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Abstract

Composed Image Retrieval (CIR) is a challenging image re-
trieval paradigm that enables to retrieve target images based
on multimodal queries consisting of reference images and
modification texts. Although substantial progress has been
made in recent years, existing methods assume that all sam-
ples are correctly matched. However, in real-world scenarios,
due to high triplet annotation costs, CIR datasets inevitably
contain annotation errors, resulting in incorrectly matched
triplets. To address this issue, the problem of Noisy Triplet
Correspondence (NTC) has attracted growing attention. We
argue that noise in CIR can be categorized into two types:
cross-modal correspondence noise and modality-inherent
noise. The former arises from mismatches across modalities,
whereas the latter originates from intra-modal background in-
terference or visual factors irrelevant to the coarse-grained
modification annotations. However, modality-inherent noise
is often overlooked, and research on cross-modal correspon-
dence noise remains nascent. To tackle above issues, we
propose the Invariance and discrimiNaTion-awarE Noise
neTwork (INTENT), comprising two components: Visual In-
variant Composition and Bi-Objective Discriminative Learn-
ing, specifically designed to handle the two-aspect noise. The
former applies causal intervention on the visual side via Fast
Fourier Transform (FFT) to generate intervened composed
features, enforcing visual invariance and enabling the model
to ignore modality-inherent noise during composition. The
latter adopts collaborative optimization with both positive and
negative samples, and constructs a scalable decision bound-
ary that dynamically adjusts decisions based on the loyalty
degree, enabling robust correspondence discrimination. Ex-
tensive experiments on two widely used benchmark datasets
demonstrate the superiority and robustness of INTENT.

1 Introduction

In recent years, the rapid growth of multimedia data (Huang
et al. 2025a; Liu et al. 2018b; Tian et al. 2025a; Liu et al.
2025a; Zhang et al. 2025; Liu et al. 2025¢) has brought in-
creasing attention to Composed Image Retrieval (CIR) (Xu
et al. 2024; Wen et al. 2023a; Yang et al. 2024; Li et al.
2025c; Chen et al. 2025b,a). Unlike traditional single-modal
image retrieval, CIR enables more flexible retrieval through
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Figure 1: (a) shows typical Modality-inherent Noise in CIR.
(b) reveals Cross-modal Correspondence Noise. (c) presents
two cases: left successfully retrieves target with low confi-
dence (50%), while right fails with high confidence (70%),
illustrating varying decision boundaries in retrievals.

multimodal queries, specifically by combining a reference
image and a modification text, to accurately retrieve a target
image that satisfies specific requirements. This paradigm has
shown significant value in various domains, such as informa-
tion processing (Xu et al. 2025; Tian et al. 2025b; Liu et al.
2021a; Wang, Zhang, and Dodgson 2024; Zhao and Chen
2023; Zhao 2024; Huang et al. 2024c; Ma et al. 2025; Liu
et al. 2025b; Wang, Zhang, and Dodgson 2025; Yi-fan 2016;
Yifan 2018; Wu et al. 2025) and intelligent systems (Li et al.
2025b, 2023c; Liu et al. 2025d; Huang et al. 2025b; Liu et al.
2025c; Cao et al. 2025; Jiang et al. 2025; Ou, de Bruijn, and
Schulz 2025), effectively addressing users’ diverse retrieval
needs (Liu et al. 2018a; Ting and Listening 2024; He et al.
2025; He, Wang, and Shi 2024).

Although existing CIR methods have made significant
progress, most of them tend to overlook the issue of Noisy
Triplet Correspondence (NTC) in query data, i.e., possi-
ble incorrectly matched triplets. Specifically, as illustrated
in Figure 1(a) and (b), NTC in CIR is primarily caused
by the following two factors: modality-inherent noise and
cross-modal correspondence noise. The former is intro-
duced by intra-modal interference factors, such as complex
backgrounds in the image or visual elements irrelevant to



the modification requirements, while the latter arises from
incorrect semantic alignment across modalities. As research
on NTC in CIR remains at an early stage, achieving robust
CIR learning presents two major challenges.

C1: Neglected inherent noise. Existing studies on noise
in CIR primarily focus on addressing cross-modal corre-
spondence noise (Li et al. 2025a), with limited analysis or
solutions for modality-inherent noise. Such methods typi-
cally perform direct fusion of multimodal query features and
determine noisy correspondences based on the similarity be-
tween composed and the target features. However, they of-
ten overlook the fact that modality-inherent noise, such as
interference from irrelevant content in the reference image,
may distort the composition process and lead to inaccurate
feature fusion, thereby introducing uncertainty in noisy cor-
respondence identification. While several recent CIR mod-
els attempt to handle modality-inherent noise (Huang et al.
2024a; Li et al. 2025c¢), they generally assume that cross-
modal correspondence is correct and rely on cross-modal
interaction to suppress the intra-modal noisy signals. In the
context of NTC, where incorrect cross-modal matching may
occur, these methods are difficult to apply directly. There-
fore, achieving effective noise mitigation under uncertain
matching conditions poses the first major challenge in ro-
bust CIR learning.

