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Abstract

Composed Image Retrieval (CIR) is a pivotal
and complex task in multimodal understanding.
Current CIR benchmarks typically feature lim-
ited query categories and fail to capture the di-
verse requirements of real-world scenarios. To
bridge this evaluation gap, we leverage image
editing to achieve precise control over modifica-
tion types and content, enabling a pipeline for
synthesizing queries across a broad spectrum
of categories. Using this pipeline, we construct
EDIR, a novel fine-grained CIR benchmark.
EDIR encompasses 5,000 high-quality queries
structured across five main categories and fif-
teen subcategories. Our comprehensive eval-
uation of 13 multimodal embedding models
reveals a significant capability gap; even state-
of-the-art models (e.g., RzenEmbed and GME)
struggle to perform consistently across all sub-
categories, highlighting the rigorous nature of
our benchmark. Through comparative analysis,
we further uncover inherent limitations in exist-
ing benchmarks, such as modality biases and
insufficient categorical coverage. Furthermore,
an in-domain training experiment demonstrates
the feasibility of our benchmark. This exper-
iment clarifies the task challenges by distin-
guishing between categories that are solvable
with targeted data and those that expose intrin-
sic limitations of current model architectures.
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1 Introduction

Composed Image Retrieval (CIR) aims to retrieve a
target image given a query composed of a reference
image and a natural language description that spec-
ifies a desired modification (Du et al., 2025; Song
et al., 2025b; Wan et al., 2025). This task has at-
tracted increasing research interest due to its broad
applicability in domains such as web search and

∗Correspondence to: Shu Wu (shu.wu@nlpr.ia.ac.
cn)

e-commerce. Consequently, a number of bench-
marks have been proposed to evaluate CIR models,
including CIRR (Liu et al., 2021), FashionIQ (Wu
et al., 2021), and CIRCO (Baldrati et al., 2023).

Despite these contributions, current CIR bench-
marks suffer from two primary drawbacks. (1)
Coarse-grained Evaluation: Existing bench-
marks (Liu et al., 2021; Wu et al., 2021) provide
a coarse-grained evaluation by focusing on a nar-
row range of modification categories. As a result,
they neglect the broader spectrum of real-world
requirements, as shown in Figure 1(a). (2) Limited
Query Scale: While some benchmarks (Baldrati
et al., 2023; Wu et al., 2021) introduce query cat-
egories, they often suffer from insufficient scale
and ambiguous category definitions. For instance,
many queries in CIRCO are labeled with the “di-
rect addressing” tag, which often overlaps with
more specific categories (i.e., “color”), thereby
diluting the granularity of the evaluation. These
limitations largely stem from the methodology used
to construct these datasets. Specifically, the stan-
dard approach retrieves a target image for a source
image first, and then annotates a query post-hoc to
describe the difference. This dependence on the
retriever’s output leads to the absence of certain
modification categories and an insufficient number
of queries for others.

To address these limitations, we first propose
a comprehensive taxonomy for fine-grained CIR
evaluation, organizing real-world requirements into
five main categories and fifteen subcategories, as
illustrated in Figure 1(b). We then introduce a
novel data synthesis pipeline that leverages image
editing (Brooks et al., 2023; Wu et al., 2025; Liu
et al., 2025) to populate this taxonomy. By ini-
tiating the process with a textual modification to
synthesize the target image, our pipeline provides
precise control over query types and content. Us-
ing this pipeline, we construct EDIR, an Image
Editing Derived Benchmark for Composed Image
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(a) Existing Datasets Category Distribution

(Shape) Change the shape of the 
duck's hat to a fedora.

(Color) A similar scene with a gold-
colored microphone. 

(Material) A bowl with a brushed 
metal finish.

(Texture) Find me a picture that 
shows a trout with scale texture. 

(Spatial) Tilt the bottle at a 45-
degree angle. 

(Action) A similar scence but a 
picture of a man smiling with eyes 
closed while playing

(Viewpoint) Find me a picture that 
shows a car from a low angle.

(Addtion) Find me a picture that 
has a vase with flowers on a cabinet.

(Remove) Remove the tools hanging 
on the wall in the background

(Replace) Replace the circular object 
with a ship wheel.

(Count) Find a scene but with a 
second conference table added

(Style) I don't want the image to 
look like an oil painting.

(Time) Change the scene to a night 
view with illuminated motel lights.

(Weather) A similar picture with 
sunny weather and clear blue skies. 

Attribute Object

Relationship Global Env

(Complex) I want to find a
similar scence but a miniature
tag with the word 'Aloha', a
bright orange stem, and a
tiny flower next to a leaf.

Complex

(c) Examples of EDIR benchmark

Figure 1: (a) Query category distribution in existing benchmarks, re-categorized using our taxonomy. (b) The
balanced distribution of EDIR across five main categories and fifteen subcategories. (c) Example queries illustrating
the fine-grained nature of each subcategory. Left is the source image, right is the target image, and the below text is
the CIR query text.

Retrieval, a comprehensive CIR benchmark com-
prising 5,000 high-quality queries and an image
gallery of 178,645 images.

We conduct an extensive evaluation of current
multimodal embedding models on EDIR. Our as-
sessment includes models trained on Multimodal
Large Language Models (MLLM) (Wang et al.,
2024; Bai et al., 2025) and CLIP (Hafner et al.,
2021). We observe that even the strongest models
cannot consistently perform well across all subcate-
gories. We attribute these shortcomings to both the
inherent limitations of the models and a scarcity
of suitable training data. Additionally, we com-
pare EDIR with existing CIR benchmarks and
conduct a detailed analysis of their characteristics.
We conclude that existing benchmarks suffer from
significant evaluation gaps, including insufficient
coverage of fine-grained categories and modality
bias, which allows models to achieve high scores
by over-relying on text.

Furthermore, to analyze the unique challenges
presented by EDIR, we conduct an in-domain train-
ing experiment. We train a model, EDIR-MLLM,
on our synthesized data. The resulting performance
on EDIR facilitates a critical analysis, allowing us
to differentiate between challenges that can be over-
come with sufficient in-domain data and those that

Benchmark # Qry # Corpus # Category

CIRR (Liu et al., 2021) 4,148 2,315 -
FASHIONIQ (Wu et al., 2021) 6,016 15,536 -
CIRCO (Baldrati et al., 2023) 1,000 123,403 9
I-CIR (Psomas et al., 2025) 1,813 NA1 7

EDIR (ours) 5,000 178,645 15

1 I-CIR uses an instance-level corpus and does not report exact count.

Table 1: Comparing EDIR with previous benchmarks.

expose fundamental, intrinsic limitations of current
model architectures.

