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Abstract

Zero-shot Composed Image Retrieval (ZS-CIR) involves di-
verse tasks with varied visual manipulation intents across do-
mains, scenes, objects, and attributes. A key challenge is that
existing datasets contain limited intent-relevant annotations,
making it hard for models to infer human intent from tex-
tual modifications. We introduce an intent-centric image—text
dataset generated via reasoning by a Multimodal Large Lan-
guage Model (MLLM) to better train ZS-CIR models for
human manipulation intent understanding. Building on this
dataset, we propose De-MINDS, a framework that distills the
MLLM’s reasoning ability to capture manipulation intent and
enhance models’ comprehension of modified text. A simple
mapping network translates image information into language
space and combines it with the manipulation text to form a
query. De-MINDS then extracts intention-relevant informa-
tion from this query and encodes it as pseudo-word tokens
for accurate ZS-CIR. Across four ZS-CIR tasks, De-MINDS
shows strong generalization and improves over existing meth-
ods by 2.15% to 4.05%, establishing new state-of-the-art re-

sults with comparable inference time.

Dataset — https://github.com/Pter61/De-MINDS

Introduction

Composed Image Retrieval (CIR) (Vo et al. 2019) aims to
retrieve a target image that is visually similar to a refer-
ence image while incorporating modifications specified by
user-provided manipulation text. Unlike traditional image
retrieval (Datta et al. 2008), which relies on single-modality
features, CIR leverages both visual and textual data to cap-
ture user intent more accurately, as shown in Figure 1(c).
This dual-modality approach allows users to specify desired
changes to reference images, improving search precision
and enabling a clearer articulation of user intent.

CIR faces two primary challenges: (1) user intent spans
both visual and textual modalities, necessitating a shared
semantic space for cross-modal reasoning; (2) interpreting
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Figure 1: Illustration of our motivation. (a) Intention-free vi-
sual mapping. (b) Our intention-understanding visual map-
ping. (c) ZS-CIR process results from different strategies.
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user intent requires deep reasoning since intent is frequently
conveyed implicitly, especially through reference images.
Various supervised methods address these challenges (Liu
et al. 2021; Baldrati et al. 2022) by leveraging extensively
annotated triplets to train specialized retrieval models. How-
ever, these supervised approaches are labor-intensive and ex-
hibit limited generalizability.

To mitigate these issues, recent advancements introduce
Zero-Shot Composed Image Retrieval (ZS-CIR), utilizing
pre-trained CLIP models to convert ZS-CIR into traditional
text-based retrieval tasks. As depicted in Figure 1(c), these
methods map reference images into CLIP’s language space
as pseudo-tokens, combining them with manipulation text
queries to perform zero-shot retrieval via semantic simi-
larity. Despite progress, existing CLIP-based mapping net-



works struggle to interpret implicit user intentions embed-
ded in manipulation texts accurately. For instance, in Fig-
ure 1(c), intents like “make a dog sitting with extended
legs” or “fill brown and clear bottles with beer” are im-
plicit and challenging for frozen CLIP models (Tang et al.
2023). Consequently, these models often fail to effectively
filter manipulation-relevant information, resulting in inaccu-
rate retrieval outcomes.

In this work, to address this critical gap, we propose
intent-CC3M, an intention-based dataset designed for train-
ing mapping networks to align intention-relevant visual
information within the language space. As illustrated in
Figure 1, intent-CC3M enhances the widely-used CC3M
dataset (Sharma et al. 2018; Saito et al. 2023) with rewrit-
ten, redundancy-reduced captions and condensed pseudo-
manipulation texts. These refined descriptions, indicative of
potential manipulation intents, are generated through chain-
of-thought prompting using a Multimodal Large Language
Model (MLLM), enabling intent-specific mapping.

Furthermore, we introduce De-MINDS, a novel, effi-
cient approach for unDErstanding Manipulation INtention
from target Description before Searching for accurate ZS-
CIR. De-MINDS leverages rewritten captions and pseudo-
manipulation texts to distill MLLM reasoning, interpreting
implicit intents guided by reference images. By converting
intentions embedded in redundant (e.g., “players in simi-
lar orange jersey” for “teammates’) or abstract texts (e.g.,
“green field” for “grassy rugby pitch”) into multiple learn-
able embeddings, De-MINDS effectively enhances CLIP’s
comprehension of user-specified modifications, significantly
improving retrieval accuracy.