C2: Hard decision boundary. Recent work have focused
on noisy dual correspondence (NDC) problem and proposed
various strategies such as adversarial training (Dang et al.
2025; Han et al. 2023), sample reweighting (Huang et al.
2021), and self-supervised learning (Tan et al. 2021; Bat-
son and Royer 2019). However, these methods are mainly
designed for noise discrimination in paired data and are
not readily applicable to the Noisy Triplet Correspondence
(NTC) problem. Moreover, current NTC approaches (Li
et al. 2025a) typically employ a hard decision boundary. Due
to the brevity of modification text in CIR, capturing the se-
mantic gap between reference and target images is challeng-
ing. Consequently, similarity scores don’t absolutely corre-
spond to noise presence, especially with varying visual com-
plexity across samples. As shown in Figure 1(c), a 50% sim-
ilarity may suffice for positive labels in some cases (i.e.,
the left one), while even a 70% score may be negative if
the content is simple or there are better-matching candidates
in the dataset (i.e., the right one). Thus, accurate noise dis-
crimination in CIR requires contrastive comparison between
positive and negative samples, and the design of a scalable
decision boundary for robust composed feature alignment,
constitutes the second major challenge.

To address these challenges, we propose the Invariance
and discrimiNaTion-awarE Noise mitigation neTwork (IN-
TENT), for handling both modality-inherent noise and am-
biguous decision boundaries in Composed Image Retrieval
(CIR). INTENT comprises two main modules: (1) The Vi-
sual Invariant Composition (VIC) module applies causal in-
tervention on reference image via Fast Fourier Transform
(FFT) to generate counterfactual sample, utilizing it to fur-
ther enforce visual invariance and enabling the model to ig-
nore modality-inherent noise during composition. (2) The
Bi-Objective Discriminative Learning (BiODL) module per-
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forms collaborative optimization using positive and negative
samples, constructing a scalable decision boundary that dy-
namically adjusts decisions based on the loyalty degree of
sample matching, enabling more robust composed feature
alignment and improving model’s discrimination.

The main contributions of this paper are as follows:

* We are the first to clearly distinguish and investigate two-
aspect noise which may lead to Noisy Triplet Correspon-
dence (NTC), focusing on the challenges of neglected in-
herent noise and hard decision boundaries, and revealing
their critical impact on model accuracy and robustness.

We propose INTENT, a novel robust CIR framework.
The VIC module mitigates modality-inherent noise via
causal intervention, while the BiODL module performs
collaborative optimization over positive and negative
samples and constructs a scalable decision boundary for
more robust composed feature alignment.

Extensive experiments on multiple benchmarks show
that INTENT significantly outperforms most methods in
both accuracy and robustness, confirming the effective-
ness of our approach.

2 Related Work

Our work is closely related to Composed Image Retrieval
(CIR) with Noisy Correspondence and Causal Intervention.
Composed Image Retrieval with Noisy Correspondence.
Composed Image Retrieval (CIR) retrieve target images us-
ing reference images combined with modification texts. Cur-
rent approaches follow two paradigms. Early works (Vo
et al. 2019; Wen et al. 2021) used conventional architec-
tures like ResNet and LSTM for separate feature extraction
before fusion. Recent advances leverage pre-trained vision-
language models such as CLIP (Radford et al. 2021) for
joint learning, achieving superior results through stream-
lined alignment and composition (Jiang et al. 2024; Wen
et al. 2023b; Li et al. 2025d; Fu et al. 2025; Huang et al.
2025c). While most CIR research assumes well-aligned
triplet annotations, large-scale datasets often contain noisy
triplet correspondence (NTC) due to annotation errors or se-
mantic ambiguity. Addressing such robust learning (Lu, Liu,
and Kong 2023; Wei et al. 2019; Zhang et al. 2023; Huang
et al. 2023; Pu et al. 2025b; Huang et al. 2024b) of noisy
correspondences is challenging, as it requires distinguish-
ing reliable supervision from unreliable ones during train-
ing. Recent work has begun to tackle this problem through
sample selection and realignment strategies, making CIR
models more robust to annotation noise (Li et al. 2025a).
While some methods (Chen et al. 2024) address false pos-
itives, they mainly aim to improve CIR performance rather
than addressing robustness under NTC, thus not suited for
tackling challenges posed by noisy triplet correspondence.

