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We provide additional details and discussions on the com-
ponents of the main paper. Specifically, we highlight Sec-
tions A to C for details on OSrCIR’s CIR process, and Sec-
tions D to H for in-depth analyses of our design choices with
additional quantitative and qualitative experiments.

A. Complete Template for Reflective CoT
The complete template of our reflective CoT prompt is
shown in Figure 1. The Reflective CoT prompt instructs
the following progressive reasoning steps: First, the Orig-
inal Image Description step highlights visual details rele-
vant to the user’s intention in the reference image. The
Thoughts step then captures the user’s intention and reason-
ing for potentially manipulated visual elements. In the Re-
flections step, these elements are further evaluated to iden-
tify those mostly aligned with the user’s intent. Finally, the
Target Image Description step generates a refined descrip-
tion based on the most intention-relevant visual modifica-
tions for target retrieval. Notably, all steps are included in
a single prompt for MLLM, ensuring both efficiency and
interpretability.

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.

Thoughts. Given the intention-relevant visual details and
manipulation text, the MLLM then seeks to capture the
user’s intention. We first prompt the MLLM to explain its
understanding of the manipulation intent. Since the user’s
intentions are often implicit, requiring reference image con-
text for interpretation, we further ask the MLLM to discuss
how the manipulation 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
and identify the most relevant manipulated elements. We
ask the MLLM to highlight key decisions made to preserve
the coherence and context of the original image while fulfill-
ing the manipulation intent and to offer a logical connection
between the original content and the final description.

Target Image Description. Given the manipulated visual
elements most relevant to the user’s intention, the AI agent
needs to generate a target description that associates those
manipulated visual elements for retrieval. We simply ask
the MLLM to generate a target image description that only
contains the target image content.

Input and Output. As shown in Figure 1, the input to
the LLM is a concatenated prompt as Tt = ΨM (pc ◦
Ir ◦ Tm) comprising the base CoT prompt pc, the base64-
encoded image URL of the reference image Ir (prepended
with “Original Image Context”), and the manipu-
lation intent text Tm (prepended with “Manipulation
Text”). This task-agnostic prompt format allows for ap-
plication across various CIR tasks. The output is pro-
vided as a JSON file containing “Original Image Descrip-
tion”, “Thoughts”, “Reflections”, and “Target Image De-
scription”. The “Target Image Description” is selected as
the final output, while the additional information can serve
as valuable reference data for LLM-based ensemble meth-
ods [27], potentially boosting performance at the cost of ef-
ficiency.

B. Algorithm of OSrCIR’s Process.

Algorithm 1 outlines OSrCIR’s process for training-free
ZS-CIR. Given the target image description Tt, the model
encodes the image-search database D and Tt using a frozen
pre-trained CLIP. The retrieved target image It is selected
based on cosine similarity cos(ΨI(Ic),ΨT (Tt)), where It
is the image most similar to the generated description Tt.
This retrieval process is modular and performed after com-
bining the reference image and manipulation text, allowing
for flexible substitution of retrieval systems to balance ef-
ficiency and effectiveness. The approach creates a human-
understandable ZS-CIR pipeline, fully expressing reasoning
in the language domain while keeping the retrieval process
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You are an image description expert. You are given an original image and manipulation text. Your goal is to 
generate a target image description that reflects the changes described based on manipulation intents while 
retaining as much image content from the original image as possible.

## Guidelines on generating the Original Image Description
- Ensure the original image description is thorough, capturing all visible objects, attributes, and elements. 
- The original image description should be as accurate as possible, reflecting the content of the image. 

## Guidelines on generating the Thoughts
- In your Thoughts, explain your understanding of the manipulation intents and how you formulated the target 

image description.
- Provide insight into how you interpreted the manipulation intent in detail in the manipulation text.
- Discuss how the manipulation intent influenced which elements of the original image you focused.

## Guidelines on generating the Reflections 
- In your Reflections, summarize how the manipulation intent influenced your approach to transforming the 

original image description.
- Explain how the changes made reflect the specific semantic, Highlight key decisions that were made to 

preserve the coherence and context of the original image while meeting the manipulation intent.
- Reflect on the impact these changes have on the overall appearance or narrative of the image.
- Ensure that your reflections provide a concise yet insightful summary of the considerations and strategies 

applied in crafting the target description, offering a logical connection between the original and final content.

