction

Composed Image Retrieval (CIR) is an emerging task in vision-
language research that allows users to refine image searches
by providing both a reference image and a textual modification.
While CIR has benefited from advancements in vision-language
models (VLMs), the progress of retrieval models remains con-
strained by limitations in existing datasets. Most CIR datasets
are constructed through either manual annotation or automated
data mining. Manually labeled datasets, such as CIRR, provide
high-quality human descriptions of modifications but are often
limited in scale, expensive to create, and prone to inconsistencies
in textual annotations. Automatically generated datasets, such as
those based on image synthesis or retrieval-based mining, offer
scalability but frequently introduce issues such as annotation
noise, hallucinated content, or overly simplistic modifications
that fail to capture the complexity of real-world retrieval tasks.
In this paper, we introduce a structured framework for
generating synthetic text annotations for CIR datasets using

Target Image

—

Original: "two monkeys,
little"

Ours: "Change the scene from a lone
cheetah cub to a small monkey

gently holding a galago"

Figure 1. Existing composed image retrieval datasets are costly to
construct and often have low quality text annotations. We propose
a new approach that leverages VLMs to generate higher quality,
synthetic text annotations for composed image retrieval.

a vision-language model-driven pipeline. Our approach
consists of three key stages: (1) extracting detailed object-level
descriptions from query images, (2) generating a corresponding
set of descriptions for target images while ensuring consistency
and capturing meaningful differences, and (3) synthesizing
natural language modifications that describe the transformations
required to reach the target image. This structured approach
mitigates common pitfalls in CIR dataset construction, such
as hallucinated object descriptions, vague or redundant
modifications, and inconsistencies in annotation quality.

‘We apply our methodology to enhance existing CIR datasets
and construct new ones across multiple domains. By evaluating
retrieval models trained on datasets generated with our
framework, we demonstrate improvements in retrieval accuracy,
particularly for fine-grained modifications that require precise
object-level reasoning. Our contributions include not only a
scalable and effective dataset generation framework but also
insights into the impact of dataset composition on CIR model
performance. A GitHub link to use our dataset generation
pipeline, to access our introduced datasets, and to re-produce
our evaluations will be shared in our camera ready submission.
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2. Related Work

2.1. CIR Methods Query Image Target Image Text Difference Issue
Modern composed image retrieval (CIR) methods fuse query

image and text representations using multimodal vision- “show three bottles Query
language models to retrieve relevant ima@&s]9, 20 27 [31]. of softdrink” [20]  photo is unnecessary

Much of the recent work focuses on algorithmic developments

to improve CIR performance including through the implemen-

tation of attention-based mechanisiiis3g], denoising(L4], *has two children Images

and interpolation-based fusiohf]. Generative vision-language instead of catsT[3] are not visually similar
models[B,[19 enable training-free CIR, including video-based
approache$?;128,130]. Textual inversion techniques,[13,24]

learn pseudowords for query images, while other methods
refine cross-modal alignmeniEZ, 25, (32,(33] for fine-grained
retrieval, particularly in fashion domains.

