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Background:
Dataset distillation (DD) aims to compress a large training set into a

tiny synthetic core set that preserves the performance of training on
the full data. Existing optimization-based DD methods are accurate
but computationally expensive, while distribution-matching (DM)
methods are more efficient but often less accurate. Our goal is to
improve DM-based DD without changing the basic training pipeline.

Current Method Drawback:

e Existing dataset distillation (DM) methods are confined to Euclidean
space, treating samples as i.i.d. points and failing to capture complex
geometric and hierarchical relationships in data.

Our Method:

e We propose Hyperbolic Dataset Distillation (HDD), which performs
distillation in hyperbolic space to naturally model tree-like and
hierarchical structures.
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Figure 1: An example of hierarchical representation in hyperbolic space
using the ‘Cat’ class from the CIFAR-10 Dataset.
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Method Overview
 Embed the dataset into hyperbolic space via exponential mapping,
yielding a hierarchical representation.

e Assign level-dependent weights to samples to reflect their
importance in the global geometry.

e Compute hyperbolic centroids of the original and synthetic datasets
and measure their geodesic distance.

e Use this distance as a loss to update the synthetic data, aligning it
with the class-specific prototypes of the original data.

Figure 2: The framework of hyperbolic dataset distillation.
Method Steps :

1. Hyperbolic Embedding via Exponential Map

Feature vectors v extracted from the encoder are mapped from Euclidean
space into the Lorentz hyperbolic manifold L% using the exponential map at
the origin p,. This enables the model to capture latent hierarchies:

2 = exp,, (v;) = cosh(V=K |[ui])po + sinh(v =K |v;])

where K is the negative curvature.

2. Riemannian Centroid Calculation

Instead of a simple Euclidean average, HDD computes the Riemannian mean
(centroid) for both the real dataset batch (Z"¢%) and the synthetic dataset
(Z°Y™). Due to hyperbolic geometry properties, this centroid is naturally
biased towards samples closer to the origin (prototypes):
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3. Geodesic Distance Minimization (Loss Function)
The distillation objective is to minimize the Lorentzian hyperbolic distance
(geodesic distance) between the centroid of the real data z"¢%! and the
centroid of the synthetic data (z5Y™). This aligns the global geometric

distributions of the two datasets:
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where d; is the hyperbolic distance, and (-,-) ,denotes the Lorentzian inner
product.
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eDatasets

We evaluate HDD on Fashion-MNIST, SVHN, CIFAR-10, CIFAR-100,
TinyImageNet, and the higher-resolution ImageWoof subset of ImageNet (for
hybrid architectures).

eNetwork Architectures

We use the standard Depth-3 ConvNet from DC/DM/IDM as our main backbone.
eImplementation Details

We follow the hyperparameter settings of DM /IDM/Dance, use DSA for
augmentation, train synthetic data with SGD, and tune curvature K, scaling

factor A, and learning rate r per experiment.

Table 1: Comparison of different methods on the FashionMNIST, SVHN, CIFAR 10, and CIFAR100
datasets with IPC =1, 10, and 50.

Method FashionMNIST SVHN CIFARI10 CIFAR100

IPC 1 10 50 1 10 50 1 10 50 1 10 50
Ratio (%) 0.017 0.17 0.83 0.014 0.14 0.7 0.02 0.2 1 0.2 2 10
Random 51.4438 73.84+0.7 825407 146+1.6 3514+41 709409 144420 260+1.2 434+10 42403 146+05 300104
Herding 67.0+£1.9 71.1+£0.7 719408 2094+1.3 505433 72,6408 21.5+1.2 316407 404406 84+03 173+03 33.7+0.5
K-Center 66.94+1.8 54.7+1.5 68.3+08 21.0+1.5 14.04+1.3 20.14+14 21.5+13 147+07 27.0+14 83+03  7.1+£02 305403
Forgetting - - - 121456 16.8+1.2 272415 135415 233+£1.0 233£1.1 45403 151+£02 30.5+04
DC [69] 70.5+0.6 82.3+04 83.6+04 31.24+1.4 76.1+£0.6 823403 283+05 449+05 539+05 128403 252+03 -
DSA [67] 70.6+0.6 84.6+0.3 88.7+03 2754+14 792405 844404 288+07 52.1+05 60.6+£05 139+03 323+03 428404
CAFE [55] 77.1+£09 83.0+:04 84.8+04 426433 759406 81.3+03 303+1.1 463+06 555406 129+03 278+03 37.94+0.3
CAFE+DSA [55] 73.7£0.7 83.0403 88.24+03 429+43.0 77.9+0.6 823404 31.6+0.8 509405 623404 14.0£03 31.5£02 429402
DCC [28] - - - 343+1.6 762408 833+02 340407 544405 642404 146403 335+03 394404
G-VBSM - - - - - - - 46.5+0.7 543+£03 164+0.7 38.7£0.2 457+04
DataDAM [47] - - - - - - 32.04+£1.2 542+08 67.0£04 145405 34.8+05 49.4+0.3
DM 70.7+£0.6  83.44+0.1 88.1+0.6 21.94+04 728403 82.6+03 264+03 485+06 622+05 11.4+03 29703 43.0+£04
DM with HDD 72.14£0.2 84.0+£0.1 88.8+0.4 25.0+02 75.14+0.2 83.0£0.3 28.7£0.2 50.3£0.3 63.2+04 13.3£0.2 30.1£0.1 43.840.2
IDM [70] 774403 824402 845401 653403 81.0+0.1 852403 452405 573403 67.2+0.1 221402 447+03 465404
IDM with HDD  78.54+0.2 83.84+0.2 86.4+03 67.840.2 84.0+0.2 87.6+0.1 47.0+0.1 61.3+0.1 69.7+:0.2 253+0.2 454+0.1 489+03
Whole Dataset 93.5+0.1 95.440.1 84.8+0.1 56.2+0.3

