
On the distribution-matching-based hybrid architecture, our 
method can still benefit the base method and achieve 
performance gains.

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.

Hyperbolic Dataset Distillation

Introduction

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.

Figure 2: The framework of hyperbolic dataset distillation. 
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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 𝐿𝐾

𝑛 using the exponential map at 
the origin 𝑝0. This enables the model to capture latent hierarchies:

,

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 (𝑍𝑟𝑒𝑎𝑙) and the synthetic dataset 
(𝑍𝑠𝑦𝑛). Due to hyperbolic geometry properties, this centroid is naturally 
biased towards samples closer to the origin (prototypes):

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 𝑧𝑟𝑒𝑎𝑙 and the 
centroid of the synthetic data (𝑧𝑠𝑦𝑛). This aligns the global geometric 
distributions of the two datasets:

where 𝑑𝐿 is the hyperbolic distance, and ⋅,⋅ ℒdenotes the Lorentzian inner 
product.

Figure 3: The distributions of the original and synthetic datasets in the 

Poincaré hyperbolic space are visualized.

Current Method Drawback:
• 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:
• We propose Hyperbolic Dataset Distillation (HDD), which performs 
distillation in hyperbolic space to naturally model tree-like and 
hierarchical structures.

Method
Method Overview
• Embed the dataset into hyperbolic space via exponential mapping, 
yielding a hierarchical representation.

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

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

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

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.

•Datasets
We evaluate HDD on Fashion-MNIST, SVHN, CIFAR-10, CIFAR-100, 
TinyImageNet, and the higher-resolution ImageWoof subset of ImageNet (for 
hybrid architectures).
•Network Architectures
We use the standard Depth-3 ConvNet from DC/DM/IDM as our main backbone.
•Implementation 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 λ, and learning rate 𝑟 per experiment.

Figure 1: An example of hierarchical representation in hyperbolic space 

using the ‘Cat' class from the CIFAR-10 Dataset. 
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