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Abstract

As a challenging vision-language task, Zero-Shot Composed
Image Retrieval (ZS-CIR) is designed to retrieve target im-
ages using bi-modal (image+text) queries. Typical ZS-CIR
methods employ an inversion network to generate pseudo-
word tokens that effectively represent the input semantics.
However, the inversion-based methods suffer from two in-
herent issues: First, the task discrepancy exists because in-
version training and CIR inference involve different objec-
tives. Second, the modality discrepancy arises from the in-
put feature distribution mismatch between training and infer-
ence. To this end, we propose a lightweight post-hoc frame-
work, consisting of two components: (1) A new text-anchored
triplet construction pipeline leverages a large language model
(LLM) to transform a standard image-text dataset into a
triplet dataset, where a textual description serves as the tar-
get of each triplet. (2) The MoTa-Adapter, a novel parameter-
efficient fine-tuning method, adapts the dual encoder to the
CIR task using our constructed triplet data. Specifically, on
the text side, multiple sets of learnable task prompts are inte-
grated via a Mixture-of-Experts (MoE) layer to capture task-
specific priors and handle different types of modifications. On
the image side, MoTa-Adapter modulates the inversion net-
work’s input to better match the downstream text encoder. In
addition, an entropy-based optimization strategy is proposed
to assign greater weight to challenging samples, thus improv-
ing adaptation efficiency. Experiments show that, with the
incorporation of our proposed components, inversion-based
methods achieve significant improvements, reaching state-of-
the-art performance across four widely-used benchmarks.

Code — https://github.com/JThuge/MoTa- Adapter

1 Introduction

Composed Image Retrieval (CIR) (Vo et al. 2019) has gained
increasing attention. It retrieves target images matching a bi-
modal query (reference image + relative caption), offering
more flexible searches than traditional image retrieval (Liu
et al. 2016) by integrating visual and textual inputs. Ben-
efiting from large-scale vision-language pretraining (VLP)
models (Radford et al. 2021; Jia et al. 2021; Li et al. 2022),
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Figure 1: Motivation of our work. a) Existing inversion-
based approaches, encompassing both image-based methods
such as Pic2Word (Saito et al. 2023) and SEARLE (Baldrati
et al. 2023), and text-based methods like LinCIR (Gu et al.
2024b). b) Our proposed lightweight post-hoc framework
aims at addressing the task and modality discrepancies in-
herent in inversion-based CIR methods.

CIR has advanced significantly and found applications in e-
commerce, web search, and other real-world scenarios.

Supervised CIR approaches (Baldrati et al. 2022; Liu et al.
2024b; Xu et al. 2024) utilize labeled triplets (I, T¢, I;),
where I, represents the reference image, 7T, denotes the rel-
ative caption, and I, is the target image. However, manual
collection and annotation of such triplets are both labor-
intensive and time-consuming, leading to relatively small-
scale datasets (Liu et al. 2021; Wu et al. 2021) that limit
generalization. Zero-Shot CIR (ZS-CIR) (Saito et al. 2023;
Baldrati et al. 2023) addresses this by leveraging larger and
more diverse publicly available datasets (Sharma et al. 2018;
Schuhmann et al. 2022) covering a wide range of domains
and semantics, enabling stronger generalization without re-
liance on such annotated triplets.



Mainstream ZS-CIR approaches are primarily based on
textual inversion (Cohen et al. 2022; Gal et al. 2022), and
can be categorized into image-based (Saito et al. 2023; Bal-
drati et al. 2023) and text-based methods (Gu et al. 2024b).
These methods train an inversion network that maps the fea-
tures of an input image (or text) into a pseudo-word token,
denoted as S*. This token is subsequently incorporated into
a prompt template (e.g., a photo of S™*) to represent the input
semantics faithfully. However, as illustrated in Figure 1(a),
the inversion-based methods face two key issues between
training and inference: (1) Task discrepancy (Byun et al.
2024). The task of inversion training is to align the pseudo-
word token S* with the input image (or text), such that S*
serves as a good representation of the input. In contrast, the
task during CIR inference is to compose a query from I, and
T, to retrieve target images [y, which is not tackled during
training. (2) Modality discrepancy. This issue is particularly
prominent in text-based inversion training, where the image
modality is absent during training but required at inference.
Although LinCIR (Gu et al. 2024b) introduces random per-
turbations at the feature level to mitigate this discrepancy,
we demonstrate that this strategy is far from sufficient.