Our main contributions are summarized as follows: (1)
We introduce intent-CC3M, a novel dataset containing
pseudo-manipulation texts generated by MLLM reasoning,
bridging the gap between pre-training and retrieval in ZS-
CIR models. Experiments confirm significant performance
gains when baseline models are trained using intent-CC3M.
(2) We propose De-MINDS, which explicitly extracts ma-
nipulation intents under reference image context and rep-
resents them as learnable embeddings for improved com-
posed retrieval, offering an intent-aware perspective on im-
age retrieval. (3) Extensive experiments across four ZS-CIR
tasks demonstrate that De-MINDS consistently improves
CIR performance by 2.15% to 4.05%, achieving new state-
of-the-art results with comparable inference efficiency and
strong potential for vision-and-language applications.

Related Works

Composed Image Retrieval. Composed Image Retrieval
(CIR) combines image and text features for retrieval (Vo
etal. 2019), typically using late fusion to integrate visual and
language features separately while requiring extensively an-
notated triplets CIR datasets. (Baldrati et al. 2022; Liu et al.
2021; Zhang et al. 2024). Zero-shot CIR models (Saito et al.
2023; Baldrati et al. 2023; Tang et al. 2024b; Gu et al. 2024;
Suo et al. 2024; Li, Ma, and Yang 2025; Yang et al. 2024; Shi
et al. 2025; Tang et al. 2024a, 2025b,c,a), mitigate the need
for large CIR datasets. The projection-based ZS-CIR meth-
ods map reference images into the text space for query con-
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struction. However, these methods rely on the pre-trained
CLIP, which struggles to understand intentions within ma-
nipulation text. To tackle this issue, we propose a novel
model that effectively understands these intentions, thereby
improving the ZS-CIR model’s ability to retrieve images
based on manipulation intents accurately. Unlike training-
free CIR methods like CIReVL (Karthik et al. 2024) that
apply LLMs during inference, introducing non-negligible
computational overhead, our model leverages a specific de-
sign based on the reasoning capabilities of MLLMs. This de-
sign improves accuracy and efficiency without using LLMs
during inference, maintaining comparable inference times.
Vision and Language Pre-training Models. Vision and
Language Pre-training (VLP) models, like CLIP (Radford
et al. 2021), leverage extensive image-text pair training
to achieve implicit alignment. Recent VLP advancements
(Zhou et al. 2022; Song et al. 2022) utilize static models
to integrate encoded image and text features, enabling var-
ious zero-shot tasks (Li et al. 2022; Song et al. 2022; Shi
et al. 2023). However, current CLIP-based zero-shot learn-
ing struggles with manipulation description in CIR tasks,
motivating our approach, which enhances CLIP’s capabili-
ties of understanding user intentions to modify from fine-
grained/long descriptions. Inspired by these, In our work,
we utilize multiple learnable queries to guide the extraction
of intentions from manipulation text, providing explanatory
cues for more accurate ZS-CIR.

Image-text Dataset Enhancement. In the field of vision-
language learning, various endeavors (Fan et al. 2024; Lai
et al. 2023; Gadre et al. 2024; Nguyen et al. 2024; Chen
et al. 2023) aim to enhance caption quality within existing
image-text datasets. LaCLIP (Fan et al. 2024) utilizes LLMs
to refine raw captions. VeCLIP (Lai et al. 2023) integrates
from raw and synthetic sources using LLMs. The latest ap-
proach, ShareGPT4V (Chen et al. 2023), leverages MLLMs
to generate descriptive captions from deliberate prompts and
corresponding image inputs. However, these methods ig-
nore user intentions, which are crucial for CIR tasks. To
bridge this gap, we introduce a novel dataset with pseudo-
manipulation intentions reasoned by MLLM:s.

Methodology

Given a reference image space Z, and a text description
space T, Zero-Shot Composed Image Retrieval (ZS-CIR)
(Saito et al. 2023; Baldrati et al. 2023; Tang et al. 2024b)
involves user-provided manipulation text 7' € 7 that de-
scribes hypothetical semantic modifications to a reference
image I, € Z,.. The goal is to retrieve a target image from an
image database D = {I4,..., I,} that reflects the intended
context. ZS-CIR methods typically learn a mapping function
fo : T — Z, where Z is a predefined text-token embedding
space. This function uses intermediate image features from
a pre-trained image encoder ¥;. The pseudo token embed-
ding S, = fo(¥(I,)) is composed with the manipulation
text into a natural language prompt P, such as “a photo
of S, {T}”. This query is encoded using a pre-trained
text encoder ¥, and retrieval is cos(¥(1,.), Ur(P)) con-
ducted by computing the cosine similarity.
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Figure 2: An overview of our De-MINDS. Pre-training (left): Map the image to a pseudo token S, then understand the
intention. Inference (right): Map the inference image to S, to construct the target description and understand user intention.