Causal Intervention in Multimodal Learning. Causal in-
tervention techniques have attracted increasing attention in
multimodal learning (Hu et al. 2021b; Kong et al. 2025; Pu
et al. 2025a; Sun et al. 2024; Liu et al. 2024a; Wei et al.
2020), especially for information retrieval (Hu et al. 2023b;
Liu et al. 2024b; Sun et al. 2023; Hu et al. 2021a; Tang
et al. 2024; Lu et al. 2024), visual question answering (Niu



et al. 2021; Wang et al. 2025), and so on. Typical approaches
include backdoor adjustment and counterfactual data aug-
mentation, all aimed at mitigating spurious correlations by
simulating interventions on input variables. These meth-
ods help models focus on causality and improve robustness
against confounders or irrelevant variations. Intervention-
based methods have been used in image-text scenarios (Li
et al. 2023b), perform feature-level interventions, thereby
learning representations that are more aligned with true se-
mantic relationships. Despite these advances, the application
of causal intervention in complex scenarios (e.g., composed
image retrieval) remains underexplored. In this work, we in-
troduce intervention-inspired strategies to CIR, encouraging
robust and causally meaningful feature composition.

3 The Proposed INTENT

In this section, we introduce INTENT, as Figure 2 shows.

3.1 CIR from a Causal Perspective

Task definition. Given a set of N multimodal queries Q =

{(z, ym)n}f:[:l, where x,., y,, refer to the reference image
and modification text, respectively. CIR aims to retrieve the
most relevant target image ¢ for each query Q.
Causal analysis. In CIR tasks, since modification texts typ-
ically specify changes to partial content in reference im-
ages, they naturally share semantic correlations. Therefore,
to eliminate modality-inherent noise, we consider leveraging
these semantic correlations during multimodal composition
to identify noise content. As shown in Figure 3(a), the CIR
composition process can be modeled as I — F «— T.
Additionally, the specific content of reference image I influ-
ences the interpretation of modification instructions in text
T, creating I --» T'. So if we could model the correlation
between I and 7', we could explicitly guide the composi-
tion. However, this correlation is unobservable due to lack
of supervision signals. Thus we explore causal relations dur-
ing composition to achieve indirect understanding of these
correlations. As Figure 3(b) shows, reference image I com-
prises causal factors C' and spurious factors S. Causal fac-
tors C' represent true semantic attributes the text intends to
modify, reflecting genuine causal relations. Spurious factors
S represent irrelevant, non-causal visual information (e.g.,
unmodified objects) that corrupts the composition process,
i.e., modality-inherent noise. To eliminate modality-inherent
noise, we suppress spurious factors. Since modification texts
are user-written and concise, we consider modality-inherent
noise primarily exists in reference images.

Two potential paths exist for suppressing spurious factors:
1) precisely decouple image features and remove spurious
factors, 2) ignore possible spurious factors during compo-
sition. While the first approach is more direct, it’s difficult
to implement. Existing works in this direction focus on im-
plicit operations (Fu et al. 2025), but uncontrollable implicit
processes may cause inaccurate decoupling, harming train-
ing. Therefore, we choose the second path, ensuring the fi-
nal composed features are less affected by modality-inherent
noise, implemented by Visual Invariant Composition (VIC).
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3.2 Visual Invariant Composition

As shown in Figure 2(a), the Visual Invariant Composition
(VIC) performs an intervention described in Section 3.1,
forcing the model to focus only on semantics invariant to
spurious factors, thus ignoring modality-inherent noise in
reference images. This is achieved by enforcing consistency
between two composed features derived from the reference
image and its counterfactual, intervened version.
Counterfactual Image Generation. To achieve this, we
first perform a frequency-domain intervention on the refer-
ence image x,, perturbing its original frequency components
while preserving semantic structures. This process yields a
counterfactual image z,. in which modality-inherent noise is
altered, but the core semantic content remains unchanged.

Specifically, as shown in the right part of Figure 2, for
each reference image, we randomly sample an irrelevant
image x4, and apply Fast Fourier Transform (FFT), which
which has been widely used in the vision domain for ma-
nipulating image signals, to both z,. and x4, obtaining their
spectra F,, = F(z,),Fq = F(x4), where F(-) denotes the
FFT function. The spectrum combines an amplitude and a
phase spectrum, where amplitude captures low-level statis-
tics (style, texture) while phase contains high-level semantic
structures. We intervene solely on amplitude spectra by ran-
domly mixing the cropped central regions with random ratio
A, represented as follows,

Ay = MATP 4 (1 VAT, 1)

where A,., A, are amplitude spectra of F.., Fy, AP denotes
the amplitude spectra of cropped central region. Finally, we
reconstruct the counterfactual image via inverse FFT: &,
F (Ar, 6,.), where 0,. is the phase spectrum of F,.

