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Abstract

Composed Image Retrieval (CIR) is a flexible image retrieval
paradigm that enables users to accurately locate the target
image through a multimodal query composed of a reference
image and modification text. Although this task has demon-
strated promising applications in personalized search and rec-
ommendation systems, it encounters a severe challenge in
practical scenarios known as the Noise Triplet Correspon-
dence (NTC) problem. This issue primarily arises from the
high cost and subjectivity involved in annotating triplet data.
To address this problem, we identify two central challenges:
the precise estimation of composed semantic discrepancy
and the insufficient progressive adaptation to modifica-
tion discrepancy. To tackle these challenges, we propose a
cHrono-synergiA roBust progressIve learning framework for
composed image reTrieval (HABIT), which consists of two
core modules. First, the Mutual Knowledge Estimation Mod-
ule quantifies sample cleanliness by calculating the Transition
Rate of mutual information between the composed feature
and the target image, thereby effectively identifying clean
samples that align with the intended modification semantics.
Second, the Dual-consistency Progressive Learning Module
introduces a collaborative mechanism between the historical
and current models, simulating human habit formation to re-
tain good habits and calibrate bad habits, ultimately enabling
robust learning under the presence of NTC. Extensive exper-
iments conducted on two standard CIR datasets demonstrate
that HABIT significantly outperforms most methods under
various noise ratios, exhibiting superior robustness and re-
trieval performance.

1 Introduction
With the rapid growth of image data (Yi et al. 2025; Zhang
et al. 2025a, 2023; Lu et al. 2025; Zhou et al. 2024), Com-
posed Image Retrieval (CIR) (Li et al. 2025c; Wen et al.
2023a; Xu et al. 2024) has emerged as a key research focus
in information retrieval (Liu et al. 2021a; Yang et al. 2024;
Jiang et al. 2024; Pu et al. 2025a; Kong et al. 2025; Sun et al.
2023b; Hu et al. 2021b) and multimodal learning (Huang
et al. 2024b; Lu et al. 2024a). As shown in Figure 1(a), CIR
differs from unimodal retrieval by supporting multimodal
queries consisting of a reference image and modification
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Figure 1: (a) presents an example of the CIR paradigm. (b)
illustrates the commonly observed “unmentioned visual dis-
crepancies” in CIR task, which increase the difficulty of
identifying Noise Triplet Correspondence. (c) depicts our
proposed Chrono-Synergia Mechanism.

text, which enables the retrieval of a semantically consistent
target image. Although significant progress has been made
in the CIR task, real-world applications (Huang et al. 2025d;
Li et al. 2025b; Liu et al. 2025b,c; Cao et al. 2025; Wang,
Zhang, and Dodgson 2024, 2025; Ou, de Bruijn, and Schulz
2025; Yi-fan 2016) still face substantial challenges. Due to
the high cost and inherent subjectivity of triplets annotation,
practical datasets are often affected by annotation errors and
inaccurate semantic alignment. Moreover, this issue is fur-
ther exacerbated in large-scale datasets involving large mod-
els, owing to the hallucination problem commonly observed
in such models. To mitigate this problem, Li et al. (Li et al.
2025a) introduced the Noise Triplet Correspondence (NTC)
to enhance the robustness of CIR models.

Unlike traditional cross-modal retrieval tasks (Tian et al.
2025b,a; Wei et al. 2019, 2020) such as video-text match-
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ing (Liu et al. 2018a; Hu et al. 2021a; Liu et al. 2018b; Hu
et al. 2023b; Liu et al. 2025a), CIR (Wen et al. 2023b; Li
et al. 2025c; Chen et al. 2025b,a) is inherently a semantic
modification task where the reference image and modifica-
tion text often contain inconsistent semantics, increasing the
complexity of the NTC problem. As a result, existing robust
methods for cross-modal matching (Mu, Yang, and Deng
2025; Zha et al. 2025) fail to generalize to CIR. Moreover,
during the CIR annotation process (Wu et al. 2021; Guo et al.
2018), annotators receive a reference and target image pair
and are asked to describe their differences as modification
text. Due to annotation cost constraints, other candidate im-
ages are not shown, leading to modification texts that are
often brief and omit subtle differences. As shown in Fig-
ure 1(b), visual details such as “sky” and “mountains” in
the reference image as well as “tree” and “house” in the tar-
get image are frequently excluded, resulting in unmentioned
visual discrepancies. These discrepancies create persistent
semantic gaps between the composed feature and the target
image, which vary across samples. However, current robust
CIR methods such as TME (Li et al. 2025a) rely heavily on
feature similarity to identify noisy correspondences, which
may misclassify samples with diverse semantic gaps and ul-
timately limit model performance and generalization.