Creating Intention-based Image-text Dataset

To interpret implicit user intentions in manipulation text,
we construct an intention-based image-text dataset. To min-
imize annotation bias and ensure a fair comparison, we aug-
ment the popular CC3M dataset using LLaVA (Liu et al.
2024), an open-source Multi-modal Large Language Model
(MLLM) with strong vision-language reasoning capabili-
ties. However, accurately inferring manipulation intent from
image-text pairs remains challenging due to the limited rea-
soning capability and hallucinations introduced by LLaVA-
generated captions. Specifically, we divide the reasoning
process of pseudo-manipulation texts into three stages:

(1) Caption Rewriting. We first leverage MLLMs to cap-
ture hidden intentions by rewriting original captions into
multi-view visual descriptions suitable for CIR tasks. Given
the i-th image I? and its original caption 77, from CC3M:
D= {(I,,T:.),...,(I*,T",)}, we prompt LLaVA with a
rewriting prompt py.,, to generate rewritten captions as:

T} e = MLLM(I}, T3, Prew): ey
averaging 65 tokens covering various visual aspects such as
objects, scenes, attributes, and domains.

(2) Intention Reasoning. The rewritten captions often con-
tain redundant details irrelevant to manipulation intent (il-
lustrated in Figure 5). To effectively filter these irrelevant
details, we again prompt LLaVA with an intention reasoning
prompt p;,,¢ to explicitly infer potential human manipulation

intentions from each rewritten caption, formally denoted as:
Tiznt = MLLM(I}"’ T’r%ew7pint); (2)
This operation resulting in our pseudo-manipulation texts
T} .., averaging 27 tokens.

(3) Similarity-guided Filtering. However, given the lim-
ited reasoning ability of LLaVA, some generated pseudo-
manipulation texts contain inaccuracies or hallucinations.
Thus, we adopt a quality control step, incorporating a
similarity-based filtering mechanism. Specifically, we mea-
sure the semantic similarity sim(I¢, T}, ,) between each ref-
erence image I? and the pseudo-manipulation text T} , using
CLIP embeddings as follow:

T},) = cos (¥ (I}), Uy (T},,)). 3)

sim(I7,
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Image and pseudo-manipulation text pairs with similar-
ity scores below 0.7 undergo up to three regeneration at-
tempts (ablation in supplementary). If similarity remains
low, pairs are forwarded to GPT-40 (OpenAl 2022) for
higher-quality text generation (manual evaluation in supple-
mentary). Although GPT-40 consistently produces superior
texts, applying it directly to all 3M pairs is economically im-
practical. Therefore, we strategically integrate open-source
LLaVA with GPT-4o, leveraging CLIP’s semantic knowl-
edge and GPT-40’s robust reasoning capabilities. The re-
sulting datasetis: D = {(I%, T ., Tt T¢.) }7 ;. Detailed
prompt templates (i.e., Prew and p;p:) are provided in the
supplementary materials due to space constraints.

Intention-based Image-to-Text Mapping

Since ZS-CIR methods rely on CLIP’s text encoder, implicit
manipulation intentions in user-provided text pose signifi-
cant challenges. To effectively interpret these intentions, we
propose two complementary modules: the Manipulation In-
tention Understanding module, capturing manipulation in-
tents into pseudo tokens, and the Reasoning Distillation
module, which distills MLLM-level reasoning capabilities.

Image and Text Encoding. Given a sample
(Iry Toris Trew, Tine)  from intent-CC3M, we encode
image features with CLIP’s frozen image encoder Uy,
obtaining v = VU;(I,) € R? A three-layer fully con-
nected network fy maps v to a pseudo-token embedding
Sy = fo(v). We construct a query description P as “a
photo of S,, {T}". As illustrated in Figure 1(b), we
consider two intent-understanding scenarios: (1) explicit
intention from rewritten captions and (2) implicit intention
from original captions. Accordingly, in each training batch,
the text 7" is sampled as 50% original captions T,;, 30%
rewritten captions 7je., and 20% pseudo-manipulation
texts 7;,¢, balancing intent modeling and stabilizing train-
ing. The query P is then encoded by the CLIP text encoder
Ur, producing token features T = {t;}m, C Rx™,
The first token ¢; is the [CLS] embedding summarizing
global image—caption context, and the remaining tokens

T = {t;}, represent individual word embeddings.



