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ABSTRACT

Composed Image Retrieval (CIR) is an emerging paradigm in content-based im-
age retrieval that enables users to formulate complex visual queries by combining
a reference image with an auxiliary modality, usually text-based. This approach
supports fine-grained search where the target image shares structural elements
with the user query but is modified according to the provided auxiliary text. Con-
ventional CIR methods rely on multimodal fusion to combine visual and textual
features into a joint query embedding. In this work, we propose PEFUSE (for
pseudo-fusion), a training-free framework that leverages pre-trained models to
bridge modalities via generative conversion. We introduce two novel strategies:
uni-directional and bi-directional conversion, both implemented using diffusion
models and multimodal large language models. These methods reformulate CIR
as either intra-modal or cross-modal retrieval, bypassing the need for dedicated
training. Extensive experiments on standard benchmarks show that our approach
achieves competitive or superior performance compared to state-of-the-art meth-
ods, highlighting the efficacy and flexibility of our pseudo-fusion paradigm for
composed retrieval.

1 INTRODUCTION

Traditional Content-Based Image Retrieval systems allow users to submit image-based queries,
bridging the so-called semantic gap (Smeulders et al., 2000). This constraint hinders their ability
to accommodate nuanced search intents that are inherently multimodal. Composed Image Retrieval
(CIR) addresses this limitation by enabling users to formulate a query using a reference image cou-
pled with an auxiliary modality to specify desired modifications, often a natural language descrip-
tion. This approach facilitates fine-grained retrieval, such as finding “this chair but in blue” or “the
same scene at sunset,” which is particularly valuable in domains like e-commerce (Baldrati et al.,
2022), digital asset management (Net & Gomez, 2025), and creative design (Song et al., 2025).

CIR introduces distinct technical challenges. An effective system must not only comprehend the
individual modalities but also model their compositional semantics, capturing how the auxiliary in-
put alters the meaning of the reference image. A prevalent solution involves multimodal feature
fusion, within where visual and auxiliary representations are integrated into a unified embedding
prior to retrieval. Although recent advances in deep convolutional and transformer-based archi-
tectures (Vaswani et al., 2017; Dosovitskiy et al., 2021) have improved cross-modal alignment
and compositional reasoning, the majority of existing methods rely heavily on dedicated training
on large-scale, annotated CIR datasets. To relieve the restrictions, researcher either synthesize
triplet datasets (Li et al., 2025; Wang et al., 2025; Xing et al., 2025) or rely on existing image-text
pairs (Jiang et al., 2024) to train models. This dependency limits their scalability and adaptability to
significant domain shifts, wherein zero-shot CIR is regarded as an effective solution.

In this work, we investigate training-free pseudo-fusion strategies for zero-shot CIR that circum-
vent the need for additional task-specific fusion. We propose to pseudo-fuse the multimodal query
through uni-directional and bi-directional conversion techniques, leveraging recent advancements
in Diffusion Models (Ho et al., 2020; Song et al., 2021; Rombach et al., 2022) and Multimodal
Large Language Models (MLLMs) (Liu et al., 2023; Grattafiori et al., 2024; Yang et al., 2025).
The uni-directional approach reformulates the multimodal query CIR task into a standard uni-modal
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query problem by converting the reference image and auxiliary text into a synthesized image or
a detailed textual description. The bi-directional approach extends this by additionally converting
the candidate images in the gallery into texts, enabling a text-based matching paradigm. These
strategies facilitate flexible adaptation of existing, off-the-shelf retrieval systems without requiring
architectural modifications, fine-tuning, or any training.

Extensive experiments on standard CIR benchmarks demonstrate that our proposed training-free
methods achieve competitive performance comparable or superior to state-of-the-art (SOTA) trained
models and other training-free methods. Our findings underscore the significant potential of training-
free approaches in compositional retrieval when deploying efficient CIR systems in resource-
constrained or rapidly evolving domains. To the best of our knowledge, this is the first work to
systematically explore and benchmark modality conversion strategies utilizing both diffusion mod-
els and MLLMs for CIR.

In summary, our contributions are as follows:

• Novel training-free pseudo-fusion strategies for zero-shot CIR that seamlessly convert
multi-modal queries into a single modality, enabling compatibility with existing retrieval
systems.

• A systematic study and comprehensive benchmarking of both uni-directional and bi-
directional modality conversion paradigms for CIR using diffusion models and MLLMs.

• A quantitative analysis to elucidate the relationship between CIR performance and key
hyperparameters of both MLLMs and diffusion models.

• Empirical evidence that reformulating CIR to text-to-image retrieval is more effective than
other tasks, and that our method achieves on-par or better performance than SOTA models.

