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Introduction T

Imagine the challenge of asking a model to recognize an entirely novel category from only a few sample images. Existing LLM-based
methods are prone to semantic hallucinations, i.e., generating descriptions that contradict the visual evidence due to the lack of
grounding in actual instance,requiring significant effort to correct. So the question arises:

 How can we ensure text descriptions generated by large models truly align with visual features?

 How can we simultaneously capture high-level semantic information and low-level visual
diversity with limited samples?

« Compared to traditional CLIP pairwise contrastive learning, how can we integrate multimodal
information more comprehensively and structurally?
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« Cross-modal Iterative Prompting (CIP): Beyond mere class names, generate precise and visual-grounding
descriptions conditioned on LLMs and support images in a single structured iterative reasoning process.

« Semantically Consistent Images Generation: Zero-shot generation based on textual descriptions to enrich limited
samples with diverse yet semantically aligned variations.

 Cross-modal Geometric Alignment (CGA): Minimize the kernelized volume of a parallelotope to enforce global
consistency among textual descriptions, synthetic images, and supports.
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» Chain-of-Thought (CoT)-based Four Stage Structured Reasoning Paradigm

« Strategy Stage: Interpret the and propose initial semantic assumptions.

« Perception Stage: Extract visual patterns and shared attributes.

 Refinement Stage: lteratively revise semantics via step-by-step reasoning aligned with visual evidence.

« Conclusion Stage: Output a unified, visually grounded class definition with formalized conceptual representation.

________________________________________ -
I_Strategy Stage: Initial semantic assumptions and approach summary
<STRATEGY™ "malamute" likely refers to the Alaskan Malamute, a strong, wolf-like dog breed. Approach involves
| interpreting the class name, verify it with visual elements, and refine the definition accordingly. </STRATEGY>
I Perception Stage: Image perception and shared visual patterns extraction
<PERCEPTION> The images show dogs with thick, double coats, erect triangular or curled backs, and almond-shaped
eyes... consistently maintaining these features across various settings. </PERCEPTION>
LLM | Refinement Stage: Conceptual refinement via step-by-step reasoning

\V, I backs, and wolf-like faces with almond eyes. Second, the presence of collars indicates domestication. Finally, despite
) | varied settings, the core visual features remain consistent. </REFINEMENT=>

I Conclusion Stage: Unified definition output by formalized conceptual representation

<CONCLUSION> The Alaskan Malamute is a large, powerful dog breed known for its thick, double-coated fur, often
| white with black, grey, or light markings. It has a robust build, erect triangular or curled back, and a wolf-like or fox-
| like face with piercing almond eyes... Distinguished by strength, stamina, and a friendly demeanor, it serves as both a
| working and companion animal, with an appearance suited for cold climates and heavy-duty tasks. </CONCLUSION=> 5
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The generated descriptior) ig then fgd into a text-to-image generative D e
model to produce synthetic imagesin a zero-shot manner. An LLM- breed known for its thick, double-coated fur, white with black,
based pairwise comparison strategy is designed to select top-K grey, or light markings. It has a robust build, erect triangular...
images per class by ranking them against the descriptions without
compromising low-data regime
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Figure 7: The effect of the generated number and visualization of generated images.
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> Geometric-aware structured and consistent multimodal learning

Given multiple vectors {v,, ..., vy} to construct matrix A = [v, ..., v¢], the Gram is:
Gy, ..., v) = ATA, Gij = (v;, V).
Gram matrix G reflects the square of the corresponding volume Vol :
Vol(vy, ..., Vi) = +/det(G).
To capture nonlinear relations, we compute volume in RKHS via an RBF kernel:
Vol (vq, ..., vg) = /det(K), K;; = K(vi,vj).
Given normalized triplets {v;, v,, vs} from textual, vision, and synthetic
embeddings, minimizing the kernelized volume through a contrastive objective:

1% exp (—Voly (2}, 2%,28)/7) exp (—Voly(z}, 2}, 2L)/7)
Lpza = Ez log —- Lazp =~ E : K J oJ i '
Y5, exp (—Voly (2}, 2%, z v)/r) ~ Z]-=1 exp (—Voly(z],2],2})/7).



I Experimental Results

On ten standard, cross-domain, and fine-grained datasets, improving accuracy by 4.2%
on average. Bold and blue indicates the best and suboptimal results.

- minilmageNet tieredlmageNet
Model Venue Backbone = # Params 1-shot 5-shot 1-shot 5-shot
CPEA [b¥] ICCV’23 ViT-S/16 22.0M 71.97+0.65 87.06-+0.38 76.93+0.70 90.12+0.45
FeatWalk [[3] AAAT'24 ResNet-12 12.4M 70.21+0.44 87.38+0.27 75.25+0.48 89.92+0.29
SemFew [2¥] CVPR’24 Swin-T 29.0M 78.94+0.66 86.49+0.50 82.37+0.77 89.89+0.52
UAP [8Y] NeurIPS’24 | ResNet-12 12.4M 81.63+0.28 79.05+0.19 79.68+0.30 76.78+0.21
VT-FSL ours Visformer-T 10.0M 83.66+0.31 88.38+0.25 | 88.02+0.3¢4 91.71+0.27
CUB-200-2011 Stanford-Dogs Stanford-Cars
Method Venue 1-shot 5-shot 1-shot S-shot 1-shot S-shot
SUITED [R7] | AAAT’25 | 86.02+0.47  94.13+0.24 76.55+0.47  88.86+0.27 89.97+0.36 96.53+0.16
VT-FSL ours 91.08+0.28 94.63+0.19 | 86.58+0.30 90.69+0.25 | 92.95+0.24 96.62+0.15
CUB Places Plantae

Method Venue 1-shot 5-shot 1-shot S-shot 1-shot 5-shot
StyleAdv [68] | CVPR’23 48.49+0.72  68.72+0.67 | 58.58+0.83  T7.73+0.62 | 41.13+0.67  61.52+0.68
MEEFP [hY] NeurIPS’24 | 51.55+0.70 73.61+0.66 52.06+0.69  73.78+0.61 41.5540.65 61.39+0.67
SVasP [[70] AAAT’25 49.49+0.72 68.95+0.66 59.07+0.81 77.78+0.62 41.2240.62 60.63+0.64
VT-FSL ours 66.86+0.47 81.02+0.36 | 73.68+0.41 81.52+0.33 | 45.90+0.40 61.54+0.38
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