In this way, Z, preserves key semantics of the original x,.

while exhibiting altered noise patterns, providing ideal data
pairs for subsequent consistency learning.
Causality-free Composition. After obtaining the factual-
counterfactual image pairs, we leverage BLIP-2’s Q-Former
architecture for multimodal feature composition, combining
the reference image x, and counterfactual image ,, with
the modification text respectively, formulated as,

{

where F,,F, € R2xP represent the composed feature and
intervened composed feature. () is number of Q-former’s
learnable queries, and D is the feature dimension. @x and
&y denote BLIP-2’s frozen visual encoder and tokenizer re-
spectively. Similarly, for target image ¢, we obtain its fea-
ture F; = Q-Former(®x (t)) € R¥* P, Notably, since the in-
tervened composed feature have not been used for training,
the model remains causality-free, unable to identify correct
causal relations and still affected by spurious factors.

Visual Invariance Learning. In the previous stage, we uti-
lized reference and counterfactual images for composition
respectively, obtaining composed features F. and intervened
composed feature F, that inherit different modality-inherent
noise. Building upon this, we only need to train the model

F. = Q-Former(®x(xr), Py (ym)),

R k ()
F. = Q-Former(®x (&), Py (ym)),
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Figure 2: The framework of our proposed INTENT. We designed (a) Visual Invariant Composition and (b) Bi-Objective Dis-
criminative Learning, to mitigate modality-inherent noise and cross-modal correspondence noise, respectively.
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Figure 3: The causal graph of CIR. Solid arrows present the
cause effect. Dash arrows mean there exist correlations.

to identify visual invariants at the feature level, thereby ho-
mogenizing noise across different reference images, reduc-
ing the model’s sensitivity to noise, and indirectly achieving
modality-inherent noise mitigation.

To this end, we design visual invariance learning, which
forces the model to maintain understanding of key visual
information under different modality-inherent noise, obtain-
ing unbiased composed features. Specifically, we define a
Causal Consistency Loss based on Centered Kernel Align-
ment (CKA) (Kornblith et al. 2019), to measure the semantic
consistency between F. and F .. We first compute the Gram
matrices K, =F.F] € R9*? and L,=F.F] € R*Q,
Then we perform centering to eliminate mean shift:

K.=HK.H, L.=HLH, 3)
where K.,L, € RO*Q H =1 — éeeT, I is the iden-
tity matrix, e is the unit vector, and () is the number of Q-

former’s learnable queries. Finally, we compute the CKA
similarity as a causal consistency constraint:

1 B
»Ccaco = E Z(l

i=1

<I_<ci ) f‘ci)F

- el Py )
[Keill 7 | Leillp
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where B represents the batch size, (-, -) 7 denotes Frobenius
inner product,|| - || 7 is the Frobenius norm. K; and L,; rep-
resent the ¢-th Gram matrix of composed features in a batch.
By this, the model becomes causality-aware, capable of min-
ing visual invariants while ignoring modality-inherent noise,
providing a causal correction for composed features.

3.3 Bi-Objective Discriminative Learning

While mitigating modality-inherent noise, to enhance the
model’s generalization capability in NTC problem, we pro-
pose Bi-Objective Discriminative Learning (BiODL), which
jointly optimizes decision boundaries from both negative-
dominated and correspondence-dominated perspectives.
Negative-dominated Discriminative Learning. Tradi-
tional CIR methods often use InfoNCE (Vo et al. 2019)
to pull positive samples closer and push negative samples
apart. However, in NTC scenarios, positive sample pairs
may contain noisy matches, leading to unreliability. There-
fore, inspired by RCL (Hu et al. 2023a), we design a Robust
Contrastive Loss that focuses on reducing the negative im-
pact of negative samples, formulated as:

5 exp {FuF} /T
Liobust = *% Z log(1 — B p{ - /T}

Qg D j—1€XP {FCith/T}

where B is batch size, 7 is the temperature factor. F'.; and

F; are i-th query feature and j-th target feature respectively.

The process actively pushes away negative samples,

achieving spatial dispersion between positive and negative

samples. Notably, although there may be correct correspon-

dences among negative samples, the harm of treating them

as negatives for learning is far less than treating noisy corre-
spondences as positives, thus being more robust.