Our method achieves consistent performance improvements
over the mainstream distribution matching methods, DM and
IDM, across all datasets, demonstrating the effectiveness of the
HDD approach.

Table 3: Comparison of different methods on the CIFAR10, CIFAR100, and ImageWoof datasets.

Method CIFAR10 CIFAR100 Image Woof

IPC 1 10 50 1 10 50 1 10
Ratio (%) 0.02 0.2 1 0.2 2 10 0.11 1.10
DATM [21] 46.940.5 668402 76.14£0.3 27.940.2 472404 55.040.2 - -
RDED [53] 235403 502403 68.44+0.1 19.6+0.3 48.1+0.3 57.040.1 18.5£09 40.6+2.0
D*M [50] - 562404 72.8+05 - 45.04+0.1 488403 - -

IID (IDM) [11] 47.14£0.1 599402 69.040.3 24.640.1 457404 51.3404

DSDM [35] 450404 665403 758403 19.540.2 46.240.3 54.040.2

M3D [65] 453403 635402 69.940.5 262403 424402 50.940.7

Dance 472403 702402 76.34+0.1 262402 49.7+0.1 52.8+0.1 27. liO 2 46. 2i0 2
Dance with HDD 46.840.3 70.8+£0.2 77.1+£0.2 27.740.3 50.24£0.2 53.940.1 27.6+£0.2 46.6+0.1
Whole Dataset 84.840.1 56.2+0.3 67.0£1.3

On the distribution-matching-based hybrid architecture, our
method can still benefit the base method and achieve
performance gains.
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: Sample points of the original dataset. : Sample points of the synthetic dataset. * :The centroids of the original dataset and the synthetic dataset coincide.

Figure 3: The distributions of the original and synthetic datasets in the
Poincaré hyperbolic space are visualized.

The original CIFAR-10 data and the HDD-distilled synthetic set
have almost perfectly aligned centroids on the Poincaré ball, and
the sparse synthetic distribution still roughly follows the original
(denser where the original is dense, sparser where it is sparse).
Compared to the original data, which shows strong edge
accumulation, the synthetic samples are more concentrated
toward the root (center), revealing a clear root-centric bias.
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Distribution Matching (DM) [68] 1s the first to use maximum mean discrepancy to optimize Table 7: Hyperparameter details of DM with HDD and IDM with HDD.
synthetic data to match the distribution of the original data. 5 pc DM with HDD IDM with HDD |
ataset I
Improved Distribution Matching (IDM) [Iﬂ]] enhances DM by addressing feature imbalance -1/K X r —-1/K X r | Table 8: Hyperparameter details of Dance with HDD.
through Partitioning and Expansion augmentation, and correcting invalid MMD estimation using | ,
: S . e . . 1 1 20 1 2 40 0.5 , DM with HDD
enriched semi-trained model embeddings and class-aware distribution regularization, resulting in . Dataset IPC
. . FashionMNIST 10 1 40 1 2 60 1 |
more accurate feature alignment and improved performance. 50 1 60 1 ’ R0 02 | ~1/K A\ r
Dual-view distribution AligNment for dataset CondEnsation (DANCE) [64] introduces a dual- 1 1 10 1 2 120 05 : 1 1.8 20  0.02
view approach to dataset condensation by leveraging expert models: it performs pseudo long-term SVHN 10 1 50 1 0 120 1 I CIFAR-10 10 0.2 40 072
distribution alignment via a convex combination of initialized and trained models to align inner-class 50 1 100 1 o) 120 0.2 | 50 2 60 O. 5
distributions without persistent training, and applies distribution calibration using expert models to | :
. ) RO : : 1 1 1 | 3 80 0.5 |
mitigate inter-class distribution shift and preserve class boundaries. 1 2 40  0.02
CIFAR 10 10 1 20 1 3 100 1 '
50 ) 0 1 3 120 0.2 | CIFAR-100 10 1.5 80 0.1
' ' 50 2 120 0.5
1 1 10 1 2 60 0.5 : " Y 100 01
CIFAR 100 10 2 100 1 2 80 0.2 : :
50 2 120 1 2 100 06 | tmageWoof 15 05 120 0.1
4~ 1 - - -2 80 0.5 |
E ; TinyImageNet 10 - - - 2 100 0.5
= 50 - - : 2 120 0.6
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