We summarize our contributions as follows:

• We propose a comprehensive taxonomy for CIR
and a controllable data synthesis pipeline that
leverages image editing to populate it.

• We introduce EDIR, a new fine-grained bench-
mark designed to facilitate comprehensive evalu-
ation in the CIR domain.

• We analyze current models and existing CIR
benchmarks using EDIR, revealing significant
gaps in model capabilities and inherent limita-
tions in prior benchmarks.

• We conduct an in-domain training experiment
that provides insights for future model develop-
ment by distinguishing between data-solvable
challenges and intrinsic model weaknesses.
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2 Related Works

2.1 Composed Image Retrieval Benchmarks

Recently lots of retrieval benchmarks (Meng et al.,
2025; Zhang et al., 2025; Song et al., 2025a) has
been proposed in multimodal and text domains.
However, the evaluation of CIR models is currently
constrained by a limited number of available bench-
marks. Early CIR benchmarks are either domain-
specific or coarse-grained in query categories. For
instance, FashionIQ (Wu et al., 2021) is confined to
the fashion domain, while CIRR (Liu et al., 2021)
provides a broader domain but lacks fine-grained
CIR queries to diagnose model failures. To address
these limitations, CIRCO (Baldrati et al., 2023)
introduces more detailed categories and careful an-
notations. However, it suffers from an imbalanced
distribution of queries across categories and am-
biguous category definitions. More recent bench-
marks further extend CIR evaluation toward more
complex reasoning settings. GeneCIS (Vaze et al.,
2023) is proposed to evaluate a model’s capacity
to dynamically adapt its understanding of “similar-
ity” based on a textual condition. I-CIR (Psomas
et al., 2025) introduces instance-level retrieval in
the CIR task. However, it only provides seven cat-
egories, which dilutes the evaluation’s granularity.
Furthermore, many existing benchmarks exhibit a
significant modality bias (Huynh et al., 2025; Pso-
mas et al., 2025), where models can achieve high
scores by over-relying on text-only signals, failing
to test genuine multimodal compositionality.

2.2 Composed Image Retrieval Methods

Methods for CIR have evolved from special-
ized attribute classifiers (Ak et al., 2018; Yang
et al., 2020; Hou et al., 2021) to approaches built
upon VLMs (Hafner et al., 2021; Li et al., 2022,
2023). Current literature generally categorizes
CIR approaches into three main streams: (1) Text-
Inversion (Saito et al., 2023; Baldrati et al., 2023;
Gu et al., 2024a), which maps the reference im-
age to a textual token for text-image fusion; (2)
Data Synthesis (Ventura et al., 2024; Zhang et al.;
Zhou et al., 2024, 2025), which leverages genera-
tive models to create large-scale CIR triplets for
training (though recent works (Zhou et al., 2024;
Gu et al., 2024b) use this for training data, they
do not address the benchmark evaluation gaps we
identify); and (3) Training-Free Methods (Karthik
et al., 2024; Wu et al., 2024; Yang et al., 2024),
which leverage modular pipelines combining off-

the-shelf vision and language models for tasks such
as captioning and zero-shot reasoning.

Recently, MLLMs (Google, 2024; Bai et al.,
2025; Zhu et al., 2025) have shown strong per-
formance on a wide range of tasks. Consequently,
universal multimodal embedding models (Lin et al.;
Jiang et al., 2024b) have been developed based on
MLLM architectures. These MLLM-based mod-
els achieve superior performance on existing CIR
benchmarks. However, given the restricted bench-
mark design and limited evaluation coverage men-
tioned above, it remains unclear whether the ob-
served performance gains reflect genuine compo-
sitional reasoning or merely the exploitation of
benchmark biases.

3 EDIR Benchmark Construction

We propose EDIR, a comprehensive benchmark
designed to evaluate the capabilities of current mul-
timodal embedding models in CIR in a fine-grained
manner. Formally, each instance in our benchmark
is a triplet {Ir, Tm, It}, comprising a reference im-
age Ir, a target image It, and a text query Tm.
Constructing such a benchmark at scale presents
two primary technical challenges that are not ad-
equately addressed by existing CIR benchmarks.
First, we must ensure fine-grained, category-level
diversity to guarantee that the benchmark reflects
the broad range of real-world CIR needs rather
than a narrow set of edits. Second, we require a sys-
tematic and scalable method to construct the text
query Tm for each category, ensuring that the mod-
ification is unambiguous, controllable, and aligned
with the intended evaluation signal.

To address these challenges, we first propose
a comprehensive and hierarchical taxonomy that
covers a wide spectrum of real-world modifications,
as illustrated in Figure 1. Then, to systematically
construct queries for these categories, we build an
automated pipeline based on state-of-the-art image
editing technology. This pipeline leverages our
taxonomy to guide the generation process, ensuring
that each resulting triplet is accurately aligned with
a specific, fine-grained category. Specifically, we
first generate an initial triplet {Ir, Tedit, It}, where
a source image Ir is modified to produce a target
image It based on a raw edit instruction Tedit (§3.2).
Next, we refine the edit instruction Tedit into a
natural CIR query Tm(§3.3). Finally, we apply a
two-stage filtering process and human validation to
ensure overall dataset quality (§3.4, §3.5).
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(a) Seed Image Filter

Empty Page, Document, 
Corruption, etc. 

(b) Triplet Construction

MLLM Filter

Seed Images Source Image

Color Style

Add Texture

Remove

…
Subcategories

Instructions Pool

(a) Add a stone texture to the castle walls.
(b) Change the image style to a watercolor painting. 
(c) Change the color of the castle to a pale pink. 
(d) Add a dragon flying in the background. 
(e) Change the stars in the background to a golden color. 
(f) Add a swirling, magical dust texture around the castle. 

…

MLLM

Edit Instructions
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Base Special

Edit Inst: <a,b,c,d> Edit Inst: <a,b,e,f>

Raw Triplets {𝐼! , 𝑇"#$%, I%}

Edit

(c) Query Generation

a,b c,dEdit Inst:

cQuery: d a,b,c a,b,d

Direct 
Rewrite

Negation
Rewrite

Simple Complex

①

②

③

Combine

Filter out {𝐼! , 𝑇& , I%} triplets. 

Figure 2: Overview of our data synthesis pipeline: (1) Seed Image Selection: Unsuitable images are filtered from
a large pool to select high-quality source images. (2) Triplet Generation: For each source image, multiple edit
instructions are generated and applied to create 〈source image, edit instruction, target image〉 triplets. (3) Query
Formulation: The edit instructions are automatically rewritten into natural language CIR queries.