“Have the Images
person be a dog[’[14] are too visually similar

2.2. CIR Datasets

This paper focuses not on algorithmic developments for “Add ared ball" (4]
composed image retrieval (CIR), but on CIR datasets and
methods for improving or creating them.
CIR datasets fall into two categories: manually and Figure 2. Qualitative issues with existing CIR datasets.
automatically generated. Manually generated datasets include
CIRR [20], derived from NLVRZ2, which provides human
annotations describing image modifications. Although a key the target image and issues with the degree of image similarity
benchmark, CIRR has limitations: dependence on NLVRZ2 in the queries. Across existing datasets, the maodifications are
image pairs, misaligned captions, and annotations describingften overly simple, focusing on a single change to a foreground
only single-object change$][ CIRCO [4] addresses these object. We show examples of these issues in Figure 2. Further,
issues by allowing multiple modifications per annotation, many of the existing CIR datasets such as CIRR and CIRCQ
sourced from MS-COCQOI1RB|, but lacks a training set and are highly general in nature, lacking the specificity required
serves solely for evaluation. for many domain-specific tasks, such as medical imaging and
Automatically generated datasets overcome some of thes@nvironmental monitoring. Finally, the scale of many of these
limitations, leveraging existing labeled data or image-generationdatasets is relatively small for any substantial training efforts.
tools. Examples include LaSCad], synthesizing annotations
from large-scale datasets like VQA2.42, and Syn- 3 Method
thTriplets18M [[L4], generating images via InstructPix2F6}.[
Domain-specific datasets, such as Birds-to-Word§ for To improve existing CIR datasets and support the creation of
bird species retrieval and PatternC@8][for remote sensing, new ones with realistically complex textual modifications, we
also exist, alongside video retrieval datasets extending CIRpropose good4cir, a novel pipeline that utilizes a large language
temporally [29] 30]. model — specifically OpenAl's GPT-40 — to generate CIR
Most relevant to our work is MagicLens€], which triplets. Our approach assumes the presence of a collectian
constructs a dataset of 36.7 million triplets using image of related images, which may originate from an existing
pairs mined from web pages. After filtering duplicates and CIR dataset with suboptimal annotations or a novel domain
low-quality content, captions and instructions are generated viacontaining image pairs (further discussed in Segtioh 3.6). Ta
large multimodal and language models. While this methodology enhance precision and reduce hallucination, we break down the
is sound and the dataset could be potentially impactful for otherCIR triplet generation process into focused sub-tasks, designed
researchers working on composed image retrieval, as of MarcHo encourage the production of fine-grained descriptoris [10].
2025, the dataset is not shared publicly and no code has been Figure[3 depicts the structure of the proposed synthetic
shared to replicate it, with the authors stating on GitHub, “We data generation pipeline. good4cir is split into three stages;
personally would like to release the data but the legal reviewwhich we discuss below. In the sections below, we describe the:
inside may take years|"[[1] general prompts for each stage. In specific domains, it may be
Across the CIR datasets that are publicly available, there arehelpful to add additional specification to the prompt, such as the
a variety of problems, regardless of the method of generationdomain of the imagery or type of scene, or a list of objects for:
including queries where the text on its own is sufficient to find the VLM to annotate. We discuss one such case in Séciipn 3.6;

Modification
is very simple



Figure 3. Our synthetic CIR data generation pipeline. The three-stage pipeline uses a structured flow of data to compare a query image and a
target image without overwhelming the context window of the VLM to mitigate hallucination. In this figure, the prompts are simplified. The
full prompts are discussed in the text.

and include the exact dataset specific prompts in the Appendix3.2. Stage 2: Target Image Object Descriptions
Additionally, in Section 3.5, we demonstrate that this phased
approach yields superior CIR triplets when compared with an
alternative simpler approach of simply prompting a VLM to
describe differences between a pair of images.

In the second stage, the VLM is prompted to derive a similar list
from the target image by comparing it against the list of objects
from the query image, ensuring consistency and making mod:
ifications when necessary. This is done by passing both the fol«
3.1. Stage 1: Query Image Object Descriptions lowing prompt and the output from the first stage into the VLM:
In the first stage, the VLM is prompted to generate a list of key “Here is an image and a list of descriptors that describe a
objects and descriptors from the query image. Objects are the different image. Curate a similar list for this image by doing
building blocks of any visually dense image, inherently making  the following:
them signals of change. Queries used in composed image
retrieval reference a specific object and a modifying caption
(e.g.,"Find a similar image but change the color of the chair
to red”). By directing the VLM to focus on individual objects,
we facilitate a more structured and detailed understanding of 2.
image differences.

The general form of the prompt for this stage is:

1. If there is a new object in this image that isn't described
in the description of the other image, generate a new set
of descriptors.

If the description of an object from the other image
matches the appearance of an object in this image, use
the exact same list of descriptors.

