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Abstract

Zero-Shot Composed Image Retrieval (ZS-CIR) aims to re-
trieve target images by integrating information from a com-
posed query (reference image and modification text) without
training samples. Existing methods primarily combine cap-
tion models and Large Language Models (LLMs) to gener-
ate target captions from composed queries but face various
issues such as incompatibility, visual information loss, and
insufficient reasoning. In this work, we propose CoTMR, a
training-free framework with novel Chain-of-thought (CoT)
and Multi-scale Reasoning. Instead of relying on caption
models for modality transformation, CoTMR directly em-
ploys the Large Vision-Language Model (LVLM) to achieve
unified understanding and reasoning of composed queries.
To enhance reasoning reliability, we devise CIRCoT, which
guides the LVLM to perform step-by-step reasoning by fol-
lowing predefined subtasks. Additionally, while most ex-
isting approaches focus solely on global-level reasoning,
CoTMR introduces fine-grained predictions about the pres-
ence or absence of key elements at the object scale for more
comprehensive reasoning. Furthermore, we design a Multi-
Grained Scoring (MGS) mechanism, which integrates CLIP
similarity scores of the above reasoning outputs with can-
didate images to realize precise retrieval. Extensive ex-
periments demonstrate that our CoTMR not only drasti-
cally outperforms previous methods across four prominent
benchmarks but also offers appealing interpretability.

1. Introduction

Zero-Shot Composed Image Retrieval (ZS-CIR) [3, 36, 40]
aims to retrieve the target image by integrating information
from a reference image and a modification text, without
training with annotated triplets data. In contrast to tradi-
tional image retrieval tasks [9-11, 24], CIR queries neces-
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Figure 1. Flowcharts of existing ZS-CIR methods and our pro-
posed CoTMR. Methods (a) and (b) face serious issues of vi-
sual information loss and insufficient reasoning. In contrast, our
method (c) fully perceives image content, enhances reasoning pro-
cess with CIRCoT, and augments multi-grained descriptions with
multi-scale reasoning.

sitate precise “editing” to the reference image based on the
modification text. Therefore, successfully completing the
CIR task entails (1) Advanced multimodal composed un-
derstanding abilities to accurately interpret the visual con-
text and user’s modification intent in modification text, and
(2) Robust multimodal reasoning abilities to implement
the modifications appropriately.

As shown in Figure | (a), previous methods [3, 36]
primarily propose a textual inversion module to generate
pseudo-tokens from the reference image and concatenate it
with the modification text. However, these methods still
require extensive data for training, and the relatively short
length of pseudo-tokens limits the model’s ability to fully
represent the reference image. Notably, these statistical
methods lack enough logical reasoning for the CIR task.
Recent works [17, 47] leverage Large Language Models
(LLMs) to identify the user’s modification intent. As shown
in Figure 1 (b), these methods use pre-trained caption mod-
els to generate a caption for the reference image, and then
employ the LLM to edit this caption based on the modifi-
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cation text. However, the cascading combination of differ-
ent models introduces several challenges. (1) Component
Incompatibility: There are domain gaps in language style
and way of thought between caption models and LLMs;
(2) Visual Information Loss: During the caption generation
process, some detailed information about the reference im-
age is inevitably lost; (3) Single-scale Reasoning: Existing
methods focus solely on image-scale reasoning, neglecting
fine-grained details; (4) Insufficient Reasoning: As a key
component, current approaches have not fully leveraged the
reasoning capability of LLM. Therefore, as shown in Fig-
ure |, the aforementioned methods make it hard to preserve
the “golden retriever” characteristics in the reference image.

In this work, we propose CoTMR, a training-free
and highly interpretable framework with novel Chain-of-
Thought (CoT) and Multi-scale Reasoning. As shown in
Figure 1 (c), instead of relying on the combination of cap-
tion models and LLMs, CoTMR employs the Large Vision-
Language Model (LVLM) to achieve unified understanding
and reasoning for composed queries. This framework offers
several appealing benefits, including rich visual informa-
tion, unified reasoning, and simplified workflow. Further-
more, we propose a novel CoT method, named CIRCoT, to
further enhance the reasoning capability and interpretability
of the LVLM. Unlike previous works [50] that entirely del-
egate the task decomposition process to the model, CIRCoT
pre-divides the CIR task into multiple subtasks and allows
the model to reason each pre-defined subtask step-by-step.
Additionally, a few examples can also be included for ref-
erence in CoT [45]. This structured reasoning process not
only guides the LVLM through a step-by-step inference pro-
cess but also provides high-level interpretability, allowing
users to intervene for more precise retrieval when necessary.

