KAIST

Korea Advanced Institute of
Science andTechnology

Research Institute

Introduction

« Demand for multimodal datasets for efficient training of

VLMSs is growing!

 Existing vision-language dataset distillations preserve

cross-correlation structure,

yet

and does not consider the hierarchy in text

-> RAHA: hierarchical structure + relative similarity order

Transition to Hyperbolic Space:

Euclidean space

fine pairs face each other; generic pair sits between them

image

fine: yellow dog

1 T

generic: dog

fine: brown dog

= | |

Flat geometry mixes all directions
each pair uses one direct contrastive link

[ ] image embedding

/ What must data \

compression preserve?

text embedding

- A distilled image-text set is useful
only if a model trained on it learns
the same bidirectional ranking
behavior as from real data. This
makes the
core information capacity to
preserve, beyond visual
appearance alone.

more
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Lorentz model

/How should text hierarch

\on a hyperboloid is beneficial/

/ Where should alighment \

Wile regulating weaker residual variatioy

the origin

Hyperbolic space

generic pair at nadir; fine pairs higher on opposite flanks

image flank
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fine: brown dog
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Match Hyperbolically
Aligned Distributions

cross-covariance split

«===s dominant range
residual

1 T

generic: dog

Hierarchy separates generic from fine pairs
range/residual still come from image-text cross-covariance

be retained?

- Since captions move from
generic categories to fine
attributes and relations, a

geometry that keeps
, and

capacity be spent?

- Previous study has shown that
are concentrated in
structure. In RAHA, we
separates range and residual subspaces,
matching dominant shared semantics

Advantages of hyperbolic embeddings
Can map more generic data closer to the origin,

data away from the origin,

Conceptually,
[distance fronﬂ " [ uncertainty of inputs from J

inherent noisy image-text pairs
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Proposed Method: RAHA
& Match Hyperbolically Aligned Distributions!

Distillation Process

Initialization Evaluation
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A snowboarder jumps
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@ Rank-aware hyperbolic formulation for vision-language dataset distillation

@ Range-residual subspace-decomposition for cross-modal relevance distillation with optimal transport
(3 Comprehensive evaluation on retrieval, cross-arch. transfer, robustness, prompted classification

Qualitative Comparison

two people in rafting gear
standing on a dry , rocky
riverbank , pointing at the a surfer jJumps a wave as o u rs
river paddles to the wave
two people in rafting gear
standing on a dry , rocky
a little girl touches the face riverbank , pointing at the a surfer rides a medium sized
of an adult woman river wave

Baseline

eight people are standing on a acl is ju o
hill above the clouds platform into a po

a black dog plays with a toy
on the grass

the large beige dog is runnin
through the grass

a brown and white dog runs
through the green grass

Initial Sample

*Note the artifacts!
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