3.1 Preliminary Setup
Taxonomy Definition. Our taxonomy consists
of five major categories: Attribute, Object, Rela-
tionship, Global Environment, and Complex. (1)
The Attribute category focuses on object proper-
ties, mirroring e-commerce scenarios where a user
might ask to see a product in a different color or
material; (2) Object involves operations such as
adding or removing objects, which is fundamen-
tal for practical applications like photo editing and
content creation; (3) Relationship pertains to the
spatial or semantic connections between objects,
reflecting sophisticated needs like rearranging a
scene for interior design or changing a viewpoint;
(4) Global Environment addresses holistic changes
to the scene, such as style or weather, supporting
creative searches for different moods or artistic ef-
fects; (5) Complex queries combine multiple modi-
fications from the other categories, representing the
most realistic and challenging user requests that in-
volve several simultaneous constraints. As detailed
in Figure 1 and Table 2, these five categories are
further broken down into fifteen subcategories.

Seed Image Selection. We select seed images
from the LAION-400M (Schuhmann et al., 2021)
dataset due to its vast coverage of real-world scenes.
However, the dataset contains numerous corrupted,
blank, or document-style images that are unsuitable
for both CIR and image editing. To address this,
we employ an MLLM (i.e., Qwen2.5VL-32B) to

automatically filter out these low-quality images.
The specific prompt used for this filtering step is
detailed in Appendix C.

Subcategory Definition

Category 1: Attribute
(1) Color Changes the color of an object or an entire area.
(2) Material Modifies the surface material of an object.
(3) Shape Alters the geometric form or outline of an object.
(4) Texture Adds or alters fine surface details, patterns on an object.

Category 2: Object
(5) Addition Introduces a new, distinct object into the scene.
(6) Remove Completely eliminates an existing object or element.
(7) Replace Swaps an existing object with another object.
(8) Count Changes the number of instances of a specific object.

Category 3: Relationship
(9) Spatial Modifies the position, orientation, or background of ele-

ments,spatial relationships between items.
(10) Action Makes a subject in the image perform a new action.
(11) Viewpoint Alters the camera’s position, angle, or in-door and out-

door transform.

Category 4: Global Environment
(12) Style Changes the artistic style of the image.
(13) Time Changes the time of day depicted in the scene.
(14) Weather Modifies the weather conditions shown in the image.

Category 5: Complex
(15) Complex A query that combines two or more modifications from

the simple categories above.

Table 2: Detailed categories definitions.

3.2 Raw Triplet Construction

For each source image Ir, we first use an MLLM
(i.e., Qwen2.5-VL-32B) to identify 5-6 suitable
subcategories from our taxonomy. For each suit-
able subcategory, the MLLM generates three dis-
tinct edit instructions, creating an instruction pool.
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Our core strategy leverages this pool to synthe-
size a set of related, complex images {I1, I2, ...In}
using an image editing model (i.e., Qwen-Image-
Edit (Wu et al., 2025)). Within this set, one im-
age is randomly selected to serve as the target im-
age It for a given query, while the others serve as
hard negatives. To achieve this, each image Ii is
generated by applying a composite of instructions
{a, b, c, d}. One part consists of base modifications
{a, b} sampled from different categories; these es-
tablish a shared visual context crucial for our hard
negative mining strategy. The second part consists
of distinctive modifications {c, d}, which are ran-
domly sampled to prevent the retrieval task from
becoming trivial. If a target image were gener-
ated with only one unique change, the retrieval task
would be overly simple for current CIR models.
The full process is illustrated in Figure 2(b).

3.3 Query Rewrite

Since the raw edit instructions are not directly suit-
able for use as CIR queries, we need to further
refine the edit instruction into a natural CIR query.
As established in §3.2, each editing process is
guided by a composite instruction {a, b, c, d}. The
instructions a and b are basic operations that create
a shared visual context, while c and d are the dis-
tinctive modifications. For simple queries, we use
one of the distinctive modifications, c or d, as the
basis. For complex queries, we combine one dis-
tinctive modification with the two basic operations,
resulting in a query based on {a, b, c} or {a, b, d},
as illustrated in Figure 2(c). We avoid using the
full set of instructions {a, b, c, d} for a single query,
as this would make the query overly specific and
could negatively impact retrieval performance. We
utilize an LLM (i.e., Qwen3-32B) to rewrite the
edit instruction. Following previous work (Zhou
et al., 2025; Huynh et al., 2025), we employ several
prompt templates to rephrase the edit instructions
into natural language queries. In addition to direct
rewrites, we recognize the importance of negation
queries. For example, a positive query might be “I
want the same dress but in red,” whereas a corre-
sponding negation query could be “Show me this
dress in a different color.” These types of queries
are common in daily life, especially for categories
such as Color and Shape. Therefore, we inten-
tionally construct negation-based queries for these
specific categories.

3.4 Data Quality Control

To improve data quality, we implement a two-stage
filtering pipeline using an MLLM (i.e., QwenVL-
32B). The first stage occurs after the raw triplet
construction (Figure 2(b)). The MLLM assesses
whether the generated image matches the full com-
posite edit instruction, filtering out 312,009 of the
368,437 initial images. However, the complexity of
these instructions occasionally allows partially cor-
rect images to pass. Therefore, a second filtering
stage is applied after query rewriting (Figure 2(c)).
In this step, the MLLM re-evaluates the {Ir, It}
pair against the more concise CIR query Tm. This
second pass filtered out 889,013 from 1,087,710
triplets, improving the final dataset’s alignment
with the queries. We provide details of the con-
struction process in Appendix A.1 and prompts in
Appendix C.

3.5 Dataset Analysis

Statistics. We initially sample 70,000 images
and generate 368,437 edited images. After filter-
ing, 889,013 high-quality {Ir, Tm, It} triplets are
obtained. From these, we construct our benchmark
by randomly sampling 300 queries for each of the
14 simple categories and 800 queries for the Com-
plex category, resulting in a total of 5,000 queries.
For each query, we include its target image along
with three hard negatives generated from the same
source image. To ensure corpus diversity, this set is
augmented with 150,000 additional edited images
which are also derived from the 70,000 source im-
ages. The final benchmark comprises 5,000 queries
and a corpus of 178,645 images.