&)

)7



. R@K Ry @K

Noise | Methods =T K=5 K=10 =50 k=T K=2 K=3 Avg(R@5,R;,,, @1)

SSN (Yang et al. 2024) (AAAI'24) 4391 77.25 8648 9745|7176 88.63 95.54 74.51

CALA (Jiang et al. 2024) (SIGIR’24) | 49.11 81.21 89.59 98.00 | 76.27 91.04 96.46 78.74

SPRC (Xu et al. 2024) (ICLR’24) 51.96 82.12 89.74 97.69 | 80.65 92.31 96.60 81.39

0% | RCL (Hu et al. 2023a) (TPAMI’23) 53.16 8241 90.12 98.34 | 79.57 92.02 96.87 80.99

RDE (Qin et al. 2024) (CVPR’24) 51.81 82.02 90.60 97.93 | 78.17 91.90 96.70 80.10

TME (Li et al. 2025a) (CVPR’25) 53.42 82.99 90.24 98.15 | 81.04 92.58 96.94 82.01

INTENT (Ours) 53.37 83.16 90.73 98.22 | 80.24 92.37 96.89 81.70

SSN (Yang et al. 2024) (AAAI'24) 34.02 6590 75778 91.33 |66.92 8590 93.45 66.41

CALA (Jiang et al. 2024) (SIGIR’24) | 41.33 7270 82.84 94.34 | 71.66 88.15 94.94 72.18

SPRC (Xu et al. 2024) (ICLR’24) 4590 75.86 83.52 93.37 | 78.10 91.40 96.05 76.98

20% | RCL (Hu et al. 2023a) (TPAMI’23) 50.43 81.11 88.82 96.68 | 77.52 90.80 95.71 79.31

RDE (Qin et al. 2024) (CVPR’24) 49.23 78.63 86.80 95.78 | 76.58 90.31 96.07 77.60

TME (Li et al. 2025a) (CVPR’25) 51.35 81.01 88.53 97.81 | 78.46 91.25 96.39 79.74

INTENT (Ours) 51.25 81.36 90.02 98.05 | 77.95 91.40 96.46 79.66

SSN (Yang et al. 2024) (AAAI'24) 2593 5371 63.40 82.10 | 62.10 82.27 91.57 57.90

CALA (Jiang et al. 2024) (SIGIR’24) | 36.10 66.12 77.76 92.10 | 68.12 85.66 93.59 67.12

SPRC (Xu et al. 2024) (ICLR’24) 3993 66.00 73.59 86.48 | 75.81 89.21 95.37 70.90

50% | RCL (Hu et al. 2023a) (TPAMI’23) 48.58 77.45 8593 94.70 | 75.60 89.28 94.80 76.52

RDE (Qin et al. 2024) (CVPR’24) 4598 7530 83.73 94.48 | 73.98 88.99 95.13 74.64

TME (Li et al. 2025a) (CVPR’25) 48.48 78.94 87.28 96.99 | 76.48 90.07 95.83 77.71

INTENT (Ours) 49.78 79.64 88.99 97.37 | 77.18 90.41 96.00 78.41

SSN (Yang et al. 2024) (AAAI’24) 20.48 4398 5427 74.80 | 56.48 77.20 89.54 50.23

CALA (Jiang et al. 2024) (SIGIR’24) | 31.52 61.49 72.60 89.86 | 64.34 83.52 92.60 62.92

SPRC (Xu et al. 2024) (ICLR’24) 29.95 51.25 58.51 73.86 | 70.22 86.05 93.21 60.74

80% | RCL (Hu et al. 2023a) (TPAMI’23) 4494 7443 8299 9231|7193 86.84 92.96 73.18

RDE (Qin et al. 2024) (CVPR’24) 4292 71.30 80.51 92.96 | 69.64 85.86 93.54 70.47

TME (Li et al. 2025a) (CVPR’25) 46.31 75.78 84.89 95.83 | 73.37 88.02 94.89 74.58

INTENT (Ours) 47.90 78.13 87.04 96.47 | 73.81 89.18 95.54 75.97

Table 1: Performance comparison on the CIRR test set in terms of R@K(%) and Rg,;, @K(%). The best and second-best results

are highlighted in bold and underline, respectively.

Correspondence-dominated Discriminative Learning.
While noisy correspondence interference can be reduced
at negative-dominated level, the model requires active en-
hancement of discrimination among reliable correspon-
dence. Thus we propose a scalable decision bound-
ary based on loyalty degree. First, we define the
similarity matrix between queries and targets S
{sij|sij = softmax(s (F;F¢;))}, where s(-,-) denotes
similarity computation, F;, Fy; € R1xDP represent the i-th
composed feature and the j-th target feature in a mini-batch.

Based on the similarity matrix, we define the maximum
positive matching likelihood p*, and maximum negative
matching likelihood p~ for each query to subsequently esti-
mate matching loyalty degree:

pi = max(sij - yij), p; =max(sij - (1-yis)), (6)
where y;; denotes the pseudo-label matrix (diagonal ele-
ments are 1, others are 0), s;; denotes the similarity between
i-th query and j-th target.