Manipulation Intentions Understanding. Given the word
embeddings of the query descriptions, this module aims
to capture different intentions from the manipulation text,
thereby enhancing the CLIP text encoder’s capability. To
capture different intentions, we introduce a set of learn-
able query embeddings for guidance, denoted as X =
{xp}n_, € R™, where d is the embedding dimension
and n is the number of queries. Each query xj represents
a manipulation intention. As depicted in Figure 2(left), we
implement cross-attention mechanisms to extract intention-
relevant contextual information from the word embeddings
T = {t;}7*, using the learnable queries X. The cross-
attention operation involves three primary steps. First, we
compute the query, key and value through linear projections,
ie, Q = XW9 K = [ X, TIWK, v = [ X, T|]W".
[X, T denotes concatenating the two matrices, which en-
hances the interaction between learnable queries and word
embeddings with better performance. Then, the learnable
queries from the current cross-attention block X* is:

> v, &4

&)

where X “~! are learnable queries from the previous block
and FFW(+) denotes 2-layer feed-forward networks. the re-
fined query embeddings X are then fed into the frozen text
encoder W7 of CLIP to extract the intention embedding as
t, = Up(X") = {ti}, € R¥*! (d = 768).

Reasoning Dlstlllatlon Given the intention embedding %,
the Al agent needs to further align with human manip-
ulation intention for distilling the reasoning capability of
MLLM. Specifically, we aim to reduce the distance between
the intention embedding and the corresponding pseudo-
manipulation text’s [CLS] embedding, representing the
MLLM’s intention embedding while ensuring each embed-
ding remains distinct and discriminative. Given the inten-
tion embeddings T;,,; = {t'}}Y,, where N is the number
of images in D, and the corresponding MLLM’s intention
embeddings £, = U7 (Tin¢) € Tine We employ a symmet-
ric contrastive loss inspired by SimCLR (Chen et al. 2020;
Saito et al. 2023) as follows:

T

Vd
=FFW(X(, + X1 + X0y

i K
X = Att(Q, K, V) = softmax (Q

X'

‘Cdistil = £s2t (t*7 i*) + £t25 (i*, t*) (6)
The two contrastive loss terms are defined as:
eT(t)TEL
Lot ) = —1g ;1 ST
(t )Ttl
Lias(ts, t.) BE] leZBl gw (8)

where B is the number of images in a batch and 7 is a tem-
perature hyper-parameter that controls the strength of penal-
ties on hard negative samples.

Cross-Modal Alignment. Given the embedding of user in-
tention, this module aims to form a query embedding opti-
mized for retrieval. Since the nature of CIR, both the ref-
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erence image and the manipulation intention form a com-
prehensive context that defines the target image. To dynami-
cally control the influence of manipulation intentions on the
retrieval process, we introduce a learnable scalar gate that
decides the contribution of the manipulation intention infor-
mation ¢, and integrates the global information %, to form
the final query embedding # as follows:

t= tos + gate - L,

Then, we aim to match a target image to its paired query em-
bedding while separating unpaired ones. We minimize the
symmetric contrastive loss between the image embedding v
and the target embedding & as follows:

ACalign = £52t (i7 U) + £t25 (’U, i) (9)

where Lgo; and L4 are two contrastive loss terms as Eq.8.
The final loss used to optimize is:

L= Edistill + Lalign (10)

Inference with De-MINDS. In the inference stage, we com-
pose the reference image with the paired manipulation text
and compare the composed query with candidate images
for retrieval. As shown in Figure 2 (right), we compose the
pseudo token embedding S of the image from the mapping
network with the manipulation text and feed it to the pre-
trained text encoder of CLIP. The result is embedded by the
tex encoder and compared to the visual features of candidate
images.

Since we focus on studying the manipulation intention
understanding searching for ZS-CIR, we utilize the same
prompt in the most recent works (Saito et al. 2023; Tang
et al. 2024b) for a fair comparison. Since we focus on study-
ing the manipulation intention understanding searching for
ZS-CIR, we utilize the same prompt in the most recent
works (Saito et al. 2023; Tang et al. 2024b) for a fair compar-
ison. We show prompt examples for different ZS-CIR tasks.
In all examples, [«] indicates the pseudo token from the
mapping network: (a) Domain conversion aims to modify
the domain of the reference image. The prompt is defined
as a [domain tag] of [*]; (b) Sentence manipu-
lation modifies the reference image based on a sentence.
We simply append the sentence with the special token as
a photo of [*], [sentence].