Human Validation. To assess dataset quality,
we conduct a human validation study on a randomly
selected 12% sample. In this study, annotators eval-
uate three primary error types. The False Positive
Rate measures instances where the target image It
does not match the query {Ir, Tm}. The False Neg-
ative Rate identifies cases where a provided hard
negative image also satisfies the query. Finally, to
measure the Global False Negative Rate, we use
a state-of-the-art CIR model (Zhou et al., 2025),
MMRet-MLLM, to retrieve the top-5 images from
the corpus for each query {Ir, Tm}. Annotators
then check if any of these retrieved images, other
than the target image It, are also positive. Our
manual annotation reveals a False Positive Rate of
8.0%, a False Hard Negative Rate of 7.3%, and a
Global False Negative Rate of 11.7%.
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Metric Total Attribute Object Relationship Style Complex

Color Material Shape Texture Add Remove Replace Count Spatial Action View Style Weather Time Complex

Non MLLM-based Models

PIC2WORD 21.2 22.0 15.3 18.0 16.7 28.7 11.7 24.3 23.3 19.0 27.7 12.0 21.3 26.7 29.3 21.8
SEARLE 17.1 20.7 15.0 15.7 12.0 25.0 8.3 21.3 20.0 10.7 28.7 8.0 10.0 22.0 20.0 18.1
MAGICLENS 16.8 19.3 10.3 9.7 6.7 22.0 12.0 29.3 18.3 18.0 24.3 10.0 23.3 11.0 18.7 17.4

Avg. 18.4 20.7 13.6 14.4 11.8 25.2 10.7 25.0 20.6 15.9 26.9 10.0 18.2 19.9 22.7 19.1

MLLM-based Models

RzenEmbed-7B 47.2 44.7 37.3 35.7 36.7 74.0 28.0 71.0 49.0 45.7 60.7 24.0 44.3 50.7 58.0 47.5
Ops-embedding 47.2 45.7 38.3 38.7 40.0 75.0 23.3 66.3 50.3 44.0 59.7 24.7 46.3 50.7 52.3 49.0
GME-2B 42.4 39.0 35.3 34.3 37.3 65.0 21.7 63.3 47.3 34.0 56.3 22.0 42.0 44.7 50.3 42.8
GME-7B 40.1 36.7 34.3 30.7 29.7 63.3 23.3 62.7 45.3 36.7 52.0 24.3 35.7 42.0 48.0 39.0
MMRet-MLLM 36.8 36.3 26.3 26.7 27.3 57.7 18.7 54.3 40.3 36.7 40.7 20.7 23.0 42.7 45.0 43.6
E5-V 34.0 26.3 27.3 26.0 27.3 55.0 14.7 51.0 39.3 37.0 49.0 11.7 35.7 34.3 38.7 34.9
VLM2Vec-2B 32.4 32.7 25.0 26.7 32.3 55.7 18.7 33.7 36.0 32.7 35.3 18.0 23.7 34.7 38.7 36.0
UniME-7B 31.8 23.7 16.0 23.3 20.3 48.7 17.0 46.0 41.0 35.3 46.3 17.7 29.0 27.7 35.7 38.5
UniME-2B 28.6 28.0 23.0 21.0 21.0 44.3 17.3 49.7 33.7 22.7 40.7 14.7 21.7 23.3 30.3 31.8
mmE5 28.1 20.7 21.0 23.0 24.7 41.0 19.3 39.7 26.3 28.7 36.7 20.3 30.3 31.3 31.0 28.1

Avg. 36.9 33.4 28.4 28.6 29.7 58.0 20.2 53.8 40.9 35.3 47.7 19.8 33.2 38.2 42.8 39.1
EDIR-MLLM 59.9 57.7 59.0 44.0 56.3 86.0 37.7 74.3 58.3 48.0 71.0 33.0 66.7 76.3 72.0 59.1

Table 3: Recall@1 performance of models on EDIR. Avg. is computed as the average performance across categories
for each type of models, excluding EDIR-MLLM.

4 Experiments and Results

4.1 Experiment Setup
We evaluate a wide range of multimodal models
using Recall@1, including both MLLM-based and
Non-MLLM-based types, as follows:

Non-MLLM-based Models. We evaluate the fol-
lowing Non-MLLM-based methods and models:
(1) PIC2WORD (Saito et al., 2023), which im-
plements the text-inversion method for CIR. (2)
SEARLE (Baldrati et al., 2023), which is also
based on the text-inversion method. (3) MAGI-
CLENS (Zhang et al.), which is trained on a large
scale of CIR triplets.

MLLM-based Models. We evaluate the follow-
ing frontier MLLM-based models: (1) GME-
Qwen2-VL (Zhang et al., 2024), for which we
include both the 2B and 7B versions. (2) BGE-
VL (Zhou et al., 2025), where we use the BGE-VL-
MLLM-S1 version, which is not further finetuned
on MMEB. (3) VLM2Vec (Jiang et al., 2024b),
where we use VLM2Vec-V2.0, which is based on
Qwen2-VL-2B. (4) Ops-embedding (OpenSearch-
AI, 2025), where we use Ops-MM-embedding-v1-
7B for evaluation, which shows competitive per-
formance on relevant tasks. (5) E5-V (Jiang et al.,
2024a), where we use the 7B version of E5-V. (6)
UniME (Gu et al., 2025), where we use UniME-
Qwen2-VL and include both the 2B and 7B ver-
sions. (7) mmE5 (Chen et al., 2025), where we use

the model trained based on Llama-3.2-11B-Vision.
(8) RzenEmbed-7B (Jian et al., 2025), where we
use the RzenEmbed-V2-7B based on Qwen2-VL.

4.2 Results

Non-MLLM-based Models. Non-MLLM-
based models achieve an average total score of only
18.4%. We attribute this underperformance primar-
ily to the limitations of the CLIP architecture upon
which these models are built. Since many candi-
date images in EDIR are visually similar edits of a
single source, these models can identify the correct
group of images but cannot accurately distinguish
the target based on the fine-grained text query. This
fundamental limitation explains their low scores in
nuanced categories like remove and texture. This
confirms that EDIR is also a challenging bench-
mark for Non-MLLM-based models.