With this structured reasoning process, we further pro-
pose Multi-Scale Reasoning to predict both the global de-
scription and fine-grained details of target image from com-
posed query. As shown in Figure | (c), in addition to rea-
soning at the image scale, we further conduct object-scale
reasoning to emphasize key objects and attributes. Notably,
aligning with the requirement of CIR, we should not only
infer the objects that should be present in the target image
(“existent objects”) but also naturally take those that should
not be present (“nonexistent objects”) into account. The ex-
istent objects further supplement the target image caption,
while nonexistent objects are used to reduce distracting in-
formation. Subsequently, Multi-Grained Scoring (MGS)
mechanism is designed to enable a precise retrieval process.
This module comprehensively considers the characteristics
of multi-grained outputs and separately calculates their sim-
ilarity scores with the candidate images via CLIP [33]. Ul-
timately, MGS integrates these scores to achieve a balanced
evaluation by rewarding the presence of relevant content
while penalizing irrelevant or conflicting content.

Our main contributions can be summarized as follows:
(1) We propose CoTMR, a novel training-free LVLM-based
framework for ZS-CIR. (2) We present multi-scale reason-
ing and a novel scoring module to provide multi-grained de-
scriptions and evaluations. (3) We design a novel CIRCoT,
which standardizes the LVLM’s reasoning process, allow-
ing it to focus on specific goals at each subtask. (4) Ex-
tensive experiments demonstrate that our CoTMR not only
significantly outperforms state-of-the-art methods across
four prominent benchmarks but also offers appealing inter-
pretability for CIR.

2. Related Work
2.1. Zero-Shot Composed Image Retrieval

CIR [2, 5, 20, 43] integrates concepts from compositional
learning [16, 27] and cross-modal retrieval [31, 32]. To
mitigate the high cost and time-consuming nature of train-
ing dataset annotation for CIR, ZS-CIR has recently been
introduced. Currently, two prominent directions exist: one
approach [3, 13, 36] trains a textual inversion module us-
ing only image-caption data, representing the reference im-
age with a single pseudo-token that is then concatenated
with the reference caption. This method not only requires
training but also is limited by the length of the pseudo-
token, which constrains the representation of the reference
image. The other approach [17, 39, 47] forms a training-
free method by cascading multiple off-the-shelf tools. It
first converts reference image into a textual description us-
ing a captioning model and then edits this caption accord-
ing to the modification text by a LLM. Finally, the edited
caption is used to compute CLIP scores with candidate im-
ages for retrieval. However, such methods face several chal-
lenges, including component incompatibility, visual infor-
mation loss, and insufficient reasoning. In this work, we
propose a unified, training-free, and interpretable frame-
work with CIRCoT and Multi-Scale Reasoning.

2.2. Vison-Language Model

There are two main types of Vision-Language Models
(VLMs). The first type, including models like CLIP [33]
and BLIP [21], is pre-trained on large-scale image-caption
datasets, enabling them to map images and text into a shared
embedding space for cross-modal retrieval [4, 8, 34] or
open-vocabulary classification [30, 41]. In this work, we
use CLIP for the multimodal retrieval process. The second
type is LVLM [7, 23, 44], which are pre-trained to inte-
grate visual information into LLM and are post-trained to
align with users. Thus, LVLMs could understand user in-
tent and process various visual tasks, such as image caption-
ing [1, 22], VQA [12, 14], and OCR [26, 37]. In this work,
we utilize the LVLM to inference both the global descrip-
tion and fine-grained details based on composed queries.
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Image-Scale Reasoning

To generate the target image caption,
please follow these subtasks:

1. Understand the Reference Image
2. Analyze the Modification Text

3. Apply the Modifications

Reference Image

“Just two manta rays 4. Generate the Final Caption surrounded by yellow
1 surrounded by yellow v fish, no human and
V' fish, chasing each other” no jellVfish.”
: LVLM — "
! Modification Text *
[, 3l o e ]
[ Object-Scale Reasoning

CIRCoT —

Infer objects and attributes that should
and should not appear in the target image.
Please follow these subtasks:

1. List the objects and their attributes

present in the reference image — LVLM
2. Analyze the modification text to
identify changes to objects
3. Update the objects and attributes —
K 4. Determine the content of objects ) *

Target Image Caption

“Two manta rays
chasing each other

Combination of
Existent Objects

“two manta rays.
yellow fish. ocean.”

List of Nonexistent Objects

[ “diving human”,
“Jellyfish” ]

Figure 2. Overview architecture of CoTMR: (1) The LVLM equipped with CIRCoT, Pr,ng and Poyj, performs reasoning on the
composed query at both image and object scales, to provide multi-grained outputs. (2) The Multi-Grained Scoring Mechanism combines
the similarities of the three outputs with candidate images in the CLIP space through a reward-penalty calculation. IE and TE represent the

image encoder and text encoder of CLIP, respectively.

2.3. Chain of Thought

Recently, zero-shot [18] and few-shot [35, 45] multi-step
reasoning prompts have shown significant enhancement to
the reasoning capabilities of LLMs. Consequently, CoT
strategy raises increasing research attention and is also ex-
tended into multimodal domains. MM-CoT [49] designs
a two-stage framework where the model initially learns to
generate rationales based on real annotations and then uses
all available information to produce the final answer. DD-
CoT [50] focuses on text understanding, breaking down
questions into sub-questions for step-by-step responses.
CCoT [28], on the other hand, is based on image under-
standing, generating scene graphs of images to provide an-
swers. However, several works [38, 48] suggest that CoT
seems to work effectively only in some specific domains.
In this work, we propose CIRCoT, which pre-divides the
task into multiple subtasks and allows the model to reason
these subtasks step-by-step.

