
To address these challenges, we introduce Hystar, a dynamic multi-style retrieval framework that 

reformulates model adaptation as spectral modulation in the singular value space. Rather than 

predicting full weight updates or low-rank matrices, Hystar preserves the pretrained semantic 

subspaces while introducing structured singular value perturbations, thereby enabling geometry-

consistent adaptation with reduced optimization instability. Specifically, dynamic singular value 

increments are generated through a lightweight hypernetwork conditioned on style-aware 

embeddings, which allows the model to adjust its behavior in an input-dependent manner. In parallel, 

static learnable singular value offsets provide global cross-style calibration, ensuring that style 

flexibility does not compromise training stability. Through this dynamic–static decomposition, 

Hystar achieves a principled balance between per-query adaptability and shared representational 

robustness.

Introduction & Motivation

Quantitative Results

Query-based image retrieval must operate under highly diverse query styles, including sketches, 

artworks, low-resolution images, and textual descriptions. While large vision–language 

representation models exhibit strong generalization ability, their retrieval performance often 

deteriorates when query distributions deviate from those observed during pretraining, primarily due 

to style-induced discrepancies in visual statistics and semantic abstraction. Although parameter-

efficient fine-tuning methods provide a computationally attractive adaptation strategy, most existing 

approaches rely on static parameter mappings shared across inputs, which inherently limits their 

ability to capture instance-specific style variations. Consequently, retrieval systems remain 

vulnerable to unseen styles and cross-style semantic confusion, motivating the need for a framework 

that simultaneously achieves adaptability, stability, and parameter efficiency.
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Figure 3: Qualitative retrieval examples on the DSR dataset. We illustrate three common 

error types made by baseline methods: (a) action errors, (b) object errors, and (c) 

background errors. Baselines often retrieve visually similar but semantically incorrect 

results, while our Hystar consistently retrieves the correct matches, highlighting its superior 

fine-grained alignment across multiple styles.

Beyond architectural adaptation, we further observe that conventional contrastive learning 

objectives treat all negative samples uniformly, which is suboptimal in cross-style retrieval 

scenarios where semantic confusion is dominated by a small subset of hard negatives. To mitigate 

this limitation, we propose StyleNCE, an optimal-transport-weighted contrastive loss that reweights 

negative samples according to difficulty, thus emphasizing informative cross-style discrepancies 

while preventing gradients from being dominated by trivial negatives. By integrating difficulty-

aware weighting with spectral modulation, the learning process more effectively captures style-

dependent semantic relations.

StyleNCE extends the conventional InfoNCE objective by introducing difficulty-aware negative 

weighting. Instead of treating all negatives uniformly, the loss assigns adaptive importance 

coefficients 𝜔𝑖𝑗 ,which emphasize hard cross-style negatives and mitigate the dominance of visually 

trivial samples. The balancing factor 𝛾 controls the relative contribution between positives and 

negatives.
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To estimate the difficulty weights, we adopt an optimal transport formulation, where pairwise 

similarities define the transport cost and Sinkhorn iterations efficiently compute the assignment 

matrix. The resulting weights naturally amplify semantically confusing negatives while maintaining 

globally balanced contributions across the batch. This design improves cross-style discrimination 

and stabilizes retrieval learning under heterogeneous query distributions.

Figure 2: t-SNE visualization of feature embeddings derived by different methods on the DSR 

dataset. (a)CLIP: scattered, overlapping clusters. (b)FreestyleRet: more compact but some 

interclass entanglement. (c)Hystar: clearly separable, compact clusters, showing strong  cross-

style alignment.

Table 4: Ablation study of different loss functions on the CLIP backbone.

Figure 4: Qualitative Top-

10 retrieval results on the 

DomainNet dataset across 

unseen styles (Clipart, 

Sketch, Painting, Quickdraw,  

Infograph). In the retrieval 

results figure, we use the 

retrieval outputs from the 

baseline models, CLIP, 

FreestyleRet, as our 

baseline comparison.


