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Abstract001

Composed Image Retrieval (CIR) retrieves tar-002
get images using a multi-modal query that com-003
bines a reference image with text describing004
desired modifications. The primary challenge005
is effectively fusing this visual and textual in-006
formation. Current cross-modal feature fu-007
sion approaches for CIR exhibit an inherent008
bias in intention interpretation. These meth-009
ods tend to disproportionately emphasize either010
the reference image features (visual-dominant011
fusion) or the textual modification intent (text-012
dominant fusion through image-to-text conver-013
sion). Such an imbalanced representation often014
fails to accurately capture and reflect the ac-015
tual search intent of the user in the retrieval016
results. To address this challenge, we propose017
TMCIR, a novel framework that advances com-018
posed image retrieval through two key inno-019
vations: 1) Intent-Aware Cross-Modal Align-020
ment. We first fine-tune CLIP encoders con-021
trastively using intent-reflecting pseudo-target022
images, synthesized from reference images and023
textual descriptions via a diffusion model. This024
step enhances the encoder ability of text to cap-025
ture nuanced intents in textual descriptions. 2)026
Adaptive Token Fusion. We further fine-tune027
all encoders contrastively by comparing adap-028
tive token-fusion features with the target im-029
age. This mechanism dynamically balances030
visual and textual representations within the031
contrastive learning pipeline, optimizing the032
composed feature for retrieval. Extensive ex-033
periments on Fashion-IQ and CIRR datasets034
demonstrate that TMCIR significantly outper-035
forms state-of-the-art methods, particularly in036
capturing nuanced user intent.037

1 Introduction038

Retrieving images based on a combination of a039

reference image and textual modification instruc-040

tions defines the task of Composed ∼Image Re-041

trieval (CIR) (Lee, 2005; Vo et al., 2019; Baldrati042

et al., 2022b). Specifically, the goal of CIR is to043
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Figure 1: Workflows of existing CIR methods and our
proposed TMCIR

retrieve a target image from a candidate set that 044

maintains overall visual similarity to the reference 045

image while fulfilling the localized modification 046

requirements specified in the textual description. 047

CIR enables precise, interactive retrieval, making 048

it valuable for applications like e-commerce and 049

personalized web search. 050

However, composed queries from two distinct 051

modalities introduces unique challenges. Unlike 052

text-to-image or image-to-image retrieval which 053

rely on a single query type, CIR must interpret rela- 054

tive changes described textually and apply them to 055

the specific visual content of the reference image. 056

The core difficulty lies in effectively integrating 057

these cross-modal signals into a unified representa- 058

tion for similarity comparison with candidate im- 059

ages. To achieve this integration, most current ap- 060

proaches predominantly employ visual-dominant 061

feature fusion mechanisms (Anwaar et al., 2021; 062

Chen and Bazzani, 2020; Liu et al., 2021; Dodds 063

et al., 2020). which extract image and text features 064

separately and then combining them. However, 065

these methods exhibit two critical limitations: 1) 066

They often fail to preserve essential visual details 067

from the reference image; 2) They tend to inadver- 068

tently incorporate irrelevant background informa- 069

tion (i.e., regions unrelated to the textual modifi- 070
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cations) into the final query representation. These071