MLLM-based Models. From Table 3, we ob-
serve that MLLM-based models consistently out-
perform Non-MLLM baselines. They achieve rela-
tively strong performance on the addition, replace,
and action categories. However, they perform no-
tably worse on others, especially texture, remove,
and shape. We therefore conduct a detailed error
analysis of these models (§4.3). In addition, to
verify that EDIR is a meaningful and complemen-
tary benchmark, we compare model performance
on EDIR against existing CIR benchmarks and
provide a thorough analysis (§4.4).
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4.3 Error Analysis

To better understand the current weaknesses of
multimodal embedding models, we examine cases
with low Recall@1 scores and develop the fol-
lowing taxonomy of error types. (1) Failure in
Handling Negation: Models consistently struggle
with queries involving negation, both in removal
commands (e.g., “remove the hat”) and with ex-
plicit negative terms (e.g., “not red”). (2) Deficien-
cies in Compositional Reasoning: Models exhibit
poor performance on categories like count, spa-
tial, style, and viewpoint. These tasks demand a
form of compositional reasoning. The model must
correctly interpret relationships between objects
(spatial, count) or apply global transformations
that affect the entire scene (style, viewpoint). For
instance, executing a viewpoint query to change an
indoor scene to an outdoor one requires the model
to reason about the global scene context and its
constituent elements. This is a capability that cur-
rent models appear to lack. (3) Struggles with
Multiple Constraints: In the complex category,
queries provide multiple conditions. Models often
retrieve images that only partially satisfy all con-
straints. This indicates a weakness in composing
and verifying multiple distinct instructions from a
single query. (4) Insensitivity to Fine-Grained
Details: For categories such as texture, material,
and shape, the distinctions between the source and
target images can be subtle. Current models tend to
overlook these fine-grained visual changes, leading
to errors. We provide a detailed error case study in
the Appendix A.2.

This underperformance stems from two inter-
connected issues: intrinsic model weaknesses and
inadequate training data. Weaknesses in the foun-
dational MLLMs (Fu et al., 2025a,b) explain the
observed Failure in Handling Negation and De-
ficiencies in Compositional Reasoning, as these
base models inherently struggle with logical and
spatial operations. Simultaneously, the embedding
models’ inability to handle Multiple Constraints
and Fine-Grained Details is exacerbated by train-
ing on data that lacks such complexity. This high-
lights the critical need for more carefully curated
datasets to address these specific shortcomings and
enhance model capabilities.

4.4 Benchmark Analysis

To better understand the limitations of existing CIR
benchmarks, we analyze the performance corre-

CIRR(Recall@1)
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Figure 3: Performance correlation of MLLM-based
models between EDIR and prior CIR benchmarks.

lation of MLLM-based models across EDIR and
four prominent CIR benchmarks: CIRCO, CIRR,
FASHIONIQ, and GENECIS. We compute the
Spearman correlation coefficients between model
performances. Performance on each benchmark
is measured using its respective standard metric,
including Recall@1 for EDIR. For CIRR and
CIRCO, we use their validation sets to measure
performance. As shown in Figure 3, EDIR has a
positive value between all categories and the tar-
get models. This verifies that EDIR is qualified to
evaluate the CIR abilities of current models. How-
ever, the results also reveal varying correlations.
This confirms the two critical limitations of exist-
ing benchmarks mentioned in §2.1: a fine-grained
evaluation bias and a significant modality bias.

Fine-grained Evaluation Bias. Existing bench-
marks lack balanced, fine-grained evaluation. Us-
ing an LLM (i.e., Qwen-32B) to classify their
queries, we find a heavy skew towards complex
modifications, as shown in Figure 1. Meanwhile,
they lack sufficient coverage of specific categories
like remove, spatial, and texture. For example,
CIRCO only has 10 remove queries, and CIRR
has no spatial queries in its validation set. This
overall categorical imbalance helps explain why,
in our correlation analysis illustrated in Figure 3,
the performance correlation for these specific abili-
ties is consistently lower relative to other categories
within the same benchmark’s results. This indicates
that EDIR addresses a critical evaluation gap by
providing comprehensive coverage of these over-
looked compositional skills.
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Figure 4: Average performance of MLLM-based models
across CIR benchmarks.

Modality Bias. Existing benchmarks can also ex-
hibit a strong modality bias. We test this by evaluat-
ing MLLM-based models in text-only, image-only,
and text-image modes. As illustrated in Figure 4,
on CIRCO, models perform even better with only
text, indicating the reference image is almost redun-
dant. This text-centric shortcut also partially ex-
plains CIRCO’s low correlation with EDIR, which
requires a genuine synthesis of both modalities and
thus offers a more robust test of the CIR task. In
conclusion, EDIR provides a more fine-grained
evaluation that simultaneously demands a compo-
sitional understanding of both image and text.

5 In-domain Training and Analysis

To further investigate the unique challenges posed
by EDIR and its relationship with existing bench-
marks, we conduct an in-domain training experi-
ment. This experiment is designed to assess the
solvability of EDIR’s fine-grained categories when
a model is trained on specialized data. Lever-
aging our data synthesis pipeline Figure 2, we
generated an additional pool of approximately 1.1
million high-quality edit triplets. From this pool,
we curate a specialized training set by sampling
15,000 triplets for each of our 15 categories, total-
ing 225,000 training instances. We train a model
based on Qwen2.5-VL (Bai et al., 2025), which we
refer to as EDIR-MLLM, on this dataset for 2,500
steps with a batch size of 128. We provide training
details in Appendix B.2.

To determine if the challenges in EDIR are
solvable and to identify which categories remain
difficult, we define a category as solvable if its
Recall@1 exceeds 60% or shows an improve-
ment of over 20 percentage points after in-domain
training. The in-domain performance of EDIR-
MLLM demonstrates that our benchmark is indeed

solvable. As shown in Table 3, EDIR-MLLM
achieves a new state-of-the-art Recall@1 of 59.9%
on EDIR. This is a substantial improvement over
the average of other MLLM-based methods, which
is 36.9%. To gain a more granular understanding
of these results, we analyze the performance on a
per-category basis. These results directly corrob-
orate our model analysis in §4.3. As mentioned,
categories requiring sensitivity to fine-grained de-
tails, such as color, material, texture, and action,
see dramatic improvements. This confirms our
hypothesis that such challenges, often stemming
from inadequate training data, can be largely over-
come with corresponding examples. Conversely,
categories demanding complex compositional rea-
soning, including count, spatial, and viewpoint,
exhibit modest gains. These issues represent in-
trinsic model weaknesses in operations involving
reasoning, which are not easily resolved even with
in-domain data. This illustrates that EDIR can
effectively distinguish between data-solvable chal-
lenges and the more fundamental architectural lim-
itations of current models.

