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Figure 1. Visualization of different semantic categories in the
relative captions (since some relative captions encompass multi-
ple semantic categories, the sum of proportions does not equal 1).

1. More Details about Domain-Adaptive In-
context Generation

This section provides a detailed elaboration of the DAIG
implementation, with the complete pipeline illustrated in
Figure 4. It begins with the construction of in-context de-
scriptions. After acquiring a small set of domain-specific
triplets (e.g., 32-shot), a captioner such as Qwen2.5-VL [2]
is employed to generate descriptions for all images, yielding
Tr and Tt, which, combined with the provided relative cap-
tion Tc, form the in-context descriptions. This step requires
minimal time and computational resources, as captioning is
performed only on a small number of samples.

Once these in-context samples are obtained, in-context
generative tuning is conducted via CIR-LoRA, enabling a
text-to-image (T2I) model, specifically FLUX 1.dev [4], to
learn domain and task priors. This phase typically takes a
few hours (15, 000 training steps with a batch size of 1).
Upon completion, a domain-adapted T2I model is obtained,
ready for the data augmentation stage of DAIG.

In the augmentation stage, a carefully designed instruc-
tion template is used to guide an LLM, i.e., Qwen2.5-
Instruct [9], to generate diverse textual triplets. In our tem-
plate, we incorporate both object and edit. The distribution
of edit is illustrated in Figure 1. object is sampled from
two predefined sets constructed by GPT-5 [1] and tailored

for the fashion domain and real-life scenarios, respectively.
An illustration of these objects is presented below, with the
full lists omitted due to space constraints, but all project ma-
terials, including code, templates and the object lists, will
be made publicly available to ensure reproducibility. Af-
ter obtaining 20K triplets, T2I generation is performed by
inputting them into the domain-adapted T2I model for in-
context synthesis. This produces well-aligned, domain- and
task-adapted CIR triplets, which are subsequently used for
training robust CIR models.

Real-world Object List: pencil, clock, dog, llama,
telephone, giraffa, marmot, touchpad, peppers,
beaker, cake slice, floor lamp, bottle cap, museum,
scarf, spoon, pineapple, tree, lime, face mask,
vizsla dog, apron, sandals, cake, pelican, head-
phones, lobster, bird, lion, chopsticks...
Fashion-domain Object List: black, A-line dress,
V-neck neckline, sleeveless, midi length, pleated
skirt, striped, navy/white, fit-and-flare dress, scoop
neckline, short sleeves, knee-length, side pockets,
white sheath dress, square neckline, cap sleeves,
ruched waist, floral print, Mario graphic, pink...

Finally, we produce 20K domain-adapted triplets, with a
word cloud visualization of their relative captions shown in
Figure 2. Additional samples produced by DAIG in real-life
scenarios and the fashion domain are visualized in Figures 5
and 6, respectively.

2. Benchmarks for Composed Image Retrieval
FashionIQ [8] is established to advance research on con-
versational interfaces for online fashion shopping, aiming
to move beyond traditional keyword-based retrieval sys-
tems that often fail to capture user intent. The dataset fo-
cuses on interactive fashion image retrieval, a canonical
form of the CIR task. It comprises 30,134 triplets derived
from 77,684 fashion images, organized into three main cat-
egories: Dress, Shirt and Toptee. Each triplet consists of a
reference image, a relative caption describing the intended
modification and a target image. In addition to the triplet
structure, the dataset also provides product descriptions and
attribute-level annotations, which support more fine-grained
evaluation. The official split follows a 6:2:2 ratio for train-
ing, validation and testing. Representative examples are vi-
sualized in Figure 3b.

CIRR [5] is proposed to broaden CIR research to open-
domain retrieval scenarios, addressing the limitation that



(a) Word cloud visualization of DAIG under real-life scenarios. (b) Word cloud visualization of DAIG in the fashion domain.

Figure 2. The relative captions word cloud visualization of triplets generated by DAIG.

most existing benchmarks, such as FashionIQ, are confined
to a single domain. CIRR is constructed by first sampling a
large set of visually similar natural images from NLVR [7],
using ResNet-152 [3] pre-trained on ImageNet [6] as the
similarity backbone. Pairs of highly similar images are then
manually annotated with relative captions to form triplets.
In total, CIRR comprises 36,554 annotated triplets, which
are randomly divided into training, validation, and testing
splits with an 8:1:1 ratio. Evaluation is conducted through a
remote server submission system, ensuring fair benchmark-
ing across methods. Despite its strengths, CIRR is not with-
out challenges: some relative captions contain vague or re-
dundant descriptions, and the dataset includes a consider-
able number of false negatives (FNs). Visual examples are
provided in Figure 3a.

