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Abstract

Composed Image Retrieval (CIR) aims to retrieve target im-
ages that closely resemble a reference image while integrat-
ing user-specified textual modifications, thereby capturing
user intent more accurately. EXxisting training-free zero-
shot CIR (ZS-CIR) methods often employ a two-stage pro-
cess: they first generate a caption for the reference image
and then use Large Language Models for reasoning a tar-
get description. However, these methods suffer from miss-
ing critical visual details and limited reasoning capabilities,
leading to suboptimal retrieval performance. To address
these challenges, we propose a novel, training-free one-
stage method, One-Stage Reflective Chain-of-Thought Rea-
soning (OSrCIR) for ZS-CIR, which employs Multimodal
Large Language Models to retain essential visual informa-
tion in a single-stage reasoning process, eliminating the in-
formation loss in two-stage methods. Our Reflective Chain-
of-Thought framework further improves interpretative ac-
curacy by aligning manipulation intent with contextual
cues from reference images. OSrCIR achieves performance
gains of 1.80% to 6.44% over existing training-free methods
across multiple tasks, setting new state-of-the-art results in
ZS-CIR and enhancing its utility in vision-language appli-
cations. Our code is available at https://github.
com/microsoft/ACV/tree/main/OSrCIR.

1. Introduction

Composed Image Retrieval (CIR) [53] aims to retrieve a tar-
get image that is visually similar to a reference image while
incorporating modifications specified by user-provided ma-
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Figure 1. Illustration of our motivation. (a) Two-stage implicit
intention reasoning of the baseline CIReVL method. (b) Our one-
stage approach OSrCIR with explicit intention reasoning.
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nipulation text. Unlike traditional content-based image re-
trieval [8], which relies solely on single-modality features,
CIR leverages both visual and textual data to capture user
intent more accurately, as shown in Figure 1. This dual-
modality approach allows users to specify desired changes
to reference images, improving search precision and en-
abling a clearer articulation of user intent. Consequently,
CIR has garnered increasing interest in internet search and
e-commerce [7, 40], where it facilitates tasks such as scene
image search with object manipulation or product recom-
mendations with attribute modification.

CIR faces two fundamental challenges: (1) user intent
spans both visual and textual modalities, necessitating a
common semantic space for effective cross-modal reason-
ing, and (2) understanding user intent demands deep reason-
ing, as it is often implicitly conveyed, particularly through
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reference images. While supervised methods have been
proposed to tackle these issues [3, 30], they rely on exten-
sive annotated triplets (i.e., reference image, manipulation
text, target image) CIR datasets to train task-specific mod-
els, which is labor-intensive and limits generalizability.

Zero-Shot Composed Image Retrieval (ZS-CIR) has
emerged as a solution to these limitations [4, 40, 50], uti-
lizing the pre-trained large-scale Vision-Language Models
(VLMS), i.e., CLIP [39], to reframe ZS-CIR as a text-based
image retrieval task. It encodes reference image content into
language and combines them with manipulation text to ob-
tain query captions for target retrieval within CLIP’s shared
semantic space. Query generation methods in ZS-CIR can
be implicit or explicit. Implicit methods, like textual inver-
sion [4, 40, 50], are often training-dependent, using large
image-caption datasets to train a mapping network that con-
verts images into text tokens. A static template then com-
bines these tokens with textual modifications to create query
captions. However, even with large-scale VLMs, these im-
plicit ZS-CIR methods are limited by CLIP capacity for hu-
man intention reasoning, which restricts the accurate inter-
pretation of manipulation intent.

Alternatively, recent research [21, 46] explores training-
free ZS-CIR methods that utilize Large Language Models
(LLMs) for explicit query inference. As illustrated in Figure
1(a), current explicit training-free methods follow a two-
stage process: an image captioner (e.g., BLIP-2 [24]) first
encodes the reference image into text, followed by LLM-
based reasoning to derive a target image description for re-
trieval. Despite this progress, current two-stage LLM-based
methods for ZS-CIR still face two limitations:

(1) Missing Visual Information. The initial captioning
process is not informed by manipulation text, so critical vi-
sual details needed for query composition are often missing.
For instance, in Figure 1, without explicit emphasis on the
term “human” in manipulation text, the caption fails to in-
clude the term “human holds pug”. Thus, even with a large-
scale retrieval model, this problem remains unresolved.

(2) Limited Exploitation of LLM Reasoning Capabil-
ities. Although LLMs offer strong reasoning capabilities,
current methods often rely on simple reasoning prompts like
following <Manipulation Text>, modify <Caption> [21],
which restricts LLMs’ full reasoning potential and may lead
to suboptimal inferences. As seen in Figure 1, the true user
intent of “a blurry human in the background” is misinter-
preted as “without human with a blurry background”.