6 Conclusion

We introduce EDIR, a large-scale diagnostic bench-
mark specifically designed for the granular evalu-
ation of Composed Image Retrieval (CIR) tasks.
Constructed through an innovative automated data
synthesis pipeline that leverages image editing,
EDIR comprises 5,000 queries across fifteen de-
tailed subcategories. The benchmark is crafted
to address two key limitations of existing CIR
datasets: coarse-grained assessment and limited,
ambiguously defined query categories. Our com-
prehensive evaluation of 13 multimodal embedding
models reveals their significant shortcomings on
EDIR, highlighting a clear gap in current model ca-
pabilities regarding compositional generalization.
Furthermore, a thorough comparison against ex-
isting CIR benchmarks confirms that EDIR ef-
fectively uncovers model weaknesses that other
evaluations overlooked. Finally, to validate the
unique challenges posed by our benchmark, we
conduct an in-domain training experiment. This
not only demonstrates the solvability of EDIR but
also reveals its ability to distinguish between data-
solvable issues and intrinsic model limitations. In
conclusion, EDIR provides the community with a
robust tool to drive the development of more gen-
uinely compositional and less biased CIR models.
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Limitations

While our work introduces a fine-grained bench-
mark for Composed Image Retrieval (CIR), we
acknowledge several limitations that open avenues
for future research. First, a key limitation is the
cost and scalability of our data synthesis pipeline.
Although leveraging programmatic image editing
provides precise control over modifications, the
process remains computationally expensive, mak-
ing large-scale data generation a challenge. Second,
the complexity of our Complex queries is bounded.
The queries in our EDIR benchmark are typically
composed of three distinct conditions. While more
challenging than single-edit queries, they do not
yet represent highly complex scenarios with four
or more interdependent instructions. This presents
an opportunity to develop even more challenging
benchmarks. Finally, our work is intentionally fo-
cused on evaluation. We designed EDIR primarily
as a benchmark to diagnose model weaknesses,
rather than as a universal training solution. The
development of scalable training methods tailored
to address these weaknesses remains an open re-
search direction. In conclusion, while our bench-
mark serves as an important diagnostic tool, ad-
dressing these limitations in scalability, complexity,
and training will be crucial for advancing the next
generation of CIR models.
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A EDIR

A.1 Details of Construction

As shown in Figure 2, we use Qwen25-VL-32B-
Instruct (Bai et al., 2025) for both seed image se-
lection and edit-instruction generation. For im-
age editing, we use Qwen-Image-Edit (Wu et al.,
2025) (version Qwen-Image-Edit-2509) to gener-
ate the target images. For query rewriting, we use
Qwen3-32B (Yang et al., 2025) to rewrite each
edit instruction into a CIR query according to a
predefined template. We adopt two rewriting strate-
gies: (i) directly rewriting the instruction into a
CIR query, and (ii) rewriting it into a negation-
form query. Since not all categories are suitable
for negation, we only apply negation rewriting to
the color, shape, material, texture, style, weather,
and time categories. Our study is reviewed and
approved by the Institutional Review Board (IRB)
of the first author’s affiliated institution.

A.2 Error Analysis

For error analysis, we examine representative exam-
ples where the state-of-the-art model, RzenEmbed-
7B, achieved a low Recall@1 score.

Failure in Handling Negation. As shown
in Figure 5, we observe two types of negation-
related queries. The first type is explicit nega-
tion, where the user requests not to keep an at-
tribute of the reference image (e.g., not keeping
the T-shirt in its original color), as shown in Fig-
ure 5(a). The second type corresponds to remove
edits, where the user requests an object or region to
be removed (e.g., an empty wall above the bed), as
shown in Figure 5(b). In both cases, the retrieved
results tend to preserve the negated attribute or fail
to realize the removal, indicating difficulty in map-

ping negation to the intended target state.

Deficiencies in Compositional Reasoning.
Models exhibit poor performance on categories
such as count, spatial, style, and viewpoint, which
require compositional reasoning. As shown in Fig-
ure 6, the query asks for a similar object with a
classroom background. However, the retrieved im-
ages often match the object appearance while fail-
ing to align the global scene context, suggesting
limited capability in jointly reasoning about fore-
ground content and background context.

Struggles with Multiple Constraints. In the
complex category, queries specify multiple con-
straints, yet models frequently retrieve images that
only partially satisfy them. As shown in Figure 7,
the top retrieved result matches the presence of
“a jug” and “a sponge” and roughly matches “the
garage-like background”, but fails to satisfy the fine
attribute constraint that “the jug handle is black”.
This indicates a weakness in composing and veri-
fying multiple distinct requirements from a single
query.

Insensitivity to Fine-Grained Details. For cat-
egories such as texture, material, and shape, the
distinctions between the source and target images
can be subtle, and current models tend to overlook
such fine-grained visual cues. As shown in Fig-
ure 8, the model ignores the fine-grained details of
the jar in the reference image and retrieves results
that merely contain a jar, without preserving the
intended subtle characteristics.

Failure in Handling Negation (a)

Failure in Handling Negation (b)

Figure 5: Example of Error Type: Failure in Handling Negation
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Deficiencies in Compositional Reasoning

Figure 6: Example of Error Type: Deficiencies in Compositional Reasoning

Struggles with Multiple Constraints

Figure 7: Example of Error Type: Struggles with Multiple Constraints

Insensitivity to Fine-Grained Details

Figure 8: Example of Error Type: Insensitivity to Fine-Grained Details

B Experiment Settings

B.1 Evaluation Details

Model Settings We provide the details of the
evaluated models in Table 4. For Non-MLLM-
based models, we use their CLIP-L/14 variants to
ensure a fair comparison, including PIC2WORD,
SEARLE and MAGICLENS. For MLLM-based
models, we set the maximum sequence length to
2048 and the maximum number of pixels to 1280.
And the instruction we used is “Given an image,
find a similar image satisfying the query. ”.

Benchmark Settings We evaluate models on
EDIR using Recall@1. For the other benchmarks,
we follow their standard evaluation metrics: CIRR
(Recall@1), CIRCO (mAP@5), FASHIONIQ (Re-
call@10), and GENECIS (Recall@1). For CIRR,
we follow the evaluation protocol in (Jiang et al.,
2024a), excluding the reference image from the
retrieval corpus. For both CIRR and CIRCO, we
report the results on the validation set.

B.2 Training Settings

Using our data synthesis pipeline, we edit 500,000
images from LAION-400M, producing 1,087,710
training instances. Each instance consists of a refer-
ence image, a query, a target image, and three hard

negatives sampled from the same source. From
this pool, we sample 15,000 triplets per category
across 15 categories, yielding a final training set
of 225,000 instances. We train Qwen2.5-VL-7B-
Instruct (Bai et al., 2025) with a batch size of 128.
The maximum number of image tokens is set to
1,280, and the maximum sequence length is 1,500.
The learning rate is 3e-5 with a weight decay of
0.01. We apply LoRA only to the q_proj, k_proj,
v_proj, up_proj, down_proj, and gate_proj layers.
Training uses an InfoNCE-style loss with a temper-
ature of 0.03.