To tackle the aforementioned two discrepancies and im-
prove inversion-based approaches, we propose a lightweight
post-hoc framework, as illustrated in Figure 1(b). It intro-
duces an additional adaptation stage that adopts a parameter-
efficient tuning strategy on automatically generated text-
anchored triplets, comprising two parts: (1) MoTa-Adapter.
The task discrepancy arises on the query-side, as the inver-
sion training does not involve the integration of I, and 7.
Building on this, we perform task adaptation using the input
in the form of ([, T.) to learn the integration process on
the query side. Specifically, we insert several learnable task
prompts into the input of the text encoder and integrate them
through a Mixture-of-Experts (MoE) (Jacobs et al. 1991)
mechanism to capture CIR task priors, and meanwhile han-
dle diverse types of modifications associated with 7. In ad-
dition, since the modality discrepancy exists between the in-
version network’s inputs during inversion training and CIR
inference. To deal with it, we propose Modality Distribution
Modulation (MDM), which adaptively shifts and aligns the
feature distribution fed into the inversion network to miti-
gate the modality discrepancy and better support the down-
stream text encoder. (2) MoTa-CIR. Considering that task
and modality adaptation require triplet data involving I,. for
training, we propose a pipeline to automatically generate
text-anchored triplets in the form of (I,,T¢,T;). Specifi-
cally, given a standard image-text dataset, we guide an LLM
to expand each image-text pair (1., T}.) into a triplet by gen-
erating T, and 7; based on 7,. Compared with using I;
as the target, 7} offers lower computational cost and better
training efficiency. Moreover, since CIR resembles a fuzzy
retrieval task (Bordogna and Pasi 1993; Chen and Wang
2002) and there may be many valid target images, using a
textual target T; for training facilitates robust learning. Fi-
nally, after filtering, we obtain a high-quality text-anchored
triplet dataset, MoTa-CIR, comprising approximately 360k
samples. In summary, our contributions are fourfold:

* We propose a lightweight post-hoc framework that effec-
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tively mitigates the two inherent and interrelated task and
modality discrepancies in inversion-based methods.

* We introduce the MoTa-Adapter, a novel parameter-
efficient fine-tuning approach for CIR, which optimizes
only a small set of learnable task prompts on the text side
and a modulation layer on the image side, addressing the
two discrepancies simultaneously.

* To facilitate task and modality adaptation, we propose a
scalable pipeline for the automatic construction of text-
anchored triplets, resulting in a diverse and high-quality
dataset, MoTa-CIR. Additionally, we introduce a novel
entropy-based loss weighting strategy for efficient train-
ing on the text-anchored triplets.

* When our proposed modules are integrated into the exist-
ing inversion-based methods, the performance is signifi-
cantly enhanced across four widely-used benchmarks.