To address these limitations, we propose a novel
training-free One-Stage reflective chain-of-thought reason-
ing for zero-shot Composed Image Retrieval (OSrCIR).
As shown in Figure 1(b), in this one-stage reasoning pro-
cess, we leverage Multimodal Large Language Models
(MLLMs) that handle visual and textual inputs simultane-
ously, thereby avoiding the intrinsic information loss seen

in two-stage methods. Our Reflective Chain-of-Thought
(CoT) framework further enhances reasoning by interpret-
ing nuanced manipulation intents from both the manipula-
tion text and contextual cues in the reference images, allow-
ing the model to more accurately locate and apply relevant
visual details. This approach is inspired by human cognitive
processes, particularly iterative refinement and reasoning,
enhancing both model performance and interpretability.

The main contributions are summarized as follows:
(1) We propose a one-stage reasoning method based on
MLLMs, which fully retains the visual information of the
reference image. This approach helps unleash the model’s
reasoning ability in CIR, thereby improving the accuracy
and efficiency of training-free ZS-CIR. (2) We designed a
Reflective CoT reasoning approach to address the current
model’s insufficient understanding of manipulation inten-
tion. This approach interprets visual intent based on vi-
sual information and accurately identifies relevant visual
elements during reasoning, significantly enhancing model
performance and interpretability. (3) Our model improves
from 1.80% to 6.44% across four tasks on ViT-L/14 while
maintaining inference efficiency, setting new state-of-the-
art results in ZS-CIR, further impacting a broader range of
vision and language applications.

2. Related works

Composed Image Retrieval. Composed Image Retrieval
(CIR) involves combining image and text features for re-
trieval [53], using late fusion to integrate visual and textual
features while requiring extensively annotated triplets CIR
datasets [3, 30, 59]. Zero-shot CIR models [4, 10, 13, 18,
21, 26, 40, 47-51] eliminate the need for large-scale CIR
datasets enabling CIR without extensive labeled data. Tex-
tual inversion ZS-CIR methods [3, 4, 50] leverages image-
text pairs during training, using pre-trained CLIP language
encoder for reasoning. However, these methods often strug-
gle to interpret implicit human intent embedded in manipu-
lation text. Training-free ZS-CIR approaches [21, 46, 57],
such as CIReVL [21], leverage LLM to infer manipula-
tion intent. However, their two-stage process often results
in inaccuracies, as critical visual details and implicit in-
tent are missed. To address these challenges, we propose
a one-stage approach that directly reasons about user in-
tent using complete image content. Unlike diffusion-based
[12] or ensemble-based methods like LDRE [57], which
introduce substantial computational overhead, our model
achieves greater efficiency and faster inference times.

Vision and Language Pre-training Models. Vision and
Language Pre-training (VLP) models, such as CLIP [39],
leverage large-scale image-text pairs to align visual and tex-
tual data implicitly. Recent advancements in VLP [44, 64]
have employed static models that merge encoded image
and text features, enabling a variety of zero-shot tasks
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Figure 2. An overview of our model. An MLLM processes the reference image and the manipulation text to generate a description of the
desired target image by reflective CoT. To obtain the desired image, we use a vision-language model and perform text-to-image retrieval.

Different colors denote the reasoning outcomes of each intention.

[2, 16, 23, 24, 41, 42, 44]. More recent work has focused
on integrating vision and language processing within the ar-
chitecture of large pre-trained language models, leading to
the development of state-of-the-art Multimodal Large Lan-
guage Models (MLLMs) such as LLaVA [28] and GPT-
4 [34, 35], which offer enhanced multimodal capabilities.
Additionally, methods [6, 19, 25, 45] like ComCLIP [19]
have further enhanced the cross-modal retrieval capabilities
of multimodal models, pushing the boundaries of image-
text retrieval tasks. Our work demonstrates that an MLLM
alone, when combined with vision-language retrieval mod-
els, can suffice for effective CIR without additional training.
Reasoning Capability of LLMs and MLLMs. LLMs
demonstrate strong reasoning abilities, enabled mainly by
in-context learning (ICL) [5], where prompted examples
and contextual cues improve model performance. Chain-
of-Thought prompting [55] further enhances reasoning by
guiding LLMs to generate intermediate reasoning steps in
complex reasoning tasks. Studies show that LLMs ben-
efit from both crafted demonstrations [55] and zero-shot
prompting [22]. Furthermore, self-reflection techniques
[43] have proven effective in enhancing reasoning. How-
ever, MLLMs face challenges in reasoning due to the gap
between visual and textual data. To address this gap, recent
research has developed advanced training [2, 31, 37, 65] and
prompting methods [15, 32, 60, 61, 63]. Several studies
[11, 14, 32, 54, 58, 62, 63] have adapted CoT for multi-
modal reasoning tasks, showing that CoT can significantly
enhance visual reasoning in MLLMs. Building on these ad-
vancements, our work is the first to apply CoT to ZS-CIR,
extending CoT’s impact to a new multimodal domain.