shortcomings become particularly pronounced in072

scenarios requiring fine-grained image modifica-073

tions, such as precise color variations or localized074

texture alterations, where maintaining both visual075

fidelity and modification accuracy is paramount.076

Other recent approaches have adopted text-077

dominant fusion mechanisms that leverage CLIP-078

based image-to-text conversion (Gal et al., 2022;079

Baldrati et al., 2022b), where reference images are080

mapped to pseudo-word embeddings for integra-081

tion with textual descriptions. While this paradigm082

benefits from established cross-modal alignment,083

it faces fundamental limitations: 1) The generated084

pseudo-word tokens primarily capture global image085

semantics while losing fine-grained visual details;086

2) The constrained length of the word tokens re-087

stricts comprehensive visual representation. These088

factors lead to granular-level discrepancies in the089

cross-modal representations, ultimately compro-090

mising retrieval accuracy.091

As shown in Fig. 1(a), both the visual-dominant092

fusion and the text-dominant fusion methods are093

fail to accurately capture and reflect the actual094

search intent of the user in the retrieval results.095

To address these challenges, we propose a TMCIR096

framework. Our framework is carefully designed097

to preserve the critical visual information present098

in the reference image while accurately conveying099

the modification intent of the user as specified by100

textual description. The TMCIR comprises two101

key steps: 1) Intent-Aware Cross-Modal Align-102

ment: This step is designed to precisely capture103

textual intent from descriptions, addressing a criti-104

cal limitation in CIR. Conventional target images105

often contain extraneous variations (e.g., lighting106

conditions, irrelevant background objects, or stylis-107

tic inconsistencies) that deviate from the specified108

intent of text, making them suboptimal for fine-109

tuning. To overcome this, we introduce a pseudo-110

target generation module that leverages a diffusion111

model conditioned on both the reference image112

and the relative textual description. The gener-113

ated pseudo-target image eliminates noise, serving114

as a cleaner supervisory signal that faithfully re-115

flects the intended modifications. Using an image-116

text paired dataset constructed from these pseudo-117

targets and their corresponding descriptions, we118

perform contrastive fine-tuning of pre-trained vi-119

sual and textual encoders. This approach ensures120

precise cross-modal token alignment in a shared121

embedding space, with a focused emphasis on122

Ours Method 

Relative Caption:
change the black T-shirt to purple and add intricate 
patterns

Pic2word 

CLIP4CIR

Figure 2: Retrieval examples using the proposed
TMCIR, CLIP4CIR (Baldrati et al., 2022a) (visual-
dominant feature fusion), and Pic2word (Saito et al.,
2023) (text-dominant fusion) methods, respectively.

text-intent preservation from the description. 2) 123

Adaptive Token Fusion: Following alignment 124

fine-tuning, we introduce an adaptive fusion strat- 125

egy that computes token-wise cosine similarity be- 126

tween visual and textual encoder outputs, enhanced 127

with positional encoding for weighted feature fu- 128

sion (Fig. 1(b). This design serves two key pur- 129

poses: 1) The positional cues establish explicit cor- 130

respondences between textual concepts and their 131

spatial counterparts in the image. 2) The similarity- 132

weighted fusion preserves critical visual details 133

while precisely encoding the nuanced modifica- 134

tion intents specified in relative descriptions. The 135

fused representations then drive a final contrastive 136

fine-tuning stage, where we optimize all encoders 137

by comparing the adaptive token-fusion features 138

against target images. This dynamic balancing 139

mechanism simultaneously refines both modalities 140

within a unified contrastive framework, ultimately 141

producing composite features that are optimally 142

discriminative for retrieval tasks. 143

Experiments on Fashion-IQ and CIRR show 144

that our method achieves state-of-the-art perfor- 145

mance. As illustrated in Fig. 2, visual-dominant fu- 146

sion (CLIP4CIR) may introduce background noise, 147

while text-dominant fusion (Pic2word) can sup- 148

press critical visual details, both leading to incor- 149

rect retrieval. In contrast, our adaptive token fusion 150

selectively aligns visual regions with key textual 151

concepts, emphasizing relevant object tokens (e.g., 152

the T-shirt) while attenuating background informa- 153

tion, resulting in more accurate modeling of fine- 154

grained modifications. 155

In summary, our contributions are as follows: 156

• We propose a novel CIR approach that in- 157

tegrates intent-aware cross-modal alignment 158

(IACMA) and adaptive token fusion (ATF) to 159

better capture user intent. The IACMA lever- 160
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ages a diffusion model to generate pseudo-161