3. Methodology

3.1. Preliminary

Given a composed query Q = {I,, T}, }, where I, denotes
the reference image and 7,,, denotes the modification text,
and a candidate set D = {I}, I2, ..., I?} consisting of N

images, the goal of CIR is to identify the k target images
from the candidate set D that are most relevant to the query
Q, with k£ < Np. ZS-CIR further requires that no training
data triplets be used.

Different from the traditional multi-modal retrieval
task [9-11, 24], CIR requires the model to retrieve images
that both preserve the key features of the reference image
and satisfy the modifications described in the modification
text. Successfully completing the CIR task requires: (1)
correctly understanding the content of the reference image
and the modification text, (2) accurately applying the mod-
ifications, and (3) an effective score mechanism for the re-
trieval. Therefore, CIR methods should possess advanced
multimodal composed understanding and reasoning capa-
bilities, as well as a comprehensive score mechanism.

3.2. Overall Architecture

The proposed CoTMR is an effective, training-free and
interpretable CIR framework based on public pre-trained
VLMs. As shown in Figure 2, our CoTMR consists of
two steps: reasoning the composed query by LVLM and re-
trieving the target image by CLIP. In the reasoning process,
to enhance the interpretability and reliability of reasoning,
we first propose CIRCoT, a novel CoT strategy with pre-
defined subtask divisions tailored for CIR. Moreover, we
conduct image-scale and object-scale reasoning, both with
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CIRCoT, to obtain the global description and fine-grained
details for the target image. For the retrieval process, we de-
sign a novel Multi-Grained Scoring (MGS) mechanism that
comprehensively considers the characteristics of the above
reasoning outputs at different scales via a reward-penalized
formulation. We describe the three modules below.

3.3. CIRCoT

CIR requires precise understanding and reasoning of the
multi-modal composed query, making it a complex task.
To achieve a more accurate and reliable reasoning process,
we propose using CoT to facilitate multi-step reasoning of
LVLM. However, we find that traditional CoT approaches,
such as DDCoT [50], which typically rely on LVLM itself
to independently develop problem-solving and task decom-
position strategies, tend to work effectively only in a few
specific domains [38]. Given the certainty of CIR inputs
(reference image and modification text) and the clarity of
CIR task (editing the reference image according to the mod-
ification text), we thus propose CIRCoT, which decomposes
the CIR task into multiple subtasks in advance.

As illustrated in Figure 3, we divide the task of gener-
ating the target image caption using the LVLM into four
key subtasks: (1) Image understanding; (2) Modification
text understanding; (3) Modification implementation and
(4) Target image caption generation. These four fundamen-
tal subtasks structure the overall reasoning process of the
LVLM. For each subtask, we adhere to the traditional CoT
approach, enabling the model to reason in a step-by-step
manner (as represented by italicized prompts in Figure 3).
Additionally, we randomly select several reasoning exam-
ples from training dataset to further stimulate the LVLM’s
reasoning capability like [45]. We emphasize that CIRCoT
not only capitalizes on the LVLM’s reasoning capability but
also offers significant interpretability. Users can clearly fol-
low the LVLM’s inference process and, if needed, intervene
to modify it. More details can be found in Appendix 9.

Combined with the multi-scale reasoning strategy to be
introduced, we have two CIRCoT prompts in this work, de-
noted as Pr,,, and Poy;, which are applied at image scale
and object scale, respectively. Here, we take Pr,,, as an
example shown in Figure 3, and Ppy; follows a similar pro-
cess (see Appendix & for details).

3.4. Mutil-Scale Reasoning

When applying LVLM to address ZS-CIR task, a straight-
forward approach is to directly infer the target image cap-
tion based on the composed query. However, this global
description presents several challenges: (1) The dense se-
mantic content in the generated caption overshadows the
key objects and attributes that need more attention. (2) In
complex scenarios, the model may be confused by irrele-
vant details in the reference image (e.g. the “human” and

CIRCoT —

Your task is to modify the reference image based on the modification instructions
and generate the updated image description. The description should be complete and
can cover various semantic aspects, such as cardinality, addition, negation, direct
addressing, compare & change, comparative, conjunction, spatial relations &
background, viewpoint.

To complete the task accurately, please follow these steps:

### Understand the Reference Image ###

1. Identify all the objects, attributes, and their relationships in the image.

2. Especially pay attention to the content related to the modification instructions.
3. Please complete this task step by step.

#### Analyze the Modification Instructions ###

1. Break down the modification instructions into separate modification steps.
2. Determine which objects or attributes need to be modified and how.

3. Pay attention to any additions, deletions, or changes to attributes.

4. Please complete this task step by step.

#i# Apply the Modifications###
1. Apply the modifications step by step to update the content of the reference image.

