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A. Details of Generating Different Semantic Subsets
Addition&Negation&Change&Background. The generation details for these four semantic subsets are already covered in
Section 3.1 of the main paper. In this section, we focus on the specifics of how reference image captions are sampled for each
semantic aspect. For the Addition aspect, captions are sampled from the COCO validation set. For Negation, we utilize both
the validation and test sets of Flickr30K [15]. Sampling for the Change aspect is done from the validation set of NoCaps [1],
while for Background, we draw from the validation set of the CC3M [13] dataset.

Given the image caption for the reference image, we prompt Mixtral-8x7B-Instruct-v0.1 [8] to simultaneously generate a
relative caption and the caption of the target image with the following prompt:

I need you to perform one reasonable editing step on an image. I will provide the caption of the 
original image, and I need you to specify the following: instruction and the caption of edited 
image. The semantic aspect of the instruction you generate is {1}. Reference image caption: {2} 

where the first placeholder refers to the corresponding semantic aspect, namely addition, negation, change or background,
while the second placeholder refers to the reference image caption.
Cardinality. We adopt “a real-life image of {num} {noun}.” as a template caption, where num is chosen from ten numbers
ranging from 1 to 10, and noun is selected from the object category in COCO and ImageNet [4]. Then, we employ it to
drive the diffusion model to generate corresponding images. After generating the images, we manually adjust the number
of objects in the images. Subsequently, we select three images with different numbers of objects belonging to the same
category: one serves as a reference image, one as a target image, and the other as a hard negative image. The relative captions
are randomly sampled from the templates in Figure 1. In these templates, the position of the placeholder corresponds to the
respective quantity.

Adjust the object count to match {}.

Modify the total objects to {}.

Transition the object quantity to {}.

Transform the number of objects to {}

Update the object tally to {}.

Alter the quantity of objects to become {}.

Convert the object number to {}.

Set the number of objects to {}.

Change the number of objects to {}.

Shift the object count from {} to {}.

Adjust the object count from {} to {}.

Modify the total objects from {} to {}.

Transition the object quantity from {} to {}.

Transform the number of objects from {} to {}.

Alter the quantity of objects from {} to {}.

Convert the object number from {} to {}.

Set the number of objects from {} to {}.

Change the number of objects from {} to {}.

Figure 1. The template for cardinality relative captions.

Complex. We utilize HQ-Edit [7] as the data source for the complex subset. HQ-Edit leverages GPT-4V to provide high-
quality reference image captions, relative captions, and target image captions. We select samples with relative captions of
more than 25 words as our caption source.

B. Prompts of Our Multi-round Evaluation Pipeline
Prompts for MLLM. We use MLLM and LLM to simulate user interaction. Specifically, we first prompt MLLM to generate
the caption for both candidate and target images. For CIRR, CIRCO, and FISD, we employ the prompt: Give me a short



and precise English description of the image. For the FashionIQ dataset, which emphasizes clothing, we adopt the following
prompt: Give a short and precise English description of the clothes.
Prompts for LLM. After getting the captions, we prompt LLM to generate relative captions to describe the difference
between the candidate and target images. For CIRR and CIRCO, we use the prompt as follows:

I will give you two sentences, one of which is reference image caption and one is target 
image caption. I need you to give me an instruction to transition from reference image to 
target image. The type of instruction you give can be cardinality, addition, negation, direct 
addressing, compare&change, comparative, conjunction, spatial relation&background, 
viewpoint. The instruction you give does not need to have additional information, be 
detailed and highlight the key points. The instruction you generate is about 30 words. 
Reference Image Caption: {1}. Target Image Caption: {2}. Instruction: 

For FashionIQ, we employ the following prompt that focuses on the semantic aspects potentially contained within the
FashionIQ dataset as mentioned in [10].

I will give you two sentences, one of which is reference image caption and one is target 
image caption. I need you to give me an instruction to transition from reference image to 
target image. The type of instruction you give can be addition, negation, direct addressing, 
compare&change, comparative, conjunction. The instruction you give does not need to have 
additional information, be brief and highlight the key points. The instruction you generate is 
about 10 words. Reference Image Caption: {1}. Target Image Caption: {2}. Instruction: 

For FISD, we use the following prompt for addition, negation, cardinality, background, and change semantic aspect, where
the first placeholder refers to the specific semantic aspect, the second placeholder denotes the reference image caption, and
the third one represents the target image caption.