However, addressing the above limitations remains chal-
lenging due to two key factors. (1) Precise estimation
of composed semantic discrepancy. To identify unmen-
tioned visual discrepancies and circumvent the limitations
of similarity-based noise assessment methods, it is essen-
tial to develop an approach capable of accurately quantify-
ing the fine-grained semantic consistency between the com-
posed feature and the target image. Moreover, the seman-
tic fusion of the reference image and modification text in
CIR is inherently complex, making it difficult to directly
apply conventional robust learning methods. Thus, devel-
oping an effective estimation mechanism for composed se-
mantic discrepancy constitutes the first major challenge. (2)
Insufficient progressive adaptation to modification dis-
crepancy. Due to the intrinsic semantic gap between the ref-
erence image and modification text, CIR models often mis-
interpret this discrepancy during early training stages, lead-
ing to clean positive samples being wrongly treated as noisy
correspondences. Therefore, the second challenge lies in de-
signing a learning strategy that progressively enhances the
model’s ability to adapt to diverse triplet compositions and
continuously reduces the risk of misdetermination.

To address the aforementioned challenges, we propose
a cHrono-synergiA roBust progressIve learning framework
for composed image reTrieval (HABIT). HABIT tackles the
NTC problem in CIR by modeling mutual knowledge and
leveraging progressive learning via dual knowledge collabo-
ration. It comprises two key modules: (1) Mutual Knowledge
Estimation Module quantifies sample cleanliness by com-
puting the Transition Rate of mutual knowledge between
the composed feature and the target image. This facilitates
the reliable identification of clean samples that align with
the intended modification semantics, improving noise recog-
nition accuracy. (2) Dual-consistency Progressive Learning
addresses insufficient adaptation to modification discrep-

ancy. As shown in Figure 1(c), we introduce the Chrono-
Synergia Mechanism, which simulates human habit forma-
tion by integrating predictions from both historical and cur-
rent models. Historically consistent decisions are retained
as good habits, while inconsistent ones are calibrated as bad
habits, enabling robust learning in the presence of NTC.

In summary, the contributions of this paper are threefold:
• We conduct an in-depth analysis of the NTC problem

in CIR, and for the first time, we identify two key chal-
lenges faced by existing methods: the precise estimation
of composed semantic discrepancy and the insufficient
progressive adaptation to modification discrepancy.

• We propose a novel robust learning framework for CIR,
named HABIT, which employs the Transition Rate of
mutual knowledge for accurate noise-aware label assign-
ment. In addition, HABIT simulates human habit forma-
tion and achieves robust learning under noisy triplet con-
ditions through Dual-consistency Progressive Learning.

• Extensive experiments on two standard CIR benchmarks
demonstrate that HABIT outperforms most methods
across varying noise levels, significantly improving re-
trieval performance in noisy settings.

2 Related Work
Conventional Composed Image Retrieval. Composed Im-
age Retrieval (CIR) plays a crucial role in computer vi-
sion (Sunmola et al. 2025; Bellavia et al. 2024; Zhang et al.
2025b, 2021) and multimodal learning (Liu et al. 2025d; Wu
et al. 2025; Xu et al. 2025), aiming to retrieve the target im-
age based on a reference image and modification text. Ex-
isting approaches (Li et al. 2025c; Huang et al. 2025c; Fu
et al. 2025; Li et al. 2025d) can generally be categorized
into two types. The first category consists of models (Wen
et al. 2021) that use traditional architectures (e.g., ResNet,
LSTM) to extract image and text features, followed by the
multimodal composition. In contrast, the second group (Li
et al. 2025c,d) leverages Vision-Language Pretrained (VLP)
models such as CLIP (Radford et al. 2021), BLIP-2 (Li et al.
2023), to extract multimodal query features, then apply rel-
atively simple strategies for feature alignment and composi-
tion to achieve remarkable performance (Jiang et al. 2024;
Xu et al. 2024). Although some methods have investigated
false positive samples (Chen et al. 2024), their primary ob-
jective is to improve the performance of traditional CIR,
making them less effective from the perspective of NTC.
Noisy Correspondence Learning. While robust learn-
ing (Pu et al. 2025b; Lu et al. 2024b) has been widely
explored in multimodal tasks (Huang et al. 2025a; Feng
et al. 2023; Huang et al. 2025b; Li et al. 2025a; Huang
et al. 2023; Yifan 2018; Tang et al. 2021), recent work in-
creasingly focuses on the more complex issue of noisy cor-
respondence across modalities. This type of noise, which
surpasses simple label errors, often induces overfitting and
performance degradation. Existing approaches in visual-
language pretraining and cross-modal learning (Huang et al.
2024c; Li et al. 2025a; Liu et al. 2024; Sun et al. 2023a;
Feng and Peng 2014; Ting and Listening 2024) mainly con-
sider two-modality noise, overlooking the challenges in real-
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Figure 2: HABIT consists of two modules: (a) Mutual Knowledge Estimation and (b) Dual-consistency Progressive Learning.