### Generate the Target Image Caption ###

1. Write a coherent and concise image caption.

2. Ensure the caption accurately reflects all the modifications.

3. The edited caption needs to be as simple as possible.

4. Do not mention the content that will not be present in the target image.

Here are some examples:
Example 1: ....... Example 2: .......

Figure 3. Illustration of CIRCoT in image-scale reason-
ing (Prmg), which includes four predefined subtasks and allows
LVLM to reason step-by-step within each subtask. CIRCoT in
object-scale reasoning (Poy;) follows a similar process (see ap-
pendix 8 for details).

“jellyfish” in Figure 2).

To alleviate the negative impact of unclear key features
and irrelevant information contained in the global caption,
in addition to global caption generation, we propose to rea-
son at the object scale to obtain supplementary fine-grained
details. As shown in Figure 2, at image-scale reasoning, we
utilize the LVLM to reason the editing process and generate
the target image caption, which is formulated as:

Tie = LVLM (I, Ty, Prmg) 6]

where T} is the target image caption, LV LM (-) denotes
the reasoning process with LVLM and Pr,,, denotes the
CIRCoT prompt at image-scale reasoning.

In object-scale reasoning, we let LVLM focus on specific
objects and their attributes, specifying the set of objects that
should be present in the target image ( “existent objects”),
and those should not be present (“nonexistent objects”).
This process is expressed as:

EO,NEO = LVLM(I,, Ty, Poy;) @

Here, EO = [T, |1, denotes the list of “existent objects”,
where T7 represents the i — th object that should be present
and L. is the total number of these existent objects. Sim-
ilarly, NEO = [T, ]=, denotes the list of “nonexistent
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.. Shirt Dress Tops&Tee Avg.
Backbone  Method Training-free. —p &1~ R@50 R@I0 R@0 R@I0 R@0 R@I0 R@50 R,...
PALAVRA X 2149 3705 1725 3594 2055 38.76  19.76 3725  28.50
SEARLE X 2444 4161 1854 3951 2570 4646 2289 4253 3271
vitpsy  CIReVL v 2836 4784 2529 4636 3121 5385 2829 4935 3882
LDRE v 2738 4627 1997 4184 2707 4878 2481 4563 3522
CoTMR v 3342 5393 3109 5454 3840 6114 3430 5654 4542
Pic2Word X 262 436 2000 402 279 4740 2470 4370 3420
vitL/ia  SEARLE X 26.89 4558 2048 4313 2932 4997 2556 4623  35.89
CIReVL v 2949 4740 2479 4476 3136  53.65 2855 4857  38.56
LDRE v 3104 5122 2293 4676 3157 5364 2851 5054 39.52
LinCIR X 2881 4661 2072 4170 2907 4977 2621 4603  36.12
CoTMR v 3543 5491 3118 5504 3855 6133 3505 57.09  46.50
VitG/4  CIReVL v 3371 5142 2707 4953 3580  56.14  32.19 5236 4227
LDRE v 3594 5858  26.11  SLI2 3542 5667 3249 5546 4397
LinCIR X 44.08 6256 3848  60.63 4858 6910 4371 6410 5391
CoTMR v 3832 6224 3451 5736 4190 6430 3825 6132 4978

Table 1. Comparison with the state-of-the-art methods on the Fashion-1Q dataset. R,, .., indicates the average results across all the
metrics. The best results are in boldface, while the second-best results are underlined.

objects”. T}, and L, represents the i — th nonexistent ob-
ject and the total number of these objects. Ppy,; denotes the
CIRCoT prompt used at object-scale reasoning.

As shown in Figure 2, the “existent objects” further em-
phasize the key elements that require extra attention (‘“Two
manta rays”, “yellow fish” and “ocean”), while the “nonex-
istent objects” mitigate the influence of irrelevant informa-

tion from the reference image (“human” and “jellyfish”).

3.5. Multi-Grained Scoring

After obtaining the above outputs at multiple scales (target
image caption, existent objects, and nonexistent objects),
we further design this MGS mechanism to comprehensively
consider their impact on the final retrieval process.

Specifically, as illustrated in Figure 2, we first compute
similarities between the “target image caption” and candi-
date images using CLIP as the base scores Spgse:

Sbase = CLIP(Ttu D) (3)

where D denotes the set of candidate images, and
CLIP(-,-) computes the similarity between text and im-
ages in the CLIP space.

At object scale, considering that “existent objects” typi-
cally have inherent correlations, they should be treated as a
whole to collectively influence the matching result. There-
fore, we concatenate these objects into one string and then
compute its similarities with candidate images to obtain
positive scores Spos:

Spos = CLIP(Concat([T:,) <), D) @

€eo

where C'oncat(-) denotes the concatenation of strings.

In contrast, “nonexistent objects” usually have no inher-
ent correlation with each other. Thus, we first calculate their
similarities with candidate images individually, and then av-
erage their similarities to derive the negative scores Syc4:

S”LEQ = A’Ug([CLIP(TTLLeo?D)]zL:UO) (5)

where Avg(-) denotes the average of scores. This strategy
ensures an equal contribution of each undesired object.