2 Related Work

Composed Image Retrieval (CIR) is primarily evaluated in
the fashion (Wu et al. 2021) and real-world (Liu et al. 2021;
Baldrati et al. 2023) domains. Mainstream supervised ap-
proaches (Baldrati et al. 2022; Liu et al. 2024b; Xu et al.
2024) leverage the cross-modal alignment capabilities of
the VLP models and adopt either early or late fusion to
integrate the two modalities in composed queries. Recent
work explores zero-shot CIR, with textual inversion (Gal
et al. 2022; Cohen et al. 2022) emerging as a key technique.
Representative methods, including image-based approaches
such as Pic2Word (Saito et al. 2023) and SEARLE (Bal-
drati et al. 2023), as well as the text-based methods like Lin-
CIR (Gu et al. 2024b), train an inversion network to gener-
ate a pseudo-word token that effectively captures and repre-
sents the input semantics. Additionally, some attempts (Tang
et al. 2024; Byun et al. 2024; Wang et al. 2025; Tang et al.
2025) have improved upon inversion training, in which most
related to ours is RTD (Byun et al. 2024). Unlike RTD,
which only fine-tunes the text encoder to reduce the task dis-
crepancy, our approach introduces a lightweight adapter that
enables multi-modal adaptation of the dual encoder, effec-
tively addressing the inherent limitations of inversion-based
methods. Other works explore automatic CIR triplet con-
struction (Ventura et al. 2024; Levy et al. 2024; Gu et al.
2024a) and training-free approaches based on LLM reason-
ing (Karthik et al. 2024; Yang et al. 2024). While both have
shown promising results, they are limited by the quality of
constructed triplets and model complexity, respectively.
Parameter-Efficient Fine-Tuning (PEFT) aims to adapt
large-scale pretrained VLP models by updating only a
small amount of task-specific parameters, reducing overhead
while preserving performance. Methods such as Adapter
Tuning (Houlsby et al. 2019), Prompt Tuning (Lester, Al-
Rfou, and Constant 2021), and LoRA (Hu et al. 2021) have
shown strong results in NLP. In the vision-language domain,
approaches like CoOp (Zhou et al. 2022b), CoCoOp (Zhou
et al. 2022a) and Maple (Khattak et al. 2023) adapt CLIP
using context prompts or prompt modules for better gen-
eralization and robustness. Our work builds on this line by
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Figure 2: Overview of our proposed framework. (i) A standard image-text dataset containing (., T;.) is first selected. An LLM
is guided to generate diverse (7., T;) based on T,.. Subsequently, the raw triplets (I, 7., T;) are scored and filtered by an
MLLM to form the MoTa-CIR dataset. (ii) Based on the text-anchored triplets constructed in (i), the lightweight MoTa-Adapter
is incorporated to explicitly reduce task and modality discrepancies. It operates on both the text and image sides, enhancing the
model’s capacity to interpret composed queries, thereby improving overall CIR performance.

introducing a PEFT-based strategy tailored for CIR, jointly
addressing both task and modality discrepancies.

3 Methodology

In this section, we introduce our proposed approach in de-
tail. 3.1 presents the pipeline for automatically constructing
text-anchored triplets, including diversified triplet expansion
and data filtering. 3.2 describes the modality and task adap-
tation, including the design of the MoTa-Adapter and its role
in model optimization and the inference workflow.

3.1 Automatic Synthesis of Text-Anchored Triplet

As supervised CIR relies on manually annotated triplets,
several studies have proposed using cheaply and automati-
cally collected triplets for training. Among these, the most
closely related to our work is RTD (Byun et al. 2024), but it
adopts text-only triplets in the form of (7)., 7., T}).

Diversified Triplet Expansion. Unlike RTD, which at-
tributes the task discrepancy only to the text encoder, we
argue that the discrepancy lies in the dual-encoder struc-
ture. In particular, the integration of the reference image I,
and the relative caption 7. on the query side is essential for
effectively bridging the task gap. To this end, one or sev-
eral publicly available image-text datasets are selected, and
their union is denoted as D = {I¢, 7'} . For each TV,
a template P(num, semantic), as illustrated below, guides
an LLM to generate a relative caption T and a target text
Ty, resulting in a triplet of the form (17,77, T}).

Given the reference caption {T.}, please generate an
editing instruction involving {rum} modifications on
the {semantic} aspect, along with a target text.
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Note that num is sampled from 1 to 3, and semantic
is drawn from a predefined set covering operations such as
attribute modification, substitution, and removal. This guar-
antees that T, includes varying types and quantities of mod-
ifications, thereby achieving satisfactory semantic diversity.

Data Filtering. To enhance the overall quality of the gen-
erated triplets, we use a multi-modal large language model
(MLLM) as a filtering module to score each triplet on two
dimensions, ranging from 1 to 10: (1) Triplet alignment: how
well the composition of [, and 7, semantically aligns with
T;, and (2) Variety: whether 7} involves meaningful and di-
verse modifications relative to 7). For each dimension, the
bottom 30% of triplets are discarded based on their scores.

Using this pipeline, we construct a diverse and high-
quality text-anchored triplet dataset, MoTa-CIR-360k. This
dataset is used to support the modality and task adaptation.