## Guidelines on generating Target Image Description
- The target image description you generate should be complete and can cover various semantic aspects. 
- The target image description only contains the target image content and needs to be as simple as possible. 

Minimize aesthetic descriptions as much as possible. 

## On the input format <Input>
- Input consist of two parts: The original image and the manipulation text.

{
    "Original Image": <image_url>,
    "Manipulation text": <manipulation_text>.
}

## Guidelines on determining the response <Response>
- Responses include the Original Image Context, Target Image Description, and Thoughts.

{
    "Original Image Description": <original_image_description>,
    "Thoughts": <thoughts>,
    "Reflections": <reflections>,
    "Target Image Description": <target_image_description>
}

Here are some examples for reference:
…

Figure 1. The complete template of our reflective Chain-of-Thought process for Training-free ZS-CIR.



Algorithm 1 Computing Process of OSrCIR
Input: Reference image Ir, manipulation text Tm, reflec-
tive CoT prompt pc, image-search database D.
Parameters: Frozen MLLM ΨM , frozen CLIP vision en-
coder ΨI , language encoder ΨT .
Output: Retrieved target image It.

1: Initialize pre-trained and frozen models ΨM , ΨI , ΨT .
2: Generate target image description:

Tt = ΨM (pc ◦ Ir ◦ Tm)

3: Compute normalized text embedding:

êT =
ΨT (Tt)

∥ΨT (Tt)∥

4: for each image Ii in D do
5: Compute normalized image embedding:

êIi =
ΨI(Ii)

∥ΨI(Ii)∥

6: Compute similarity score: si = ê⊤Ii êT
7: end for
8: Retrieve target image: It = argmax

Ii∈D
si

9: return It

independent, without additional training or mapping mod-
ules.

C. Vision-by-Language In-Context Learning
Details

Simply providing guidelines for the Reflective CoT process
is insufficient for MLLMs to understand the CoT process re-
quired at each step. To address this, we leverage in-context
learning, a technique widely used in LLM and MLLM CoT
methods [17, 25, 29].

To ensure a zero-shot setting in ZS-CIR, we propose
a vision-by-language In-Context Learning (ICL) approach.
As illustrated in Figure 2, our vision-by-language ICL pro-
vides a few expected MLLM outputs (i.e., three samples)
in text form as examples, without requiring a reference
image to guide the MLLM through the reasoning process
at each step. Notably, each sample uses the same place-
holder “<image url>” instead of an actual reference im-
age URL, guiding the MLLM formatting of the input and
output.

For instance, consider the manipulation text(sample 1):
“Change to a large fancy white carriage, facing the oppo-
site direction, must include man in a black suit and hat in-

stead of a woman.” The language-based description of the
reference image is: “The image shows a woman in a black
outfit and a large hat decorated with pink flowers, driving a
small, wooden, two-wheeled carriage pulled by a miniature
horse.” Following the Reflective CoT steps:
• Original Image Description: The MLLM captures all

visible objects and attributes relevant to the manipulation
text, ensuring fine-grained details are included. In this
case, it notes the woman in a black outfit with a large hat,
the small wooden carriage, the miniature horse, and the
outdoor setting with a white fence and trees.

• Thoughts: The MLLM interprets the manipulation in-
tent by explaining that the scene should be transformed
into one featuring a large, fancy white carriage facing the
opposite direction, and the woman replaced with a man in
a black suit and hat. This step demonstrates the model’s
understanding of the required changes and how they in-
fluence the focused elements in the original image.

• Reflections: The MLLM reflects on key decisions to
preserve coherence while fulfilling the manipulation in-
tent. It acknowledges that changing multiple compo-
nents—such as the carriage’s appearance, the direction
it faces, and the driver—introduces a more sophisticated
aesthetic and alters the visual narrative. The reflection of-
fers a logical connection between the original content and
the final description.