I will give you two sentences, one of which is reference image caption and one is target 
image caption. I need you to give me an instruction to transition from reference image to 
target image. The type of instruction you give can only be {1} and can not contain other 
semantics. The instruction you give does not need to have additional information, be 
detailed and highlight the key points. The instruction you generate is about 10 words. 
Reference Image Caption: {2}. Target Image Caption: {3}. Instruction: 

Regarding the complex instruction semantic aspect of the FISD benchmark, which may encompass diverse semantic
instructions, we do not limit the semantic type. The prompt is as follows:

I will give you two sentences, one of which is reference image caption and one is target 
image caption. I need you to give me an instruction to transition from reference image to 
target image. The instruction you give does not need to have additional information, be 
detailed and highlight the key points. The instruction you generate is about 30 words. 
Reference Image Caption: {1}. Target Image Caption: {2}. Instruction: 

C. Evaluation Details
When conducting multi-round evaluations on the FISD, which distinguishes between different semantic aspects, we ensure
that the feedback provided by the user simulator contains only the relevant semantic content. For supervised models, when
evaluating on the CIRR, CIRCO, and FISD benchmarks, we utilize their official checkpoints, which have been fine-tuned
on the CIRR dataset. This is because CIRR, CIRCO, and FISD encompass real-life image scenarios. Conversely, for the
evaluation on the FashionIQ dataset, we employ the official checkpoint specifically fine-tuned on the FashionIQ.



D. Detailed Experimental Results
D.1. Additional Validation Experiments for FISD

Table 1. Comparison of performance on negation and overall semantics in the CIRR validation set.

Method Negation All

R@1 R@1

Pic2Word 17.81 23.25
Context-I2W 20.55 26.96

SPRC 31.51 55.39

As shown in Section 4.2 of the main paper, CIR models perform poorly in handling negation semantics on FISD. To
determine whether this issue is caused by the gap between synthetic and natural images, we use Llama3-8B to select and
manually verify queries with negation semantics from the CIRR validation set. The experimental results are presented in
Table 1, revealing that even with natural images, CIR models struggle with negation compared with other semantic aspects.
This is consistent with our findings on FISD.

D.2. Additional Multi-round Evaluation Results
In this section, we present the multi-round evaluation results of various CIR models using the Recall@K metric. The experi-
mental results are shown in Table 2.

E. Detailed Analysis of User Study
Analysis of User Study Experimental Results. As shown in Section 4.3 of the main paper, in the evaluation of the CIRR
and FashionIQ benchmarks, feedback from real users is sometimes less effective compared to that from user simulators. As
illustrated in Figure 2, this disparity may stem from the fact that feedback from real users tends to be concise and lacks
details, whereas simulators provide more comprehensive and detailed feedback.
Implementation Details of the User Study. Each time, we present the user with two images: one reference/candidate image
and one target image. We ask the user to provide reasonable feedback that describes the differences between the two images.
We set the maximum number of interaction rounds to 5, meaning the user provides feedback up to 4 times in one multi-round
interaction session. We offer users a wage of $15 per hour. Note that, our user study is conducted internally within the
laboratory, with no potential risks. Additionally, we do not store any feedback provided by the users.

Change the scene to a single dog, remove 
the grassy field background, and modify the 
dog’s pose to show it running, while also 
change its color to black and white.

Remove one dog.

Change the color to blue and the design to a 
bearded man’s face.

Change the color to blue.

Figure 2. Some examples of feedback from both users and user simulators.



Table 2. Multi-round evaluation on various state-of-the-art CIR models across a range of benchmarks.

Method
FashionIQ-Dress FashionIQ-Shirt FashionIQ-Toptee CIRR FISD

Recall@10 Recall@50 Recall@10 Recall@50 Recall@10 Recall@50 Recall@1 Recall@5 Recall@1

Round 1

Pic2Word [12] 20.00 40.20 26.20 43.60 27.90 47.40 23.25 51.42 21.33
Context-I2W [14] 23.10 45.30 29.70 48.60 30.60 52.90 26.96 56.59 27.83
LinCIR [6] 20.92 42.44 29.10 46.81 28.81 50.18 25.09 54.41 32.42
TransAgg [9] 30.24 51.91 34.45 53.97 38.40 59.51 38.79 69.58 34.75
CLIP4CIR [3] 39.46 64.55 44.41 65.26 47.48 70.98 45.37 78.47 47.17
BLIP4CIR+Bi [11] 42.09 67.33 41.76 64.28 46.61 70.32 42.36 75.48 45.17
SPRC [2] 49.18 72.43 55.64 73.89 59.35 78.58 55.39 84.26 50.08
SPN4CIR [5] 50.57 74.12 57.70 75.27 60.84 79.96 56.47 85.29 55.83