3.2 Modality and Task Adaptation

A brief introduction of CLIP and inversion-based methods
is first given, and then our proposed MoTa-Adapter and
entropy-based optimization are introduced in detail.
Preliminary. CIR models are mainly built on CLIP (Rad-
ford et al. 2021), which is trained on massive image-text
pairs and exhibits strong cross-modal alignment capabili-
ties. On the text side, CLIP employs Byte-Pair Encoding
(BPE) (Shin et al. 2020) to tokenize the input into a sequence
of tokens E = {e; € R},  which is then fed into the
text encoder 7 to obtain the text feature f; = T(E) € R
On the image side, it follows a similar process by extracting
image features f, € R? using the image encoder Z. The re-
sulting features f; and f, are aligned in a joint embedding
space via a contrastive loss (He et al. 2020).
Inversion-based approaches utilize an inversion network
¢ to project an input image (or text) feature f € R< into



the textual embedding space, producing a pseudo-word to-
ken e,- = ¢(f) € R% that is inserted into the prompt “a
photo of S*”. After tokenization, the resulting sequence is
fed into 7 to obtain the inverse feature f* € R<, which
is trained to be close to the original feature f by contrastive
learning. This allows “a photo of S*” to serve as an effective
representation of the input image (or text).

MoTa-Adapter. However, we notice that the lack of in-
tegration between I,. and 7, during inversion training is the
primary cause of the task and modality discrepancies. There-
fore, it is necessary to adapt the dual encoder.

The modality discrepancy arises because of the misalign-
ment in the feature distributions input to the ¢ network dur-
ing inversion training and CIR inference. Although VLMs
like CLIP have performed cross-modal alignment, internal
covariance and scale differences still exist within the distri-
butions of visual and textual modalities. Therefore, as shown
in Figure 2(ii), MoTa-Adapter incorporates Modality Distri-
bution Modulation (MDM) on the image side, where a mod-
ulation layer after the image encoder Z is built to adaptively
shift the distribution of f,, using a learnable scale parameter
v € R? and a learnable shift parameter 3 € R:

fo=70fo+5, ()
where © represents the inner product, and the modulated
image features are then mapped to the text side using the
inversion network, i.e., s+ = ¢(f,) € R4, in which d,
is the dimension of the textual embedding space. MDM not
only reduces the modality discrepancy but also integrates the
internal information of the image features to better resolve
task discrepancy. In other words, the two discrepancies are
interrelated and require simultaneous adaptation.
Meanwhile, the task adaptation should enable the text en-
coder T to understand “a photo of S* that T,.” rather than
just “a photo of S*”. Building on this, our MoTa-Adapter
introduces Mixture-of-Experts Task Prompt Tuning (MoE-
TPT) on the text side, which inserts K experts, each con-
taining N learnable task prompts P, = {p; € R%}N k=
1,2, ..., K, into the input token sequence of 7. The K ex-
perts are fused through a routing function R and are condi-
tioned on the pseudo-word representation ez« :

R(x)r = Softmax(Wx)y,
P =K P. -R(es)r,

where W € R% <K is a linear layer, generating the weights
of K experts based on eg«. Subsequently, P is concatenated
with other textual tokens and input into 7 to obtain the com-
posed feature f. = T ([P, E]), which is then optimized to
inject the task-specific priors into the CIR model. The MoE
structure provides two main advantages for the CIR task: (1)
Task Specialization, each expert focus on different types of
modifications in the relative captions, such as attribute ma-
nipulation, substitution, or removal. (2) Sample Customiza-
tion, the routing function R generates weights based on the
pseudo-word representation e, assigning the optimal mix-
ture of experts for each sample.

Entropy-based Optimization. Given that the inversion-
trained models already possess a certain level of CIR capa-
bilities, we propose an entropy-based optimization strategy

(@)
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that assigns greater attention to challenging samples. Specif-
ically, for each composed feature f! produced by the base
model (w/o MoTa-Adapter), the cosine similarities with all

target text features { f; } 5 in a batch are computed. Based on
the predicted probabilities, the entropy can be quantified:

estm(fi.17)
EjegesiM(fé,ff)

= > vl logps!,
J

pls)

3)

)
H(:Qt

where sim(-, ) denotes the cosine similarity. A larger en-
tropy H.,, indicates higher predictive uncertainty of the
base model for f¢, suggesting it should be assigned greater
weight during the adaptation. We normalize and apply expo-
nential smoothing to compute the sample-wise weight w’,,:

Fri Heoy i

= Wegy = €

HY, =
c2t 10g|B|

By,

4)

the division is based on Jensen’s inequality, yielding H’,, <
log |B|, where |B| denotes the batch size. S is a hyperpa-
rameter controlling the sharpness of the exponential smooth-
ing function. Similarly, the weight w,, for each target text
feature fti can be obtained. Finally, the tuned model (w/
MoTa-Adapter) generates f. and f; that are optimized us-
ing a weighted contrastive loss, i.e. £;,74, in Which 7 is a
learnable temperature parameter,

18| sim(fi,f8) /T
) e ert
E ol a B == 10 1 fi,f?
MoTa(B) ;w 2t Og[EjeBeSim(fé,fi)/T
. (5

sim(fti,fz)/r
=Y Wiy, logl ).
2 5, cpesmF DT

The lower bound occurs when all samples have identical
predicted entropy, resulting in equal weights. In this case,
the loss degenerates into the standard contrastive loss.

3.3 Inference Workflow

During inference, the image encoder is used to extract fea-
tures of an image gallery, resulting in a set S = {fZ} .
After that, given an input composed query (I,., T.), the com-
posed feature f. is obtained following the procedure de-
scribed in Section 3.2. The cosine similarity between f,. and
each target image feature in S is computed, with the top-K
most similar items returned as the retrieval results.

4 Experiments
4.1 Experimental Setup

Evaluation benchmarks. FashionIQ (Wu et al. 2021) sim-
ulates a realistic online shopping environment, featuring im-
ages in fashion domain. It comprises 30,134 triplets derived
from 77,684 images. CIRR (Liu et al. 2021) is the first
open-domain dataset in CIR, collecting 21,552 real-life im-
ages, with human-annotated relative captions. CIRCO (Bal-
drati et al. 2023) utilizes real-world images from the COCO



Zero-shot Composed Image Retrieval

Method Backbone FashionlQ CIRR CIRCO GeneCIS

| | R@10 R@50 | R@1 R@5 R@I10 | mAP@5 mAP@I0 | R@l
CoVR-BLIP (Ventura et al. 2024) BLIP 27.70  44.63 | 3848 66.70 77.25 21.43 22.33 -
CASE (Levy et al. 2024) BERT+ViT - - 3540 65.78 78.53 - - -
CIReVL' (Karthik et al. 2024) CLIP-G 3219 3465 | 6429 6795 75.06 26.77 27.59 17.4
CompoDiff' (Gu et al. 2024a) CLIP-G 39.02 5171 | 26.71 55.14 7452 15.33 17.71 15.5

Comparison with methods based on textual inversion

ContextI2W (Tang et al. 2024) 27.80 4890 | 25.60 55.10 68.50 13.00 14.60 12.7
KEDs (Suo et al. 2024) CLIP-L 26.80 4790 | 2640 54.80 67.20 - - -
PrediCIR (Tang et al. 2025) 30.10 5230 | 27.20 57.00 70.20 15.70 17.10 16.6
Image2Sentence (Du et al. 2024) BLIP 29.79  49.19 | 29.68 58.72  70.79 9.67 10.32 -
Slerp+TAT (Jang et al. 2024) BLIP 3277 5332 | 3398 61.74 7270 17.84 18.44 -
PrediCIR (Tang et al. 2025) CLIP-G 4720 67.80 | 37.00 66.10 77.90 23.70 24.60 18.7
Pic2Word (Saito et al. 2023) 24770 4370 | 2390 51.70  65.30 8.72 9.51 11.2
+ CIGT (Wang et al. 2025) 25.16  44.85 | 24.63 5275 65.28 - - -
+ RTD (Byun et al. 2024) 27.59 4890 | 2786 56.24 68.48 9.13 9.63 11.9
+ MoTa-Adapter (Ours) 27.73  48.15 | 28.06 57.22 69.37 9.79 10.18 12.1
SEARLE (Baldrati et al. 2023) 2556 4623 | 2424 5248 66.29 11.68 12.73 12.3
+ CIGT (Wang et al. 2025) CLIP-L 25.66  46.50 | 26.72 5552  68.10 12.84 13.64 -
+ RTD (Byun et al. 2024) 29.34  50.73 | 26.63 56.17 68.96 16.53 17.89 124
+ MoTa-Adapter (Ours) 27.78  48.51 | 2819 5795 69.98 16.77 17.94 14.7
LinCIR (Gu et al. 2024b) 2628 4649 | 25.04 5325 66.68 12.59 13.58 12.2
+ CIGT (Wang et al. 2025) 26.60 4722 | 26.17 5494 67.64 12.84 13.77 12.2
+ RTD (Byun et al. 2024) 30.24 51.08 | 26.63 56.17 68.96 17.11 18.11 13.2
+ MoTa-Adapter (Ours) 28.76  49.53 | 28.02 58.62 71.06 18.22 19.46 16.7
LinCIR (Gu et al. 2024b) 45.11  65.69 | 3525 64.72 76.05 19.71 21.01 13.6
+ CIGT (Wang et al. 2025) CLIP-G 45.80  66.35 | 3547 66.00 76.89 20.62 21.82 13.8
+ RTD (Byun et al. 2024) 46.21  67.26 | 3631 6747 7831 21.08 22.29 -
+ MoTa-Adapter (Ours) 47.06 67.37 | 38.39 6947 80.05 25.82 27.06 19.1