2 RELATED WORK

2.1 TRAINING-DEMANDING COMPOSED IMAGE RETRIEVAL METHODS

Early CIR approaches like TIRG (Vo et al., 2019) relied on joint embedding spaces trained with
contrastive objectives (van den Oord et al., 2018; Chen et al., 2020; He et al., 2020), where the
fused image–text representation was directly compared against candidate image embeddings. Sub-
sequent transformer-based methods (Jia et al., 2021; Li et al., 2022; 2023), pretrained on large-scale
vision–language datasets, achieved stronger cross-modal alignment. Building on this foundation,
Combiner (Baldrati et al., 2022) leverages CLIP (Radford et al., 2021) to compute integrated fea-
tures from reference images and accompanying textual descriptions.

A notable line of work builds upon the idea of representing images as pseudo-word tokens within a
text sequence. Inspired by Textual Inversion (Gal et al., 2023), methods such as SEARLE (Baldrati
et al., 2023b), Pic2Word (Saito et al., 2023), and LinCIR (Gu et al., 2024) map reference images into
token embeddings that can be processed by language models, achieving SOTA performance through
joint training. Other approaches like CLIP4CIR (Baldrati et al., 2024) introduce learnable fusion
operators to better capture compositional semantics.

More recently, the generative capabilities of diffusion models (Ho et al., 2020; Song et al., 2021;
Rombach et al., 2022) have also been explored for CIR. For example, CIG (Wang et al., 2025) uses
a pretrained textual inversion network to convert a reference image into tokens and employs a latent
diffusion model to generate a visual representation of the target image, which is then fused with the
query. Despite these advances, the use of LLMs or MLLMs remains more prevalent. For exam-
ple, DQU-CIR (Wen et al., 2024) fuses unified textual and visual information extracted via LLMs
or captioning models. Notably, HyCIR (Jiang et al., 2024) enhances model training by incorporat-
ing contrastive learning on synthetic triplets, demonstrating the efficacy of synthetic supervision.
Further advancing this approach, Feng et al. (2024) scales both negative and positive samples for
contrastive learning using a MLLM. Furthermore, MRA-CIR (Tu et al., 2025) circumvents error-
prone intermediate text generation by using a Multimodal Reasoning Agent to directly construct
high-quality triplets from unlabeled images. Similarly, CoLLM (Huynh et al., 2025) mitigates data
scarcity by synthesizing training triplets from image-caption pairs using LLMs, enabling deeper
multimodal fusion.
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A common characteristic of all the above methods is their reliance on ad-hoc training, either fine-
tuning on synthetic triplets or training from scratch on existing image-text datasets. In contrast, our
approach requires no training. Instead of synthesizing training data or inverting images to tokens, we
convert multimodal queries into real text tokens (via MLLMs) or real images (via diffusion models),
making them directly compatible with existing retrieval models. This allows implicit fusion of both
modalities using purely pretrained models, in a fully training-free manner.

2.2 TRAINING-FREE COMPOSED IMAGE RETRIEVAL METHODS

Although learnable fusion methods achieve strong performance, their requirement for task-specific
training limits flexibility and generalizability to new domains or modalities. To overcome these
limitations, several training-free CIR methods have been proposed. CIReVL (Karthik et al., 2024)
uses an LLM to refine captions (generated by a vision-language model from a reference image) by
incorporating the text modification. The resulting caption is then used for text-to-image retrieval.
Similarly, WeiMoCIR (Wu et al., 2025) employs an MLLM to caption candidate target images, ef-
fectively reducing CIR to a matching problem. Our method extends this idea by using the MLLM to
process both the reference image and the modification text, effectively using the MLLM as a fusion
module. Another relevant framework, ImageScope (Luo et al., 2025), unifies various language-
guided image retrieval tasks into a text-to-image retrieval setup using descriptions generated by a
MLLM. However, it relies on multiple models applied in stages, leading to cumulative error propa-
gation and increased inference time. In contrast, our approach uses only a single MLLM or diffusion
model, resulting in a simpler yet effective pipeline.

Unlike these prior works, which often involve multi-stage text generation or ensemble multiple mod-
els, we demonstrate that a single MLLM can effectively capture interactions between the reference
image and modification text to produce informative textual descriptions of the desired target. Fur-
thermore, we systematically explore and benchmark alternative formulations of CIR, including con-
version to one-query intra-modal or cross-modal retrieval tasks. Specifically, our work introduces
training-free pseudo-fusion strategies that reformulate CIR as either text-based or image-based re-
trieval. By leveraging pretrained diffusion models and MLLMs without any additional training, our
approach offers a flexible, modular, and plug-and-play solution for composed image retrieval.

3 METHODOLOGY

As depicted in Figure 1, our method employs a dual-strategy pipeline. The uni-directional conver-
sion facilitates retrieval by projecting the query into a target modality; either by using an MLLM to
generate descriptive texts from images and modifications or by using a diffusion model to generate
images from reference images and MLLM-generated texts. The bi-directional conversion extends
this by subsequently using the MLLM to also project target images into the textual modality, en-
abling a text-based retrieval process.