3. Methodology

Given a reference image I, and a manipulation text 7,
describing the user’s intention of hypothetical semantic
changes on the reference image, ZS-CIR retrieves images

from an image database D that are visually similar to I,
while incorporating the modifications specified in 7,,,. Fig-
ure 2 illustrates our model. We introduce a new approach
to explicitly reasoning a target image description 7} as the
composed query based on a Multimodal Large Language
Model (MLLM) ¥ ,,, which contains pre-trained knowl-
edge to understand the user’s intention embedded in ma-
nipulation text. To ensure that Wy, reasons 7} in a human-
understandable manner, we introduce a Reflective Chain-of-
Thought prompt p.. The obtained target image description
T,, is then used for image retrieval via CLIP, with the as-
sociated pre-trained text encoder U1 embedding both the
target image description 73 and candidate images I, into a
shared, searchable space. The matching score is computed
using cosine similarity cos(¥;(I.), Ur(T3)).

3.1. One-Stage Reasoning Process

The conventional two-stage structure of training-free ZS-
CIR restricts the ability of image captioners to capture es-
sential visual details, thereby constraining the reasoning ca-
pacity of LLMs. To overcome this limitation, we propose a
streamlined one-stage approach that eliminates the need for
a separate image captioning stage, which does not include
user-provided manipulation intent. As shown in Figure 2
(left), we aim to leverage W ,’s inherent multimodal under-
standing to capture the reference image’s details directly.
This enables reasoning a target image description 73, mod-
eling the user’s intention of hypothetical manipulation of
T, on the reference image I, as a transformation in the
resulting target description 73 without additional training.
Formally, given an MLLM W j,, we generate a target image
description 7} contains the user’s manipulation intent 7,
on the reference image I, as follows:

Tt = \I/M(pcOIron)7 (l)

where the LLM is queried with a concatenated prompt com-
posed of the base CoT prompt p,. (see Section 3.2 for de-



tails), the reference image I,. (prepended with “Original
Image Context”), and T),, the manipulation intent text
(prepended with “Manipulation text”). This prompt
format is largely task-agnostic, enabling its application
across various CIR tasks.

3.2. Reflective Chain-of-Thought for ZS-CIR

Each image-intention input pair comprises a reference im-
age and manipulation text that implicitly conveys the user’s
intention to modify the reference image. To generate the
target image description 73, the adopted MLLM needs to
understand this manipulation intention accurately. Exist-
ing methods rely on simple prompts (e.g., Following
T, modify reference image caption) to ex-
tract these intentions, but this approach is insufficient for ac-
curately inferring user’s implicit intention embedded in 7T,
(see Section 4.2). To address this limitation, we introduce a
Reflective CoT prompt p., which guides the MLLM to pro-
gressively reason about user intent across both the reference
image and manipulation text, ensuring accurate ZS-CIR.
Specifically, as shown in Figure 2 (right), the Reflective
CoT prompt instructs the following progressive reasoning
steps: First, the Original Image Description step highlights
visual details relevant to the user’s intention in the refer-
ence image. The Thoughts step then captures the user’s
intention and reasoning for potentially manipulated visual
elements. In the Reflections step, these elements are further
evaluated to identify those mostly aligned with the user’s
intent. Finally, the Target Image Description step generates
a refined description based on the most intention-relevant
visual modifications for target retrieval. Notably, all steps
are included in a single prompt for MLLM, ensuring both
efficiency and interpretability. We illustrate each reasoning
step below using the example in Figure 2 while providing
the complete prompt template in Supplementary.
Original Image Description. During this step, the MLLM
is asked to capture all visible objects, attributes, and ele-
ments relevant to the manipulation text, and to reflect on
the content and context of the image to ensure retention of
fine-grained details. In Figure 2, the intention-irrelevant vi-
sual details (e.g., a table, lights, or photos) are excluded in
the caption while relevant elements (e.g., human holding a
small pug) are preserved to align with the manipulation text.
Thoughts. Given the intention-relevant visual details and
manipulation text, the MLLM then seeks to capture the
user’s intention (e.g., “Remove the human, change the back-
ground”). We first prompt the MLLM to explain its under-
standing of the manipulation intent. Since the user’s inten-
tions are often implicit, requiring reference image context
for interpretation (e.g., “Removing the human to focus on
the pug”), we further ask the MLLM to discuss how the ma-
nipulation intent influences the choice of focused elements
in the original image.