Table 1: Performance comparison with existing zero-shot CIR methods. The best results are marked in bold. { indicates the
method that, in addition to using a retrieval backbone, incorporates complex auxiliary network structures such as Diffusion
Models (DMs) or Large Language Models (LLMs), which results in lower inference efficiency.

CIRR | FashionlQ | CIRCO
Method MeanR MeanR mAP@5
LinCIR( Gu et al.) 58.67 55.40 19.71
+ Full Fine-tuning 59.76 55.97 2243
+ CoOp( Zhou et al.) 61.48 56.55 24.89
+ CoCoOp( Zhou et al.) 60.19 57.04 21.42
+ Maple( Khattak et al.) 61.50 56.87 25.21
+ MoTa-Adapter (Ours) 62.64 57.22 25.82

Table 2: Results with different tuning strategies. Experi-
ments are conducted based on the CLIP-G backbone.

dataset (Lin et al. 2014) to develop a benchmark tailored for
ZS-CIR with multiple ground truths. GeneCIS (Vaze, Car-
ion, and Misra 2023) assesses the models’ ability to adapt
to various notions of visual similarity given different text
prompts.

Evaluation metrics. Evaluation of the model perfor-
mance primarily employs the Rank-K (R@XK) metric, which
measures the probability of finding at least one target im-
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CIRR | FashionlQ
Dataset MeanR MeanR
LinCIR (Gu et al. 2024b) 58.67 55.40
+ST18M (Gu et al. 2024a) 50.18 52.76
+LaSCo (Levy et al. 2024) 53.74 55.80
+WebVid-CoVR (Ventura et al. 2024) 58.25 56.18
+MoTa-CIR (Ours) 62.64 57.22

Table 3: Results with different datasets. Experiments are
conducted based on the MoTa-Adapter, using CLIP-G.

age within the top-K candidates. Specifically for CIRCO, the
mean Average Precision (mAP) is the main criterion. Higher
values in R@K and mAP indicate better performance.

Implementation details. (1) For the triplet expansion in
Section 3.1, we select LLaMA3-8B (Dubey et al. 2024)
and convert the CC3M-595k (Liu et al. 2024a) dataset into
a text-anchored triplet dataset. We then apply Qwen2.5-
VL-32B (Bai et al. 2025) for filtering, resulting in our



. CIRR | FashionlQ
Model Filter MeanR MeanR
LLaMA3-8B( Dubey et al.) ‘)/( ggég gggé
Qwen2.5-7B( Yang et al.) ‘)/( 2%2(7) gggg
Qwen2.5-32B( Yang et al.) ')/( g%gz gg;g

Table 4: Results with different LLMs for the triplet expan-
sion. Experiments are conducted based on LinCIR+MoTa-
Adapter, using CLIP-G as the backbone.