Finally, we combine base scores, positive scores, and
negative scores using weighted aggregation to obtain the fi-
nal scores S served as selection criteria:

S = Sbase + A Spos O Sneg (6)

where )\ and p are the weights assigned to the positive score,
and negative score, respectively.

4. Experiments

4.1. Implementation Details

For the LVLM, we use Qwen2-VL-72B [44]. For the re-
trieval model, we experiment with different CLIP variants,
including ViT-B/32, ViT-L/14, and ViT-G/14 CLIP from
OpenCLIP [15]. The hyperparameter A and p are set to
1 and 0.5 for the FashionIQ dataset, 1 and 0.3 for the CIRR
dataset, and 0.5 and 0.3 for the CIRCO dataset, respec-
tively. The entire model is implemented using PyTorch [29]
on 8§ NVIDIA A800 GPUs. We deployed the model using
vLLM [19] to achieve real-time response capabilities, with
each inference taking only 1s.

4.2. Datasets and Baselines

We make performance evaluations on four CIR bench-
marks, including a fashion-domain dataset Fashion-1Q
[46], as well as three open-domain datasets CIRR [25],
CIRCO [3] and GeneCIS [42]. For Fashion-IQ and Gen-
CIS, we adopt Recall@K as the evaluation metric. For
CIRR, we additionally report Recalls,pse: @K. For CIRCO,
since there are multiple positives, we use the mean average
precision@k (mAP@k) as the metric.

For baseline models, we select several textual inversion
methods (PALAVRA [6], Pic2Word [36], SEARLE [3] and
LinCIR [13]), and some LL.M-based, training-free methods
(CIReVL [17] and LDRE [47]). Among them, CIReVL
serves as our most direct baseline.
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Benchmark ‘ CIRCO ‘ ‘ CIRR
Metric mAP@k Recall@k Recallg,, @k Avg
Backbone  Method Training-free | k=5 k=10 k=25 k=50 k=1 k=5 k=10 k=50 k=1 k=2 k=3 ’
PALAVRA X 4.61 5.32 6.33 6.80 16.62 4349 5851 8395 | 41.61 6530 80.94 | 4255
SEARLE X 9.35 9.94 11.13  11.84 || 2400 5342 66.82 89.78 | 5489 76.60 88.19 | 54.15
CIReVL v 1494 1542 17.00 17.82 || 2394 5251 66.00 8695 | 60.17 80.05 90.19 | 56.34
VITB/32  LDRE v 1796 1832 2021 2011 | 2569 5513 69.04 89.90 | 6053 8065 90.70 | 57.83
CoTMR v 2223 2278 24.68 25.74 || 31.50 60.80 73.04 91.06 | 66.61 84.50 92.55 | 63.71
Captioning X 1.65 1.96 2.42 2.71 4.05 15.88  25.69 49.21 | 20.87 40.60 60.89 | 18.37
Pic2Word X 8.72 9.51 10.64 11.29 || 2390 51.70 6530 87.80 - - - -
SEARLE X 11.68 1273 1433 15.12 || 2424 5248 6629 88.84 | 53.76 75.01 88.19 | 53.12
ViT-L/14  CIReVL 4 18.57 19.01 20.89 21.80 || 2455 5231 6492 8634 | 5954 79.88 89.69 | 55.92
LDRE v 2335 2403 2644 2750 || 2653 5557 6754 8850 | 6043 80.31 89.90 | 58.00
LinCIR X 12.62 1340 14.81 15.69 || 25.08 5363 6730 88.72 | 5636 7696 838.57 | 54.99
CoTMR v 27.61 28.22 30.61 31.70 || 35.02 64.75 76.18 92.51 | 69.39 8575 9333 | 67.07
CIReVL v 26.77  27.59 2996  31.03 3465 6429 7506 91.66 | 6795 8487 9321 | 66.12
VIT.G/14  LDRE v 312 3224 3495 3603 | 3615 6639 7725 9395 | 6882 8566 9376 | 67.60
LinCIR X 19.71 2079 2299 24.00 || 3534 65.08 76.28 9322 | 63.73 82.62 92.12 | 64.41
CoTMR v 3223 3272 35.60 36.83 || 3636 67.52 77.82 9399 | 71.19 86.34 93.87 | 69.36

Table 2. Comparison with the state-of-the-art methods on CIRCO and CIRR test sets. Avg.

indicates the average results of Recall@5

and Recalls,;, @1. The best results are in boldface, while the second-best results are underlined.

. Avg.

Backbone = Method Training-free RGT R@2 RG3
SEARLE X 144 253 354

ViT-B/32  CIReVL v 158 268 36.8
CoTMR v 179 296 395

SEARLE X 144 253 349

ViT-L/14 CIReVL v 15.9 27.1 36.3
LinCIR X 122 228 324

CoTMR v 17.6  29.6 39.8

. CIReVL v 174  29.8 395
VIT-G/14 LinCIR X 137 246 335
CoTMR v 19.1 314 410

Table 3. Average results on GeneCIS test set. The full table is in
Appendix 11. The best results are in boldface.