Experiments

Datasets. We evaluate our model on four ZS-CIR datasets,
i.e., ImageNet (Deng et al. 2009; Hendrycks et al. 2021)
for domain conversion, CIRR (Liu et al. 2021) and CIRCO
(Baldrati et al. 2023) for object/scene manipulation, and
Fashion-IQ (Wu et al. 2021) for attribute manipulation. All
the dataset settings and evaluation metrics (Recall@K and
mAP@K)) follow the recent works (Saito et al. 2023; Tang
et al. 2024b; Gu et al. 2024) for a fair comparison.

(1) Domain conversion. This dataset contains 16,983
images from 200 classes across four domains (cartoon,
origami, toy, sculpture). We adopt prompt (a) at inference.
(2) Object/scene manipulation. Each reference image speci-
fies how to modify the object or background. We use prompt



Dress Shrit TopTee Average

Backbones Methods Conferences R10 R50 R10 R50 R10 R50 R10 R50

Pic2Word " CVPR 2023 20.0 40.2 26.2 43.6 279 47.4 24.7 43.7

CIReVLf ICLR 2024 24.6 44.8 29.5 47.4 314 53.7 28.6 48.6

LinCIR ' CVPR 2024 20.9 42.4 29.1 46.8 28.8 50.2 26.3 46.5

PrediCIR CVPR 2025 254 49.5 31.8 52.0 33.1 554 30.1 523

VIT-L/14 SEARLE-XL' ICCV 2023 20.3 432 274 45.7 29.3 50.2 25.7 46.3

1 SEARLE-XL* - 243 46.4 30.9 49.5 31.5 53.1 28.9 49.7

Context-2W' AAAI 2024 23.1 453 29.7 48.6 30.6 529 27.8 48.9

Context-I2W* - 253 48.5 31.7 51.4 32.6 55.3 29.9 51.7

De-MINDS - 277 5.1 | 336 539 | 353 585 | 322 545

CIReVL' ICLR 2024 27.1 49.5 26.9 45.6 29.3 50.0 25.6 46.2

LinCIR' CVPR 2024 38.1 60.9 46.8 65.1 50.5 71.1 45.1 65.7

ViT-G/14 PrediCIR CVPR 2025 39.7 62.4 48.2 67.4 53.7 73.6 47.2 67.8

De-MINDS - 41.5 64.8 50.5 70.3 55.8 76.3 49.5 70.5

Table 1: Results on Fashion-IQ for attribute manipulation. findicates results from the original paper.

Query Ours Context-12W

is a shorter, sexier,
tighter fit and a lighter
color with a waistband

{

A

T
L

Figure 3: Results of attribute manipulation on FashionlQ.

is black and have a
long sleeves with red
and white designs at

the center

has longer sleeves
and color is blue with

buttoned front and

has double pockets

(b) at inference. (3) Attribute manipulation. This dataset pro-
vides diverse descriptions for attribute editing. We also use
prompt (b) at inference.

Implementation Details. Generating pseudo-manipulation
texts with LLaVA-1.6-13B (Liu et al. 2024) and GPT-
40 (OpenAl 2022) on CC3M (Sharma et al. 2018) costs
about 649 GPU-hours on five A100 (80G) GPUs and $1,227.
For De-MINDS, we use ViT-L/14 CLIP (Radford et al.
2021) and ViT-G/14 from OpenCLIP (Ilharco et al. 2021),
trained with AdamW (Loshchilov and Hutter 2018) (learn-
ing rate 1 x 10~°, weight decay 0.1). We set 4 learnable
queries and a contrastive batch size of 1024, and initialize
the tanh-gating scalar to O for stability (Bachlechner et al.
2021). Context-I2ZW and SEARLE are trained with their
original settings, replacing only captions with our pseudo-
manipulation texts. All models are trained on four NVIDIA
A100 (80G) GPUs, and we report averages over three runs.

Quantitative and Qualitative Results

We compare De-MINDS with several commonly bench-
marked ZS-CIR methods, including: 1) Pic2Word (Saito
et al. 2023): Maps the visual features of a reference image
into a pseudo-word token; 2) SEARLE-XL (Baldrati et al.
2023): Integrating the pseudo-word token with the caption
generated by GPT (Brown et al. 2020); 3) Context-I2W
(Tang et al. 2024b): Selectively extracts text-relevant visual
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information from the reference image before mapping; 4)
CIReVL (Karthik et al. 2024): leverage LLM that infers a
target image caption; and 5) LinCIR (Gu et al. 2024): Masks
subjects in captions for training. 6) PrediCIR (Tang et al.
2025b): Predict the target image feature during inference.
Since most baselines reported their results on ViT-L/14, we
mainly compare results on this backbone and explore the
generalization ability of De-MINDS on ViT-G/14.