Reflections. Given the manipulation intent and reference
image, the MLLM needs to filter out incorrect intentions
(e.g., removing the human) and identify the most relevant
manipulated elements (e.g., the small pug, a blurry human
background). We ask the MLLM to highlight key decisions
made to preserve the coherence and context of the original
image while fulfilling the manipulation intent and to offer
a logical connection between the original content and the
final description. This step also alleviates hallucination is-
sues present in the Thoughts step (See Figure 5).

Target Image Description. Given the filtered manipulated
elements, the MLLM finally generates a target description
based on the manipulated elements mostly relevant to user
intent. We simply ask the MLLM to generate a target image
description that only contains the target content.
Vision-by-Language In-Context Learning. Simply pro-
viding guidelines for the Reflective CoT process is insuffi-
cient for MLLMs to understand the CoT process required at
each step. To address this, we leverage in-context learning,
a technique widely used in LLM and MLLM CoT methods
[33, 55, 63]. To ensure a zero-shot setting in ZS-CIR, we
propose a vision-by-language in-context learning (ICL) ap-
proach. This method provides a few expected MLLM out-
puts in text form as examples, without requiring a reference
image, to guide the MLLM through the reasoning process
at each step. Refer to our Supplementary for more details.
Composed Image Retrieval. Given the target image de-
scription T}, our model encodes the image-search database
D alongside T} using a frozen pre-trained CLIP. The re-
trieved target image [; is determined as follows:

I; = argmax \I/I(I")TWT(Tt)
e Yr(I)I Y (T

where the selected target image [; is the one most simi-
lar to the generated target image description. The retrieval
process is modular, performed only after combining the
reference image and manipulation text, allowing flexibility
to substitute different retrieval systems based on practical
needs and the desired trade-off between efficiency and ef-
fectiveness. Our approach enables a human-understandable
ZS-CIR pipeline, where reasoning is fully expressed in the
language domain, and the retrieval process is clearly sepa-
rated, requiring no additional training or mapping modules.

2

4. Experiments

Datasets and Baselines. We utilize four commonly used
datasets in CIR: CIRR [30], CIRCO [4], FashionlQ [56],
and GeneCIS [52]. CIRR is the first natural image dataset
for CIR, although it can include false negatives [4], where
several images could be potential ground truths but are not
labeled as such. The CIRCO dataset addresses this by pro-
viding multiple annotated ground truths to reduce false neg-
atives. GeneCIS, built from MS-COCO [27] and Visual



CIRCO + CIRR — | CIRCO I CIRR
Metric mAP@k Recall@k Recallgypset @k
Arch | Method k=5 k=10 k=25 k=50 || k=l k=5 k=10 | k=l k=2 k=3
SEARLE | 935 994 1113 11.84 2400 5342 6682|5489 7660 88.19
ViT.B/32 | CIReVL 1494 1542 1700 17.82 || 23.94 5251 66.00 | 60.17 80.05 90.19
CIReVL* 1602 1669 17.77 18.89 || 2425 52.83 66.32 | 6043 8035 90.51
OSrCIR 18.04 1917 2094 21.85 || 2542 54.54 68.19 | 6231 80.86 9113
Pic2Word 872 951 1064 11292390 5170 6530 | - - -
SEARLE 1168 1273 1433 1512 || 2424 5248 6629 | 53.76 7501 88.19
LinCIR 1259 1358 1500 1585 || 25.04 5325 66.68 | 57.11 7737 88.89
VIiT-L/14 | Context-I2W | 13.04 1462 16.14 17.16 || 25.60 55.10 68.50 | - - -
CIReVL 1857 19.01 20.89 21.80 || 2455 5231 64.92 | 59.54 79.88 89.69
CIReVL* 18.92 1932 21.15 22.14 || 2483 5268 6528 | 59.82 80.15 89.98
OSrCIR 2387 2533 27.84 2897 || 2945 57.68 69.86 | 62.12 81.92 91.10
LinCIR | 1971 2101 23.13 2418 || 3525 6472 76.05 | 63.35 8222 91.98
ViT.G/14 | CIReVL 2677 2759 2996 31.03 || 3465 6429 7506 | 67.95 84.87 9321
CIReVL* 27.12 2801 3035 3139 || 3498 64.68 7541 | 68.37 8523 9324
OSrCIR 3047 31.14 3503 3659 || 37.26 6725 7733 | 69.22 8528 93.55

Table 1. Comparison on CIRCO and CIRR Test Data.