world Composed Image Retrieval. To address this, Li et
al. (Li et al. 2025a) introduced the Noise Triplet Corre-
spondence (NTC) problem, underscoring semantic ambigu-
ity and annotation errors in large-scale datasets. While prior
alignment-based strategies (Li et al. 2025a; Huang et al.
2024a) have enhanced robustness, our HABIT further ad-
vances this by leveraging fine-grained mutual knowledge
modeling and Dual-consistency Progressive Learning, yield-
ing substantial gains in robustness to NTC.

3 HABIT
As a primary innovation, the proposed HABIT is designed
to quantify sample cleanliness via the mutual knowledge
transition rate and to achieve robust learning in the NTC
environment by simulating human habit formation through
a dual-consistency progressive learning strategy. As shown
in Figure 2, HABIT comprises two core modules: (a) Mu-
tual Knowledge Estimation (MKE) and (b) Dual-consistency
Progressive Learning (DPL). In this section, we first formu-
late CIR task with NTC and then elaborate on each module.

3.1 Problem Formulation
The CIR task seeks to retrieve the target image that matches
a given multimodal query from an image database. In prac-
tice, CIR datasets frequently suffer from annotation errors
within their triplets, termed NTC, with such erroneous sam-
ples referred to as noisy triplets. Noisy triplets typically fall
into two types: (1) partial match: the modification text xm

partially describes the transformation from the reference im-
age xr to the target image xt; (2) full mismatch: xm com-
pletely misrepresents the modification. Following TME (Li
et al. 2025a), we simulate noisy scenarios by randomly se-
lecting a subset of training triplets according to a noise ratio

σ. Given a triplet set with NTC, T =
{
⟨xr, xm, xt⟩n

}N

n=1
,

where xr, xm, and xt may not be properly aligned, the ob-
jective is to learn an embedding function G that maps the
multimodal query (xr, xm) close to its corresponding target
image xt in a shared metric space, as G(xr, xm) → G(xt),
where G is the embedding function to be learned, mapping
multimodal queries and target images into one metric space.

3.2 Mutual Knowledge Estimation (MKE)
This module quantifies sample cleanliness by measuring the
mutual knowledge transition rate between the composed fea-
ture and the target image, enabling effective identification of
samples whose semantics align with the modification text
and improving noisy correspondence detection. First, the
module extracts the composed feature and modality fea-
tures from the target image. Next, we compute the seman-
tic matching degree between the composed feature and the
target feature based on mutual knowledge across modalities,
and the mutual knowledge transition rate is defined to cap-
ture semantic discrepancies. This metric serves as the crite-
rion for evaluating the semantic noise margin.

Specifically, we employ Q-Former, which is proven ef-
fective in various CIR models (Xu et al. 2024; Ventura et al.
2024), to extract cross-modal features from both visual and
textual modalities, extracting precise composed and target
features, as formulated below,
Fc=Q-Former(ΦI(xr), ΦT(xm)),Ft=Q-Former(ΦI(xt)), (1)

where Fc,Ft ∈ RQ×D denote the composed feature and
the target feature, respectively, Q is the number of learnable
queries, D is the embedding dimension, and ΦI and ΦT de-
note the visual encoder and the text tokenizer, respectively.

Subsequently, we define the mutual knowledge between
the composed feature Fc and the target feature Ft for any
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sample in the batch, which is used to measure the semantic
matching degree between the two features, as formulated as,

MK(Fc,Ft) =
∑

fc∈Fc

∑
ft∈Ft

p(fc, ft) log
p(fc, ft)

p(fc)p(ft)
, (2)

where p(fc, ft) denotes the joint probability distribution be-
tween fc and ft, and p(fc) and p(ft) denote the marginal
probability distributions of fc and ft, respectively.