Overall, baseline models trained with intent-CC3M show
consistent performance improvements, and De-MINDS sur-
passes current ZS-CIR models on both ViT-L/14 and ViT-
G/14 backbones. Tables 1 to 4 present the quantitative re-
sults, while Figures 3 to 4 display the qualitative results of
our model and the most relevant work, Context-I2W. The at-
tribute manipulation task requires accurately localizing spe-
cific attributes within the entire image. As demonstrated in
Table 1, De-MINDS outperforms existing ZS-CIR models
significantly, achieving an average improvement of 2.15%
over the State-of-the-Art (S0TA) model, PrediCIR. This im-
provement can be attributed to De-MINDS’ one-stage in-
tention reasoning process, which captures complete refer-
ence image content to extract fashion-relevant intentions
from manipulation text in CIR. This approach enables more
efficient fine-grained intention understanding compared to
LLM-based CIR methods (i.e., CIReVL) that rely on cap-
tions generated by image captioners, which often lose crit-
ical fine-grained visual details. Figure 3 further illustrates
how De-MINDS effectively understand complex fashion-
relevant attributes in manipulation descriptions, such as a
sexier style with a waistband (row 1), black color with a spe-
cial design in the center (row 2), and longer sleeves with two
pockets in blue (row 3), facilitating more accurate searching.

We further assess De-MINDS’ capability in fore-
ground/background differentiation and fine-grained image
editing through the object/scene manipulation task (Table
3). De-MINDS achieves an average performance improve-
ment of 3.17% on CIRR and 2.43% on CIRCO over each
best methods on ViT-L/14. This enhancement is due to De-
MINDS’ use of the MLLM’s distilled reasoning capabilities
to extract intention from manipulation text before retrieval,



Cartoon Origami Toy Sculpture Average
Backbones Methods Conferences R10 R50 R10 R50 R10 R50 R10 R50 R10 R50
Pic2Word' CVPR 2023 8.0 21.9 13.5 25.6 8.7 21.6 10.0 23.8 10.1 232
LinCIR CVPR 2024 9.4 242 15.7 26.9 10.8 27.0 11.7 27.9 11.9 26.5
PrediCIRT CVPR 2025 14.2 31.9 20.4 343 14.7 30.8 16.3 349 16.4 33.1
VIT-L/14 SEARLE-XL ICCV 2023 9.6 24.9 16.1 27.3 7.6 25.4 11.3 26.4 11.2 26.0
SEARLE-XL* - 11.4 26.9 17.1 29.3 10.0 28.0 13.1 28.9 12.9 28.3
Context-I2WT AAAI 2024 10.2 26.1 17.5 28.7 11.6 27.4 12.1 28.2 12.9 27.6
Context-12W* - 12.3 28.4 19.8 314 13.6 30.8 14.8 32.5 15.1 30.8
De-MINDS - 17.4 353 | 244 388 | 188 359 | 207 390 | 203 37.3
LinCIR CVPR 2024 13.7 30.2 19.5 329 13.8 30.2 15.2 34.0 15.5 31.8
ViT-G/14 PrediCIRT CVPR 2025 15.6 34.6 23.7 37.2 17.2 37.5 19.3 37.8 19.0 36.8
De-MINDS - 19.6 38.3 274 41.0 20.8 40.9 22.8 41.2 22.7 40.4

Table 2: Results on ImageNet for domain conversion. findicates results from the original paper.

Backbones Methods R1 R5 R10
Pic2Word® 23.9 51.7 65.3

CIReVL' 24.6 52.3 64.9

LinCIRF 25.0 533 66.7

PrediCIR' 27.2 57.0 70.2

SEARLE-XL' 242 52.4 66.3

ViT-L/14 SEARLE-XL* 25.8 53.9 68.1
Context-2W' 25.6 55.1 68.5

Context-I2W* 26.5 56.2 69.3

| De-MINDS | 30.0 59.7 74.5

CIReVL' 34.7 64.3 75.1

) LinCIR" 35.3 64.7 76.1
VIT-G/14 PrediCIR 370 661 779
De-MINDS 40.3 69.6 79.8

Table 3: Results on CIRR for object manipulation.