target images that more accurately reflect user162

modification intent compared to potentially163

noisy real target images, providing a purer164

supervisory signal for encoder fine-tuning.165

• The ATF adaptively fuse visual and textual166

tokens through weighted integration and po-167

sitional encoding. This strategy ensures com-168

prehensive preservation of key visual details169

while accurately capturing subtle user modifi-170

cation intent.171

• Experimental results on the Fashion-IQ and172

CIRR datasets indicate that our proposed173

method outperforms current state-of-the-art174

CIR approaches in both retrieval accuracy and175

robustness.176

2 Related work177

Composed Image Retrieval. Existing CIR meth-178

ods mainly fall into two categories. The first fuses179

reference image features with relative captions and180

matches the fused representation against candidate181

images, leveraging feature fusion and attention182

mechanisms for effective retrieval (Anwaar et al.,183

2021; Chen et al., 2020; Dodds et al., 2020; Liu184

et al., 2021; Vo et al., 2019). With the advent of pre-185

trained models, recent approaches further combine186

independently trained visual and textual encoders187

to improve performance (Baldrati et al., 2022a;188

Goenka et al., 2022; Ray et al., 2023). The sec-189

ond category transforms the reference image into190

a pseudo-word embedding and performs text-to-191

image retrieval (Saito et al., 2023; Baldrati et al.,192

2023). However, such embeddings often capture193

only coarse semantics and lack fine-grained visual194

details, limiting representation capacity. Prompt-195

based variants (Liu et al., 2023b) also struggle to196

modify intrinsic caption semantics, constraining197

retrieval accuracy. Overall, existing methods suffer198

from information loss and insufficient alignment199

between visual details and user intent. To address200

these issues, we propose TMCIR, which leverages201

pseudo-target image generation, task-specific en-202

coder fine-tuning, and similarity-based token fu-203

sion, achieving improved retrieval accuracy and204

robustness.205

Token Merge for Modal Fusion. Multi-modal206

fusion requires efficient representation learning to207

reduce redundancy and computational cost. To-208

ken Merge was initially proposed for vision Trans-209

formers to merge redundant tokens and has since 210

been extended to multimodal tasks, improving ef- 211

ficiency and mitigating cross-modal conflicts in 212

image–text and video understanding (Bolya et al., 213

2022; Chen et al., 2024; Luo et al., 2023; Liu et al., 214

2023a; Shen et al., 2023). In composed image re- 215

trieval, Token Merge helps address granularity mis- 216

matches in cross-modal alignment, with prior work 217

exploring entity-level alignment and contrastive 218

strategies (Wang et al., 2023, 2024). Compared 219

to attention-heavy interaction mechanisms, Token 220

Merge provides a flexible and scalable fusion path- 221

way. Building on this, we apply Token Merge 222

to visual–textual fusion in composed image re- 223

trieval, adaptively merging tokens to preserve fine- 224

grained visual details and textual semantics, lead- 225

ing to more accurate cross-modal alignment and 226

improved retrieval performance. 227

3 Method 228

3.1 Preliminary 229

Assume that a composed image retrieval (CIR) 230

dataset contains N annotated triplet samples, where 231

the ith triplet sample xi is represented as: 232

xi = (ri,mi, ti), ri, ti ∈ Ω, mi ∈ T . (1) 233

Here, ri, mi, and ti denote the reference image, 234

the relative description, and the target image of the 235

ith triplet sample, respectively. The term relative 236

emphasizes that mi specifies the modifications to 237

be applied to ri to obtain the target image, captur- 238

ing how the target image differs from the reference 239

image. Ω represents the candidate image set that 240

contains all reference and target images, and T 241

denotes the text set containing all relative descrip- 242

tions. 243

In the CIR task, the query qi, which is composed 244

of the reference image ri and the relative descrip- 245

tion mi, is used to retrieve the target image ti from 246

the candidate set Ω. In the classical CIR training 247

paradigm, multiple annotated triplet samples are 248

first grouped into a mini-batch. Within the same 249

batch, the reference images and relative descrip- 250

tions are encoded into query representations by a 251

query encoder F (·), while the target images are 252

encoded by an image encoder G(·) to obtain their 253

embeddings. For brevity, we denote the representa- 254

tions of the triplet (ri,mi, ti) as 255

qi = F (ri,mi) and vi = G(ti), 256
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Figure 3: An Overview of the TMCIR Framework.It consists of two modules: the "Intent-Aware Cross-Modal
Alignment" module and the "Adaptive Token Fusion" module. First, we input the reference image and the relative
description into a diffusion model to generate a pseudo-target image. Through contrastive learning, we guide the
visual and textual encoders to achieve cross-modal token distribution alignment. Then, the reference image and the
relative description are fused using an adaptive token fusion strategy based on positional encoding and semantic
similarity, generating a joint representation that captures both the user intent and the key visual information from
the reference image.