However, the mutual knowledge value alone does not pro-
vide a clear margin between noisy and correctly matched
samples. To address this, inspired by (Lyu et al. 2025), in
each batch, we select the triplet with the lowest loss as the
Standard Sample (Fs

c,F
s
t ), assumed to be the cleanest cor-

respondence. We then calculate the mutual knowledge dis-
crepancy of all other samples relative to this standard sample
to define the mutual knowledge transition rate, which quanti-
fies each sample’s discrepancy from the standard and serves
as the estimation of noisy correspondence, formulated as,

TR(Fc,Ft) =
|MK(Fs

c,F
s
t )−MK(Fc,Ft)|

MK(Fs
c,F

s
t )

. (3)

Furthermore, since noisy correspondence can originate
from either the composed feature (i.e., reference image/-
modification text side) or the target feature, we also con-
sider the transition rates between each composed/target fea-
ture and the corresponding standard sample, denoted as
TR(Fc,F

s
t ) and TR(Ft,F

s
c). Using these transition rates,

we estimate the cleanliness of each triplet sample as follows,

E=(1 + TR(Fc,Ft)+|TR(Fc,F
s
t )−TR(Ft,F

s
c)|)−1. (4)

To be specific, when the transition rate between a sam-
ple’s composed feature and its target feature is small, and
when both TR(Fc,F

s
t ) and TR(Ft,F

s
c) are close to that of

the standard sample, it indicates that the matching relation-
ship between the multimodal query composed feature and
the target image is more reliable, i.e. the sample is more
likely a clean correspondence.

3.3 Dual-consistency Progressive Learning (DPL)
The Dual-consistency Progressive Learning (DPL) module
is designed to address the limited progressive adaptivity
caused by modification discrepancies, allowing the model
to incrementally adapt to the challenges of noisy correspon-
dence detection and enhance robustness. Building on sam-
ple cleanliness estimations from the MKE module, DPL in-
corporates the Chrono-Synergia Noise Discrimination and
Time-Flux Knowledge Updating. These enable HABIT to
simulate human habit formation by integrating predictions
from both the historical and current models, preserving good
habits and calibrating bad habits for robust learning in NTC
scenarios. We now explain this module in detail.
Chrono-Synergia Noise Discriminantion Intuitively, the
cleanliness estimations of standard samples remain rela-
tively stable during training, whereas those of noisy corre-
spondence samples tend to fluctuate and deviate from clean
samples. Based on this, we introduce the Chrono-Synergia
Noise Discrimination, which aims to chrono-synergize the
dynamic changes of cleanliness estimations to identify noisy
triplets that fall outside the normal matching range.

Specifically, we denote e(I)=[E(I)
1 , . . . ,E(I)

B ] as the es-
timation sequence for all samples in the batch at the I-th
iteration, where B is the batch size. For each iteration’s esti-
mation sequence, we apply the DBSCAN (Ester et al. 1996)
to obtain the set of outlier samples O(I) for that iteration.
Similarly, by applying the same procedure to the historical
estimation sequence from the previous iteration (I−1), we
obtain the corresponding outlier set O(I−1).

Subsequently, we merge the outlier sets from both the
historical and current iterations to compute the noisy mask
m(I) = [m1, . . . ,mb, . . . ,mB ] for the current batch at iter-
ation I , where the noisy mask mb for the b-th triplet sample
in the batch, formalized as follows,

mb =

{
0, if {b} ∈ O(I) ∩ O(I−1)

1, otherwise
. (5)

The resulting noisy mask can accurately identify samples
that are outliers at both time points, synergizing the discrim-
ination capabilities of the historical and current models for
noisy triplets, and thereby continuously filtering out those
noisy triplets that are stably recognized.
Time-Flux Knowledge Updating Since the noise discrim-
ination mechanism applies strict criteria, some mismatched
samples may still be misclassified, leading to model’s “bad
habits”. To further improve robustness against residual noisy
correspondence and calibrate these bad habits while keeping
good ones, we introduce Time-Flux Knowledge Updating,
which utilizes the temporal evolution of cleanliness estima-
tions to maintain semantic consistency and clear time-flux
margins, thus enhancing training robustness.

Knowledge Consistency. Before calibrating model’s bad
habits, it is essential to preserve its learned good habits.
Thus, to ensure semantic consistency and maintain accu-
rate matching capabilities throughout training, we introduce
Knowledge Consistency. It constrains the evolution of the
model’s triplet semantic matching degree across iterations.
By comparing the similarity distributions produced at the
current iteration I and the previous iteration (I − 1), this
mechanism prevents the model from losing its “good habits”
(the correctly learned determination capabilities).