Round 3

Pic2Word [12] 21.81 44.42 33.12 50.93 31.72 51.50 40.28 66.01 64.58
Context-I2W [14] 30.84 54.69 43.62 62.66 44.97 65.83 43.00 69.31 50.08
LinCIR [6] 24.94 48.34 45.04 62.41 39.32 60.38 42.86 70.65 50.67
TransAgg [9] 40.65 64.95 55.84 74.48 60.12 78.79 61.83 85.77 77.67
CLIP4CIR [3] 46.16 69.71 59.52 79.39 61.35 80.62 67.26 93.95 74.08
BLIP4CIR+Bi [11] 49.78 73.23 49.36 71.54 55.69 76.03 52.31 84.62 69.67
SPRC [2] 57.91 78.78 71.05 85.92 71.49 87.35 80.63 96.22 77.08
SPN4CIR [5] 63.16 82.85 74.39 88.52 75.57 89.39 83.11 96.48 79.33

Round 5

Pic2Word [12] 22.71 43.18 34.79 51.52 32.02 51.30 57.43 68.93 83.42
Context-I2W [14] 31.73 54.39 46.61 65.60 47.42 68.18 56.66 71.30 68.92
LinCIR [6] 25.43 46.75 46.61 65.01 40.03 60.28 58.19 72.95 68.42
TransAgg [9] 42.69 64.90 60.99 78.56 66.29 84.14 78.02 88.23 88.33
CLIP4CIR [3] 46.11 70.15 62.22 81.11 62.06 82.20 82.35 94.91 81.83
BLIP4CIR+Bi [11] 49.98 71.99 51.37 71.59 56.45 76.29 61.97 85.22 78.83
SPRC [2] 57.11 76.80 73.21 86.90 73.28 87.61 88.38 97.46 83.33
SPN4CIR [5] 64.20 83.74 77.53 91.41 79.30 91.59 89.26 97.54 84.92

F. Additional Failure cases in Current Public Benchmark
In this section, we show the failure cases of the current single-round CIR models on the CIRR dataset and the FashionIQ
dataset. As shown in Figure 3 and 4, it can be seen that these failure cases are basically caused by insufficient correlation
between the composed query and the target image.

G. Additional Examples of Our Proposed Benchmark
In this section, we present additional examples of our proposed FISD benchmark, illustrated in Figure 5 and 6. These figures
display six data types: cardinality, addition, negation, change, background, and complex instruction, respectively.

H. Qualitative Analysis
In this section, we show qualitative examples in multi-round CIR. Figure 7, 8 and 9 illustrate successful results for two to four
rounds. These examples demonstrate how our multi-round system incrementally approaches the target image by continuously
incorporating user feedback. In Figure 10, we showcase some failure cases on the SPRC model under a multi-round setting.
These failures primarily occur when receiving either excessively vague feedback or certain semantic feedback types (e.g.,
negation) that current CIR models can not effectively process. These observations highlight the critical need for both (i)
improving the CIR model’s overall performance and (ii) developing cleaner, more standardized benchmarks.

I. Discussion on Inference Cost
Although the CIR model achieves significant performance gains through multi-round interaction, it inevitably introduces
additional overhead. However, in practical applications, there are effective strategies to maximize revenue while minimizing
time costs during multi-round explorations. For instance, by dividing the queries into sub-domains, and applying the multi-
round exploration only to specific sub-domains that yield better gains, we can reduce the cost of multi-round exploration by
shifting from an instance-wise to a sub-domain-wise approach. Moreover, it is also possible to narrow down the candidate
pool based on the first-round search, which can also exponentially reduce the time cost in the search space.



Different race and only one dog. Another angle too

…

Rank: 299

One animal rests its head on the body of another.

…

Rank: 240

Put a mountain on the left and blue sky in the background.

…

Rank: 205

The dog is standing and it is taken from a different angle.

…

Rank: 202

A grown dog of the same breed

…

Rank: 118

Figure 3. Failure cases of current CIR models on CIRR validation set. The reference image is marked with blue borders and the target
image with red borders.



Has a pattern and is sleeveless, has spaghetti straps and is more colored

…

Rank: 2496

Has a falling neck, is shorter and different color

…

Rank: 1850

Has shorter sleeves, doesn’t have long sleeves

…

Rank: 3030

Is darker and more manly, is darker

…

Rank: 2276

Is black and more fitted, is black and has shorter sleeves

…

Rank: 466

Figure 4. Failure cases of current CIR models on FashionIQ validation set. The reference image is marked with blue borders and the target
image with red borders.