Let I and T be the image and text spaces, respectively. Assume we have a retrieval model Ψ(·) that
takes both image modality I ∈ I and text modality T ∈ T as inputs, and outputs a similarity score
s = sim(Ψ(I),Ψ(T )) ∈ R based on extracted embeddings Ψ(I) ∈ Rm and Ψ(T ) ∈ Rm, a MLLM
f(·) which can generated textual descriptions Tf based on arbitrary combination of images I and
texts T given the proper dataset-specific prompt p, and a diffusion model g(·) that generates image
Ig based on both images I and texts T . For CIR, a reference image Iiref ∈ I with corresponding
text modification Ti ∈ T are paired as a paired query (Iiref , T

i), to find the most relevant candidate
images in dataset D = {I1tar, I2tar, . . . , Intar} based on (cosine) similarity scores.

For uni-directional conversion, we use the MLLM f to fuse (Iiref , T
i): T i

f = f(Iiref , T
i, p) ∈ T

while diffusion model g is used to synthesize images based on MLLM-generated descriptions
T i
f : Iig = g(Iiref , T

i
f ) ∈ I. To use pretrained retrieval models, we feed the generated texts T i

f

to retrieval model Ψ to compute cosine similarity with respect to all candidate images: sij =

cos(Ψ(T i
f ),Ψ(Ijtar)), and similarly for synthesized images Iig: sij = cos(Ψ(Iig),Ψ(Ijtar)), where

j ∈ {1, . . . , n}. Through this method, we reformulate CIR to two types of image retrieval tasks:
text-to-image and image-to-image.

3
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For bi-directional conversion, we additionally convert target images Itar to texts via MLLM given
another dataset-specific prompt q: T j

f = f(Ijtar, q) and compute the cosine similarity based on
previously generated modalities, either by sij = cos(Ψ(T i

f ),Ψ(T j
f )) or sij = cos(Ψ(Iig),Ψ(T j

f ))

for j ∈ {1, . . . , n}, which reformulates the CIR tasks to text-to-text retrieval and image-to-text
retrieval tasks, respectively. Based on the ranked scores, we return the top-K candidate image IDs
for performance evaluation.

Figure 1: Our proposed training-free pseudo-fusion methods for Composed Image Retrieval.

Our method is pseudo-fusion as it relies on generative models to synthesize new data (images or
text) from pairs of elements within a triplet, thereby achieving an implicit fusion of modalities. This
approach is distinct from typical early fusion paradigms, which explicitly combine modalities into
intermediate embeddings. In contrast, our method directly generates coherent and interpretable data
in a target modality, preserving latent semantics throughout the process.

4 EXPERIMENTS

We first state the experiment setups such as datasets and models used, and then present results after
evaluating these models for different conversion methods.

4.1 DATA AND MODELS

We employ three CIR benchmark datasets: Fashion-IQ (Wu et al., 2021), CIRR (Liu et al., 2021),
and CIRCO (Baldrati et al., 2023a). Fashion-IQ is designed for interactive fashion image retrieval
using natural language feedback, incorporating human-written relative captions and derived visual
attributes. CIRR extends the scope to open-domain images with human-annotated modifying text,
though it is known to contain a significant number of false negatives (Baldrati et al., 2023a). To
mitigate this issue, CIRCO provides multiple ground-truth images per query, with all images sourced
from the MS-COCO (Lin et al., 2014) dataset. In line with standard evaluation protocols, we report
recall@K for Fashion-IQ and CIRR, and mean average precision (mAP@K) for CIRCO, reflecting
their respective annotation structures.

For image synthesis based on textual and visual inputs, we utilize the pretrained
sdxl-instructpix2pix-768 model from the diffusers library, an instruction-tuned vari-
ant of InstructPix2Pix (Brooks et al., 2023), selected for its strong generative performance. Text
generation is handled by Qwen2.5-VL-7B-Instruct, an advanced instruction-tuned MLLM
based on Qwen (Yang et al., 2025). To evaluate the effectiveness of our approach, we employ several
retrieval models as feature extractors, starting with models sharing the same backbone architecture:
CLIP (ViT-B/32) (Radford et al., 2021), OpenCLIP (ViT-B/32) (Cherti et al., 2023), and SigLIP2
(Base-Patch16) (Tschannen et al., 2025). Both CLIP and OpenCLIP adopt the softmax function in
their contrastive loss formulations, with OpenCLIP additionally benefiting from training on substan-
tially larger datasets. In contrast, SigLIP2 incorporates several enhancements to improve semantic
understanding over SigLIP (Zhai et al., 2023) that was trained with sigmoid-based contrastive loss
function. We later explore larger model variants to investigate scaling behavior.
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All retrieval models operate on input images resized to 224 × 224 pixels, normalized to the [0, 1]
range using model-specific normalization parameters. The diffusion model requires 768×768 pixel
inputs and produces outputs at the same resolution. For consistency, all images across datasets are
resized to 768 × 768 and normalized to [0, 1] prior to diffusion processing. During image gener-
ation with the diffusion model, we use a guidance scale of 7.5, image guidance scale of 3.0, and
30 denoising steps. For text generation with the MLLM, we set the temperature to 0.1, top-P to
0.9, and top-K to 50. A sensitivity study in subsection 4.5 examines the impact of varying these
hyperparameters. Our implementation uses PyTorch on a single NVIDIA RTX A100 with 40GB
memory: https://github.com/TBA.