We then perform dynamic decisions based on p™ and p~.
Negative Weight Reward. When all queries show low sim-
ilarity to their positives within a batch, correct correspon-
dences are more likely to exist among negatives. We thus
apply Negative Weight Reward to negatives, as follows:

N = {ny[n;; = (1 —p;") - (1 —yij)}, @)
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where n;; is the reward from ¢-th positive to j-th negative.
Positive Weight Reward. Complementarily, when all
queries show low similarity to other negatives, positives are
more likely to be cleanly labeled. We apply Positive Weight
Reward to the positive group as follows:

R = {rylri; = (1 —p;) - yij }» ®)

where r;; is the reward from i-th negative to j-th positive.
Finally, we construct a scalable decision boundary via
both rewards, obtaining loyalty degree estimation matrix L:

C)]

Based on L, we further propose the Soft Discriminative
Loss, formulated as follows:

1 B B
Lsod = — B ; ; yij log(liz),

where B is the batch size, 1;; is the loyalty degree of the i-th
query regarding the j-th candidate.
Finally, we obtain the final loss function of INTENT as,

(11)

L=(S+N+R)/2={l;|lij = (sij +ny; +1i5)/2}.

(10)

O = argmin (Lrobust + Lsod + @Lecaco)
®

where ©®* is the to-be-optimized parameter for INTENT and
W, a are trade-off hyper-parameters.



Noise | Methods Dress Shirt Toptee Average
R@I0 R@50 | R@I0 R@50 [ R@I0 R@50 [ R@I0 R@50 | AVG.
SSN (Yang et al. 2024) (AAAT’24) 3436 60.78 | 38.13  61.83 | 4426 69.05 | 3892 63.89 | 51.40
CALA (Jiang et al. 2024) (SIGIR’24) | 42.38  66.08 | 46.76  68.16 | 5093  73.42 | 46.69 69.22 | 57.96
SPRC (Xu et al. 2024) (ICLR’24) 49.18 7243 | 55.64 7389 | 59.35 78.58 | 54.72 7497 | 64.85
0% RCL (Hu et al. 2023a) (TPAMI'23) 48.79  72.68 | 5589 7390 | 5691 77.41 | 53.86 74.66 | 64.26
RDE (Qin et al. 2024) (CVPR’24) 47.84 71.89 | 5437 7355 | 5691  77.21 53.04 7422 | 63.63
TME (Li et al. 2025a) (CVPR’25) 49.73  71.69 | 5643 74.44 | 5931 7894 | 55.16 75.02 | 65.09
INTENT (Ours) 50.32 72.10 | 56.32 7493 | 59.28 7845 | 5531 75.16 | 65.24
SSN (Yang et al. 2024) (AAAT'24) 22.61 4556 | 27.87 48,58 | 31.82 5528 | 2743 49.81 | 38.62
CALA (Jiang et al. 2024) (SIGIR’24) | 29.05 51.36 | 35.28 56.23 | 36.05 5824 | 3346 5528 | 44.37
SPRC (Xu et al. 2024) (ICLR’24) 39.81 6222 | 4858 6629 | 50.48  70.58 | 4629  66.36 | 56.33
20% RCL (Hu et al. 2023a) (TPAMI’23) 47.05 70.65 | 53.14 71.74 | 5528  75.62 | 51.82  72.67 | 62.25
RDE (Qin et al. 2024) (CVPR’24) 4462 6891 | 50.74 69.09 | 52.12 7338 | 49.16 70.64 | 59.81
TME (Li et al. 2025a) (CVPR’25) 49.03 7035 | 55.84 73.16 | 57.22 7823 | 54.03 7391 | 63.97
INTENT (Ours) 49.32 7143 | 5532 73.57 | 58.01 78.46 | 5422 7449 | 64.36
SSN (Yang et al. 2024) (AAAI’24) 1527 3371 | 2336  41.61 | 22.79 4294 | 2047 39.42 | 29.95
CALA (Jiang et al. 2024) (SIGIR’24) | 20.77 4095 | 29.69  46.57 | 27.03 46.81 | 24.83 4478 | 34.80
SPRC (Xu et al. 2024) (ICLR’24) 3594  57.16 | 4225 61.63 | 4498 6476 | 41.06 61.19 | 51.12
50% RCL (Hu et al. 2023a) (TPAMI'23) 43.68 6644 | 50.74 69.19 | 5263 7384 | 49.01 69.82 | 59.42
RDE (Qin et al. 2024) (CVPR’24) 4130 6475 | 47.06 6634 | 50.13  70.63 | 46.16 67.24 | 56.70
TME (Li et al. 2025a) (CVPR’25) 46.26  68.27 | 53.09 71.88 | 55.07 76.59 | 5147 72.25 | 61.86
INTENT (Ours) 4799 7124 | 52.78 7248 | 56.79  76.23 | 52.52  73.32 | 62.92
SSN (Yang et al. 2024) (AAAI’24) 11.16  25.24 1698  30.72 | 17.03  32.64 | 15.05 29.53 | 22.29
CALA (Jiang et al. 2024) (SIGIR’24) | 1428  30.59 | 19.73 3582 | 1948 36.10 | 17.83  34.41 | 26.00
SPRC (Xu et al. 2024) (ICLR’24) 2841  50.77 | 36.21 5437 | 3590 59.06 | 3351 54.03 | 43.77
0% RCL (Hu et al. 2023a) (TPAMI’'23) 38.82 6054 | 4544 6438 | 4742 68.38 | 43.89 6443 | 54.16
RDE (Qin et al. 2024) (CVPR’24) 37.63  59.64 | 4362 62.12 | 46.10 66.50 | 4245 6275 | 52.60
TME (Li et al. 2025a) (CVPR’25) 4145 6435 | 4730 6820 | 51.25 7323 | 46.67 68.60 | 57.63
INTENT (Ours) 42.07 65.58 | 50.38 6941 | 53.09 7391 | 4851 69.63 | 59.07