Components CIRR CIRCO
MeanR | mAP@5
LinCIR( Gu et al.) 58.67 19.71
w/ TPT (CoOp) 61.48 24.89
w/ MoE-TPT 61.76 25.09
w/ MDM 59.80 22.16
w/ MoE-TPT+MDM 62.12 25.43
w/ MoE-TPT+MDM+EBO | 62.64 25.82

Table 5: Ablation study. Experiments are conducted based
on the CLIP-G backbone.

MoTa-CIR-360k. (2) During the adaptation stage, for the
MoTa-Adapter, we select K = 4 experts, each associated
with N = 8 task prompts. We employ the AdamW opti-
mizer (Loshchilov and Hutter 2019) with a learning rate of
2e — 3, a weight decay of 0.01, and a batch size of 256.
The model is trained for 1,000 steps including 100 warm-
up steps on a single NVIDIA A100 GPU.

4.2 Quantitative Results

Comparison with State-of-the-Art Methods. As shown in
Table 1, we conduct experiments based on three baselines:
two image-based methods, i.e., Pic2Word and SEARLE,
and a text-based method LinCIR. (1) Consistent Improve-
ments. MoTa-Adapter consistently improves model perfor-
mance across all evaluation metrics, no matter which base-
line is used. This demonstrates its effectiveness in ad-
dressing the inherent limitations of inversion-based meth-
ods. (2) Essence of Discrepancy. The task discrepancy lies
in the model’s inability to effectively integrate I, and T,
on the query side. RTD fine-tunes only the text encoder
on pure text triplets, thus failing to fully resolve this is-
sue. In contrast, our MoTa-Adapter adapts the dual en-
coder, reducing both task and modality discrepancies at a
deeper level. This is further supported by empirical results,
where MoTa-Adapter significantly outperforms both RTD
and CIG on CIRR, CIRCO, and GeneCIS. On FashionlQ,
MoTa-Adapter slightly underperforms RTD, which can be
attributed to the domain gap between the real-world text-
anchored triplets we construct and the fashion-related data
in FashionlQ. (3) Efficient Optimization. MoTa-Adapter is
more efficient and resource-friendly. For example, CIG in-
troduces T2I models (Rombach et al. 2022), which incur

6105

Relative Caption: instead of equal bottles, there are three different bottles

Relative Caption: person with red hat rides the horse drawn carriage with fence
behind them.

Relative Caption: is white and red with shorter sleeves
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Figure 3: Qualitative results on CIRR and FashionlQ. The
reference image and its corresponding target image are high-
lighted with green and red outline.
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substantial computational costs during both training and in-
ference. Training-free approaches such as CIReVL leverage
LLMs for reasoning, leading to high resource consumption
and slow inference speed. In contrast, our method introduces
minimal learnable parameters and completes training in just
2 hours, making it both efficient and convenient. (4) Infer-
ence Efficiency. We evaluate the per-query inference time
on a single A100 GPU. Built on CLIP-G, LinCIR requires
0.011s, and with the MoTa-Adapter, the time increases to
0.013s. In contrast, CIReVL takes over 1s, indicating that
MoTa-Adapter introduces minimal inference overhead.

Comparison with Different Tuning Strategies. Table 2
compares several tuning strategies on the MoTa-CIR dataset.
(1) PEFT-based methods outperform full fine-tuning while
being more lightweight. For example, MoTa-Adapter uses
fewer than 1M trainable parameters, whereas full fine-tuning
updates the entire CLIP dual encoder (441M). (2) Multi-
modal fine-tuning (Maple and MoTa-Adapter) is more effec-
tive than uni-modal approaches (CoOp and CoCoOp), and
our MoTa-Adapter, specifically designed for the CIR task,
achieves the best results.

Comparison with Different Training Datasets. Table 3
shows that only our MoTa-CIR consistently improves per-
formance, while the other three datasets lead to either degra-
dation or no clear gain. This suggests that MoTa-Adapter,
as a PEFT method, is sensitive to data quality. Our pipeline
generates high-quality, well-aligned text-anchored triplets,
whereas the others may introduce noise due to low-quality
images, repetitive relative captions, and poor alignment.