4.2 UNI-DIRECTIONAL CONVERSION

As introduced in section 3, uni-directional conversion can be implemented using either MLLMs or
diffusion models, and both serve as pseudo-fusion methods.

Table 1 presents the text-to-image and image-to-image retrieval results on the Fashion-IQ dataset.
Among the compared zero-shot methods, most require training new models, with CIReVL being the
notable exception. When reformulating CIR as a text-to-image retrieval task, both CLIP and Open-
CLIP—utilizing the ViT-B/32 backbone—outperform CIReVL. Notably, employing OpenCLIP as
the retriever surpasses the performance of most zero-shot methods that necessitate model training,
with results comparable to, though slightly lower than, LinCIR, which uses larger ViT-L/14 back-
bone.

In general, text-to-image retrieval demonstrates superior performance compared to image-to-image
retrieval; the sole exception is observed with the SigLIP2 model. Across all retrieval models eval-
uated, we note a significant inconsistency in performance: SigLIP2 yields the weakest results for
text-to-image retrieval, yet achieves the strongest performance for image-to-image retrieval. This
disparity underscores the substantial variation in semantic understanding capabilities among re-
trieval models on varying tasks, highlighting their critical and impactful role in the effectiveness
of CIR systems.

Table 1: Performance (%) comparison on Fashion-IQ validation split using different retrieval mod-
els via PEFUSE to convert reference images and modifications to composed texts or synthesized
images. All the retrieval models use ViT-B/32 backbone. Best results in boldface while the second
best underscored. ∗: reproduced results; †: results from original papers; —: results not available.

Method Retrieval Model Shirt Dress Toptee Average

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

Pic2Word† CLIP (ViT-L/14) 26.20 43.60 20.00 40.20 27.90 47.40 24.70 43.70
SEARLE-OTI∗ CLIP (ViT-B/32) 24.43 41.39 19.85 40.72 24.85 45.47 23.05 42.53
SEARLE∗ CLIP (ViT-B/32) 24.85 41.60 19.37 39.21 25.12 46.22 23.11 42.34
CIReVL∗ CLIP (ViT-B/32) 18.40 30.82 14.25 30.45 18.00 34.33 16.88 31.87
CoLLM† CLIP (ViT-B/32) — — — — — — 24.80 45.20
LinCIR∗ CLIP (ViT-L/14) 29.69 48.14 22.32 45.13 30.85 52.01 27.62 48.43
SEARLE+CIG-XL turbo† CLIP (ViT-B/32) 24.73 41.46 18.94 39.66 25.50 46.66 23.06 42.59
HyCIR† CLIP (ViT-L/14) 27.62 44.94 19.98 40.80 28.14 47.67 25.25 44.47

PEFUSE (T→I)
CLIP 20.62 37.11 13.99 32.54 19.93 39.58 18.18 36.41
OpenCLIP 28.30 46.19 24.05 44.11 32.46 53.94 28.27 48.08
SigLIP2 6.49 13.61 7.32 17.05 7.23 16.93 7.01 15.86

PEFUSE (I→I)
CLIP 8.97 17.01 4.95 13.82 7.71 16.76 7.21 15.87
OpenCLIP 14.28 24.48 10.33 22.43 12.69 24.37 12.43 23.76
SigLIP2 15.00 26.39 9.25 20.93 13.77 25.01 12.67 24.11

The retrieval performance on the CIRR and CIRCO datasets is further detailed in Table 2 and Ta-
ble 3, respectively. On the CIRR dataset, for the text-to-image retrieval task, the CLIP model slightly
underperforms compared to other methods wile being notably better on CIRR subsets. In contrast,
SigLIP and OpenCLIP achieve significantly stronger performance, on both the CIRR and its sub-
sets. For the image-to-image task on CIRR, all retrieval models fall behind the established baselines,
underscoring the superiority of reformulating CIR as a text-to-image rather than an image-to-image
retrieval task.
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A similar phenomenon is observed on the CIRCO dataset, where text-to-image retrieval outper-
forms baseline methods, while the baselines surpass image-to-image conversion. Specifically, text-
to-image retrieval using CLIP performs competitively, exceeding training-free methods such as
CIReVL, though it remains behind LinCIR and HyCIR, both of which employ a larger ViT-L/14
backbone and demand training. Notably, within the same task, using OpenCLIP and SigLIP with
a ViT-B/32 backbone surpasses all baseline methods by a considerable margin. This indicates that
employing a more powerful retrieval model can substantially enhance system performance. Con-
versely, experiments on image-to-image retrieval for CIRCO demonstrate inferior results, highlight-
ing a need for improvement in diffusion-based conversion methods.