B.3 Results
We provide further details on model performance
on EDIR using additional metrics (i.e., Recall@3),
as shown in Table 5. All models exhibit a signif-
icant performance increase when evaluated with
Recall@3. However, the average performance of
MLLM-based models remains close to 60, indi-
cating a substantial gap that still needs to be ad-
dressed. In addition, the zero-shot models (e.g.,
MMRet-MLLM, E5-V, and MAGICLENS) still fail
to perform well. Moreover, our benchmark aims to
evaluate the fine-grained capabilities of these mod-
els. As shown in Table 5, EDIR can still reveal
model weaknesses in specific categories, such as
remove and view.
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Model Release Version Pretrained Backbone

MLLM-based Models

RzenEmbed-7B 2025-11 RzenEmbed-7B-V2 ✗ Qwen2-VL-7B
Ops-embedding 2025-07 Ops-MM-Embedding-v1-7B - Qwen2-VL-7B
GME-2B 2024-12 gme-Qwen2-VL-2B-Instruct ✓ Qwen2-VL-2B
GME-7B 2024-12 gme-Qwen2-VL-7B-Instruct ✓ Qwen2-VL-7B
MMRet-MLLM 2025-04 BGE-VL-MLLM-S1 ✓ Llava-Mistral-7B
E5-V 2024-07 e5-v ✗ Llava-llama3-8B
VLM2Vec-2B 2025-05 VLM2Vec-V2.0 ✓ Qwen2-VL-2B
UniME-2B 2025-10 UniME-V2-Qwen2VL-2B ✓ Qwen2-VL-2B
UniME-7B 2025-10 UniME-V2-Qwen2VL-7B ✓ Qwen2-VL-7B
mmE5 2025-02 mmE5-mllama-11b-instruct ✗ Llama-3.2-Vision

Non-MLLM-based Models

PIC2WORD 2023-02 PIC2WORD(CLIP-L/14) ✗ CLIP-L/14
SEARLE 2023-03 SEARLE(CLIP-L/14) ✗ CLIP-L/14
MAGICLENS 2024-03 MAGICLENS(CLIP-L/14) ✗ CLIP-L/14

Table 4: Details of the evaluated multimodal embedding models in EDIR.

Metric Total Attribute Object Relationship Style Complex

Color Material Shape Texture Add Remove Replace Count Spatial Action View Style Weather Time Complex

Non MLLM-based Models

PIC2WORD 42.2 42.7 34.3 37.3 38.0 50.0 31.0 40.0 47.7 35.7 50.0 32.0 42.3 49.3 51.0 45.9
SEARLE 33.0 34.0 29.0 28.0 26.3 39.0 19.7 36.0 40.3 24.7 48.0 22.0 21.7 42.3 37.0 38.5
MAGICLENS 29.9 29.7 17.7 17.7 14.7 37.0 28.7 41.3 31.7 33.0 38.3 23.7 42.3 21.0 34.3 32.5

Avg. 35.0 35.4 27.0 27.7 26.3 42.0 26.4 39.1 39.9 31.1 45.4 25.9 35.4 37.6 40.8 39.0

MLLM-based Models

Ops-embedding 71.3 70.3 65.7 64.3 70.0 86.7 49.7 81.7 73.7 69.3 81.7 56.0 70.0 70.0 76.3 76.4
RzenEmbed-7B 69.6 64.3 57.7 63.3 60.7 87.0 57.7 84.0 71.0 69.3 80.3 57.0 67.7 66.3 74.0 74.8
gme-2B 66.1 61.0 59.7 61.7 62.7 79.7 48.7 75.3 68.3 64.3 75.7 48.3 66.7 68.7 71.7 71.0
gme-7B 62.9 59.0 57.0 58.3 53.0 77.7 52.3 75.3 65.0 60.3 68.3 50.3 58.7 63.7 68.7 67.9
VLM2Vec-2B 61.7 59.7 52.3 61.7 67.0 76.3 49.3 60.7 68.7 61.0 68.7 45.7 51.3 58.3 66.0 68.0
MMRet-MLLM 58.0 53.3 44.7 49.3 49.3 75.0 48.3 68.3 57.7 63.7 62.7 46.0 41.7 57.7 63.0 69.8
E5-V 56.2 47.0 47.0 48.0 54.0 70.7 37.3 69.3 61.7 60.7 70.0 36.7 56.7 50.0 59.7 63.1
mmE5 53.8 53.3 44.3 48.0 49.3 64.3 48.3 64.0 56.0 56.0 62.3 37.7 53.7 52.0 54.7 57.1
UniME-7B 50.2 36.3 29.3 37.7 40.0 64.3 38.7 56.3 60.7 56.0 66.0 37.0 48.7 46.3 51.0 63.4
UniME-2B 49.4 45.7 39.7 40.7 46.3 59.7 40.7 67.0 51.0 48.3 61.7 38.7 41.3 41.0 51.3 56.1

Avg. 59.9 55.0 49.7 53.3 55.2 74.1 47.1 70.2 63.4 60.9 69.7 45.3 55.6 57.4 63.6 66.8
EDIR-MLLM 80.8 76.3 79.0 73.3 81.3 92.7 66.7 87.3 82.0 73.0 87.7 63.7 86.0 89.7 87.7 82.4

Table 5: Models Recall@3 performances on EDIR.
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Seed Image Selection

You are an AI assistant that judges if an image is suitable for common image editing tasks like adding/removing objects,
replacing elements, or changing the background.
Analyze the provided image and determine its suitability.

An image is considered NOT suitable if it is:
1. Primarily Text: A screenshot of a document, a presentation slide, or code with no significant visual elements.
2. Too Simple: A solid color, a simple gradient, or a basic pattern with no distinct objects to manipulate.
3. Poor Quality: The image is low-resolution, blurry, or heavily pixelated, especially when the composition is complex.

This combination makes it impossible to identify or edit objects cleanly.
4. Too Abstract or Cluttered: An abstract pattern, a dense texture, or a chaotic collage where there is no clear subject

or distinction between foreground and background.
5. Functional: A QR code, barcode, or captcha, where editing would destroy its purpose.

Based on your analysis, provide your output ONLY in the following JSON format:

{
"useful": <true_or_false>,
"reason": "<A brief explanation for your decision.>"

}

Figure 9: Prompt used to judge whether an image is suitable for image editing.

C Prompts.

As shown in Figure 2, we first prompt Qwen25-
VL-32B-Instruct to filter out the images that are
not suitable for editing. The prompt is shown in
Figure 9. After obtaining the seed images, we
prompt Qwen25-VL-32B-Instruct to generate edit
instructions for these seed images. For each image,
the MLLM is required to generate edit instructions
for 5-6 categories and 3 edit instructions for each
category. The prompt is shown in Figure 10. As we
have two methods for prompt rewriting, we provide
the prompt for direct rewriting in Figure 11, and
we provide the query negation rewrite prompt as
shown in Figure 12. For the two stage filtering,
we utilize the same prompt template, as shown in
Figure 13.
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Edit Instruction Generation

The model must output a single valid JSON object with the following structure:

{
"image_description": "<one-sentence description of the image>",
"categories": {

"<category_1>": {
"instructions": [

"<instruction_1>",
"<instruction_2>",
"<instruction_3>"

]
},
"<category_2>": { "instructions": [ ... ] },
...