3. If the object appears different in this image in comparison

“Curate a list of up to X objects in the image from most to the description from the other image, generate a new

prominent to least prominent. For each object, generate a set of descriptors.
list of descriptors. The descriptors should describe the exact

) o . . i Format objects and descriptors as a JSON output”
appearance of the object, mentioning any fine-grained details.

Example: Object Name: [‘object description 17, “object 3 3. Stage 3: Describing Differences
description 2", ..., “object description N"] ) )
In the final stage, the text outputs from the first two stages are

Format objects and descriptors as a JSON output” passed into the VLM with the following prompt:

The example should be constructed for the specific domain,“The following are two sets of objects with descriptors that
and the quantity foX can be modified depending on the  describe two different images that have been determined to
density of objects in the dataset and desired number of outputs.be different in some ways. Analyze both lists and generate



Figure 4. Comparing the direct single-stage prompting method for capturing differences, versus using good4cir's three-stage approach.

short and comprehensive instructions on how to modify the ‘and’, and converting the second caption’s initial character to
first image to look more like the second image. Be sure to lowercase, resulting in a natural-sounding compound sentence:
mention what objects have been added, removed, or modified.For combinations involving three captions, we sequentially:
Don't mention “Image 1" and “Image 2" or any similar combined the first two captions with commas, ensuring all
phrasing. Focus on having variety in the styles of captions intermediate captions began with lowercase letters, and added
that are generated, and make sure they mimic human-like the conjunction ‘and' before the final caption. The final datasets
syntactical structure and diction” include each original caption on its own, and then randomly.

good4cir's three-stage pipeine is aimed at addressing tWOsampIed combinations of up to thr(.ae.captions, ensuring no
fundamental issues that arise when working with VLMs: caption was used more than once within compound sentences:

L . . Captions containing the verbs ‘maintain’ or “ensure' were
1. Hallucination: VLMs generate captions that describe - . -
. : . . excluded, as they do not indicate actual differences betweer:
objects or attributes that are not actually present in the image, ' erv and tardet images
The multi-stage pipeline mitigates this by guiding the model query 9 ges.

to focus on concrete objects, rather than deriving a wholistic CL\I/gevEIr']en gt'lllzid the tCrl;Ing t?kenllgtjert from hOpenAIst d
interpretation of the scene that may introduce imaginary “MIT model (base-patch32) to validate each generatec

objects or features caption, discarding combinations exceeding the tokenizer's
> Limitations in Finé-Graine d Captioning: VLMs are 77-token limit. Combination generation continued until either
proficient in generating relatively descriptive captions but all available sentences were exhausted or a predefined limit of

may lack the granularity demanded by fine-grained retrieval 60 total combined sentences per image pair was reached.
tasks. A single-stage, direct captioning approach may Iead3_5_ Comparison to a Single-Stage Approach

to a vague or uninformative understanding of the object's

appearance. This idea motivates the three-stage procedureAn alternative to good4cir's three-stage approach would be a
single-stage approach, where the VLM is directly prompted

to describe the differences between a pair of images. For

After running the first three stages, we have a dataset thatcomparison, we consider the following prompt:

consists of a number of image pairs and synthetically generated

text captions describing specific differences between the images:The following are two different rooms that have been

In order to construct captions that contain more complex determined to be different in some ways. Analyze both lists

text differences, we implemented an automated procedure to and generate short instructions on how to modify the first

combine individual captions into compound sentences. image to look more like the second image. Don't mention
For exactly two captions, we joined them by removing the "room 1” and "room 2” or any similar phrasing. One caption

period from the first caption, adding a comma and the word should discuss one modification that needs to be made to one

3.4. Stage 4: Caption Permutations



Train Val Test Average Metrics

Dataset Image CIR Total | Image CIR Total Images | Image CIR Total Images | Avg. Prompt Avg. Output
Pairs  Triplets Images| Pairs Triplets (w/ Distractors)| Pairs Triplets (w/ Distractors) Tokens Tokens

CIRRR 28,225 199,350 16,939 4,184 22,620 2,297 - - - 1,600 670

Hotel-CIR 65,364 415,447 129,2252,092 13,298 14,549 2,069 13,178 14,404 3,310 1,750

Table 1. Dataset Statistics

element of the room. If one object has multiple modifications us to identify pairs that structurally and visually similar,
that need to be made, include each modification in a separate  without being identical.

caption. Make sure to focus on having variety in the styles  The exact similarity thresholds, and relative importance of
of captions that are generated, and make sure they mimic the learned image similarity and perceptual hash similarity vary
human-like conversational syntactical structure and diction” s a function of the dataset.