where vi denotes the embedding of the target image.257

The cosine similarity function f(·, ·) computes the258

similarity between the query representation and259

the target image embedding. Most current meth-260

ods adopt a contrastive learning paradigm, which261

pulls together the query and target image repre-262

sentations of positive pairs (i.e., the query paired263

with its matching target image) while pushing apart264

those of negative pairs (i.e., a query paired with a265

target image from a different triplet). The corre-266

sponding loss function is formulated as:267

Lcl =
1

B

B∑
i=1

− log

(
exp(f(qi, vi)/τ)∑B
j=1 exp(f(qi, vj)/τ)

)
,

(2)268

where B is the batch size and τ is the temperature269

hyperparameter, which controls the sharpness of270

the similarity distribution and thus regulates the271

strength of the contrastive signal.272

Our method follows the same contrastive learn-273

ing paradigm.274

3.2 Overview275

As depicted in Figure 1, our proposed TMCIR276

pipeline comprises two steps:277

(1) Intent-Aware Cross-Modal Alignment.278

This step contains Pseudo Target Image Gener-279

ation (PTIG) and Encoder Fine-Tuning for To- 280

ken Alignment (EFTTA) modules. In the PTIG 281

module, a diffusion model, specifically Stable Dif- 282

fusion 3, is utilized to generate a pseudo target 283

image pi by conditioning on the reference image 284

ri and the relative description mi. This pseudo 285

target image accurately reflects the modification re- 286

quirements specified in mi, ensuring a high level of 287

controllability and reproducibility. In the EFTTA 288

module, we construct an image-text pair dataset 289

from the relative description and the pseudo target 290

image, then fine-tune the visual and text encoders 291

of the CLIP model. This process promotes more 292

consistent cross-modal token distributions in the 293

shared embedding space. Here, token alignment 294

refers to the process of harmonizing tokens from 295

different modalities in the embedding space so that 296

their semantic representations and attention pat- 297

terns become more correlated and comparable. 298

(2) Adaptive Token Fusion. After obtaining 299

visual and text tokens from the fine-tuned bimodal 300

encoder, we design an adaptive token fusion strat- 301

egy. In our approach, token merging is performed 302

on a token-by-token basis by computing the cosine 303

similarity between individual tokens and incorpo- 304

rating positional encoding via weighted averaging. 305

This fusion strategy constructs a unified and seman- 306

4



tically rich cross-modal representation.307

In the following subsections, we provide details308

for these two steps.309

3.3 Intent-Aware Cross-Modal Alignment310

The Intent-Aware Cross-Modal Alignment step311

aims to enhance the encoder ability of text to cap-312

ture nuanced intents in textual descriptions, which313

includes pseudo target image generation and en-314

coder fine-tuning for token alignment modules.315

Pseudo Target Image Generation Large-scale316

vision–language models such as CLIP show strong317

generalization and have been widely applied to CIR.318

However, directly using pre-trained visual and text319

encoders often yields inconsistent token distribu-320

tions across modalities in CIR settings, leading321

to suboptimal token fusion and degraded retrieval322

performance.323

To address this issue, we first select image-text324

pairs from existing CIR datasets—typically sam-325

pling all available pairs or a fixed number per batch326

in our experiments—and perform task-specific fine-327

tuning of the visual and text encoders to achieve328

more consistent token representations from the ref-329

erence image and the relative description. Con-330

sidering that the manually collected triplet sam-331

ples in current CIR datasets contain target images332

sourced from diverse origins (which may include333

background interference or noise not aligned with334

the modification description), we generate a pseudo335

target image pi by conditioning a diffusion model336

D on the reference image ri and the relative de-337