}
}

— RULES —
1. Top-level keys: The JSON root must contain exactly two keys: "image_description" and "categories".
2. Categories count: The "categories" object must contain 5–6 keys, each selected from the allowed category list.
3. Allowed category keys:

color, material, shape, texture, addition, remove, replace, cardinality, spatial,
action, viewpoint, style, time, weather.

4. Instructions list: Each chosen category must contain an "instructions" list with 2–3 atomic editing instruc-
tions.

5. Instruction independence: Instructions across different categories must be combinable without logical conflicts. Do
not create edits that negate each other (e.g., removing an object and also recoloring it).

6. Atomicity: Each instruction must describe a single concrete change applied to one object or one cohesive group.
7. Real-world plausibility: All edits must be realistic and physically plausible; avoid fantasy-like transformations.
8. Concreteness: Avoid vague terms like “enhance” or “improve”; instead, specify explicit changes (e.g., “Change the

sky to a clear, bright blue.”).
9. Category balance: Pay particular attention to remove, replace, cardinality, viewpoint, shape, time,

and texture, ensuring these are used and not neglected.

— EXAMPLE —

{
"image_description": "A woman wearing a dress standing in a living room." ,
"categories": {

"remove": {
"instructions": [

"Remove the coffee table from the scene.",
"Remove the rug from under the furniture,
exposing the floor.",
"Remove the woman, leaving an empty living
room."

]
},

}
}

Figure 10: Prompt used to generate image editing instructions.
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CIR Query Generation

Given an image edit query, rewrite it into an image search query. The goal is to create a search that finds an image matching
the final, desired scene.
— GUIDELINES —

1. Describe the Final State: Convert action commands (like "add", "make", "move") into descriptive phrases ("a picture
of...", "a scene where...").

2. Omit Comparative Words: Always remove words that compare to the original image, like "larger", "more",
"brighter".

3. Handle Relational Details Intelligently (CRITICAL):

(a) If adding a NEW object: You can often omit its location relative to existing objects to get a better search. Focus
on the new object itself. (e.g., "Add a bird on the fence" -> "A picture with a bird").

(b) If changing the relationship between EXISTING objects: The new relationship is the most important detail and
MUST be included in the search. (e.g., "Move the cat onto the sofa" -> "A picture of a cat on a sofa").

— EXAMPLES —
CASE 1: Adding a new object (Omit relation)
Edit Query: Add a flock of seagulls flying near the kitesurfer.
Rewritten Search: I want to see a picture with seagulls flying.
(Reason: The core request is to add seagulls. Their exact position ’near the kitesurfer’ is secondary and omitted.)

CASE 2: Changing an object’s relationship (Keep relation)
Edit Query: Move the dog so it is sitting at the man’s feet.
Rewritten Search: A picture of a dog sitting at a man’s feet.
(Reason: The entire point of the edit is the new relationship between the dog and the man. This detail is essential and must
be kept.)

CASE 3: Changing a scene attribute (Omit comparative)
Edit Query: Make it a windy day with larger waves.
Rewritten Search: I want to see a windy weather of this place.
(Reason: The comparative "larger" is omitted. The core idea is the windy weather.)

— TASK —
Query: [FILL_THE_QUERY]
You only need to output the rewritten query without any other words or characters. The output should begin with the
following prefix. Here is the prefix: [FILL_THE_PREFIX]
If the prefix is "empty", you should simply return a description of the final scene.

Figure 11: Prompt used to convert edit instruction to CIR query. This prompt corresponds to the direct rewriting
strategy.
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CIR Negation Query

Given an image edit query, rewrite it into an image search query. The goal is to create a search that finds an image
matching the final, desired scene.
— GUIDELINES —

1. Convert positive statements about an attribute into a negative or relative query.
2. Focus on the attribute being changed, not the final state.
3. Avoid describing the final appearance; instead, state what should be different.

— EXAMPLES —
CASE 1: Changing an attribute (Color)
Edit Query: Change the dress color to red.
Rewritten Search: Find this dress but in a different color.
(Reason: The query asks for any color other than the original, not specifically red.)

CASE 2: Changing an attribute (Style)
Edit Query: Change the style to a watercolor painting.
Rewritten Search: Show me this picture but not as a photograph.
(Reason: The query negates the current style to find alternatives.)

— TASK —
Query: [FILL_THE_QUERY]
You only need to output the rewritten query without any other words or characters. The output should begin with the
following prefix. Here is the prefix: [FILL_THE_PREFIX]
If the prefix is "empty", you should simply return a description of the final scene.

Figure 12: Prompt used to convert an edit instruction to a negation CIR query.
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Image Pair Matching

Task:
Your task is to act as a quality control checkpoint. You will be given a source image, a text description, and
a target image. Your task is to determine if the text description accurately describes the transition from the
source image to the target image.

Failure Criteria:
The text description is considered a ’fail’ if it meets ANY of the following conditions:

1. Description Mismatch: The text does not accurately reflect the actual changes between the source and target images.
(e.g., The text describes "making the sky blue," but the actual change from source to target shows the sky turning red).

2. Subject Inconsistency: The core subject or scene in the target image is fundamentally different from the source
image, and this difference is not mentioned in the text description. (e.g., The source shows a dog, the target shows a
cat, but the text only mentions "removing the background"). However, if the subject basically belongs to the same
category, it is acceptable.

3. Transition Gap: The text fails to describe significant visible changes between the source and target images, leaving
important transitions unexplained.

4. Over-Description: The text describes changes that are not actually present in the transition from source to target
image.

Here is the text description: [FILL_THE_QUERY]

Required Output Format:
Please respond strictly in json format, without any additional comments. The json should contain two keys: ’verdict’ and
’reason’.

{
verdict: [pass / fail]
reason: [If ’fail’, provide a brief, specific reason based on the Failure
Criteria.]
}

Examples of "fail" Reasons:
• "Reason: The text describes changing the car’s color to red, but no color change is visible between source and target

images."
• "Reason: The text fails to mention the significant change in background scenery from urban to rural."
• "Reason: The text describes adding a dog, but the target image shows a cat was added instead."

Figure 13: Prompt used to assess the match among a source image, a text description, and a target image, serving as
a quality-control checkpoint in our data-filtering pipeline.
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