Table 2: Performance comparison on the FashionlQ validation set in terms of R@K(%). The best and second-best results are

highlighted in bold and underline, respectively.

4 Experiments

This section delves into our comprehensive experiments of
INTENT and the corresponding analyses. Following the
SOTA method TME (Li et al. 2025a), the noise ratio is set to
20% for all ablation and parameter sensitivity experiments.

4.1 Experimental Settings

Datasets. Following previous works, we apply two stan-
dard datasets widely used in CIR for evaluation, including
a fashion-domain dataset FashionIQ (Wu et al. 2021), and
an open-domain dataset CIRR (Liu et al. 2021b).
Implementation Details. We adopt the BLIP-2 (Li et al.
2023a) backbone for INTENT. We set the number ) of
learned queries for the Q-former to 32. And the embedding
dimension D is set to 256. Through a comprehensive grid
search, we set © = 0.2, = 0.6 for both datasets. We
also adopt the temperature factor 7 to 0.07 for Eqn (5). We
trained INTENT for 10 epochs using the AdamW optimizer
with the initial learning rate of 4e-5, while the batch size is
set to 128 and the learning rate for CLIP is 1e-6. All experi-
ments were conducted on a single NVIDIA A40 GPU.
Evaluation. We adopt the widely accepted metric Re-
call@K (short for R@K) to measure whether the target im-
age is retrieved within top-K candidates. Following existing
settings, for CIRR, we report overall recall at K=1, 5, 10, 50,

and subset performance at K=1, 2, 3; for FashionlQ, we re-
port for each of three categories at K=10, 50.

4.2 Performance Comparison

To assess the robustness of INTENT under NTC, we con-
duct experiments on CIRR and FashionlQ, comparing IN-
TENT to both standard CIR models, and robust baselines.
As shown in Table 1 and 2, we further observe that: 1) Ro-
bust methods outperform ordinary approaches. Accord-
ing to Table 1 and 2, across all noise ratios, robust methods
such as RCL and TME consistently outperform conventional
models like CALA and SPRC with this gap growing as noise
increases. For example, on CIRR with a noise ratio of 20%,
SPRC is only 2.76% behind TME in Avg metric, and even
outperforms some robust models on certain metrics. How-
ever, at 80% noise, SPRC lags behind TME by 13.84% in
Avg. Similar results are observed on FashionlQ. These re-
sults highlight the high sensitivity of conventional methods,
while robust approaches maintain strong performance un-
der severe noise. 2) INTENT demonstrates superior ro-
bustness compared to other robust methods. As Table 2
shows, on FashionIQ dataset, when noise ratio o = 20%,
INTENT surpasses TME by 0.39% on Avg; as ¢ increases
to 50% and 80%, this margin further widens to 1.06% and
1.44%, respectively. Similar trends appear on CIRR. These
results highlight INTENT’s robustness in NTC scenarios.
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. FashionlQ-Av CIRR-Av
A#|  Dervative  IpETr RGeS0 TREK oy @K
Visual Invariant Composition (VIC)

1 | w/o VIC 53.05 7298 | 79.36  86.12
2 | w/o Intervention | 54.01 73.67 | 80.07 87.52
Bi-Objective Discriminative Learning (BiODL)

3 | w/o PWR 53.37 73.97 | 79.80  87.28
4 | w/o NWR 53.89 74.07 | 80.03  87.33
5 | w/o Both_ Raward | 52.48 73.20 | 77.93  85.86

INTENT(Ours) 54.22 7449 | 80.17  88.60

Table 3: The ablation study for modules of INTENT.