The experimental results across all datasets demonstrate that our method is effective for the zero-shot
CIR task, despite its simplicity and training-free nature. Although CLIP has been widely adopted
in previous studies, our results indicate that it is a suboptimal choice for CIR systems compared to
OpenCLIP. We further note that methods which separately generate captions via an image captioner
and then combine them with modification text using a LLM (e.g., CIReVL) can be effective for
simple images, such as fashion items. However, in complex scenarios like those in CIRCO, which
involve a large pool of candidate images (123K), such pipelines often fail to adequately capture
the intricate interactions between reference images and textual modifications. This leads to inferior
retrieval performance compared to ours. Consequently, employing a MLLM proves to be both
sufficient and less error-prone, outperforming lengthy, chained pipelines for complex image retrieval
task.

Table 2: Performance (%) comparison on CIRR test split using different retrieval models via
PEFUSE to convert reference images and modifications to composed texts or synthesized images.
All the retrieval models use ViT-B/32 backbone. Best results in boldface while the second best un-
derscored. †: results from original papers; ∗: reproduced results; —: results not available.

Method Retrieval Model Recall Recallsubset

@1 @2 @5 @10 @50 @1 @2 @3

Pic2Word† CLIP (ViT-L/14) 23.90 — 51.70 65.30 87.80 53.76 74.46 87.08
SEARLE-OTI∗ CLIP (ViT-B/32) 23.18 34.72 52.31 66.00 89.21 52.02 74.43 86.75
SEARLE∗ CLIP (ViT-B/32) 23.33 34.89 52.89 66.99 89.81 53.90 76.19 87.76
CIReVL∗ CLIP (ViT-B/32) 21.40 31.86 47.74 60.72 84.99 56.27 77.08 88.63
CoLLM† CLIP (ViT-B/32) 28.60 — — 71.80 92.70 — — —
LinCIR∗ CLIP (ViT-L/14) 25.04 36.22 53.78 67.18 88.75 56.53 76.82 88.70
SEARLE+CIG-XL turbo† CLIP (ViT-B/32) 25.54 — 55.01 68.24 90.72 57.52 78.36 89.35
HyCIR† CLIP (ViT-L/14) 25.08 — 53.49 67.03 89.85 53.83 75.06 87.18

PEFUSE (T→I)
CLIP 22.58 32.96 49.81 63.59 87.47 63.28 82.27 91.76
OpenCLIP 34.00 47.49 65.57 77.47 93.28 71.59 88.39 95.04
SigLIP2 30.65 43.13 60.60 72.43 91.35 70.00 86.48 93.64

PEFUSE (I→I)
CLIP 2.77 9.78 23.06 35.42 64.58 29.90 52.19 70.96
OpenCLIP 3.28 11.64 27.76 41.45 71.37 31.01 53.83 72.12
SigLIP2 3.78 12.72 28.39 42.12 70.07 32.43 54.15 71.35

4.3 BI-DIRECTIONAL CONVERSION

Besides leveraging a MLLM to fuse the information from reference images and their corresponding
modification texts into unified textual descriptions, now the same model is additionally employed to
generate descriptive captions for target images. This methodology effectively reformulates the CIR
task into a text-to-text retrieval problem. Together with generated images via diffusion models, CIR
task is reframed as image-to-text retrieval task. The performance of text-retrieval-based conversion
is presented in Appendix C.

We observe that reformulating CIR as a text-to-text retrieval task generally yields stronger perfor-
mance compared to image-to-text retrieval. We hypothesize that this is due to artifacts in gen-
erated images, which introduce a larger semantic gap between modalities for retrieval models,
whereas texts generated by MLLMs retain more semantically meaningful information. Further-
more, as shown in subsection 4.2, both text-to-text and image-to-text retrieval underperform relative
to text-to-image retrieval. However, image-to-text retrieval generally surpasses image-to-image per-
formance. These findings further instantiate that reformulating CIR as a text-to-image retrieval task
is generally more effective than other conversion strategies under the same settings.
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Table 3: Performance (%) comparison on CIRCO test split using different retrieval models via
PEFUSE to convert reference images and modification texts to composed texts or to synthesized
images. All the retrieval models use ViT-B/32 backbone. Best results in boldface while the second
best underscored. ‡: results from CIReVL; ∗: reproduced results; —: results not available.