Shift the object count from four to one. Convert the object number to three.

Set the number of object from one to three. Update the object tally to eight.

Exclude the white fence. Remove the large heart written in the air.

Exclude the goggles from the image. Exclude the woman’s scarf.

Add a cat standing on top of a black car. Add two rubber ducks floating in the bathtub.

Add two apples. Add a vibrant hot air balloon floating in the sky.

(a) Cardinality

(b) Addition

(c) Negation

Figure 5. Some examples of our proposed benchmark, the order of the images is a reference image, target image, and hard negative image.



Change the background to a bench scene. Make the background more blurred to emphasize the red leaves

Remove the busy background. Change the background to a desolate and barren landscape.

Change the color of the jay from red to blue. Change the pattern of the woman’s shirt from solid to striped.

Change the basketball to a soccer ball. Replace the watermelon juice with pineapple juice

Transition the scene to nighttime, add a starry sky with a full
moon, and illuminate the scene with warm artificial lighting 
from the buildings and street lamps.

Change the setting to a winter scene with a red wooden house,
replace the greenery with snow-covered pine trees, and dress 
the children in winter clothing.

Replace the sunflower with a cherry blossom tree with full
pink blooms, adjust the background to include more cherry
blossoms, and modify the sky to have a soft pink hue.

Transform the elderly gentleman into a young boy, change
the clothing to a casual t-shirt with a graphic print, shorts,
and sneakers. Replace the walking cane with boy’s right 
hand resting on the bench.  

(e) Change

(f) Background

(g) Complex

Figure 6. Some examples of our proposed benchmark, the order of the images is a reference image, target image, and hard negative image.



Put a couch
by the window.

Replace the chair 
with a large bed, 
add a white  …

Round 1 Round 2

GT Rank: 61 GT Rank: 1

GT Rank: 60 GT Rank: 1

Has short sleeves and 
Hawaiian print …

… add yellow 
and white flowers, 

palm trees …

Add more diverse 
ingredients and 

cooking utensils …

Add a chef wearing 
a white uniform

GT Rank: 6 GT Rank: 1

Figure 7. Qualitative results for two rounds.

Change the 
animals and  

have them being 
more friendly.

Replace the 
hyenas with a 
brown cow…

… a small black 
bird perched on 
the cow’s back…

Is black 
colored short 
sleeved shirt

Replace abstract 
pattern with stylized 

rooster graphic

Replace bat with 
rooster and add 
word BIG below.

Round 1 Round 2 Round 3

GT Rank: 349 GT Rank: 5 GT Rank: 1

GT Rank: 579 GT Rank: 6 GT Rank: 1

GT Rank:10 GT Rank: 3 GT Rank: 1

Transform the 
elder man into a 
ballet dancer…

Replace the 
traditional attire 
with a tutu and 
pointe shoes …

… replace the 
misty forest 
background with 
a serene lake … 

Figure 8. Qualitative results for three rounds.



There is a table 
per chair …

Change the 
outdoor setting to 
an indoor space

Round 1 Round 2

GT Rank: 59 GT Rank: 49

Replace the 
countertop with 
tea walls and …

… replacing the 
greenery with 

abstract art, …

Round 3 Round 4

GT Rank: 4 GT Rank: 1

Is gray short 
sleeved shirt …

… add white 
graphic design.

GT Rank: 93 GT Rank: 57

Replace graphic 
design with a 

Volkswagen logo …

Replace flow design 
with Volkswagen 

logo and 
graduation cap.

GT Rank: 6 GT Rank: 1

Take close 
coverage of dog 

for cover …

Change the 
subject from a 
hamster to a 

dog …

GT Rank: 46 GT Rank: 11

… alter the 
background from 

a neutral to a 
gradient sky …

… add text 
overlay with a 
bold text …

GT Rank: 5 GT Rank: 1

Figure 9. Qualitative results for four rounds.

Replace entire 
content with dog

…

Negate the 
presence of the 
knitted hat …

Round 1 Round 2

GT Rank: 33 GT Rank: 105

Change the dog’s 
ears from large 

and furry to 
perked up, …

Round 3

GT Rank: 92

Is lighter and is 
dark grey and 

has round neck

Replace short-
sleeved polo 

shirt with 
sleeveless blouse.

GT Rank: 918 GT Rank: 1360

Replace dark-colored 
polo shirt with 

sleeveless blouse.

GT Rank: 1648

Target Image

Figure 10. Failure cases in multi-round CIR.
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