4.3. Comparison with Bselines

Fashion-1Q. Table | presents the comparative results on the
Fashion-IQ dataset. We have the following observations:
(1) Compared to pseudo-word-based methods, CoTMR
achieves impressive performance across multiple metrics
even without any training. This indicates that generating
target captions with LVLM provides semantic information
that is more suitable for CLIP’s text encoding. (2) Com-
pared to LDRE, which also uses LLMs to model the mod-
ified images, our approach achieves significant improve-
ments. This is attributed to CoTMR’s superior preserva-
tion of image semantics, more refined reasoning process,
and finer-grained feature recognition. (3) Across all met-
rics with different CLIP, CoTMR consistently outperforms
most baseline methods. Using ViT-B/32 as an example, our
method relatively outperforms LDRE by 9.49% in average
R@10. These results strongly support CoTMR’s effective-
ness. (4) We observe that CoTMR significantly outperforms
LinCIR when utilizing ViT-L/14, whereas LinCIR exhibits
better results with ViT-G/14 CLIP. Notably, as detailed in
Appendix 12, we find that CoTMR can achieve even better
performance through integration with LinCIR.

CIRR. When applied to the open-domain dataset CIRR,
CoTMR still shows compelling results, summarized in the
right section of Table 2. We have the following obser-
vations: (1) Notably, the CIRR dataset is quite noisy,
with minimal correlation between the reference image and
the target image. Therefore, CoTMR’s ability to capture
rich information from reference images also means it may
receive more distracting information. Despite this chal-
lenge, CoTMR consistently outperforms all baseline met-
rics. These findings highlight the robustness of CoTMR,
demonstrating its ability to deliver significant results even in
the presence of noisy data. (2) CIRR also provides another
evaluation, where the task is to retrieve the correct image
from six curated samples. In this evaluation, our approach
also significantly surpasses previous methods (Our method
outperforms LDRE by 6.08% in Recall,,; @1 when using
ViT-B/32 CLIP). This shows the versatility of our method,
enabling it to perform well across different contexts. (3)
Using ViT-L/14 as an example, compared to our most di-
rect baseline, CIReVL, our method achieves significant im-
provement. This further shows the effectiveness of our pro-
posed modules, such as CIRCoT and multi-scale reasoning.

CIRCO. In the left section of Table 2, we present the com-
petitive results of CoTMR. Based on the results, we make
the following observations: (1) Since CIRCO uses mAP
as the evaluation metric, the incorrect selection of negative
samples has a significant impact on the results. CoTMR, by
introducing a negative scoring mechanism, effectively elim-
inates incorrect samples, achieving optimal performance
across multiple metrics. (2) Thanks to multi-scale reasoning
and the pre-defined subtask decomposition, COTMR shows
substantial improvements over LLM-based methods such as
CIReV and LDRE across several metrics. Using ViT-B/32
as an example, our method relatively outperforms LDRE
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Benchmark FashionIQ-Avg CIRCO

Metric Recall@k mAP@k

Method k=10 k=50 k=5 k=10 k=25 k=50
A. Multi-Grained Scoring

A.1 Base 3399 5634 2640 2798 3035 3143
A.2 Pos + Neg 30.50 52.65 1492 1649 1833 19.12
A.3 Base + Pos 35.62 5839 27.54 29.59 3224 33.26
A4 Base + Neg 3442 5695 27.28 2830 30.63 31.82
A.5 Full 3772 60.92 28.87 30.61 33.30 34.32
B. Chain of Thought

B.1 No COT 31.03 51.01 20.07 21.12 2343 2444
B.2 DDCOT 2921 4825 1741 1884 21.25 22.17
B.3 w/o task-1 3262 52.89 23.15 2446 26.63 27.52
B.4 w/o task-2 3232 53.02 21.62 2272 25.11 26.17
B.5 w/o task-3 33.02 5286 21.58 22.14 24.85 25.87
B.6 ZS_CIRCoT 3341 5350 23.54 24.88 27.42 28.40
B.7 CIRCoT 33.99 56.34 26.40 27.98 30.35 31.43
C. Scoring for Objects

C.1 Pos + mean 3516 56.48 28.57 30.46 33.00 34.14
C.2 Neg + concat 3725 5929 28.71 3046 33.04 34.06
C.3 Normal 3772 60.92 28.87 30.61 33.30 34.32

D. Model Variants

D.1 LLaVa-Onevision | 32.51 53.48 17.76 1895 21.05 22.15
D.2 GPT-40 37.27 60.29 28.40 30.22 32.73 33.72
D.3 Qwen2-VL-2B 20.27 36.68 490 550 6.15 6.34
D.4 Qwen2-VL-7B 33.35 54.02 16.10 17.05 19.45 19.41
D.5 Qwen2-VL-72B | 37.72 60.92 28.87 30.61 33.30 34.32

