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Task
Task: Given a reference image and a modification text, find the
target image aligned with the dual intention.

Ø Imperfection annotators inevitably introduce noise into the trainset, 
resulting in Partial Matching and Incorrect Matching triplets—we refer to 
them as Noisy Triplet Correspondence (NTC).

Ø Existing methods ignore the NTC problem, leading to overfitting and
performance degradation.
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Ø A novel setting in CIR–learning with noisy triplet correspondence--
offering a new design perspective for existing supervised methods.

Ø We proposed a novel method, TME, tailored for this setting, enabling
intrinsic relationship exploitation and noisy triplet utilization.

Ø Extensive experiments on two domain-specific datasets confirm the
robustness and effectiveness of our approach in addressing noisy triplet
correspondence.

Task-oriented Modification Enhancement (TME) Experimental Results
CIRR test set:

FashionIQ validation set:

• RFQ module leverages a GMM-based sample selection strategy to filter out noisy triplets.
• PTE module generates an adapter to reconstruct the relations for noisy triplets, enabling learning

from noisy data.
• TOP replaces the reference image with a single learnable prompt, helps modification-target

semantic alignment, thus alleviating the reference-target visually irrelevant noise in partial matching.
• Losses ℒ!", ℒ!#, and ℒ$" are complementary contrastive losses for robust learning, and ℒ$" is

an MSE loss to achieve the alignment between the adapter with modification from clean triplets.

Experiment Analysis:
• TME produces a sharper 

diagonal, showing its 
strength at separating 
relevant from irrelevant 
images under heavy noise.

• At 80% noise, TME shows
higher stability and
accuracy than both vanilla
CIR methods and 2-tuple NC
methods, highlighting its
robustness and ability to
leverage intrinsic relations
and noisy triplets.
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üMore Robust
üMore Stable
üLess Overfit Figure: Visualization of query-target similarity 

matrices from SPRC (left) and TME (right) on 
the CIRR validation set with 50% noise.

Figure: performance w.r.t epoch on the CIRR
(left) and FashionIQ (right) validation set with
80% noise.

𝑦!: pseudo-labe,
1 means a clean
triplets.

𝑳": text embedding layer of the Q-Former.

𝒛!: one of the 𝒛#$, 𝒛#% , and 𝒛&$,
corresponding to ℒ#$, ℒ#% , and ℒ&$.

𝜏: the temperature parameter.

Gaussian Mixture Model


