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Introduction

Background: Dataset Distillation | fw v
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Dataset distillation (DD) compresses a large training set into a small Training
set of synthetic samples that retain its learning utility. ~ d
Why compress the dataset? Neural

Modern training pipelines are often limited by data scale, Architecture

storage, and repetitive training cost Search
DD relieves this cost by building a compact yet highly
informative core, enabling efficient learning under tight budgets ( Privacy & A
Dataset Security
What should a distilled dataset preserve? Distillation ]S d

The most transferable training signals of the original dataset Applications
Strong generalization performance, despite using only a tiny
number of synthetic samples
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Practical significance ( )
Allows repeated training feasible for resource-constrained and loT
iterative settings \ y

Broadly useful for applications including edge device
deployment, NAS, privacy-sensitive learning, federated learning,

loT, and healthcare | Healthcare
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Introduction

Background: Multimodal Dataset Distillation o fw vy

v Multimodal dataset distillation (MDD) compresses large-scale
image-text dataset into compact yet representative synthetic pairs.

v Aim
- Learn a small set of synthetic image-text pairs
- Retain the training utility of the full real multimodal dataset

v Why compress multimodal data? v What must be preserved?
- Reduce storage and training cost for vision-language - Intra-modal structure within image and text embeddings
learning - Cross-modal alignment between paired images and
- Enable faster experimentation and deployment with captions

compact synthetic data

Multimodal Dataset Distillation
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Introduction

Background: Why Prior Methods Falls Short

Previous approaches

Coreset Selection
Selects a subset of real image-text pairs that approximately covers the dataset
feature space
Efficient and simple, yet essentially a re-sampling strategy
Coverage-based heuristics often miss joint semantic modes and weakly
preserve cross-modal structure

Trajectory / Similarity-based Supervision

Prior MDD methods replay training trajectories or preserve low-rank similarity
structure

While this improves fidelity to the training dynamics, it relies on indirect
supervision from particular experts rather than directly matching the
multimodal data distribution itself

Limitations

High computational overhead
Trajectory-based distillation requires nested gradient and bi-level optimization,
yielding high compute and memory cost - inefficient distillation

Weak Cross-Architecture Generalization

Synthetic data becomes specialized to the source encoder's geometry
- Transfer to different image-text geometry is limited
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Motivation

Motivation: Match Distributions, Not Trajectories

Multimodal Dataset Distillation
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rOurs: Multimodal Distribution Matching
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Desiderata for Effective Distillation

Directly align real and synthetic multimodal
distributions
Match synthetic pairs to the joint image-text
representation distribution
Preserve both shared semantics and cross-
modal structure

Avoid Resource-heavy Trajectory Replay
No need to reconstruct training dynamics or
solve expensive bi-level optimization
Leads to substantially lower compute and
memory cost

Improve Architecture Robustness
Distribution-level matching is less tied to a
single source encoder geometry
Enables better cross-architecture
generalization of distilled pairs



Method

Multimodal Distribution Matching 1 fnf o v v

Three components of Multimodal Distribution Matching

Synthetic Data Initialization

HPH H Synthetic Data Initialization Cluster Centroi ea
Seed synthetic image-text pairs by K-means e e N v Pl S .
clustering in the joint embedding space, Real R g E V' d e
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image_teXt a“gnment Overview of MDM.
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Joint-space Synthetic Data Initialization o ff v v

v Synthetic Data Initialization in the Joint Image-Text Space

- Embed each real pair using the concatenated image and text features after projection

*Run K-means clustering with K = |Dy,,,,| in the joint space, and initialize each synthetic
pair with the sample nearest its cluster centroid in cosine distance
- broader coverage of joint semantic modes while avoiding redundancy
-> stable and representative starting point
- better reflects multimodal structure from the joint features

Synthetic Data Initialization A Cluster Centroid
<> Selected Sample
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f K-means Clustering
As & ok o
—— > >
e — &
e S &y
S — & Vo
—— " © %@ﬁ;
— s 7

Synthetic Data Initialization in MDM



Method

Model Initialization __m__

v Model Initialization via Weight-space Interpolation

- Start from a pretrained image encoder and text projector as the anchor model

- Merge this anchor with multiple independently finetuned experts in weight space, rather than relying on a
single finetuned model

+  Use the agreement between expert displacement directions to decide how far to shift form the anchor:

- More agreement - move toward experts
- More disagreement - stay closer to the pretrained model

-> broader, less architecture-biased joint embedding space,
thus stabilizing distillation and improving cross-architecture generalization
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Geometry-Aware Multimodal Matching o ff v v

v Geometry-Aware Multimodal Matching
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Experiments & Results

Experimental Setup RN -

Datasets
Flickr8k
Flickr30k
MS COCO

Task
Image-to-Text Retrieval at K € {1,5,10}
Text-to-Image Retrieval at K € {1,5,10}

Synthetic Budget
N € {100, 200,500}
Each pair contains 3 x 224 x 224 synthetic image and 768-dimensional synthetic text embedding

Baselines and Architectures

Coreset methods (Random, herding, K-center, forgetting)
MDD baselines (MTT-VL, TESLAygce, LORS)
Architectures: NFNet (Image), BERT (Text) with lightweight projection heads



Experiments & Results
Results: Image-Text Retrieval I v |

Initial Sample

Synthesized Sample

v Consistent gains over previous trajectory-based MDD
- Across Flickr8K, Flickr30k, and COCO and all budgets (100 / 200 / 500 pairs),
MDM consistently outperforms MTT-VL and TESLA on bidirectional retrieval. =z p : p
- The gains are especially meaningful under extreme compression, showing h man wearing a A wa 1 standing | A blonde woman in A boy dn s hat

helmet riding his on a big rock 1 blue shorts walks stands barefoot at

that direct multimodal distribution matching remains effective even with very  viocie somte  overtooiing | on the beach the edge

P o2t

street a valley ' carrying her shoes of a body of water
I

few synthetic pairs.

v Competitive Performance Across the Board

- MDM is competitive with LORS across the board, and notably surpasses
LoRS on COCO at all budgets

2 e St i | ? F ey
A white bird is  Two boys splashing i A white bird with a Girl splashing

. . N ing over the each other in the long neck flying in kiddie poo
- On Flickr8k, MDM also achieves the best mean recall at 500 pairs M T T oo the e 1P
£ Dataset Flickr8k Flickr30k COCO
A
#+ Method IR@1 [IR@5 IR@10 TR@1 TR@5 TR@10 Mean [R@] IR@5 IR@10 TR@! TR@5 TR@10 Mean IR@1 IR@5 IR@10 TR@1 TR@5 TR@10 Mean
MTT-VL 08 40 70 15 64 108 5.1 47 157 246 99 283 391 204 13 54 95 25 100 157 74
100Pairs TESLAwsce | 12 47 79 48 147 229 94 05 23 47 55 195 289 102 03 10 18 20 77 135 44
LoRS 49 180 290 7.0 228 348 194 83 241 351 118 358 492 274 1.8 7.1 122 33 122 196 94
Ours 60 208 324 79 265 381 219 81 247 362 115 326 450 264 19 76 132 36 137 216 103
MTT-VL 18 70 122 28 103 173 86 46 160 255 102 287 419 212 1.7 65 123 33 119 194 92
200 Pairs  |ESLAwpce | 12 47 84 66 195 295 117 02 13 25 28 104 174 58 01 02 05 07 31 53 17
LoRS 63 205 316 95 263 382 221 86 253 366 145 387 534 295 24 93 155 43 142 226 114
Ours 71232 351 99 290 416 243 9.1 267 391 13.0 337 474 282 29 11.1 184 49 162 253 131
MTT-VL 38 133 212 57 186 277 151 6.6 202 300 133 328 468 250 25 89 158 50 172 260 126
500 Pairs  TEoLAwsce | 25 88 141 69 196 200 135 .1 73 126 51 153 238 109 08 36 67 17 59 102 48
LoRS 6.9 220 331 109 310 458 250 100 289 416 155 298 537 3L6 28 99 165 53 183 279 135
Ours 74 250 371 112 324 442 262 100 293 420 137 370 515 306 37 136 222 56 184 282 153




Experiments & Results

Results: Cross-Architecture Generalization

B

Generalization beyond the source encoder
All synthetic datasets are distilled with NFNet+BERT, then evaluated on unseen image-text networks
Across all datasets and all budgets, MDM achieves higher cross-architecture performance than the MTT-based
baseline, demonstrating stronger robustness to architecture changes