3. Qualitative Results
We visualize several inference results on CIRR [5] and
FashionIQ [8], as shown in Figure 7. The top four cases
demonstrate that integrating DAIG effectively enhances the
recognition and retrieval performance of SPRC. The im-
proved capability to recognize modifications such as “two
antelopes” and “white with a black logo” stems from
DAIG’s sampling of diverse semantic categories during
sample generation (Figure 1), enabling fine-grained mod-
ifications including quantity, attribute and composition.

Naturally, our method also has certain limitations. For
instance, in the last two cases shown in Figure 7, the left
example demonstrates incorrect analysis of the dog’s ori-
entation, which may be attributed to inherent fine-grained
errors in current T2I models, an issue that is difficult to
avoid at this stage. The right example highlights an anno-
tation problem, where the relative caption “more revealing”
is overly ambiguous, leading to false negatives. This issue

is relatively common in current CIR benchmarks, primar-
ily because the annotation process relies solely on paired
reference-target images without access to global context.
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shows three similar birds with 
more white feathers than gray 
floating on a body of water.

remove the spoon and change the 
cookie dough to a pizza cake on a 
plate with a slice taken out.

turn on the lamps in 
the room.

(a) CIRR exampels, covering a wide range of real-life scenarios.

1. is red with a bird;
2. is red colored with a 
different graphic

1. has slits and is 
bright in color;
2. more white with 
floral pattern 1. is black colored and 

longer sleeves;
2. is more flowing and 
less casual

(b) Fashion IQ exampels. Left: Shirt; Middle: Dress; Right: Toptee.

Figure 3. Examples of CIR benchmarks. In all instances, the left side represents the reference image, while the right side is the target
image obtained through the given relative caption.
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Relative Caption: remove the 
spoon and change the cookie 
dough to a pizza cake on a plate 
with a slice taken out.

Qwen2.5-VL Prompt: I have an image. Please generate a caption for this 

image without including any prompt-related or unnecessary words. The 

caption should preferably include attributes of the main objects such as color, 

quantity or position. Output the result in JSON format, i.e., {"image_caption": 

caption}. For example: {"image_caption": "A serene mountain landscape at 

sunrise, with snow-capped peaks in the background, a calm lake reflecting the 

golden sky, pine trees lining the edges, and gentle morning mist hovering 

above the water."}

Few-shot Domain-specific 
Triplet Data, e.g. 32-shot

×32
Relative Caption: remove the 
spoon and change the cookie 
dough to a pizza cake on a plate 
with a slice taken out.

Relative Caption: remove the 
spoon and change the cookie 
dough to a pizza cake on a plate 
with a slice taken out.

Transform to In-
context Samples

In-context Descriptions: Square grid layout for left and right images. The 

right image is derived from the left. {Left: Delicious chocolate chip cookie 

dough in a bowl, marble background}. {Change: remove the spoon and 

change the cookie dough to a pizza cake on a plate with a slice taken out.} 

{Right: Thick layered pizza cake on a white plate.}

CIR-LoRA
…

Qwen2.5 Prompt: You are a visual description expert. You are given a triplet as example: {examples}. Your goal is to 

carefully analyze the style and structure of this example and generate a new triplet centered around the object category 

{object}. Follow the three steps below to ensure coherence and consistency. 1) Generate the reference caption: Think 

carefully about realistic and detailed scenarios involving {object}. Construct a natural and context-rich sentence that 

thoroughly describes a scene or moment featuring this object. 2) Generate the edited instruction: Based on the reference 

caption, imagine a meaningful transformation that focuses on the semantic category {edit}. Write the edited instruction 

that describes this change clearly. Use fluent, natural sentence structures with more stylistic variety. 3) Generate the target 

caption: Incorporate the instruction into the original reference caption, generating a informative target caption. Ensure 

the target caption reflects the transformation clearly while preserving unchanged elements. Note that your output must 

include only the following content (use double quotes): {"reference caption": ..., "edited instruction": ..., "target 

caption": ...}. Please only provide the dictionary output, no explanations, no surrounding text.

High-quality, 

Well-aligned

Domain & task-

adapted, Unbiased

Equipped with 

CIR-LoRA

In-context Generative Tuning
(a few hours on an H800 GPU)

Domain-Adaptative In-context Generation (around 10 hours on an H800 GPU)

Edit List: quantity, domain conversion, 

attribute, composition, orientation, addition, 

removal, replacement, scene, viewpoint

Object List: clock, cloud, clownfish, coat, 

spaniel, collie dog, computer, computer 

boat, book, mouse, cookie, corgi…

Generate  Diverse
Textual Triplets

Text-to-Image 
Generate

Reference Caption: A girl in pink mittens 

and a knit beanie sips warm drink in the snow.

Target Caption: A young girl in pink gloves 

enjoys a steaming hot drink by the window.