4.3 Qualitative Results

Figure 3 presents qualitative predictions from the baseline
LinCIR (Gu et al. 2024b) as well as the results after integrat-
ing the MoTa-Adapter, which further support the effective-
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Figure 4: Hyperparameter analysis. Experiments are built upon LinCIR+MoTa-Adapter, using CLIP-G as the backbone.

ness of our method. MoTa-Adapter is capable of handling
fine-grained semantic relationships across various scenarios,
such as object composition (row 2-3), attribute manipulation
(row 4) and quantity change (row 1), in which LinCIR fails.

4.4 Ablation Study

Architectural Design. Table 5 summarizes several model
variants. TPT, which only introduces a single set of learnable
task prompts (equivalent to CoOp (Zhou et al. 2022b)), im-
proves performance, indicating its role in reducing task dis-
crepancy. Adding the MoE mechanism (MoE-TPT) yields
further gains, suggesting its effectiveness in capturing dif-
ferent types of modifications. While MDM also brings per-
formance gains, its impact is smaller than that of MoE-TPT,
implying that task discrepancy is the more dominant fac-
tor. Combining MoE-TPT with MDM leads to additional
enhancements, highlighting the presence of two intertwined
discrepancies that need to be addressed simultaneously. Fi-
nally, applying entropy-based optimization (EBO) achieves
the overall best performance.

Impact of Different LLMs. We adopt different LLMs for
text-anchored triplet construction, and the results, as shown
in Table 4, are quite similar. Considering both performance
and efficiency, we finally select LLaMA3-8B (Dubey et al.
2024) as our model of choice. Additionally, applying data
filtering leads to further performance gains, demonstrating
the effectiveness of our proposed filtering strategy.

Sensitivity Analysis. Figure 4(a) illustrates the impact
of different hyperparameters, including the number of task
prompts (NTPs), the number of experts (NEs), and the ex-
ponential smoothing hyperparameter 5 in EBO. The per-
formance generally shows an initial increase followed by a
decline, with the optimal hyperparameter combination, i.e.,
NTPs=8,NEs =4, =1, identified.

Data efficiency of MoTa-Adapter. As shown in Fig-
ure 4(b), the performance reaches satisfactory levels with
tens of thousands of samples, highlighting the data effi-
ciency of our method. Further increases in data size result in
marginal improvements; therefore, the full set of 360k gen-
erated triplets is released to support future research efforts.

Visualization of Training Loss. Figure 4(c) visualizes
the normalized training loss. After applying entropy-based
optimization (EBO), the loss decreases more rapidly and sta-
bilizes, maintaining a lower value towards the end, which
contributes to improved model performance.
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5 Discussion

Although our method greatly enhances the performance
of inversion-based methods, it still has certain limitations.
(1) The first issue relates to generalization, to be specific,
in the construction of text-anchored triplets as discussed
in Section 3.1. We expand the real-world dataset CC3M-
595k (Liu et al. 2024a) into a text-anchored triplet dataset,
i.e., MoTa-CIR-360k. This enables our method to achieve
strong performance on real-domain benchmarks, including
CIRR, CIRCO, and GeneCIS. Although it also leads to a
notable improvement on FashionlQ, our approach slightly
underperforms RTD (Byun et al. 2024), which is trained ex-
clusively with textual supervision. Therefore, constructing
multi-domain triplet datasets to improve generalization is
a promising direction. (2) The generated relative captions
tend to exhibit somewhat repetitive syntactic structures. It is
worthwhile to explore whether supervised fine-tuning (SFT)
of the LLM, or alternative strategies, can enhance the diver-
sity of sentence structures and improve linguistic variation.

6 Conclusion

In this paper, we propose a lightweight post-hoc framework
to improve inversion-based zero-shot CIR methods. Our
framework includes MoTa-Adapter, a parameter-efficient
tuning strategy, and a scalable text-anchored triplet construc-
tion pipeline. MoTa-Adapter adapts the dual encoder on the
generated text-anchored triplets to reduce task and modality
discrepancies by modulating the inversion network’s input
on the image side and introducing learnable task prompts
on the text side. These prompts are integrated via an MoE
mechanism to capture task-specific priors and handle differ-
ent modifications in the relative caption. Notably, to avoid
the high computational cost of full fine-tuning, we are the
first to introduce a lightweight adapter for zero-shot CIR,
significantly enhancing performance while reducing train-
ing overhead. Experiments on four widely used benchmarks
demonstrate the effectiveness of our approach.
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