• Target Image Description: The MLLM generates a re-
fined description containing only the target image con-
tent: “A large, fancy white carriage facing the opposite
direction, with a man in a black suit and hat driving it.”
This example illustrates how our vision-by-language in-

context learning approach guides the MLLM through each
step of the Reflective CoT process, enabling it to pro-
duce accurate and coherent descriptions for the target image
without direct visual input. By providing language-based
examples, the MLLM can internalize the reasoning pattern
and apply it to new instances, ensuring consistency and ef-
fectiveness in zero-shot settings without reference images.

D. More Ablation Study
Table 1 presents additional ablation analyses. (1) Models
‘2-4’ assess the significance of the one-stage reasoning
strategy. Using GPT-4o as the captioner with manipula-
tion text to enhance the reference image captioning pro-
cess (model ‘2’) results in a 3.62% performance decline,
while incorporating GPT-4o with our Reflective CoT pro-
cess (model ‘3’) leads to a 2.46% decline. These results
highlight the necessity of our one-stage reasoning process
for capturing complete reference image content and the
importance of multimodal CoT for effective manipulation
intention understanding. Incorporating manipulation text
into caption generation in the two-stage approach (model
‘4’) achieves similar performance but introduces additional
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## Example 1
<Input>
{
    "Original Image": <image_url>, (each sample uses the same placeholder "<image_url>" instead of an actual image URL)
    "Manipulation text": "Change to a large fancy white carriage, facing the opposite direction, must include man in a black suit 
and hat instead of a woman."
}
<Response>
{
    "Original Image Description": "The image shows a woman in a black outfit and a large hat decorated with pink flowers, 
driving a small, wooden, two-wheeled carriage pulled by a miniature horse. The scene takes place outdoors, with a white fence 
in the background and green trees visible beyond the fence. The horse is trotting along a paved surface, and the woman holds 
the reins in one hand while guiding the horse in a forward direction.",
    "Thoughts": "The manipulation intent is to transform the scene by changing the carriage to a large, fancy white one and 
altering the direction it faces. Additionally, the woman is to be replaced by a man in a black suit and hat. This involves a 
significant change in both the vehicle and the driver, shifting the visual style from simple and rustic to elegant and formal. The 
direction change also alters the spatial orientation of the scene.",
    "Reflections": "I reflect that the manipulation involved changing multiple components, such as the carriage's appearance, the 
direction of the scene, and the person driving. These changes introduce a more sophisticated and refined aesthetic, 
emphasizing the luxurious look of the new carriage and creating a different visual narrative. Additionally, replacing the subject 
from a woman to a man modifies the image's context while still keeping the same core activity—driving a horse-drawn 
carriage.",
    "Target Image Description": "A large, fancy white carriage facing the opposite direction, with a man in a black suit and hat 
driving it."
}

## Example 2
<Input>
{
    "Original Image": <image_url>, (each sample uses the same placeholder "<image_url>" instead of an actual image URL)
    "Manipulation text": "is dark and has more words and Desired item is blue and references Pink Floyd".
}
<Response>
{
    "Original Image Description": "The image features a person wearing a black T-shirt with a prominent graphic design. The shirt 
displays the iconic "Star Wars" logo at the top in bold, stylized letters. Below the logo, there is a colorful illustration that 
includes several well-known characters from the Star Wars franchise.",
    "Thoughts": "The manipulation intent is to alter specific visual and textual elements of the T-shirt while maintaining its 
thematic focus on the Star Wars franchise and incorporating an additional reference to Pink Floyd. In the original image, the T-
shirt is black with a "Star Wars" logo and a colorful illustration of characters from the series. The manipulation text specifies 
that the shirt should be dark and have more words, and specifically be blue and reference Pink Floyd. These instructions 
suggest a change to a darker tone of blue for the shirt itself and the addition of text related to Pink Floyd, thereby marrying 
elements from two different cultural icons but maintaining the graphical theme of Star Wars. ",
    "Reflections": "I reflect that the manipulation intent effectively combines elements from two cultural icons, adjusting color 
and adding textual references, while maintaining the original Star Wars theme and ensuring the central focus of the graphic 
design remains intact. By focusing on these specifications, the target image description actively integrates the new textual 
references and color change, bringing Pink Floyd into a traditionally Star Wars-themed T-shirt, while ensuring the design's 
central focus—Star Wars characters—remains intact.",
 "Target Image Description": "The shirt is a dark blue t-shirt featuring the "Star Wars" logo at the top, accompanied by 
additional text referencing Pink Floyd."
}

Figure 2. Examples of our vision-by-language in-context learning. Notably, each sample uses the same placeholder “<image url>”
instead of an actual reference image URL, guiding the MLLM formatting of the input and output.