Method Retrieval Model mAP@5 mAP@10 mAP@25 mAP@50

Pic2Word‡ CLIP (ViT-L/14) 8.72 9.51 10.64 11.29
SEARLE-OTI∗ CLIP (ViT-B/32) 7.29 7.99 9.21 9.85
SEARLE∗ CLIP (ViT-B/32) 9.38 9.95 11.13 11.85
CIReVL∗ CLIP (ViT-B/32) 10.36 10.70 11.88 12.47
CoLLM† CLIP (ViT-B/32) 12.90 13.20 — 15.00
LinCIR∗ CLIP (ViT-L/14) 12.33 13.13 14.56 15.46
SEARLE+CIG-XL turbo† CLIP (ViT-B/32) 10.45 11.02 12.34 13.00
HyCIR† CLIP (ViT-L/14) 14.12 15.02 16.72 17.56

PEFUSE (T→I)
CLIP 11.12 11.47 12.86 13.61
OpenCLIP 16.89 17.56 19.14 20.16
SigLIP2 18.53 19.68 21.58 22.62

PEFUSE (I→I)
CLIP 2.39 2.57 3.08 3.37
OpenCLIP 3.03 3.49 4.10 4.44
SigLIP2 4.06 4.63 5.47 5.94

4.4 SCALING LAW

Having evaluated our method’s performance using retrieval models with a ViT-B/32 backbone in
subsection 4.2, a subsequent question arises regarding the potential benefits of larger backbone ar-
chitectures. To investigate this, we assess the performance of OpenCLIP—selected for its superior
overall performance among the three retrieval models—using ViT backbones of varying sizes across
all datasets. The overall results are presented in Table 4, with detailed category-specific results for
Fashion-IQ and CIRR subsets provided in Table 6 in Appendix B. As shown in Table 4, we observe
a general trend of improving performance for the text-to-image retrieval task as the backbone size
increases, although performance fluctuates across specific model sizes. Notably, on Fashion-IQ,
Recall@10 decreases and Recall@50 saturates when using the ViT-g/14 backbone. Performance
on CIRR also improves consistently with model scale, with the exception of a slight decrease in
Recall@1 and Recall@10 for ViT-g/14. A similar performance drop with ViT-g/14 is observed on
the CIRCO dataset. Furthermore, this trend of scaling benefits extends beyond text-to-image re-
trieval; larger models consistently achieve superior performance on image-to-image, text-to-text,
and image-to-text retrieval tasks as well when using our proposed methods to reformulate CIR task.

Table 4: Scaling law when using different backbones for OpenCLIP for text-to-image retrieval on
each benchmark.

Backbone Fashion-IQ CIRR CIRCO

R@10 R@50 R@1 R@2 R@5 R@10 R@50 mAP@5 mAP@10 mAP@25 mAP@50

ViT-L/14 29.49 48.37 36.17 50.07 67.13 78.72 94.17 21.69 22.99 25.07 26.14
ViT-H/14 30.40 50.09 38.55 52.02 69.49 80.29 94.29 23.78 24.78 27.10 28.24
ViT-g/14 30.15 50.12 38.41 52.15 70.15 80.27 94.58 22.62 23.93 26.39 27.42

ViT-bigG/14 30.44 49.49 40.41 54.63 71.13 81.06 94.89 25.03 26.63 29.17 30.28

4.5 SENSITIVITY ANALYSIS

We study how the model performance can be impacted by varying values for hyperparameters of
the MLLM and the diffusion model we used. To the best of our knowledge, this is the first time that
relationship between CIR performance and these hyperparameters is studied.

4.5.1 MULTIMODAL LARGE LANGUAGE MODELS

For MLLM, temperature controls the determinism of the LLM when generating tokens, Top-P is
the probability that model selects tokens up to probability P , and Top-K sampling limits the model
to consider only the k most likely tokens at each step. For consistency with previous experiments,
we use 0.1 for temperature, 0.9 for top-P , 50 for top-K as base combination and only alter one pa-
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rameter while the other are fixed. For example, when we investigate how temperature would impact
the retrieval performance, we fix top-P to 0.9 and top-K to 50, and change values for temperature
in range (0, 1). We use the average of mAP@K for y-axis, where K ∈ {1, 5, 10, 25, 50}.

We investigate the performance of different values of hyperparameters on CIRCO validation dataset
(due to its managable size and diverse nature of images) using OpenCLIP as the retrieval model in
Figure 2. From Figure 2 we inspect that retrieval performance is much impacted by temperature
instead of top-P or top-K. For higher temperature, the model will produce more diverse tokens,
which hurts retrieval performance when matching with images, whereas the performance of top-P
and top-K are very stable overall. The figure indicates that a lower temperature and a moderate
top-P with higher top-K would result in better retrieval performance.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Temperature

80.5

81.0

81.5

82.0

82.5

83.0

83.5

m
AP

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Top-p

20 40 60 80 100 120 140
Top-k

Figure 2: CIR performance (%) for 3 different runs via the multimodal LLM under varying values
for hyperparameters on CIRCO validation split. We use OpenCLIP with ViT-B-32 backbone to
perform text-to-image task.