On CIRCO, 0SrCIR significantly outperforms even adaptive methods across

retrieval models, while it achieves competitive results on CIRR despite the noise in the benchmark. Grey lines represent the training-free
ZS-CIR methods. CIReVL™ uses the GPT4o [1] in two-stage. Bold and ‘_’ denote the best and second-best result, respectively.
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Attributes in the Wild [38], offers four task variations, en-
abling retrieval or modification tasks around specific objects
or attributes. FashionlQ focuses specifically on fashion-
related retrieval. These datasets cover distinct CIR tasks:
CIRCO and CIRR for object manipulation (using refer-
ence images to guide object or background manipulation),
GeneCIS for object and attribute composition (with various
object and attribute labels used to combine with cropped
query images for retrieval), and FashionlQ for attribute ma-
nipulation (offering descriptive sentences to modify image
attributes). Following the original benchmarks, we use Re-
call@k (R@k) as the evaluation metric for CIRR, GeneCIS,
and FashionlQ, and mean average precision (mAP@k) for
CIRCO to account for multiple positives. We also evaluate
CIRR in a subset setting, where Recallgypset @k measures
retrieval performance within a limited selection of images
relevant to the query in the database.

We compare OSrCIR with several commonly bench-
marked ZS-CIR methods, categorized as textual inversion
or training-free approaches. The textual inversion meth-
ods are training-dependent and include: 1) Pic2Word [40]:
maps the visual features of a reference image into a pseudo-

word token. 2) SEARLE [4]: combines the pseudo-word
token with the GPT-generated caption [5] and applies dis-
tillation for efficiency. 3) Context-I2W [50]: selectively
maps text description-relevant visual information from the
reference image. 4) LinCIR [13]: masks subjects in cap-
tions to enhance training efficiency.

The training-free baseline methods are as follows: 1)
CIReVL [21], a two-stage approach where a pre-trained
image captioner generates a reference image caption, fol-
lowed by an LLM composing a target image description
based on manipulation text; and 2) CIReVL*, follow-
ing CIReVL’s two-stage process but employing the same
MLLM used in OSrCIR for both reference image caption-
ing and target image description generation. To ensure a
fair comparison, we present results without using LLM-
based ensemble methods like LDRE [57] or diffusion-based
models like CompoDiff [12], as these approaches add sub-
stantial computational overhead in inference or training.
We evaluate our method across three backbones (ViT-B/32,
ViT-L/14, and ViT-G/14) but focus primarily on ViT-L/14
for baseline comparisons. This choice is driven by its bal-
ance of inference efficiency and retrieval quality, which is
widely reported by other baselines and is more practical for
real-world applications.

Implementation Details. The default MLLM used in
OSrCIR is GPT-4o [1], while we also perform ablations
with GPT-40-mini, GPT-4V, and open-source MLLMs in-
cluding LLaVA [29] and MiniGPT4 [66]. GPT APIs are
used with a temperature setting of 0, while all other param-
eters remain at their default values. The retrieval module,
built in PyTorch [36] based on the codebase from [20], per-
forms all computations on a single NVIDIA A100 GPU. For
the CLIP-based ViT variants [9], we adopt weights from



GeneCIS — ‘ Focus Attribute Change Attribute Focus Object Change Object ‘ Average

Backbone | Method | Rel R@2 R@3 R@! R@2 R@3 R@l R@2 R@3 R@l R@2 R@3| Rel
\ SEARLE \ 189 30.6 412 13.0 238 337 122 230 333 136 238 333 14.4

VIT-B/32 CIReVL 179 294 404 148 258 358 146 243 333 161 278 37.6 15.9
CIReVL* 182 297 40.7 151 26.1 361 149 245 33.6 164 28.1 379 16.2

OSrCIR 194 327 428 164 277 381 157 257 358 182 301 394 17.4

SEARLE 171 296 407 163 252 342 120 222 309 120 241 339 14.4

LinCIR 169 300 415 162 280 368 83 174 262 74 157  25.0 12.2

VIT-L/14 Context-I2W | 17.2 305 41.7 164 283 371 87 179 269 7.7 16.0 254 12.7
CIReVL 19.5 31.8 420 144 260 352 123 21.8 305 172 289 37.6 15.9

CIReVL* 19.7 321 423 148 262 354 125 221 307 173 29.1 379 16.1

OSrCIR 209 331 445 172 285 379 150 236 342 184 30.6 383 17.9

\ LinCIR \ 19.1 330 423 176 302 381 101 19.1 28.1 7.9 163 257 13.7

VIT.G/14 CIReVL 20.5 340 445 161 28,6 394 147 252 330 181 312 410 17.4
CIReVL* 209 344 449 165 290 398 151 256 334 185 316 414 17.8

OSrCIR 227 364 470 179 308 420 169 284 367 21.0 334 442 19.6

Table 2. Comparison on GeneCIS Test Data.