CIRCO Fashion-IQ

Methods k=5 k=10 k=25 k=10 k=50

1. Full model (GPT-4o) 23.87 25.33 27.84 33.26 54.37
Significance of the one stage reasoning strategy
2. two-stage+enhance captioner 20.93 21.34 23.27 30.14 50.87
3. two-stage+CoT 21.73 22.78 24.47 31.16 52.22
4. two-stage+enhance captioner+CoT 23.24 24.97 27.04 32.54 53.47
Impact of different backbone models
5. BLIP 23.93 25.47 27.53 32.10 53.69
6. long clip 23.73 25.12 26.91 31.77 53.02
Alternative solutions for Reflective CoT
7. CoT (w/o Reflective) 22.04 22.74 25.32 32.05 52.11
8. Simple prompt 20.86 21.40 23.34 30.27 51.06
9. Advanced prompt (DDCoT) 19.93 20.74 22.88 29.85 50.39

Table 1. More Ablation study on CIRCO and FashionIQ.

MLLM queries, reducing efficiency, and is therefore un-
necessary. (2) Models ‘5-6’ evaluate different backbone
retrieval models. OSrCIR with BLIP ViT-L/16 [13] and
Long-CLIP ViT-L/14 [28] achieves results comparable to
the CLIP backbone, demonstrating the generalizability and
robustness of OSrCIR across different CLIP-based back-
bones. Model ‘7-9’, we evaluate the effect of alternative
solutions for Reflective CoT.. Specifically, we compare
our Reflective CoT (Model ‘1’) with (i) a standard CoT
(Model ‘7’) without reflective reasoning and (ii) a simpler
prompt (Model ‘8’) without Reflective CoT. We observe
performance drops of 2.08% and 3.55%, respectively. Ad-
ditionally, (iii) replacing Reflective CoT with DDCoT [29]
(Model ‘9’), a widely-used two-stage CoT that can first au-
tomatically divide each CIR query into sub-problems be-
fore reasoning the target image caption, leading to a signifi-
cant 4.18% drop and even slightly below the simple prompt.
These results validate the effectiveness of Reflective CoT in
capturing user manipulation intent in CIR tasks.

E. Detailed Comparison of Computational
Cost

In Table 5, we conducted a thorough comparison of query
latency (averaged over 100 samples), GPU memory for
retrieval, API cost per call, and average performance
(ViT-L/14) on CIRCO and FashionIQ across our OSrCIR
(MLLM-based) variants and two baselines, Context-I2W
(CLIP-based) and CIReVL (LLM-based).

While CLIP-based models like Context-I2W have faster
latency (∼ 0.02s), their GPU memory usage (16 GB)
matches our MLLM-based OSrCIR models. LLM-based
models like CIReVL require more memory (40 GB) due
to an additional image captioning module (e.g., BLIP-2).
Among our models, GPT-4o-mini offers a favorable trade-
off with lower latency (∼ 0.5 ± 0.05s) and API cost (∼
$0.002) while maintaining similar performance to GPT-4o
(31.29 vs. 32.27). These results highlight OSrCIR’s effi-

Model LLM Latency GPU Memory API Cost Performance

Context-I2W * ∼ 0.02s 16 GB $0 22.94
CIReVL GPT-3.5 ∼ 1s 40 GB ∼ $0.001 26.23
OSrCIR GPT-4o-mini ∼ 0.5± 0.05s 16 GB ∼ $0.002 31.29
OSrCIR GPT-4o ∼ 0.7± 0.08s 16 GB ∼ $0.004 32.27

Table 5. Required Comparison of Computational Cost.

ciency and effectiveness, making it practical for real-world
applications. We will update the “Effectiveness and Effi-
ciency Analysis” section in the revised manuscript.