4.5.2 DIFFUSION MODELS

In the inference process of diffusion models, a strong correlation exists between key hyperparame-
ters and the properties of the synthesized output. Specifically, a larger number of inference steps cor-
relates strongly with the enhanced photorealism of the generated images. Furthermore, increasing
the image guidance scale elevates the fidelity of the output to a given reference image. Conversely, a
higher text guidance scale promotes stricter adherence to the input text prompt, often at the expense
of output diversity. We use 7.5 for guidance scale, 3.0 for image guidance scale, and 30 for inference
steps as base combination and only change one hyperparameter and fix the rest.

We show the retrieval performance when using different values for hyperparameters in diffusion
models on CIRCO validation dataset with and without using MLLM in Figure 3. From Figure 3 we
can see that using MLLM generated descriptions for generating images improves the retrieval perfor-
mance for all three hyperparameters, which emphasizes the importance of using MLLM-generated
descriptions as prompts instead of the original captions from datasets. We also show qualitative re-
sults of using MLLM for diffusion models in Appendix D. From the synthesized images, we observe
more distinguishable artifacts when directly using raw modification texts from CIRCO dataset.

The performance gap of using and not using MLLM is increasing for the guidance scale while the
gap is decreasing with more inference steps, and the performance gap is almost consistent with
varying values for image guidance scale. Across three hyperparameters, image guidance scale has
the most significant impact on retrieval performance, and higher values cause much worse perfor-
mance. With larger image guidance scale, the generated images would be more like original input
images instead of intended target images, thus deviating from target images and leading to worse
performance. This indicates the importance of low values for image guidance scale to achieve good
performance when reformulating CIR task to image-to-image task. We also noticed that retrieval
performance increases first and then drops for varying number of inference steps, as more infer-
ence step produces more photorealistic images but also adds more artifacts. For time efficiency,
a moderate number of inference steps should be sufficient, as indicated from the figure. Finally,
we acknowledge that carefully selecting values for hyperparamters is labor-intensive, as different
datasets and models might perform differently for the same setting of hyperparameters.

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

7.0 7.5 8.0 8.5 9.0 9.5 10.0
Guidance Scale

45

50

55

60

m
AP

W/ MLLM
W/o MLLM

20 40 60 80 100
Num Infer Steps

W/ MLLM
W/o MLLM

2 4 6 8 10
Image Guidance Scale

W/ MLLM
W/o MLLM

Figure 3: CIR performance (%) for 3 different runs via diffusion models under varying values of
hyperparamters on CIRCO validation split with and without using composed descriptions from the
MLLM as textual conditions. Raw captions from the dataset are used when not using MLLM. We
use OpenCLIP with ViT-B-32 backbone to perform image-to-image task.

5 LIMITATIONS AND FUTURE WORK

While our method demonstrates promising performance, it is subject to several challenges inherent
to its design, which at the same time present opportunities for future research. First, the integration
of diffusion models and MLLMs for the pseudo-fusion of modalities can lead to the accumulation of
biases and the propagation of errors through the pipeline. Consequently, chaining multiple models
can be error-prone and presents a significant challenge for optimizing CIR performance. Second, our
method considers non-preprocessed user-provided text modifiers as inputs to the MLLM. We posit
that performance could be enhanced through advanced text paraphrasing, structured formatting, or
prompt engineering strategies. However, such techniques must be carefully designed to mitigate the
inherent risk of LLM hallucinations. Third, diffusion models and MLLMs are highly sensitive to
their respective hyperparameters, nevertheless, tuning these parameters is a labor-intensive process
that may lack generalizability across diverse datasets.

Based on these limitations, we identify several promising directions for future work. Efforts could
focus on developing robust integration techniques to minimize error propagation in multi-model
pipelines and on leveraging more powerful yet lightweight foundation models. Furthermore, con-
sidering more complex scenarios remains a compelling long-term goal. For example, compositions
involving multiple input images, longer text narratives, or additional modalities like video, can be
investigated. Another promising avenue is to explore iterative, multi-round fusion of images and
texts to generate progressively more refined and more accurate descriptions.

6 CONCLUSION

This work represents the first systematic exploration of pseudo-fusion for both uni-directional and
bi-directional modality conversion within CIR. A key contribution is the empirical quantification
of the relationship between CIR performance and the critical hyperparameters of modern gener-
ative models. Our results demonstrate that the challenge of CIR can be effectively reframed by
converting heterogeneous modalities into a single, unified modality. This approach enables the use
of standard single-query retrieval systems, either intra-modal or cross-modal, leveraging existing
high-performance models in a plug-and-play manner without training new modules. Furthermore,
our analysis establishes that reformulating the CIR task as text-to-image retrieval is a more effective
strategy compared to other conversion modes. The strong performance of generative models in this
pseudo-fusion role underscores their potential as a powerful tool for modality unification and points
to a promising future for generative, model-based fusion methods in multimodal learning.
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A DATASETS

Table 5 shows the details of each dataset we used in our experiments. Due to broken links in the
Fashion-IQ dataset, we are missing some images comparing to the original dataset. Due to this fact,
we reproduce some results on the data we obtained. CIRR and CIRCO datasets are the same as the
original ones.
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Table 5: Public benchmarks used in our experiments. We use the validation split for FashionIQ and
test splits for both CIRCO and CIRR.