scription mi:338

pi = D(ri,mi). (3)339

The pseudo target image pi accurately embodies the340

modification requirements stipulated in mi, while341

excluding irrelevant background noise. This pro-342

vides a purer and more precise supervisory signal343

for subsequent encoder fine-tuning. The pseudo344

target image pi and the relative description mi are345

then combined to form an image-text pair dataset346

D:347

D = {(mi, pi) | i = 1, 2, . . . , N}. (4)348

We utilize D as a dedicated dataset in a distinct349

training stage for fine-tuning the encoders, separate350

from the original CIR training set.351

Encoder Fine-Tuning for Token Alignment Af-352

ter constructing the image-text pair dataset D =353

{(mi, pi)}Ni=1 as described in Section 3.3, we adopt354

a contrastive learning strategy to fine-tune the 355

CLIP-pretrained visual encoder and text encoder, 356

thereby further enhancing their cross-modal repre- 357

sentation and alignment abilities for the CIR task. 358

Specifically, for each image-text pair (mi, pi), 359

the relative description mi is input into the text 360

encoder ET to obtain the text feature vector: 361

ti = ET (mi) (5) 362

while the pseudo target image pi is input into 363

the visual encoder EV to obtain the image feature 364

vector: 365

vi = EV (pi) (6) 366

We then normalize these feature representations: 367

t̂i =
ti

∥ti∥2
, v̂i =

vi
∥vi∥2

(7) 368

to facilitate subsequent cosine similarity calcula- 369

tions. 370

Next, we optimize the model parameters using 371

the InfoNCE loss function: 372

L = − 1

N

N∑
i=1

log
exp(sim(v̂i, t̂i)/τ)∑N
j=1 exp(sim(v̂i, t̂j)/τ)

(8) 373

where sim(·, ·) denotes the cosine similarity 374

function and τ is a learnable temperature param- 375

eter that controls the smoothness of the similarity 376

distribution. 377

Following fine-tuning, the token representations 378

produced by the visual and text encoders in the 379

shared embedding space exhibit improved dis- 380

tribution consistency and cross-modal alignment, 381

thereby providing a robust foundation for the sub- 382

sequent token merging module. 383

3.4 Adaptive Token Fusion 384

Following the fine-tuning of the visual and text en- 385

coders, the resulting visual tokens and text tokens 386

are well-aligned in the shared embedding space. 387

To effectively integrate the dual-modal informa- 388

tion, we design a token merging module based on 389

similarity computation. 390

Specifically, the reference image ri and the rel- 391

ative description mi are input into the fine-tuned 392

visual encoder EV and text encoder ET , respec- 393

tively, to obtain the corresponding sets of tokens: 394

V = {v1, v2, . . . , vL} = EV (ri), (9) 395

396
T = {t1, t2, . . . , tM} = ET (mi). (10) 397
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Table 1: Quantitative comparison across competing methods on the CIRR test set, where Avg. indicates the average
results across all the metrics in the three different settings. The best results are marked in bold

Methods Recall@K Rsubset@K Avg.
K=1 K=5 K=10 K=50 K=1 K=2 K=3

LF-BLIP (Baldrati et al., 2022b) 20.89 48.07 61.16 83.71 50.22 69.39 86.82 60.58
LF-CLIP (Baldrati et al., 2022b) 33.59 65.35 77.35 95.21 62.39 79.74 92.02 72.53
CLIP4CIR (Baldrati et al., 2022a) 38.53 69.98 81.86 95.93 68.19 86.31 94.17 69.09
BLIP4CIR+Bi (Liu et al., 2024) 40.15 73.08 83.88 96.27 72.10 90.16 95.93 72.59
CompoDiff (Gu et al., 2023) 22.35 54.36 73.41 91.77 35.84 58.21 76.60 29.10
CASE (Levy et al., 2024) 48.00 79.11 87.25 97.57 75.88 94.67 96.00 77.50
CASE Pre-LaSCo.CaT (Levy et al., 2024) 49.35 80.02 88.75 97.47 76.48 95.03 95.71 78.25
TG-CIR (Wen et al., 2023) 45.25 78.29 87.16 97.30 72.84 89.25 95.13 75.57
DRA (Jiang et al., 2023) 39.93 72.07 83.83 96.43 71.04 91.43 94.72 71.55
CoVR-BLIP (Ventura et al., 2024) 49.69 78.60 86.77 94.31 75.01 91.07 93.16 80.81
Re-ranking (Liu et al., 2023b) 50.55 81.75 89.78 97.18 80.04 94.29 96.80 80.90
SPRC (Bai et al., 2023) 51.96 82.12 89.74 97.69 80.65 92.31 96.60 81.39
CIR-LVLM (Sun et al., 2024) 53.64 83.76 90.60 97.93 79.12 92.33 96.67 81.44