F. More Quantitative Experiments
In Tables 6 and 7, we evaluate OSrCIR on two tasks:
ImageNet domain conversion and object composition, as
proposed in [21]. For the domain conversion task, im-
ages from 200 classes of the original ImageNet dataset [5]
are used as queries to retrieve images of the same object
in a specified domain from ImageNet-R [9]. Details on
the datasets and experimental settings are provided in Sec-
tion H.1. Our model surpasses the state-of-the-art (SoTA)
model, Context-I2W [23], in domain conversion, achiev-
ing an 18.2% average performance improvement on ViT-
L/14. In the COCO object combination task, OSrCIR also
demonstrates a notable average improvement of 6.17% on
ViT-L/14. These results underscore that an MLLM, when
combined with pre-trained vision-language models (e.g.,
CLIP), can leverage extensive pre-trained knowledge to en-
hance performance in domain conversion and object com-
position tasks significantly.

G. More Qualitative Analysis of Reflective CoT
To further explore the benefits of Reflective CoT in inter-
preting user intent, we present additional case studies from
the CIRR validation set (Figure 3) and the FashionIQ vali-
dation set (Figure 4). Reflective CoT effectively captures
user intent, as demonstrated in Figure 3 (Row 1), where
it identifies the intent to ”change the swing holder from
wooden to white”. Additionally, Reflective CoT filters out
irrelevant elements, as seen in Figure 4 (Row 1), where it in-
fers the transition from a t-shirt to a ball cap based on both
the manipulation text and reference image content. This
ability to focus on relevant details enhances model robust-
ness and likely contributes to its strong performance on CIR
tasks.

H. More Implementation Details
The default MLLM used in OSrCIR is GPT-4o [1], while
we also perform ablations with GPT-4o-mini, GPT-4V, and
open-source MLLMs including LLaVA [15] and MiniGPT4
[30]. GPT APIs are used with a temperature setting of
0, while all other parameters remain at their default val-
ues. The retrieval module, built-in PyTorch [18] based on



Cartoon Origami Toy Sculpture Average

Backbones Methods Conferences R10 R50 R10 R50 R10 R50 R10 R50 R10 R50

ViT-L/14

Pic2Word† CVPR 2023 8.0 21.9 13.5 25.6 8.7 21.6 10.0 23.8 10.1 23.2
SEARLE ICCV 2023 9.6 24.9 16.1 27.3 7.6 25.4 11.3 26.4 11.2 26.0
LinCIR CVPR 2024 9.4 24.2 15.7 26.9 10.8 27.0 11.7 27.9 11.9 26.5

Context-I2W† AAAI 2024 10.2 26.1 17.5 28.7 11.6 27.4 12.1 28.2 12.9 27.6
OSrCIR – 24.0 48.4 27.4 49.1 33.8 45.3 27.8 51.4 28.3 48.6

ViT-G/14 LinCIR CVPR 2024 13.7 30.2 19.5 32.9 13.8 30.2 15.2 34.0 15.5 31.8
OSrCIR – 26.3 53.5 36.7 45.8 29.2 52.5 31.8 52.6 31.0 51.1

Table 6. Results on ImageNet for domain conversion. †indicates results from the original paper.

Backbones Methods R1 R5 R10

Pic2Word† 11.5 24.8 33.4
SEARLE 13.3 28.3 37.6
LinCIR 11.7 24.9 34.2

Context-I2W† 13.5 28.5 38.1

ViT-L/14

OSrCIR 17.3 35.4 45.9

LinCIR 14.8 30.6 40.5ViT-G/14
OSrCIR 19.0 36.4 48.2

Table 7. Results on COCO for object composition. †indicates
results from the original paper.

the codebase from [11], performs all computations on a
single NVIDIA A100 GPU. For the CLIP-based ViT vari-
ants [6], we adopt weights from the official CLIP imple-
mentation [20] while using OpenCLIP [10] for ViT-G/14.
LLaVA weights are taken from LLaVA-1.6-13B [15], and
MiniGPT-4 weights from MiniGPT-4 (Vicuna 13B) [30].
Performance metrics are averaged over three trials to ensure
reliability.