Why significant?
Trajectory-matching baselines inherit source-architecture bias
MDM instead distills the data-level multimodal distribution, so the synthetic pairs transfer more reliably across

models
Flickr8k Flickr30k COCO

% Text BERT DistilBERT BERT DistilBERT BERT DistilBERT
o
# Image (a) () (¢) (@ ((b) (¢) Mean (a) () (¢) (@ (b) () Mean (a) (b) (¢) (a) (b) (¢) Mean
S LoRS 194* 100 92 156 87 82 103 274* 65 7.1 240 58 61 99 94* 18 16 68 1212 25
= Qurs 219* 136 153 173 110 124 13.9 26.4* 13.7 189 208 11.6 153 161 103* 64 72 70 46 52 6.1
S LoRS 22.1* 11.7 108 183 85 88 11.6 29.5* 100 109 227 83 89 122 114" 1.6 32 77 10 21 31
N Qurs 24.3* 147 189 194 10.8 142 15.6 282* 15.0 20.8 233 11.7 163 174 13.1* 92 102 99 69 7.7 8.7
S LoRS 250* 99 95 193 63 62 102 316" 153 134 221 108 107 145 135" 14 13 75 08 09 24
Y Qurs 26.2* 13.8 20.5 20.5 10.0 162 162 30.6* 17.4 233 239 135 185 193 153* 98 113 114 7.6 89 9.8




Experiments & Results

Results: Compute Efficiency I v |

Significantly lower distillation cost than trajectory matching
Compared with LoRS, MDM reduces per-iteration distillation time from about 5.4 s to 1.7 s at 100 pairs,

nearly a 3x speedup
This comes from replacing bi-level trajectory replay with single-level distribution matching, avoiding
repeated student trajectory reconstruction

500

Fewer iterations to strong performance 00 5
On Flickr8k, MDM reaches its best performance in 200 / 200/ 50 ] 200 4 =)
iterations for 100 / 200 / 500 pairs, versus 850 / 1250 / 2350 for LoRS 00 oo ™
This reduces total distillation time from 76.9 - 5.7 min, 137.5 > 8.0 . ® L = ®
min, and 206.4 - 3.7 min, corresponding to 93% / 94% |/ 98% savings 100 200 ® flickrak (Ours)
g0 L,  mmn
Flickr8k Distillation < ® ; ngc:g?;; ”
Method # Pairs Time/iter (sec) # iter till best Total (min) N 520
LoRS 100 5.43 850 76.93 200 e
Ours 1.72 200 5.73 (1 93%) o 200
LoRS 200 6.60 1,250 137.50 w{ A 190
Ours 2.39 200 7.97 (1 94%) - ~ — — — —~ —
LORS 527 2,350 20641 Iterations Till Convergence

T bt 4.41 50 3.68 (1. 98%)




Experiments & Results

Empirical Findings

Component ablations
Joint-space K-means data initialization yields the
highest retrieval score over noise, random, image-only,
text-only seeds
Weight-space interpolation outperforms pretrained-
only, fine-tuned-only, and weighted-sum alternatives

Discrepancy modeling is especially important
While agreement-discrepancy are complementary,
discrepancy contributes more strongly than agreement

Data Init.

Model Init.

Multimodal
Distribution
Matching

B

K-means Clustering

Syn. Data Init.  Noise Random Image Text Ours
IR 0.6 18.6 189 186 19.7
TR 0.5 22.6 227 228  24.2
Mean 0.5 20.6 20.8  20.7 21.9

Model Init. Pre-trained Fine-tuned Weighted Sum Ours

IR 5.1 14.3 17.6 19.7
TR 8.4 21.3 21.7 24.2
Mean 6.8 17.8 19.6 21.9

No. 'C'InfoNCE 'C'agr deis IR TR Mean

v

AN

v
v

=

18.81 23.15 20.98
18.82 23.23 21.02
19.22 23.84 21.53
19.73 24.15 21.94




Conclusion

Key Takeaway

Match Distributions, Not Costly Trajectories
MDM replaces expensive trajectory replay with direct multimodal distribution matching in
the joint image-text space

Empirically Better Desigh Choices
Joint-space K-Means gives representative multimodal prototypes for data initialization
Weight-space interpolation reduces source-model bias
Agreement and discrepancy matching together yields the strongest retrieval performance

Better transfer, lower distillation cost
MDM achieves strong image-text retrieval, better cross-architecture generalization, and
dramatically lower distillation cost than trajectory-based baselines
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