TMCIR (Ours) 54.12 84.27 91.06 98.43 82.64 92.45 96.77 82.66

We then compute the similarity matrix S ∈ RL×M398

between the image token set V and the text token399

set T :400

Sij =
vi · tj

∥vi∥ · ∥tj∥
. (11)401

For each text token, we iterate over each visual402

token, considering a pair (vi, tj) as a valid match-403

ing token pair if their similarity exceeds a preset404

threshold τ .405

Fusion Strategy: For each matching token pair406

(vi, tj), we compute a weighted average using their407

similarity coefficient λ as the weight and integrate408

their positional encodings (Pimg[i] and Ptxt[j]) to409

preserve spatial information. The resulting fused410

representation fi,j is calculated as:411

fi,j =
Sij · vi + Sij · tj

2Sij + ϵ
+0.5·

(
Pimg[i] +Ptxt[j]

)
,

(12)412

where ϵ is a small constant to prevent division by413

zero.414

For visual tokens and text tokens that do not find415

a matching counterpart, we retain them by directly416

adding their positional residuals:417

ṽi = vi + 0.5 ·Pimg[i], if vi /∈ Matched, (13)418

419
t̃j = tj + 0.5 ·Ptxt[j], if tj /∈ Matched. (14)420

Finally, we concatenate all the fused tokens and421

the remaining unmatched tokens to form the cross-422

modal token sequence Z: 423

Z = {fij | (i, j) ∈ M}∪{ṽi | i /∈ MI}∪
{
t̃j | j /∈ MT

}
(15) 424

where M denotes the set of matching pairs, 425

while MI and MT represent the matching indices 426

for visual and text tokens, respectively. We then 427

apply average pooling to Z to obtain a single token 428

representation z: 429

z =
1

NZ

NZ∑
n=1

Zn, (16) 430

and pass it through a fully connected layer F to 431

obtain the final cross-modal embedding vector VQ: 432

VQ = F(z). (17) 433

Learning Objective: Our training objective for 434

the composed image retrieval (CIR) task is to align 435

the joint feature representation VQ of the mixed- 436

modal query (r,m) with the feature representation 437

VT of the target image t. In each training iteration, 438

we process a mini-batch of samples: 439

{(V (i)
Q , V

(i)
T )}NB

i=1, (18) 440

where (V
(i)
Q , V

(i)
T ) denotes the feature representa- 441

tions of the ith (mixed-modal query, target image) 442

6



Table 2: Quantitative comparison across competing methods on the Fashion-IQ validation set, where Average
indicates the average results across all the metrics in the three different classes. The best results are marked in bold