H.1. Evaluation Datasets Details
We evaluate our model on four ZS-CIR datasets in our
main paper, two ZS-CIR datasets in our supplementary, i.e.,
COCO [14] and GeneCIS [24] for object composition, Ima-
geNet [5, 9] for domain conversion, CIRR [16] and CIRCO
[3] for object/scene manipulation, and Fashion-IQ [26] for
attribute manipulation. Following the original benchmarks,
we use Recall@k (R@k) as the evaluation metric for CIRR,
GeneCIS, and FashionIQ, COCO, ImageNet and mean av-
erage precision (mAP@k) for CIRCO to account for mul-
tiple positives. We also evaluate CIRR in a subset set-
ting, where RecallSubset@k measures retrieval performance
within a limited selection of images relevant to the query in
the database. The evaluation datasets are preprocessed, as
explained in the main paper, we describe the details of the
dataset, i.e., number of query images and candidate images
used for evaluation.

FashionIQ [26] is a dataset of fashion-related images
across three categories: Shirt, Dress, and Toptee, compris-
ing 30,134 triplets from 77,684 images. The dataset was
curated by collecting image attributes and then tasking hu-
man annotators to write captions describing highly related

images based on those attributes. FashionIQ simulates real-
istic user interactions, as captions were generated via a chat-
based visual interface to mimic online shopping queries.
The dataset is divided into training (60%), validation (20%),
and test (20%) splits. For zero-shot CIR, we use only the
validation split, as the test set annotations are not publicly
available.

CIRR [16] contains 21,552 real-world images sourced
from NLVR2 [22]. The dataset includes training, validation,
and test splits, with the latter evaluated via a remote server.
Our analysis focuses on the validation split for model se-
lection. Unlike FashionIQ, which targets fashion-specific
queries, CIRR encompasses diverse domains with complex
descriptions. The dataset was built by identifying visually
similar images using ResNet-152 [8] pretrained on Ima-
geNet [5] and employing human annotators to describe dif-
ferences between paired images. However, CIRR suffers
from two key issues: (1) image pairs identified by ResNet
often lack true visual similarity, as they were not verified
by human annotators; and (2) captions are often unrealistic
or ambiguous, including unnecessary details. These limita-
tions reduce CIRR’s practical relevance compared to Fash-
ionIQ. Additionally, CIRR uses a small subset retrieval task
(e.g., five items) to mitigate noise, but this approach is prob-
lematic, as the target image often relates only to the text
condition rather than the reference image. Previous stud-
ies [3, 7, 21], have noted the prevalence of false negatives
(FNs) in CIRR, complicating evaluation accuracy, as seen
in other cross-modal retrieval tasks [4, 31].

Notably, both FashionIQ and CIRR face challenges from
FN instances. While each query has a single labeled posi-
tive, multiple valid matches may exist in the dataset. Fash-
ionIQ mitigates this by reporting Recall@K with larger K
values (e.g., 10 or 50), whereas CIRR employs subset re-
trieval. However, these approaches fail to fundamentally
resolve the FN issue, particularly for CIRR’s noisy annota-
tions.

CIRCO [3] builds on the COCO dataset [14], address-
ing the FN problem by including an average of 4.53 ground
truths per query. This design enables more reliable eval-



Make with one red silver 
drum placed on white 

swing holder with stick

Thoughts: The manipulation intent is to change 
the swing holder from wooden to white, while 
keeping the red steel drum and the two 
drumsticks. 

Reflections: I reflect that the manipulation 
focuses on changing the color of the swing 
holder to white, which affects the overall 
aesthetic by providing a different contrast with 
the red drum. The drum and two drumsticks 
remain unchanged, maintaining the original 
setup's functionality.Make the cover with 

group of dogs colorful 
images rather golden 

glow in frame
Thoughts: The manipulation intent is to change 
the color scheme of the poster from a golden 
glow to a more colorful palette. This involves 
altering the visual tone to make the group of 
Chihuahuas and the overall scene more vibrant.

Reflections: I reflect that the manipulation 
focuses on enhancing the visual appeal by 
introducing a variety of colors, which would make 
the poster more lively and engaging. This change 
shifts the mood from a dramatic golden glow to a 
more dynamic and colorful presentation with a 
group of Chihuahuas.

Query Reflective Chain-of-Thought

A poster of group of 
Chihuahuas with vibrant 
colors in the background.

A red steel drum placed 
on a white swing holder 
with two drumsticks.