Context-12W

Make dog sleep and
remove some object
from its mouth

Query
Take the picture
closer, make the

! |
dog younger, and

2. remove the person

4 Make it a poster of

= the dog, and have
text above and

"% below the animal

Figure 4: Results of the object manipulation on CIRR

strengthening CLIP’s ability to interpret modification inten-
tions accurately. In Figure 4, De-MINDS accurately under-
stands manipulation intentions to remove an overlapping ob-
ject (row 1), adjust the camera focus (row 2), and modify the
style of an image (row 3).

Moreover, in the domain conversion results (Table 2),
De-MINDS consistently outperforms existing approaches
and notably surpasses the SoTA PrediCIR by an average of
4.05%. It contributes to De-MINDS accurately understand-
ing the intention embedded in abstract texts and maps ob-
jects. In contrast, PrediCIR struggles to predict the target
features due to its challenge in understanding abstract inten-
tion from the user query.
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Backbones Methods mAP@5 mAP@10 mAP@25 mAP@50
Pic2Word 8.7 95 10.6 11.3
LinCIR' 12.6 13.6 15.0 15.9
CIReVLf 18.6 19.0 20.9 21.8
PrediCIR" 15.7 17.1 18.6 19.3
SEARLE-XL'| 11.7 12.7 14.3 15.1
ViT-L/14 |SEARLE-XL*| 13.8 15.4 16.2 174
Context-I2ZW | 13.0 14.6 16.1 17.2
Context-2W* | 15.5 17.7 18.8 19.9
| De-MINDS | 21.0 22.4 22.7 23.9
LinCIR ' 19.7 21.0 23.1 242
) CIReVLf 26.8 27.6 30.0 31.0
VITG/4 | pogiciRt | 237 246 254 26.0
De-MINDS | 30.8 32.2 339 34.3

Table 4: Results on CIRCO for object manipulation.

Ablation Study

Following (Saito et al. 2023; Baldrati et al. 2023; Tang
et al. 2024b), we evaluate De-MINDS components on
CIRR and FashionlQ using ViT-L/14 (Table 5).(1) Signif-
icance of intent-CC3M (models ‘2-4’). Removing pseudo-
manipulation texts (model 2°) causes a 4.60% average drop,
highlighting intent-CC3M'’s effectiveness in intention align-
ment. Without chain-of-thought prompting (model ‘3”) re-
duces performance by 4.14%, showing CoT’s critical role.
Without similarity-guided filtering (model ‘4’), performance
decreases by 3.64%, confirming semantic-based filtering’s
importance. (2) Key De-MINDS modules (models ‘5-7°).
Excluding De-MINDS intention embeddings (model ‘5’)
leads to a 4.80% performance drop, emphasizing their sig-
nificance. Removing global features (model ‘6’) results in a
2.72% decline, demonstrating the necessity of global con-
text. Direct summation without adaptive gating (model ‘7°)
causes a 1.94% drop, highlighting adaptive fusion’s impor-
tance. (3) Training strategies (models ‘8-10’). Using only
original captions (model ‘8’) reduces training stability, caus-
ing a 2.02% decline. Overlooking distillation loss (model
‘9’) or replacing it with cosine distillation (model ‘10°) re-
duces performance by 4.32% and 1.94%, respectively, un-
derlining symmetric contrastive loss’s efficacy. (4) Alter-
native solutions (models ‘11-14’). Employing LongCLIP



Original Image

Original Caption

Our Rewritten Caption

Pseudo-Manipulation Text  DALL-E Generated Image

A shepherd
pictured with
his flock of
sheep in north.

A man in a plaid shirt and a flat cap stands in a field with a flock of
sheep. He is smiling and looking directly at the camera. The sheep
are scattered around him, grazing on the grass. The sky is clear and
blue, suggesting a sunny day. The man's attire and the presence of
the sheep suggest a rural or pastoral setting. The image captures a
moment of peaceful coexistence between the man and his flock.

Man in plaid shirt and flat cap stands in
field with sheep, smiling, looking at
camera, on clear, blue day.

on a sunny
winter day.

A large, round, stone castle with multiple towers stands in the
middle of a lush green field. The castle is surrounded by a moat, and
the sky is clear and blue. The sun is shining brightly, casting long
shadows and highlighting the textures of the stone. The castle is the
central focus of the image, with a open field stretching out around it.

A large, round, stone castle with multiple
towers, highlighted by stands in the
middle of a lush green field, surrounded
by a moat, under a clear blue sky.