Relative Caption: The scene changes from a 

snowy outdoor to an indoor setting. ×N

FLUX 1.dev Prompt: Square grid layout for left and right images. The image on the right is derived from the image on the 

left. {Left: A girl in pink mittens and a knit beanie sips warm drink in the snow.} {Change: The scene changes from a 

snowy outdoor to an indoor setting.} {Right: A young girl in pink gloves enjoys a steaming hot drink by the window.}

Figure 4. An overview of the DAIG pipeline, encompassing the construction of in-context samples, in-context generative tuning and
domain-adaptive in-context generation.



Relative Caption:
Change the material to 

leather

Relative Caption:
Add a pattern to the 

chest area.

Relative Caption:
A black flower print long 

sleeveless dress.

D
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S
h
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Relative Caption:
Change to a lighter color

Relative Caption:
Add a text print to the 

chest area and change the 
color to blue

Relative Caption:
Change the color to yellow, 

with an angel pattern 
printed on the chest.

T
op

 t
e
e

Relative Caption:
Change to a short-sleeve, blue 

and orange color, with the 
number 69 printed on the back.

Relative Caption:
Change to solid black, with a 
letter design on the chest

Relative Caption:
Minion design with a white 

and green color scheme

(a) Triplets generated by training DAIG on FashionIQ.

Relative Caption:
The brown seat cover is 
replaced by a blue one.

Relative Caption:
Use an old rotary phone, and 

the setting changes to an 
antique-filled living room

Relative Caption:
Replace the winter scene 

with a warm summer day at 
a garden.

Relative Caption:
The puzzle is complete, the 
coffee table replaced by a 
dining table, and the scene 

moves to a sunlit outdoor patio.

Relative Caption:
The garden view is replaced by 
a snowy winter landscape, with 
a cozy armchair, blanket, and 

book beside the window.

Relative Caption:
A beam of sunlight shines in.

Relative Caption:
The theme of the celebration 

shifts to a more rustic and 
elegant setting, altering the 

appearance of the cake.

Relative Caption:
the door is now closed, the 

mansion has been replaced by a 
modern building, and the carpet 
is replaced with marble flooring.

Relative Caption:
The scene is now set in a 

modern office space, featuring 
a potted fern and a stack of 

books next to the laptop.

(b) Triplets generated by training DAIG on CIRR in real-life scenarios.

Figure 5. More triplet examples generated by on DAIG in the fashion domain and real-life scenarios.



Relative Caption:
Change to a black and 

shorter dress

Relative Caption:
has small straps and is 

red colored

Relative Caption:
is a blue and orange 

striped sweater.
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Relative Caption:
has a flower pattern

Relative Caption:
has short sleeveless and a 

lion graphic

Relative Caption:
is black with nine different 

Mario characters

T
op

 t
e
e

Relative Caption:
is a black loose tee with 

rounded neckline.

Relative Caption:
is white colored and 

floral print

Relative Caption:
is dark red colored and has 

longer sleeves

(a) Triplets generated by training DAIG on FashionIQ.

Relative Caption:
The buildings are now painted in 
pastel colors, while a large tree 
has been planted between them.

Relative Caption:
The bus is now positioned on 
the right side of the street.

Relative Caption:
With fewer customers now 

observing the selection.

Relative Caption:
In the corner, a Christmas 

tree decorated with lights and 
ornaments is added.

Relative Caption:
The floral tapestry is 
replaced with a simple 

beige cushion.

Relative Caption:
The drawer now contains 

just two socks, all of 
which are plain white.

Relative Caption:
The landmarks have been 

removed, and the viewpoint is 
now closer to the ground level

Relative Caption:
The layout shifts focus from 
the entrance to the center of 

the store, emphasizing the 
variety of products.

Relative Caption:
The tent's color has shifted 

to a vibrant yellow, and it now 
includes a small campfire 

glowing nearby.

(b) Triplets generated by training DAIG on CIRR in real-life scenarios.

Figure 6. More triplet examples generated by on DAIG in the fashion domain and real-life scenarios.



Modified Text:
1. is white with a black logo
2. is white with only 2 colors
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Modified Text:
1. sleek 2. has spaghetti 
straps and a floral print
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Modified Text:
show a living room 
with white tent

O
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s

Modified Text:
has two antelopes standing 
one in front of the other 

in a grassy area.

Modified Text:
have the dog stand 

up facing right
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Modified Text:
1. is more revealing 
2. is more revealing 

and is grey and black

Figure 7. Qualitative results on CIRR [5] and FashionIQ [8], along with failure case analysis. We present the top-5 predictions, with
correct items annotated by green bounding boxes.


	More Details about Domain-Adaptive In-context Generation
	Benchmarks for Composed Image Retrieval
	Qualitative Results