A group of dogs colorful 
images rather golden 
glow in background.

Red silver drum placed on 
wooden swing with stick

Ours CIReVL

Make with one red 
silver drum placed on 

white swing holder with 
stick

The dog is smelling, 
and its a lab

Thoughts: The manipulation intent is to 
reposition the tan dog to the center of the 
image and change its activity to swimming. This 
transformation emphasizes the dog's movement 
and interaction with a new environment.

Reflections: I reflect that the manipulation 
changes both the setting and the activity of the 
tan dog, shifting from a static pose on land to a 
dynamic swimming action in water. This involves 
altering the setting from a dry, grassy field to a 
water environment, focusing on the dog as 
the central subject in a swimming pose.

Thoughts: The manipulation intent is to change 
the breed of the dog from a Borzoi to a 
Labrador Retriever on beach  and to depict the 
dog as smelling something. This involves altering 
the dog's appearance to match that of a Labrador. 
Additionally, the dog's posture or expression 
should suggest that it is engaged in smelling.

Reflections: I reflect that the manipulation 
requires change the breed of the dog to a 
Labrador, which shifts the focus from a static 
pose to smelling within the same beach setting.

A Labrador Retriever is 
on the beach, sniffing 

the ground.

A tan dog is swimming in 
the center of the image.

A dog is smelling 
near the lake.

A dog swimming in the 
mud.

Figure 3. Visualization of Reflective CoT samples on CIRR validation set. We compare the top 1 retrieval results of ours and CIReVL. Our
Reflective CoT effectively captures the user’s intent and filters out elements irrelevant to user intention.



white ball cap old guys 
rule and is a grey cap

Thoughts: The manipulation intent is to change 
the color and style of a cap, specifically 
mentioning a ‘white ball cap’ with ‘old guys rule’ 
and then describing it as a ‘grey cap.’ However, 
the original image is of a t-shirt, not a cap, so the 
manipulation text seems to be addressing a 
different item. Assuming the intent is meant to 
describe a cap rather than the t-shirt show.

Reflections: I reflect that the manipulation. n 
intent involves changing the color to a grey cap 
and features the 'old guys rule' theme. The 
original image content does not include a cap, so 
the description must focus on the intended.is smaller in size and 

has a piggies graphic Thoughts: The manipulation intent is to alter the 
size of the T-shirt and change the graphic design. 
The original T-shirt features Angry Birds 
characters with a prominent logo. The 
manipulation text specifies that the T-shirt should 
be smaller in size and feature a 'piggies' graphic 
instead. The size change implies a smaller T-shirt, 
possibly for a different demographic or style 
preference. 

Reflections: I reflect that the manipulation 
intent focuses on changing the graphic theme 
from birds to pigs while also altering the size of 
the Angry Birds T-shirt, which is smaller.

Query Reflective Chain-of-Thought

A smaller black T-shirt 
featuring a graphic of 

piggies from the Angry 
Birds franchise.

A grey ball cap with 
the text 'OLD GUYS RULE'.

A smaller black t-shirt 
with piggies graphic

A t-shirt with old guys. 

Ours CIReVL

less elegant warm and 
is tighter and light blue

has more images and 
shorter sleeves and is 

blue with short 
sleeves

Thoughts: The manipulation intent is to alter the 
style and color of the dress while maintaining its 
one-shoulder design. The original dress is 
described as elegant with a leopard print pattern.
 This suggests a change in the fabric and fit, 
making it more form-fitting and casual, while also 
changing the color to light blue.

 Reflections: I reflect that The manipulation text 
specifies that the dress should be less elegant, 
warmer, tighter, and light blue. It focuses on 
changing the one-shoulder dress's elegance and 
fit, transitioning from a flowing leopard print to a 
tighter, light blue design.

Thoughts: The manipulation intent is to change 
the color, pattern, and sleeve length of the top. 
The original top has a wavy pattern in red, 
black, and white with three-quarter length 
sleeves. The manipulation text specifies a change 
to a blue color with short sleeves and more 
images, suggesting a complete alteration in the 
visual style and structure of the top. 