Specifically, let I denote the current iteration. Define
s(I) ∈ RB×B as the similarity matrix between all multi-
modal query features Fc and all target image features Ft

in the current batch, and let s(I−1) denote the correspond-
ing similarity matrix from the previous iteration on the same
batch. Correspondingly, m(I) and m(I−1) represent the cur-
rent and previous noisy masks, respectively. We enforce a
consistency constraint on “good habits” by minimizing the
Kullback-Leibler (KL) divergence between the similarity
distributions of consecutive iterations, as follows,

LKL =
1

B

B∑
b=1

DKL

((
s
(I)
b · m(I)

b

)
∥
(
s
(I−1)
b · m(I−1)

b

))
, (6)

where s
(I)
b , s

(I−1)
b denote the similarity vectors of the b-th

multimodal query within the batch at iterations I and I − 1.
Knowledge Learning. While preserving good habits, we

also need to calibrate bad habits formed during previous
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Noise Methods Dress Shirt Toptee Average
R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50 AVG.

0%

SSN (Yang et al. 2024) (AAAI’24) 34.36 60.78 38.13 61.83 44.26 69.05 38.92 63.89 51.40
CALA (Jiang et al. 2024) (SIGIR’24) 42.38 66.08 46.76 68.16 50.93 73.42 46.69 69.22 57.96
SPRC (Xu et al. 2024) (ICLR’24) 49.18 72.43 55.64 73.89 59.35 78.58 54.92 74.97 64.85
RCL (Hu et al. 2023a) (TPAMI’23) 48.79 72.68 55.89 73.90 56.91 77.41 53.86 74.66 64.26
RDE (Qin et al. 2024) (CVPR’24) 47.84 71.89 54.37 73.55 56.91 77.21 53.04 74.22 63.63
TME (Li et al. 2025a) (CVPR’25) 49.73 71.69 56.43 74.44 59.31 78.94 55.15 75.02 65.09
HABIT (Ours) 49.99 72.38 56.62 74.68 59.51 78.53 55.38 75.20 65.29

20%

SSN (Yang et al. 2024)(AAAI’24) 22.61 45.56 27.87 48.58 31.82 55.28 27.43 49.81 38.62
CALA (Jiang et al. 2024)(SIGIR’24) 29.05 51.36 35.28 56.23 36.05 58.24 33.46 55.28 44.37
SPRC (Xu et al. 2024)(ICLR’24) 39.81 62.22 48.58 66.29 50.48 70.58 46.29 66.36 56.33
RCL (Hu et al. 2023a)(TPAMI’23) 47.05 70.65 53.14 71.74 55.28 75.62 51.82 72.67 62.25
RDE (Qin et al. 2024)(CVPR’24) 44.62 68.91 50.74 69.09 52.12 73.38 49.16 70.64 59.81
TME (Li et al. 2025a)(CVPR’25) 49.03 70.35 55.84 73.16 57.22 78.23 54.03 73.91 63.97
HABIT (Ours) 49.63 71.34 55.67 73.19 58.14 78.32 54.48 74.28 64.38

50%

SSN (Yang et al. 2024) (AAAI’24) 15.27 33.71 23.36 41.61 22.79 42.94 20.47 39.42 29.95
CALA (Jiang et al. 2024) (SIGIR’24) 20.77 40.95 29.69 46.57 27.03 46.81 24.83 44.78 34.80
SPRC (Xu et al. 2024) (ICLR’24) 35.94 57.16 42.25 61.63 44.98 64.76 41.06 61.19 51.12
RCL (Hu et al. 2023a) (TPAMI’23) 43.68 66.44 50.74 69.19 52.63 73.84 49.01 69.82 59.42
RDE (Qin et al. 2024) (CVPR’24) 41.30 64.75 47.06 66.34 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 51.47 72.25 61.86
HABIT (Ours) 47.33 69.71 53.72 72.55 56.51 77.00 52.52 73.09 62.80

80%

SSN (Yang et al. 2024) (AAAI’24) 11.16 25.24 16.98 30.72 17.03 32.64 15.05 29.53 22.29
CALA (Jiang et al. 2024) (SIGIR’24) 14.28 30.59 19.73 35.82 19.48 36.10 17.83 34.41 26.00
SPRC (Xu et al. 2024) (ICLR’24) 28.41 50.77 36.21 54.37 35.90 59.06 33.51 54.03 43.77
RCL (Hu et al. 2023a) (TPAMI’23) 38.82 60.54 45.44 64.38 47.42 68.38 43.89 64.43 54.16
RDE (Qin et al. 2024) (CVPR’24) 37.63 59.64 43.62 62.12 46.10 66.50 42.45 62.75 52.60
TME (Li et al. 2025a) (CVPR’25) 41.45 64.35 47.30 68.20 51.25 73.23 46.67 68.60 57.63
HABIT (Ours) 42.04 65.20 50.12 69.77 52.92 73.61 48.36 69.53 58.94

