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‘What is Dataset Distillation (DD) ?

Original large dataset

Beyond Modality Collapse: Representations Blending for
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Proposed Method
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"‘Beyond Modality Collapse
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. v'Mitigating Modality Collapse via Representation Blending

Surrogate small dataset

Bandaom - Modality Collapse Ours

pronounced intra-modality aggregation and inter-modality separation
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» Feature centralization
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gap, making non-
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Indistinguishable.
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' v Enhancing Cross-modal Alignment via Symmetric Projection

. Trajectory Matching
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Enhance the image-side distillation
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Experiments
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' Results

| Coreset Selection \ Dataset Distillation

Pairs Ratio Metric

I
| Rand Herd [50] K-Cent [16] Forget [45] | MTT-VL [51] TESLA-VL [52] LoRS [52] Ours
| Flickr-30k
I IR@1 2.4 3.0 3.5 1.8 6.6.0.3 1105 100002  17.0.05
IR@5 10.5 10.0 10.4 9.0 20211 2 73104 289,07 425,05
l so0 179 R@IO | 174 170 17.3 15.9 30.0.5 4 12605 41.6.06 559.06
7 TR@1 5.2 5.1 4.9 3.6 1331056 51402 155407 225104
I TR@5 18.3 16.4 16.4 12.3 3284115 153105 39.810.4 53.2.03
I TR@10 | 25.7 243 23.3 19.3 46.8 10 5 23.810.3 53.710.3 66.7 0.3
. CcoCco .
' R@l | 1.1 17 1.1 0.8 25,0 0.8 0.2 28,02 6210,
I IR@5 5.0 5.3 6.3 5.8 8.910.7 3.6105 99.05 199 3
500 4 49 IR@10 8.7 9.9 10.5 8.2 158415 6.7+10.09 16.510.7 30.6-0.1
| % TR@1 1.9 1.9 2.5 2.1 50104 1.740.4 53505 7005
TR@5 7.5 7.8 8.7 8.2 17211 3 59105 183115 22.0.:0 3
| TR@10 12.5 13.7 14.3 13.0 26.0.1 9 10.241 ¢ 27.9:1 4 32905
l Comparison with SOTAs on Flickr-30k & COCO
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l The ablation study of RepBlend
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I Methods ImageNet-10 Classification TextCaps Retrieval
I ACC@1 ACC@5 JIR@] JR@5 IR@10 TR@l TR@5 TR@10
I LoRS [55] 21.4 74.4 1.7 5.1 8.4 0.4 1.7 3.1
Ours 27.6 76.2 3.1 9.4 14.5 1.9 6.2 10.3
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. Zero-Shot Generalization
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Methods | LoRS [52] Ours
I
I (IR@1, TR@1) (%) | (8.3,11.8) (11.5, 16.2)
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Speed (s/iter) 11.5 1.71
' Peak GPU VRAM (GB) 21.78 10.17
I
I
I
I
I
I
I
I
I
\

Ll —_— |} —_— n —_— | | —_— n —_— | | —_— n —_— | | —_— n —_— n _— n —_— n _— n —_— n _— n —_— n _— n —_— n _— n —_— n —_— |} —_— n —_— |} —_— n —_— |} —_— n —_— | | —_— n —_— | | —_— n —_— |} _— n —_— n _— n —_— n _— n —_— n _— n —_— n _— n —_— n _— n —_— n —_— |} —_— n —_— |} —_— n —_— .

References:

Beyond Modality Collapse: Representations Blending for Multimodal Dataset Distillation. Zhang, Xin and Zhang, Ziruo, and Du, Jiawei and Liu, Zuozhu and Zhou, Joey Tianyi.

Low-Rank Similarity Mining for Multimodal Dataset Distillation. Xu, Yue and Lin, Zhilin and Qiu, Yusong and Lu, Cewu and Li, Yong-Lu. ICML 2024

NeurlPS 2025.




	Slide 1