OSrCIR is able to significantly outperform adaptive methods across all GeneCIS sub-

benchmarks, with its inherent modularity allowing for further simple scaling to achieve additional large gains. Grey lines represent the
training-free ZS-CIR methods. CIReVL" uses the GPT4o in two-stage. Bold and ‘_’ denotes the best and second-best result, respectively.

the official CLIP implementation [39] while using Open-
CLIP [17] for ViT-G/14. Performance metrics are averaged
across three trials to ensure reliability.

4.1. Quantitative and Qualitative Results

Our main quantitative experimental results are presented in
Tables 1, 2 and 3, while Figures 3 and 4 show qualitative
comparisons between our model and the baseline CIReVL.
In Table 1, we show the comparison results for the
CIRCO and CIRR datasets, which evaluate our model’s
capability in foreground and background differentiation as
well as fine-grained image editing through object and scene
manipulation tasks. Performances are evaluated on the
hidden test sets of CIRCO and CIRR, accessible via the
submission servers [4, 40]. For all different CLIP-based
ViT variants for retrieval, our approach significantly out-
performs existing methods, including training-free and tex-
tual inversion. For instance, on the default ViT-L/14 in
CIRCO, which contains clean annotations of manipula-
tion text with multiple target images, our model achieves
a mAP@5 of 23.87%, notably surpassing the 18.92% ob-
tained by the best training-free method (CIReVL*) and
nearly doubling the 13.04% achieved by the top textual
inversion method (Context-I2W). Furthermore, in CIRR,
where the manipulation text is less explicit and noisier
[4, 21], our model still shows a significant 3.23% aver-
age improvement across all evaluation metrics over the
best training-free method, CIReVL*. Note that although
CIReVL* outperforms CIReVL, the difference is marginal,
suggesting that simply adopting a better MLLM does not
address the limitations of the two-stage approach.
Qualitatively, as illustrated in Figure 3, our method,
OSrCIR, generates target image descriptions that align
with user intent and capture intricate visual details. In com-
parison, CIReVL misses critical elements, such as the im-
age type “poster” and dog breed “Chihuahuas” in Row 1,

the dog’s “tan” color in Row 2, and the contextual details of
the “beach” setting and dog breed “Labrador” in Row 3.

We further evaluate our model’s capability on object
and attribute composition using the GeneCIS dataset, with
the results detailed in Table 2. Unlike CIRCO and CIRR,
GeneCIS uses single-word manipulation texts with varied
interpretations depending on the task, such as focusing on
or changing a specific attribute or object. Consequently,
user intent is often abstract and ambiguous, requiring our
model to interpret intent precisely based on the reference
image. For a fair comparison, we adopt the same output for-
mat in our reflective CoT process as the recent work [21].
Specifically, for the “Focus” tasks, we direct the MLLM
to retain the attribute or object specified in the instruction.
For the “Change” tasks, we prompt it to replace the corre-
sponding object. For the ViT-L/14 retrieval backbone, our
method achieves a 1.8% improvement in Average RQ1 over
the best training-free method (CIReVL™*) and outperforms
the best textual inversion method (Context-I2W) by 5.2%.
Similar improvements are also observed for the other two
backbones, underscoring the effectiveness of our reflective
CoT process in capturing the user’s implicit intent.

Lastly, Table 3 presents our model’s performance on
attribute manipulation tasks using the FashionlQ valida-
tion set, requiring accurate localization of specific fash-
ion attributes (e.g., style, color, pattern). The results
show that OSrCIR surpasses existing ZS-CIR models us-
ing the ViT-B/14 and ViT-L/14 backbones. For instance,
on ViT-L/14, our method outperforms the best training-free
model (CIReVL*) and the leading textual inversion model
(Context-12W) by 4.74% and 5.47% on average, respec-
tively. On ViT-G/14, our method achieves a notable 4.6%
improvement over the best training-free model, CIReVL*,
yet still falls short of the best-performing textual inversion
approach, LinCIR. This discrepancy may stem from Lin-
CIR’s training process being aligned with the CLIP model



Fashion-1Q — ‘ Shirt Dress Toptee ‘ Average

Backbone ‘ Method ‘ R@10 R@50 R@10 R@50 R@10 R@50 ‘ R@10 R@50
SEARLE 2444 41.61 1854 3951 2570 46.46 | 22.89 4253