Dataset # of Queries # of Candidates

Fashion-IQ (Shirt) 1940 6181
Fashion-IQ (Dress) 1859 3648
Fashion-IQ (Toptee) 1867 5261
CIRCO 800 123403
CIRR 4148 2315

B SCALING LAW ON CATEGORIES OF FASHION-IQ AND CIRR SUBSETS

We report results of scaling law for each category of Fashion-IQ dataset and the subsets of CIRR in
Table 6.

Table 6: Scaling law on each category of Fashion-IQ and CIRR subsets using OpenCLIP for text-
to-image task.

Backbone Shirt Dress Toptee CIRR

R@10 R@50 R@10 R@50 R@10 R@50 Rsubset@1 Rsubset@2 Rsubset@3

ViT-L/14 29.54 47.01 25.23 43.73 33.69 54.37 73.49 88.82 95.08
ViT-H/14 30.41 47.22 26.90 47.71 33.90 55.33 74.41 89.23 95.33
ViT-g/14 30.52 48.87 25.12 46.05 34.82 55.44 74.15 89.57 95.45

ViT-bigG/14 31.39 47.32 25.12 45.56 34.82 55.60 75.90 89.37 95.59

C TEXT RETRIEVAL RESULTS

Formerly, we reformulated the CIR to either image-to-image retrieval via diffusion model or text-to-
image retrieval via MLLM. Now, we show the results when reformulating CIR to text retrieval tasks
with additional conversion on targeting images using MLLM. We report results in Table 7, Table 8,
and Table 9, respectively.

Table 7: Performance (%) comparison on Fashion-IQ validation split using different retrieval mod-
els when additionally converting targeting images to texts. All retrieval models use ViT-B/32 back-
bone.

Method Retrieval Model Shirt Dress Toptee Average

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

PEFUSE (T→T)
CLIP 14.33 25.57 8.82 20.55 16.01 29.57 13.06 25.23
OpenCLIP 16.39 26.96 13.23 27.92 19.39 34.33 16.34 29.74
SigLIP2 2.53 5.88 1.72 5.38 3.05 7.61 2.43 6.29

PEFUSE (I→T)
CLIP 10.67 20.93 5.16 16.41 8.94 20.03 8.26 19.12
OpenCLIP 14.28 26.55 8.18 19.96 12.32 25.44 11.59 23.98
SigLIP2 8.61 17.27 5.59 15.33 8.94 19.34 7.72 17.31

D QUALITATIVE RESULTS USING MLLM FOR DIFFUSION MODELS

We show the superiority of generated images based on MLLM over raw captions for CIRCO vali-
dation split in Figure 4. It can be observed that using raw captions to generate images incurs more
distinguishable artifacts.
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(a) With raw captions. (b) With MLLM-generated descriptions.

Figure 4: Qualitative results of generated images with MLLM-generated descriptions and with raw
captions from CIRCO validation split. We use 3.0 for image guidance scale, 7.5 for guidance scale,
and 30 denoising steps.
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Table 8: Performance (%) comparison on CIRR test split using different retrieval models when
additionally converting targeting images to texts. All retrieval models use ViT-B/32 backbone.

Method Retrieval Model Recall Recallsubset

@1 @2 @5 @10 @50 @1 @2 @3

PEFUSE (T→T)
CLIP 21.81 31.13 45.06 56.72 78.51 59.47 79.66 90.48
OpenCLIP 30.65 42.96 58.99 70.68 89.25 69.45 86.00 93.81
SigLIP2 16.07 24.19 37.40 47.81 68.82 52.77 72.39 84.65

PEFUSE (I→T)
CLIP 6.80 13.76 28.27 42.12 72.27 36.12 57.83 74.80
OpenCLIP 7.40 15.86 31.71 45.16 74.29 36.10 58.72 75.47
SigLIP2 7.52 14.12 26.82 39.13 67.49 34.41 56.63 74.41

Table 9: Performance (%) comparison on CIRCO test split using different retrieval models when
additionally converting targeting images to texts. All retrieval models use ViT-B/32 backbone.

Method Retrieval Model mAP@5 mAP@10 mAP@25 mAP@50

PEFUSE (T→T)
CLIP 7.71 7.97 8.76 9.26
OpenCLIP 11.52 11.86 13.07 13.71
SigLIP2 6.68 6.56 7.14 7.48

PEFUSE (I→T)
CLIP 3.89 4.35 4.88 5.29
OpenCLIP 4.10 4.62 5.26 5.74
SigLIP2 3.65 3.84 4.40 4.78
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