Table 1: Performance comparison on FashionIQ in terms of R@K (%). The best result under each noise ratio is highlighted in
bold, while the second-best result is underlined.

training to mitigate the harm caused by noisy correspon-
dence misdetermination. To this end, we introduce the soft
estimation margin loss Lsoft and the robust contrastive loss
Lrank, performing robust optimization on negative exam-
ples with higher similarity to the current sample, thereby
jointly enhancing the model’s discriminative capability and
robustness to noise interference.

To address model misdetermination, we adopt a margin
softening strategy based on cleanliness estimations. Let I
denote the current iteration, and s(I) ∈ RB×B represent the
similarity matrix between all composed features Fc and tar-
get images Ft in the batch. The noise mask for iteration I
is denoted as m(I). We apply this mask to identify noisy
correspondences and employ a margin-based hard negative
sampling strategy (Huang et al. 2021). The soft estimation
margin loss is then defined as follows:

Lsoft=
1

B

B∑
b=1

(
max
j ̸=b

[
margin(e(I)b )+s(I)bj −s(I)bb

]
+
·m(I)

b

)
, (7)

where [·]+ = max(0, ·) denotes the ReLU operation,
and sbb represents the similarity of the diagonal samples.
margin(e(I)b ) is a dynamic margin that depends on the esti-
mation value e(I)b of the b-th sample in the batch.

Subsequently, following (Li et al. 2025a; Hu et al. 2023a),
we utilize the robust contrastive loss, which actively in-
creases the distance between the multi-modal query and neg-

ative samples by reducing their similarity, and prevents in-
terference from noisy correspondence, formulated as,

Lrank=
1

B

B∑
b=1

−log
((

1− Softmax(s(I)b /τ)
)
· m(I)

b

)
, (8)

where B is the batch size, τ is the temperature coefficient,
m(I) refers to the noisy mask of the I-th iteration batch, and
s(I)∈RB×B is the similarity matrix between all composed
features Fc and target images Ft in the I-th iteration batch.

Finally, we obtain the final loss function of HABIT as,

Θ∗ = argmin
Θ

(Lrank + κLKL + γLsoft) , (9)

where Θ∗ is the to-be-optimized parameter for HABIT and
κ, γ are the trade-off hyper-parameters.

4 Experiments
This section provides an in-depth examination, with σ = 0.2
for ablation and sensitivity experiments, following TME.

4.1 Experimental Settings
Datasets. Following previous works (Li et al. 2025a; Xu
et al. 2024), we selected two widely adopted datasets for the
CIR task, the fashion-domain dataset FashionIQ (Wu et al.
2021), and the open-domain dataset CIRR (Liu et al. 2021b).
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Noise Methods R@K Rsub@K Avg(R@5, Rsub@1)K=1 K=5 K=10 K=50 K=1 K=2 K=3

0%

SSN (Yang et al. 2024) (AAAI’24) 43.91 77.25 86.48 97.45 71.76 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
RCL (Hu et al. 2023a) (TPAMI’23) 53.16 82.41 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
HABIT (Ours) 52.71 82.64 90.63 98.19 80.99 92.77 97.00 81.82

20%

SSN (Yang et al. 2024) (AAAI’24) 34.02 65.90 75.78 91.33 66.92 85.90 93.45 66.41
CALA (Jiang et al. 2024) (SIGIR’24) 41.33 72.70 82.84 94.34 71.66 88.15 94.94 72.18
SPRC (Xu et al. 2024) (ICLR’24) 45.90 75.86 83.52 93.37 78.10 91.40 96.05 76.98
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
HABIT (Ours) 51.68 81.02 89.24 97.81 78.20 91.66 96.75 79.61

50%

SSN (Yang et al. 2024) (AAAI’24) 25.93 53.71 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) 39.93 66.00 73.59 86.48 75.81 89.21 95.37 70.90
RCL (Hu et al. 2023a) (TPAMI’23) 48.58 77.45 85.93 94.70 75.60 89.28 94.80 76.52
RDE (Qin et al. 2024) (CVPR’24) 45.98 75.30 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
HABIT (Ours) 50.32 79.63 88.34 97.06 76.84 90.60 96.27 78.87