Methods Dress Shirt Top&Tee Average

R@10R@50R@10R@50R@10R@50R@10R@50Rmean

DCNet (Kim et al., 2021) 28.95 56.07 23.95 47.30 30.44 58.29 27.78 53.89 40.84
SAC w/BERT (Jandial et al., 2022) 26.52 51.01 28.02 51.86 32.70 61.23 29.08 54.70 41.89
FashionVLP (Goenka et al., 2022) 32.42 60.29 31.89 58.44 38.51 68.79 34.27 62.51 48.39
LF-CLIP(Combiner) (Baldrati et al., 2022b) 31.63 56.67 36.36 58.00 38.19 62.42 35.39 59.03 47.21
LF-BLIP (Levy et al., 2024) 25.31 44.05 25.39 43.57 26.54 44.48 25.75 43.98 34.88
CASE (Zhu et al., 2023) 47.44 69.36 48.48 70.23 50.18 72.24 48.79 70.68 59.74
AMC (Ventura et al., 2024) 31.73 59.25 30.67 59.08 36.21 66.06 32.87 61.64 47.25
CoVR-BLIP (Baldrati et al., 2022a) 44.55 69.03 48.43 67.42 52.60 74.31 48.53 70.25 59.39
CLIP4CIR (Liu et al., 2024) 33.81 59.40 39.99 60.45 41.41 65.37 38.32 61.74 50.03
BLIP4CIR+Bi (Han et al., 2023) 42 09 67.33 41.76 64.28 46.61 70.32 43.49 67.31 55.04
FAME-ViL (Wen et al., 2023) 42.19 67.38 47.64 68.79 50.69 73.07 46.84 69.75 58.29
TG-CIR (Jiang et al., 2023) 45.22 69.66 52.60 72.52 56.14 77.10 51.32 73.09 58.05
Re-ranking (Liu et al., 2023b) 48.14 71.43 50.15 71.25 55.23 76.80 51.17 73.13 62.15
CompoDiff (Gu et al., 2023) 40.65 57.14 36.87 57.39 43.93 61.17 40.48 58.57 49.53
SPRC (Bai et al., 2023) 49.18 72.43 55.64 73.89 59.35 78.58 54.92 74.97 64.85

TMCIR (Ours) 50.67 73.86 59.12 76.34 59.93 79.46 56.57 76.55 66.56

pair, and NB is the mini-batch size. The batch-443

based classification loss function is defined as:444

L =
1

NB

NB∑
i=1

− log
exp(λ · Sim(V

(i)
Q , V

(i)
T ))∑NB

j=1 exp(λ · Sim(V
(j)
Q , V

(j)
T ))

,

(19)445

where Sim(·) denotes the cosine similarity function446

and λ is a temperature parameter.447

4 Experiment448

4.1 Experimental Setup449

Implementation Details. Our method is imple-450

mented in PyTorch and runs on an NVIDIA RTX451

A100 GPU with 80GB of memory. We adhere452

to the design principles of CLIP, initializing both453

the visual and text encoders from a CLIP pre-454

trained model based on the ViT-L architecture.455

The AdamW optimizer (Loshchilov and Hutter,456

2017) is employed with a weight decay coefficient457

set to 0.05. Input images are resized to 224×224458

pixels, and a padding ratio of 1.25 is applied for459

uniform processing (Baldrati et al., 2022b). The460

initial learning rates are set to 1e-5 and 2e-5 for461

the CIRR and Fashion-IQ datasets, respectively,462

and a cosine learning rate scheduling strategy is463

adopted. The similarity threshold τ is set to 0.7.In464

the Pseudo-Target Generation stage, the diffusion465

model FLUX.1-dev-edit-v0 is utilized.466

4.2 Comparative study 467

Results on Fashion-IQ Table 2 reports the results 468

on the Fashion-IQ dataset. TMCIR achieves the 469

best recall across all eight metrics and three cate- 470

gories. Compared to the second-best method SPRC, 471

TMCIR improves R@10 from 54.92 to 56.57, with 472

particularly notable gains on the Shirt category 473

(R@10: 55.64 → 59.12; R@50: 73.89 → 76.34). 474

This advantage stems from TMCIR’s direct fusion 475

of visual and textual tokens via token merging, 476

which better preserves fine-grained visual details 477

than text-only retrieval paradigms, leading to more 478

accurate matching. 479

Results on CIRR Table 1 reports results on the 480

CIRR dataset. Compared to the text prompt-based 481

method SPRC, TMCIR consistently improves re- 482

call across all metrics (e.g., R@1: 51.96 → 54.12, 483

R@10: 89.74 → 91.06), demonstrating stronger 484

generalization. These gains indicate that prompt- 485

based approaches struggle to capture fine-grained 486

visual details, while TMCIR better preserves visual 487

information through direct multimodal fusion. TM- 488

CIR also achieves superior performance on Recall- 489

subset@K metrics and outperforms the strongest 490

CIR-LVLM baseline, highlighting the effectiveness 491

of similarity-based token fusion and task-specific 492

encoder fine-tuning for composed image retrieval. 493
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Table 3: Ablation studies with regard to the impact
of using pseudo versus real target images on retrieval
performance.