Table 4. Ablation study results for the proposed components
on Fashion-IQ val set and CIRCO val sets. All experiments are
performed with the ViT-G/14 CLIP model.

by 4.27% and CIReVL by 7.27% in mAP@5. This further
demonstrates the effectiveness of CoTMR for ZS-CIR.
GeneCIS. In Table 3, we present the average R@K results
for four subtasks on GeneCIS. This benchmark is partic-
ularly challenging due to its single-word modification text
design, requiring precise object and attribute identification
in reference images. As discussed in Appendix 11, our
CoTMR shows compelling results especially in “Focus”
task and “Object” tasks. We attribute that to CoTMR’s
ability to simultaneously perceive the image and text and
object-level reasoning, which can effectively help CoTMR
focus on specific objects/attributes.

5. Ablation Study

Effects of Multi-Grained Scoring Mechanism. In Table 4
A, we investigate the impact of three scores. Our observa-
tions are as follows: (1) Compared to using only the base
score Spase (A.1), only rely on the object-level reasoning
output (A.2 Sp0s and S,,4) leads to a significant decline of
CoTMR’s performance. This indicates that the logical rela-
tionships between objects are still essential for effective re-
trieval. (2) When Sy, is combined with either Spos (A.3)
or Syeq (A4), the model’s performance improves. This fur-
ther confirms the effectiveness of object-level reasoning. (3)

B g R@10 ¥ cir R@S
68 6 8- fig @50 —+ cir R sub@1

Recall@K
Recall@k

00 02 04 06 08 10 12 14 16 18 20
(a) value of A

00 01 0z 03 04 05 05 07 08 09 10
(b) value of i

Figure 4. Ablation study on the value of A and 1 on Fashion-I1Q
val set and CIRR val set. All experiments are performed with the
ViT-B/32 CLIP model.

When both S, and )¢, are used with Spese (AS), the
performance significantly improves compared to using only
one of them. This suggests that Sy, and Sy, have com-
plementary roles in the retrieval process.

Effects of CIRCoT. In Table 4 B, taking image-level rea-
soning as an example, we first compare four different ap-
proaches for subtask decomposition: without using CoT
(B.1), using DDCoT [50], CIRCoT without examples (B.6)
and our proposed CIRCoT (B.7). The results show that
DDCoT caused slight performance degradation compared
to not using CoT, indicating that the reasoning process con-
structed by the model itself may cause confusion in the CIR
task. In contrast, when using our CIRCoT, the model’s per-
formance improves significantly, which shows the effective-
ness of the predefined subtasks. Moreover, adding step-wise
reasoning examples also provides assistance in helping the
model understand task requirements.

Building upon B.6, we conducted ablation studies by re-
moving Tasks 1, 2, and 3 respectively (B.3-5) to investigate
their individual impact on performance. We observed that
Task-1 “Reference Image Observation” had minimal im-
pact on the CIRCO dataset but significantly affected Fash-
ionlQ performance. Meanwhile, both Task-2 “Modifica-
tion Text Analysis” and Task-3 “Modification Execution”
showed substantial influence on both datasets’ performance.
Scoring Methods for Objects: In Table 4 C, we conduct
experiment on two different scoring strategies for S, and
Shneg: (C.1) computing individual scores for each object in
FEO and then averaging them, and (C.2) concatenating all
objects in N EO for scoring. Our observations indicate that
scoring objects in FO individually results in a significant
performance decline compared to the full model. We as-
sume that because of the intrinsic correlations among “exis-
tent objects”—treating them separately overlooks these de-
pendencies. On the other hand, concatenating the uncor-
related objects in N EO may introduce potential bias that
causes the decline in performance, as the overall score may
be disproportionately affected by certain individual objects.
Impact of LVLM Architectures and Scales: We con-
duct experiments in Table 4 D to investigate the impact
of different LVLMs (D.1 LLaVA-OneVision-7B and D.2
GPT-40) and various scales of Qwen2-VL (D.3-5) on the
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“looks like jeans and i
has a ruffled skirt”

Modification Text

Target Image

CIRCoT (Ours)

### Sub-questions ###

1. What is the current attire of the person in the
reference image?

2. How can we make the person look like they are
wearing jeans?

### Understand the Reference Image ###
- The reference image shows a woman wearing a
white dress with a ruffled neckline and sheer sleeves.

### Analyze the Modification Text ###

Reference Image

\ “Change the cart 1o |

\ a white, unmanned
\ carriage in daylight
i with no horses”

‘. Modification Text

Target Image Caption
“A white, unmanned
carriage is moving along a
street in daylight, without
any horses pulling it.”

L ]

Existent Objects:
[“white carriage.”,
“daylight.”]
Nonexistent Objects:
[“horses.” “people.” |

Target Image Caption

3. How can we add a ruffled skirt to the outfit? - "Looks like jeans": Change the material or

color of the dress to a denim style. v
- "Has a ruffled skirt": Add or modify to have a
ruffled hem.