80%

SSN (Yang et al. 2024) (AAAI’24) 20.48 43.98 54.27 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
RCL (Hu et al. 2023a) (TPAMI’23) 44.94 74.43 82.99 92.31 71.93 86.84 92.96 73.18
RDE (Qin et al. 2024) (CVPR’24) 42.92 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
HABIT (Ours) 47.93 76.84 85.95 95.90 74.87 89.08 95.21 75.86

Table 2: Performance comparison on the CIRR test set in terms of R@K (%) and Rsub@K (%). The best and second-best results
are highlighted in bold and underlined, respectively.

Implementation Details. Our HABIT is trained with the
learning rate of 5e−5 with the AdamW optimizer on a V100
GPU. Following previous works (Li et al. 2025a; Xu et al.
2024), we utilize the pre-trained BLIP-2 (Li et al. 2023)
as the backbone of HABIT. The learnable query number
Q=32. Regarding hyperparameter settings, we utilize the
grid search to obtain the final value: κ=10.0, γ=0.5. The
temperature coefficient τ = 0.1. Following TME (Li et al.
2025a), we introduce noise ratio σ={0.0, 0.2, 0.5, 0.8} dur-
ing training to simulate NTC environment.
Evaluation. We adopt Recall@K (R@K) as the pri-
mary metric. For CIRR, we report the performance of
R@{1, 5, 10, 50} and further provide Recallsub@{1, 2, 3}
metrics on its subset. For FashionIQ, we report the
R@{10, 50} for each category (Dresses, Shirts, Tops&Tees).

4.2 Performance Comparison
To assess the robustness and generalization of HABIT under
the NTC scenario, we compare it with selected baselines: or-
dinary baselines (SSN, CALA, and SPRC) and robust base-
lines (RCL, RDE, and TME), on the CIRR and FashionIQ
datasets across different noise ratios. As shown in Table 1,2,
our analysis reveals the following: 1) HABIT outperforms
existing robust methods in addressing NTC, demonstrat-
ing clear advantages in complex noise environments. On
CIRR, HABIT achieves average improvements over TME

of 1.16%, and 1.28% for σ = 0.5, and 0.8, respectively. On
FashionIQ, gains are 0.94%, and 1.31%. Notably, the perfor-
mance gap with TME widens as noise increases. These gains
result from HABIT’s effective mining of mutual knowledge
between multimodal queries and targets, precise noise esti-
mation, and the integration of dual-consistency progressive
learning. 2) Robust methods consistently surpass ordinary
methods, with the performance gap widening as the noise ra-
tio increases. For example, on the CIRR dataset at σ = 0.2,
the SOTA ordinary method SPRC even outperforms some
robust models on certain metrics, and its Avg score is only
2.63% below HABIT. However, at σ = 0.8, SPRC’s Avg
score drops to 15.12% lower than HABIT, reflecting severe
performance decline. This highlights the high sensitivity of
traditional methods to noise and their instability in noisy cor-
respondence scenarios, while robust models demonstrate su-
perior noise resistance, emphasizing their necessity.

4.3 Ablation Study
To evaluate the efficacy of each HABIT module, we conduct
comprehensive comparisons with variants in two groups:

G1: Ablation on Mutual Knowledge Estimation. This
group examines the MKE module: D#(1): w/o Sample ran-
domly selects samples instead of using standard samples
Eq.(3) for mutual knowledge calculation. D#(2): w/o TR
replaces the Transition Rate Eq.(4) with the difference
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in mutual knowledge estimations. D#(3): w/o MKE re-
moves the entire MKE process, setting all estimation val-
ues to 1. G2: Dual-consistency Progressive Learning. This
group assesses DPL components: D#(4): w/o CS uses only
current iteration estimations, omitting historical values in
Eq.(5). D#(5): w/o KL removes the consistency constraint.
D#(6): w/o History excludes both the consistency con-
straint and historical estimations. D#(7): w/o mask by-
passes noisy mask computation, using only MKE estima-
tions. D#(8): w/o M Rank, D#(9): w/o M Soft, D#(10):
w/o M KL remove the noisy mask in Eq.(8), Eq.(7), and
Eq.(6). D#(11): w/o Lrank omits the robust contrastive loss.
D#(12): w/o Lsoft omits the soft estimation margin loss.
D#(13): w/o LKL&Lsoft removes both consistency con-
straint and soft estimation margin loss.