Reflections: I reflect that the manipulation 
focuses on altering the color, pattern complexity, 
and sleeve length. This involves changing the 
color to blue, shortening the sleeves, and adding 
additional images to the design, which could 
imply a more complex pattern.

The person is wearing a 
blue top with short sleeves 

and a more complex 
pattern featuring 

additional images.

The person is wearing a 
light blue, one-shoulder 

dress that is tighter and 
less elegant, with a warmer 

appearance.

A woman wearing 
shorter sleeves shirt 

with a pattern in 
blue.

A women wear 
wearing a light blue 

with a simpler design.

Figure 4. Visualization of Reflective CoT samples on FashionIQ validation set. We compare the top 1 retrieval results of ours and CIReVL.
Our Reflective CoT effectively captures the user’s intent and filters out elements irrelevant to user intention.



uation using metrics like mAP. CIRCO contains no train-
ing split and provides validation (220 queries) and test (800
queries) splits, with the latter evaluated remotely.

GeneCIS [24] defines conditional retrieval tasks focusing
on attributes (e.g., “focus on an attribute”, “change an at-
tribute”) and objects (e.g., “focus on an object”, “change an
object”). Attribute tasks use VisualGenome [12] and VAW
[19], while object tasks are based on COCO [14]. Each
task comprises around 2,000 queries with a small gallery
size (e.g., 15 images, 10 for “focus on an attribute”) to limit
FNs. Text queries correspond to attributes or objects (e.g.,
“color”, “backpack”).

COCO [14] contains images with corresponding lists of
object classes and instance masks of query images. Follow-
ing Pic2Word, we randomly crop one object and mask its
background using its instance mask to create a query for
each image. The list of object classes is used as text speci-
fication.

ImageNet [14] consists of 200 classes across diverse do-
mains with domain annotations. Unlike previous bench-
marks, the task involves retrieving an image in the speci-
fied domain for the same semantic object category (e.g., re-
trieving a cartoon goldfish given a natural goldfish reference
image and the modifier "cartoon"). This task requires
no reasoning over image semantics, as the modifier inde-
pendently specifies a domain change. Significant improve-
ments over Pic2Word and Context-I2W can be achieved by
leveraging the final description format, "a domain of
a caption".

Table 8. The number of images used for evaluation in each dataset.

Dataset Query images Candidate images

CIRR (Test) 4,148 2,315
CIRCO (Test) 800 123,403

Fashion (Dress) 2,017 3,817
Fashion (Shirt) 2,038 6,346

Fashion (TopTee) 1,961 5,373
GeneCIS (Focus Attribute) 2000 10

GeneCIS (Change Attribute) 2112 15
GeneCIS (Focus Object) 1960 15

GeneCIS (Change Object) 1960 15
COCO 4,766 4,766

ImageNet 10,000 16,983

H.2. Evaluation Tasks Details
(1) Object/Attribute composition. We evaluate the
GeneCIS [24] test split and the validation split (5000 im-
ages) of COCO [14], which dataset contains images with
corresponding lists of object classes and instance mask of

query images. Following Pic2Word, we randomly crop one
object and mask its background using its instance mask to
create a query for each image. The list of object classes is
used as text specification. Similarly, the GeneCIS dataset
introduces four task variations, such as changing a specific
attribute or object.
(2) Object/scene manipulation by text description. In
this setup, a reference image is provided alongside a text
description containing instructions for manipulating either
an object or the background scene depicted in the reference
image. This composition of the reference image and text
description enables the retrieval of manipulated images. We
evaluate the test split of CIRR [16] and CIRCO [3] using the
standard evaluation protocol.
(3) Attribute manipulation. We employ Fashion-IQ [26],
which includes various modification texts related to image
attributes. These attribute manipulations are given as a sen-
tence. In evaluation, we employ the validation set, follow-
ing previous works [2, 3, 21, 23].
(4) Domain conversion. This setup evaluates the ability
to compose real images and domain information to retrieve
corresponding domain-specific images. We utilize Ima-
geNet [5] and ImageNet-R [9], which comprises 200 classes
with diverse domains and has domain annotations. Follow-
ing Pic2Word, we pick cartoon, origami, toy, and sculpture
as the evaluation target to avoid noise in the annotations.
With this selection, we have 16,983 images as candidates.
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