VIT-B/32 CIReVL 2836 47.84 2529 4636 31.21 5385 | 2829 49.35
) CIReVL* 28.83 4836 25.82 46.89 31.73 5434 | 28.79 49.86
OSrCIR 31.16 5113 2935 50.37 36.51 5871 | 32.34 53.40

Pic2Word 2620 43.60 20.00 4020 2790 47.40 | 2470 43.70

SEARLE 26.89 4558 2048 43.13  29.32 4997 | 2556 4623

LinCIR 29.10 46.81 2092 4244 2881 50.18 | 2628 4649

ViT-L/14 | Context-I2W | 29.70  48.60 23.10 4530 30.60 5290 | 27.80 48.90
CIReVL 2949 4740 2479 4476 3136 53.65 | 28.55 4857

CIReVL* 2998 4792 2529 4528 31.89 54.13 | 29.05 49.11

OSrCIR 33.17 52.03 29.70 51.81 36.92 59.27 | 33.26 54.37

LinCIR 46.76  65.11 38.08 60.88 50.48 71.09 | 4511 65.69

VIT-G/14 CIReVL 3371 5142 27.07 4953 3580 56.14 | 32.19 5236
CIReVL* 3401 5192 2756 50.04 3629 56.63 | 32.62 52.86

OSrCIR 38.65 54.71 33.02 5478 41.04 61.83 | 37.57 57.11

Table 3. Comparison on FashionIQ Validation Data. OSrCIR is able to significantly outperform adaptive methods across all sub-
benchmarks, with its inherent modularity allowing for further simple scaling to achieve additional large gains. Grey lines represent the
training-free ZS-CIR methods. CIReVL™ uses the GPT4o in two-stage. Bold and ‘_’ denotes the best and second-best result, respectively.
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used in retrieval, unlike our training-free approach, which
lacks this specific alignment. The limitation is particularly
evident in the fashion domain, where CLIP may have lim-
ited domain-specific knowledge. For instance, terms like
“sequined bodice” in the target description are challeng-
ing for CLIP to interpret without training-based alignment,
leading to reduced performance. Conversely, in the nat-
ural image domain, such as CIRCO, where MLLM/LLM
outputs are more comprehensible to CLIP, our training-free
method substantially outperforms all textual inversion tech-
niques. Future work might explore enhancing the alignment
between reasoning and retrieval modules to improve model
performance in specialized domains.

Qualitative comparison results of our method and the
baseline method CIReVL are presented in Figure 4.
OSrCIR accurately identifies and manipulates the attribute-
relevant visual elements of “Angry Birds” (Row 1), a “one-
shoulder” dress (Row 2), and a tee with a complex pattern
featuring more images (Row 3).

4.2. Ablation Study and Performance Analysis

Similar to [13, 21, 57], we examine the contributions of
core components in OSrCIR using a ViT-L/14 backbone
on CIRCO and Fashion-IQ (Table 4). (1) Models ‘2-3’

assess the impact of key modules in OSrCIR. Adapt-
ing CIReVL’s second stage with our reflective CoT pro-
cess (model ‘2’) results in a 2.46% average performance
drop compared to our method (model ‘1’), highlighting
the necessity of our one-stage reasoning process for cap-
turing complete reference image content. Removing Re-
flective CoT (model ‘3’) causes a 3.55% performance de-
cline, indicating the importance of our multimodal CoT
for effective manipulation intention understanding. We
choose not to conduct an ablation integrating manipulation
text into caption generation with MLLM in the two-stage
approach, as it is methodologically closely aligned with
OSrCIR but adds an additional MLLM query, which is un-
necessary and reduces efficiency. (2) Models ‘4-7’ eval-
uate each Reflective CoT step. Skipping the generation
of the original image description guided by manipulation
text (model ‘4’) causes a 1.44% performance decline, em-
phasizing the need to remove irrelevant visual information.
Similarly, without reasoning about user intentions (model
‘5’) or filtering irrelevant ones (model ‘6’), performance
drops by 2.60% and 2.08%, respectively, underscoring the
importance of capturing user intentions and identifying rel-
evant visual elements. Removing our vision-by-language
in-context samples (model ‘7’) results in a 1.29% decline,
showing the benefit of ICL for guiding the reflective CoT.
(3) In models ‘8-11°, we analyze the impact of the choice
of MLLM. Open-source models, such as LLaVA (model
‘8”) and MiniGPT-4 (model ‘9’), achieve results close to
the best training-free ZS-CIR method, CIReVL, but there
remains a gap of 2.89% and 3.96% compared to GPT-40
(model ‘1’). Notably, GPT-40-mini (model ‘10’) performs
comparably well, with only a 0.97% decline, while being
more efficient than GPT-40. Please refer to our Supplemen-
tary (Section D) for more ablation studies.
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Figure 5. Visualization of Reflective CoT samples. We compare the top 1 retrieval results of ours and CIReVL. Different colors denote the
reasoning outcomes of each intention. Our Reflective CoT effectively filters out elements irrelevant to user intention.