D# Deriv. FashionIQ-Avg. CIRR-Avg.
R@10 R@50 R@K Rsub@K

(a) Mutual Knowledge Estimation (MKE)
1 w/o Sample 53.77 73.01 79.42 88.12
2 w/o TR 53.40 73.03 79.58 87.71
3 w/o MKE 53.08 73.12 79.32 87.94

(b) Dual-consistency Progressive Learning (DPL)
4 w/o CS 53.30 73.22 79.48 88.00
5 w/o KL 53.44 73.92 79.27 87.28
6 w/o History 53.66 73.87 78.32 87.24
7 w/o mask 53.59 73.67 79.46 87.72
8 w/o M Rank 53.48 73.58 79.67 87.98
9 w/o M Soft 53.51 73.65 79.46 88.00

10 w/o M KL 53.73 73.47 79.71 88.03
11 w/o Lrank 51.03 71.82 77.92 87.15
12 w/o Lsoft 53.14 73.34 79.38 88.21
13 w/o LKL&Lsoft 53.27 73.69 79.51 88.20

HABIT (Ours) 54.48 74.28 79.94 88.87

Table 3: Ablation study on FashionIQ and CIRR datasets.

Key findings from Table 3 include: 1) Removing Lrank

(D#(11)) yields the worst performance, underscoring the
essential role of robust contrastive loss in noise suppres-
sion and retrieval accuracy. 2) Omitting any component of
the MKE module leads to performance degradation. No-
tably, eliminating standard samples for mutual knowledge
(D#(1)) degrades performance, though less so than remov-
ing all MKE estimations (D#(3)). Replacing the transition
rate with mutual knowledge discrepancy (D#(2)) results in
the largest drop, highlighting the transition rate’s importance
for capturing intrinsic NTC relationships. 3) Removing ei-
ther the historical estimation sequence (D#(4)) or the “cal-
ibrate bad habits” constraint (D#(5)) reduces performance;
removing both (D#(6)) causes even greater decline. These
help retain good habits and noise discrimination, prevent-
ing semantic inconsistency over time-flux training. 4) Ex-
cluding the noisy mask (D#(7)) decreases performance, val-
idating its role in filtering noisy triplets. Further, removing
the noisy mask from any loss function (D#(8)-D#(10)) re-
sults in performance drops, reflecting its broad optimiza-
tion effect via knowledge aggregation. 5) Excluding Lsoft

(D#(11), D#(12)) impairs performance, indicating that the
soft estimation margin loss reduces overfitting from partial

matches and misclassified noisy samples.

4.4 Case Study
Figure 3 presents the top-5 results from HABIT and the
SOTA robust CIR model TME on two CIR datasets. In the
CIRR example (Figure 3(a)), HABIT correctly retrieves the
top-ranked image featuring both a diver and a sea turtle, fully
satisfying the compositional semantics. By contrast, TME
fails to interpret the cross-entity relationship, retrieving
only manta ray images and missing the “human+different
species” requirement, revealing its limited grasp of fine-
grained semantic composition. In Figure 3(b), HABIT’s top-
1 image matches all target attributes (e.g., reddish-brown
long dress, warm autumn tones) at top-1, with subsequent
results also aligning well with key attributes. In comparison,
TME’s top-1 result, although color-similar, lacks thin straps.
Overall, HABIT reveals clear advantages in handling multi-
level semantic compositions, which stem from its meticu-
lous understanding of triplet semantic relationships.

Retrieval ResultsTop-1

TME

HABIT

Top-5

CI
RR

Fa
sh
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nI
Q Multimodal Query

TME

HABIT

Retrieval ResultsTop-1 Top-5
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more autumn colored 
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Re
tr
ie
ve

Multimodal Query

“Human and one 
animal from a 

different species from 
the last two.”

Re
tr
ie
ve

Figure 3: Case Study on CIRR and FashionIQ.

5 Conclusion
In this study, we investigated the NTC problem in the CIR
task. To address the challenges of the precise estimation
of composed semantic discrepancy and the insufficient pro-
gressive adaptation to modification discrepancy, we pro-
posed HABIT, which comprised two key modules. The
MKE module, employed the transition rate of variational
mutual information to achieve accurate noise-aware label as-
signment. Furthermore, the DPL module introduced a col-
laborative mechanism between the historical and current
models, progressively enhancing the model’s understanding
of the complex semantic relations within triplets and con-
tinuously reduced the probability of misdetermination. Ex-
tensive experiments showed that HABIT outperformed most
methods under various noise levels, demonstrating its supe-
riority and robustness.
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