Method FashionIQ CIRR

R@10 R@50 R@1 R@5 Rsubset@1

Real 54.85 75.43 53.62 83.62 79.05
Pseudo 56.57 76.55 54.12 84.27 82.64

Table 4: Ablation studies with regard to the contribution
of the token merging module to retrieval performance.

Method FashionIQ CIRR

R@10R@50R@1 R@5Rsubset@1

w/o token-merge 29.68 54.85 20.8848.24 50.33
token-merge 56.57 76.55 54.1284.27 82.64

Table 5: Ablation studies with regard to the performance
differences between pre-trained and fine-tuned models.

Method FashionIQ CIRR

R@10 R@50 R@1 R@5 Rsubset@1

Pre-trained 54.42 75.67 53.22 83.47 79.16
fine-tuning 56.57 76.55 54.12 84.27 82.64

4.3 Ablation Study494

Pseudo-target Images vs. Real Target Images495

We compare encoder fine-tuning using real target496

images versus diffusion-generated pseudo-target497

images. As shown in Table 3, pseudo-target images498

provide cleaner supervision by better capturing the499

intended modifications, leading to improved align-500

ment and robustness in token fusion, whereas real501

targets may introduce background noise and hinder502

fine-grained semantic modeling.503

Pre-trained Models vs. Task-specific Fine-504

tuning To evaluate task-specific fine-tuning, we505

compare a frozen CLIP encoder with a fine-tuned506

variant using pseudo-target image–text pairs and507

contrastive learning. As shown in Table 5, fine-508

tuning yields consistent improvements across all509

metrics (e.g., +0.89% Recall@1), indicating bet-510

ter cross-modal alignment and more robust token511

representations. These results highlight the impor-512

tance of task-specific contrastive fine-tuning for513

improving CIR performance.514

Contribution of the Token Merging Module515

To assess the token merging module, we compare516

a variant with token merging against one that di-517

rectly pools visual and textual tokens without fu- 518

sion. As shown in Table 4, removing token merging 519

leads to clear performance drops in cross-modal 520

retrieval, especially on Recall@K metrics. These 521

results confirm that token merging effectively sup- 522

presses noise, enhances cross-modal alignment, 523

and produces more consistent fused representa- 524

tions, thereby improving retrieval accuracy. 525

5 Conclusion 526

Addressing the challenge of biased feature fusion 527

in Composed Image Retrieval (CIR), we intro- 528

duced TMCIR. Our framework leverages Intent- 529

Aware Cross-Modal Alignment (IACMA), us- 530

ing diffusion-generated pseudo-target images for 531

cleaner encoder fine-tuning, and Adaptive Token 532

Fusion (ATF), which merges tokens based on sim- 533

ilarity and position to balance modalities. Exten- 534

sive experiments demonstrate that TMCIR signifi- 535

cantly outperforms state-of-the-art methods on the 536

Fashion-IQ and CIRR benchmarks. By effectively 537

preserving visual details while accurately capturing 538

textual modification intent, TMCIR offers a more 539

robust and precise solution for CIR. 540

Limitations 541

Despite the strong performance of TMCIR, sev- 542

eral limitations remain. First, the intent-aware 543

cross-modal alignment stage relies on diffusion- 544

generated pseudo-target images, which introduces 545

additional computational overhead and depends 546

on the quality and controllability of the generative 547

model. For complex or abstract modification de- 548

scriptions, pseudo targets may not always perfectly 549

reflect user intent, potentially affecting encoder 550

fine-tuning. Second, the adaptive token fusion 551

mechanism requires token-wise similarity compu- 552

tation between visual and textual representations. 553

While effective for preserving fine-grained details, 554

this design may incur scalability issues when han- 555

dling high-resolution images or longer text inputs, 556

limiting efficiency in large-scale or real-time re- 557

trieval settings. Finally, our evaluation is restricted 558

to Fashion-IQ and CIRR, which primarily focus on 559

object-centric attribute modifications. The general- 560

ization of TMCIR to more complex scenes, diverse 561

domains, or interactive retrieval scenarios with iter- 562

ative user feedback remains an open question and 563

a promising direction for future work. 564
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