Figure 5: visualization of our intent-CC3M dataset. We leverage DALL-E to generate images for pseudo text. We highlight the
intentions embedded in captions. Our pseudo-manipulation text filters the intention-irrelevant details.

CIRR Fashion-1Q

Methods R1 RS R10 | RI0  R30
L. full model 300 597 745 | 322 545
Significance of intent-CC3M
2. w/o intent-CC3M 265 556 694 | 278 486
3. w/o CoT 267 561 70.0 | 283 49.1
4. wio filtering 273 565 705 | 28.8 49.6
Key modules of De-MINDS process
5. w/o De-MINDS 259 554 695 | 27.6 485
6. w/o global feature 277 575 707 | 295 519
7. w/o gate 282 577 723 | 302 528
Training strategies

w/o construct 7' 284 579 72.0 | 30.0 525
9. wio distil 267 559 69.6 | 282 489
10.  cos distil 284 578 724 | 30.1 52.5
Alternative solutions
11.  Long-CLIP 263 548 69.1 | 282 49.0
12.  a photo of S, 27.6 574 706 | 296 518
13.  Qwen-VL caption 28.8 581 732 | 305 533
14.  LLM caption 27.0 557 699 | 285 492

Table 5: Ablation study on CIRR and Fashion-IQ.

(model ‘11°) decreases performance by 4.70%, validating
our approach’s necessity. Missing image-to-text mapping
(model ‘12°) results in a 2.78% decline, supporting the value
of pseudo-manipulation text. Using Qwen-VL (Wang et al.
2024) generated texts (model ‘13”) decreases performance
by 1.40%, indicating superior MLLM models improve qual-
ity. Utilizing LLaMA-rewritten captions (Fan et al. 2024)
(model ‘14’) causes a 4.12% drop, highlighting our detailed
pseudo-manipulation text generation.

Analysis

In this subsection, we provide detailed analyses of De-
MINDS’s interpretability and efficiency.

Visualization of the intent-CC3M. We analyze visualiza-
tions of intentions in the intent-CC3M dataset in Figure
5. Redundant text details can obscure manipulation inten-
tions, e.g., “coexistence between the man and his flock” (line
1), making it harder for models to discern intent. We use
MLLMs to filter non-essential information, generating re-
fined descriptions that help models focus on core intent. Ab-
stract captions also contain implicit intentions, e.g., “a sunny
winter day” (line 2) implies “a bright sun” and “a clear sky.”
We use MLLMs to rewrite captions, making these intentions
explicit, improving model understanding.

Interpretability of Learnable Query. In Figure 6, we vi-
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Reference Image
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s

-
-

| W, W

| ST

Manipulation text

Image

Shows another room with a side table and chair,
except they are each in front of two windows in a
corner and the chairs have cushions.

Standing guinea pig on the background of toys
instead of a white-red puppy sleeping on a boot
on the ground.

Learnable Queries ((J 0 O O

Figure 6: Visualization of the top two attention words for
each query, different colors denoting each query result.

sualize the top two attention words of each learnable query
from the last block, demonstrating the distinct focus of the
four queries. Specifically, the first two queries mainly focus
on object and attribute information, while the last two mostly
consider scene and relation information.

Effectiveness and Efficiency Analysis. Our approach
achieves significant improvements on four widely compared
ZR-CIR tasks from 2.15% to 4.05% over the SOTA models.
Designed to understand manipulation intention, the model
size of De-MINDS(58.5M) is larger than the simple 3-layer
MLP mapping (0.9M) of Pic2Word. Consequently, our train-
ing time (20 hours) is 6 hours longer than Pic2Word under
the same settings. Notably, our inference time (0.017s) is
x 58 faster than CIReVL (~ 1s), which uses LLM for in-
ference, and only 0.005s slower than Pic2Word. It’s worth
noting that our model using just 50% of the pre-training data
achieves comparable performance to SOTA models.

Conclusion

In this paper, we introduce intent-CC3M, a dataset con-
taining pseudo-manipulation texts generated via MLLM-
based chain-of-thought prompting, specifically designed
for intention-relevant visual alignment. Leveraging intent-
CC3M, we propose De-MINDS, a manipulation intention
understanding framework that distills MLLM reasoning to
enhance CLIP’s interpretation of user intentions in CIR
tasks. De-MINDS exhibits strong generalization, substan-
tially outperforming prior methods across four diverse ZS-
CIR benchmarks with comparable inference speed. Our ap-
proach contributes significantly to intention-aware image re-
trieval and broader vision-language research.
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