4.3 Ablation Study

To assess the contribution of each component in INTENT,
we conduct comprehensive ablation studies on both datasets.
Ablation on modules and their components. As shown in
Table 3, A#1 and A#2 denote variants where the VIC module
is removed and where counterfactual images are replaced by
grayscale images, respectively. A#3 - #5 correspond to re-
moving R, N, or both from the loyalty degree matrix L in
Eqn (9). Several key observations emerge from the results. 1)
Both w/o VIC and w/o Intervention exhibit noticeable per-
formance drops, demonstrating VIC’s effectiveness in pro-
moting visual invariance learning and reducing modality-
inherent noise impact. The w/o Intervention still retains high
performance, indicating the intervention process itself is ro-
bust and helps stabilize model training. 2) A#3-#5, all re-
lated to scalable decision boundaries, result in varying per-
formance degradation. Notably, removing both rewards (w/o
Both_Reward) leads to the largest drop, highlighting scal-
able decision boundary’s advantage over relying solely on
raw similarity scores. Moreover, w/o NWR slightly outper-
forms w/o PWR, which is expected since with 20% noise,
most positives are real matches and thus benefit more from
enhanced confidence in positive samples. These results vali-
date the contribution of BiODL in improving discrimination
and robustness to correspondence noise.

Ablation on loss functions. As shown in Table 4, B#1 and
B#3 ablate the Robust Contrastive Loss and Soft Discrim-
inative Loss in BiODL, while B#2 applies Lopus; Without
masking positives. B#4 — B#6 replace the CKA metric in
VIC’s Causal Consistency Loss with MSE, L1, or L2, re-
spectively. We have the following observations. 1) Both w/o
robust and w/o sod cause notable performance drops, con-
firming their complementary roles in discriminating noisy
and real correspondence. 2) The largest decline occurs with
w/o mask. This is expected since removing the mask causes
the model to push positive samples apart, severely degrad-
ing performance. 3) L.,co W/ MSE, L1, L2 all lead to a
performance decline compared to CKA. This may be due
to CKA specifically measures similarities between the rela-
tional structures of two features (i.e., centered Gram matri-
ces), rather than merely minimizing point-wise differences.

4.4 Case Study

To intuitively demonstrate the accuracy and robustness of
INTENT, we compare its top-5 retrieval results with those
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. FashionlQ-Av CIRR-Av
B# | Derivative | pent R @30 TR@K Kooy @K
Loss Functions

1 | w/o robust 51.14  72.25 | 78.33  86.06
2 | w/o mask 50.46 70.87 | 74.26  82.88

3 | w/osod 51.06 72.07 | 77.67 84.65
4 | Leaco W MSE | 53.88  73.77 | 79.69  87.71
5 | Leaco W/ L1 53.99 74.15 | 79.92  87.88
6 | Leaco W/ L2 53.79 73.90 | 79.79  88.01
INTENT(Ours) | 54.22 7449 | 80.17 88.60

Table 4: The ablation study for loss functions of INTENT.

"Show a different
breed facing left with
grass background”

i

“has longer sleeves Q
and a different color
and is more casual”

TRl
rih

Figure 4: Case Study on (a) CIRR and (b) FashionlQ.

of the sub-optimal robust method TME on FashionlQ and
CIRR, as shown in Figure 4, where images in colored boxes
are target images. INTENT successfully retrieves the tar-
get images at top-1 by capturing causal relationships during
multimodal query composition and effectively ignoring po-
tential modality-inherent noise. However, TME fails in these
cases and does not retrieve the target even within the top-5
results. We attribute this to TME’s lack of addressing noise
prior to composition, and utlizing hard decision boundary to
discriminate correspondences, without addressing modality-
inherent noise or employing decision optimization.

5 Conclusion

In this work, we investigate neglected inherent noise and
hard decision boundaries in NTC. To address these is-
sues, we propose INTENT, comprising two components: Vi-
sual Invariant Composition and Bi-Objective Discriminative
Learning. The former uses causal intervention via FFT to
generate intervened composed features, promoting visual in-
variance and allowing the model to ignore modality-inherent
noise during composition. The latter employs collaborative
optimization with positive/ negative samples, establishing a
scalable decision boundary that dynamically adjusts deci-
sions according to the loyalty degree, enabling robust cor-
respondence discrimination. Extensive experiments on two
benchmarks reveal superiority and robustness of INTENT.
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