Figure 4 compares the output of_the_ sm_gle-stage, end-t(_)-end4. Datasets
approach with that of the good4cir pipeline. In the captions
generated by direct captioning method, a modification to aWe use our proposed approach to generate synthetic texi
chair in the room is described, but no chair exists in the targetannotations for two new datasets — CERRvhich is a re-written
image. Similarly, the VLM incorrectly describes the addition version of the CIRR dataset, and Hotel-CIR, a new CIR dataset
of a nightstand in the second image, despite there being ndocused on hotel recognition, a very object-centric fine-grained
nightstand. Both errors emphasize the hallucination issue withproblem domain. Table 1 includes details on the number of
VLMs as well as their tendency to confuse objects and ideasimage pairs, generated CIR triplets and total images (including
when operating in an enlarged context window. Additionally, in distractors) in the training, validation and test sets, as well as
the first set of captions, the model simply mentions the addition the average number of GPT-40 tokens used per prompt.
of a flower, whereas the second set provides details on the exact
colors of the flowers and leaves, as well as their arrangemenﬁ 1. CIRRg
This level of granularity is achieved through the structured We use our approach to re-write the captions for the CIRR
pipeline, demonstrating the limitations of direct captioning.  training and validation sets. As of March 2025, using the gpt-4o
model and the OpenAl Batch API, it cost just ab&R00 to
generate all of the synthetic captions for CiRR
CIR datasets consist of triplets of query images, target images, Figure 5 (top) shows several examples of image pairs
and the text that describes the modification between thefrom the original CIRR dataset with the original CIRR text
two. Many CIR datasets also include distractor images thatdifference caption, and a sample of our re-written captions:
are similar to the query, but do not necessarily match theThese examples show that not only does our proposed approagh
text modification. Our proposed method for generating CIR generate many text prompts for each image query, but thosa
captions assumes that the query-target image pairs already exigirompts are also significantly richer in both the variations they:
as in the case of rewriting the captions for existing CIR datasetsdescribe and the language and grammar that they use to describies
It is also possible to construct new CIR datasets by mining them. Additional examples can be found in the Appendix.
image pairs in existing image datasets that are visually similar  The CIRR test set is not publicly shared. This limits the
but likely to contain differences. This is a property that is relevance of our re-written captions for evaluating performance
especially likely to be found in fine-grained domains, where on the CIRR test set, as those captions are still in the same
there are large numbers of visually similar images from style as the original training set — however, in Section 6 we
different classes. To mine CIR pairs from fine-grained domains, show that training on the rewritten dataset yields performance:
we use a combination of two different image representations: improvement on the zero-shot CIR dataset CIRCO.
1. Learned Image Embedding: Using either a domain-
specific embegdding model ?i.e., ong trained on a specific 4.2. Hotel-CIR
dataset) or a general-purpose model such as CLIP's imagén order to construct the Hotel-CIR dataset, we start from the
encoder, we can identify the most semantically similar Hotels-50K datasePp]. The hotels domain is ideal for this
image for each image in a dataset. This process generategipeline because the scenes in the images are dense in termas
pairs of related images based on the similarity notion that of the number of objects in any given image, and there are
was optimized over during the model training. large numbers of visually similar images, requiring CIR models
2. Perceptual Hashing:We use perceptual hashing and select to learn subtle visual differences and rich representations of
both a minimum and maximum hash distance, allowing textual and semantic features.

3.6. Constructing New CIR Datasets
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