#i## Step-by-step reasoning process ###
1. The person in the reference image is currently
wearing a white dress with a black ruffled collar.

2. To make the person look like they are wearin?*ans‘ ##4 Apply the Modifications #4

- Change the material of the dress to resemble denim.
- Modify the hem to have a ruffled design.
- Keep the ruffled neckline.

we need to add a pair of jeans over the dress.
3. To add a ruffled skirt, we need to replace the Tower
part of the dress with a ruffled skirt.

### Updated Image Description ###

The person is now wearing a pair of jeans over a white
dress with a black ruffled collar. The lower part of the
dress has been replaced with a ruffled skirt.

### Generate the Final Description ###
The woman is wearing a denim-like dress with a
ruffled neckline, and a ruffled skirt. 4

Figure 5. Comparison between DDCoT and CIRCoT prompt-
ing strategies from Fashion-IQ val set.

results. Several key observations emerge: (1) Different
LVLMs demonstrate substantial variations in performance,
with GPT-40 and Qwen2VL-72B exhibiting notably su-
perior capabilities compared to other models. (2) Mod-
els of similar scale achieve comparable performance, as
evidenced by the similar results obtained from the 7B-
parameter versions of LLaVA-OneVision and Qwen2-VL.
(3) Model scale significantly influences performance, with
Qwen2-VL showing dramatic improvements as its parame-
ter scale increases from 2B to 72B.

Impact of hyperparameter )\ and p: To analyze the sen-
sitivity of the hyperparameters in CoTMR, we conduct con-
trolled experiments as shown in Figure 4. First, we set i to
0 to better demonstrate the effect of A\. As shown in Figure 4
(a), when the value of \ increases from 0, all four metrics
show a rapid rise, stabilizing and slightly declining when A
reaches 1. Next, we fix A at 1 to explore the effect of u. As
shown in Figure 4 (b), for the Fashion-IQ dataset, the im-
pact of p is relatively mild, with the metrics reaching their
peak at 4 = 0.5. However, for the CIRR dataset, due to the
higher noise in the data, increasing p too much leads to a
significant drop in the R@5 metric. Therefore, for CIRR,
the best average performance is achieved when p = 0.3.

6. Qualitative Results

Comparison of DDCoT and CIRCoT In Figure 5, we
compare the reasoning processes of DDCoT and CIRCoT.
It can be observed that when using DDCoT, the definition
of subtasks is entirely left to the LVLM, which sometimes
results in confusing subtasks, such as “How can we make
the person look like they are wearing jeans?” in Figure 5.
Such subtasks can mislead the LVLM into providing incor-
rect answers, as seen in Figure 5, where the LVLM decides
on “a pair of jeans” to correspond to the modification text’s
requirement of “looks like jeans”. This example highlights

}7 “A smaller dog with lighter
¢ brown fur s standing on a
= - stone tile path.”
Reference Image =
| “Shows a smaller, | | Existent Objects:
| similarly shaped [“small dog.”,

“lighter brown fur.”
“stone tile path. "]
Nonexistent Objects:
[“white fur.” , “lying
down.” ,"brown patches.”]

i dog with lighter
I brown fur standing
| on stone tile path.”

‘\ Modification Text

Figure 6. Successful retrieval examples with muti-scale reason-
ing from CIRR val set. The ground-truth image is highlighted
with the red box. Red underlined text indicates distracting infor-
mation that causes mistake retrieval, while green italicized text
represents key objects that help in correct retrieval.

the critical importance of subtask definition; inappropriate
subtasks can lead to erroneous logical reasoning and cause
confusion. In contrast, our proposed CIRCoT, with its four
predefined subtasks, offers a stable and correct reasoning
process, leading to more accurate outputs.

Examples of successful retrieval. Figure 6 visualizes
cases where the combination of image-scale and object-
scale reasoning leads to successful retrievals. In the first
example, the target image caption includes “without any
horses”, which, while meeting user requirements, is detri-
mental to CLIP retrieval. However, the undesired objects
(“horses” and “people”) identified through object-scale rea-
soning eliminates this interference, successfully retrieving
the target image. In the second example, we observe that the
retrieval results initially overlooked the attribute “stone tile
path”. Object-scale reasoning, however, highlighted this at-
tribute with existent objects, leading to the successful re-
trieval of the target image. These examples clearly demon-
strate that object-scale reasoning can supplement emphasis
and eliminate distracting information. More examples can
be found in Appendix 14.

7. Conclusion

In this work, we propose CoTMR, an effective, training-
free, and interpretable method for ZS-CIR. It provides a uni-
fied understanding and reasoning framework for composed
queries, utilizing a step-by-step process guided by CIRCoT.
To incorporate fine-grained details, multi-scale reasoning
(alongside a novel scoring mechanism) is devised for multi-
grained generation and evaluation. Extensive experiments
demonstrate the effectiveness of our CoTMR. Moreover,
thanks to CIRCoT, our method also offers appealing inter-
pretability for user intervention.
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