CIRCO Fashion-1Q
Methods k=5 k=10 k=25 k=10 k=50

1. Full model (GPT-40) 23.87 25.33 27.84 \ 33.26 54.37
Significance of key modules of OSrCIR

2. w/o one-stage reasoning 21.73 22.78 24.47|31.16 52.22
3. w/o Reflective CoT 20.86 21.40 23.34|30.27 51.06
Necessity of each step in our Reflective CoT

4. wi/o Original Description 22.56 23.57 26.02|32.37 52.97
5. w/o Thoughts 21.46 22.07 25.06|31.59 51.47
6. w/o Reflections 22.04 22.74 25.32|32.05 52.11
7. w/loICL 2297 23.50 26.55|32.03 53.17
Impact of different MLLMs

8. LLaVA 20.89 22.30 24.88|30.75 51.42
9. MiniGPT-4 19.85 21.30 23.90 [29.36 50.47
10. GPT-40-mini 23.10 24.47 26.73|32.19 53.32
11. GPT-4V 22.15 23.58 25.24|31.55 52.60

Table 4. Ablation study on CIRCO and FashionIQ.

Qualitative Analysis of Reflective CoT. To further ex-
amine the benefits of reflective CoT on interpreting user in-
tent, we present additional case studies in Figure 5 along-
side the example in Figure 2. For instance, in Row 1, reflec-
tive CoT effectively filters out elements irrelevant to user
intent, such as “the woman in a black coat” and the hallu-
cinated thought (i.e., “ready to face the enemy”). Notably,
reflective CoT also demonstrates accuracy in interpreting
intent even when the connection between the reference im-
age and manipulation text is weak, as shown in Row 2. Al-
though this situation technically falls outside CIR, it reflects
real user behavior, where users may not closely align ma-
nipulation text with the reference image. In Row 2, reflec-
tive CoT uses common sense (e.g., recognizing that couches
are uncommon in small bedrooms) to infer the user’s inten-
tion of transitioning from a bedroom to a living room. This
filtering of irrelevant details enhances model robustness and
likely underlies its strong performance on the CIR task.

Analysis of Common Failure Cases. To gain insights into
failure cases of OSrCIR, we analyzed 300 failure cases
from the FashionlQ validation set using ViT-G/14. As
shown in Figure 6, we identify two main issues: (1) Dif-
ficulty with reasoning terms (49%): The retrieval model
(i.e., CLIP) often misreads reasoning terms (e.g., compar-

Retrieval Results Intervened Results
Query he person is wearing a light-colored ~ The person is w?‘arlng alight-
own with short sleeves and a fitted | coIored own with short sleeves
odice, featuring less Iowyfabnc ; and a tte?fgodlce featurlng
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dgeametnr: pa tern shi I es pattern

Figure 6. Visualization of common failure cases in the FashionIQ
validation set. The top 2 retrieval results are shown.

f‘gv is black and
g is darker

isons) like interpreting “less flowy” incorrectly (Row 1)
while substituting “stiffer” corrected this. (2) Misalignment
concepts between MLLM and retrieval model (34%): the
retrieval model struggles to interpret fashion-specific terms
from MLLM, like “Hawaiian style” and “floral and geomet-
ric” (Row 2). Replacing them with simpler terms (“tropical
style”, “flower shapes”) improved retrieval accuracy.
Effectiveness and Efficiency Analysis. Our approach not
only outperforms the best training-free ZS-CIR method
(CIReVL) on four CIR tasks but also has a faster inference
time, taking about 0.6 second per query, which is 66.67%
faster than CIReVL. Compared to textual inversion meth-
ods, while our performance surpasses them without train-
ing, our inference speed remains 30x slower. As MLLM
API calls account for 97% of the total time in OSrCIR, we
believe that faster APIs may resolve this issue in the future.
For details, please refer to our Supplementary (Section E).

5. Conclusion

In this paper, we propose a one-stage reflective chain-of-
thought reasoning approach that leverages MLLMs to si-
multaneously process visual and textual inputs, reducing
information loss found in two-stage training-free ZS-CIR
methods. By capturing nuanced manipulation intents from
text and image cues, OSrCIR demonstrates strong gener-
alization and significantly outperforms existing methods on
four diverse tasks, achieving comparable inference times.
This work advances intention-based image retrieval and has
broad implications for vision-language applications.
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