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Introduction and Motivation
1. What is the Problem?

○ Generalized Category Discovery (GCD): Identify and cluster both known and novel classes in a target domain.
○ Existing GCD methods assume access to the target domain during training, which is impractical for real-world 

scenarios.
○ Domain Generalization (DG): Train a model on a source domain to generalize to unseen domains.

2. Challenges
○ Distribution shifts between the source and target domains (e.g., summer roads vs. snowy streets).
○ Need to identify novel classes in the target domain while also recognizing known classes.
○ Target data is unavailable during training.

  3.      Limitations : Euclidean geometry fails to capture semantic hierarchies effectively.
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Limitations of Prior Work (DG²CD-Net):

➢ First to address the DG-GCD problem, but suffers from:
• High computational cost
• Inefficient feature space geometry (Euclidean space)

Key Insight:

➢ Euclidean space struggles to capture semantic hierarchies in visual data.
➢ Hyperbolic geometry offers a natural way to model hierarchical relationships.

Our Proposal — HIDISC:

➢ A hyperbolic-domain framework for DG-GCD.
➢ Achieves better cross-domain alignment and inter-class separation.
➢ Eliminates need for expensive episodic simulation.
➢ It is designed to answer the central question: 

Can hyperbolic geometry provide a unified foundation for solving DG-GCD,
addressing both distribution shift and novel-class discovery?
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Hyperbolic Geometry

❖ Euclidean (or spherical) spaces, which are commonly used in deep learning, struggle to effectively model 
the natural hierarchical relationships found in visual data

❖ Hyperbolic geometry is a non-Euclidean space defined by constant negative curvature. Its most important 
property is that volume grows exponentially with distance from the origin, unlike the polynomial growth 
in Euclidean space

❖ This exponential capacity is highly beneficial for the DG-GCD problem because it naturally:

➢ Increases separation between different class clusters while keeping same-class samples tightly 
grouped, even across domains.

➢ Encourages better cross-domain semantic alignment, as it can represent shared high-level concepts 
more efficiently.

❖ In our work, we leverage the Poincaré Ball model , a computationally efficient and popular representation of 
hyperbolic space that is ideal for visualization and learning embeddings
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Hyperbolic Geometry

“Learning in Hyperbolic Spaces”

Major Difference b/w 
Euclidean and Hyperbolic 
space:

Curvature - measure of 
how much a surface 
or space deviates from 
being flat.
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Source: https://www.clearhat.org/post/yes-hyperbolic-geometry-does-describe-inside-sphere
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Why chose the Poincaré Ball Model ?

Poincaré geometry grows exponentially with radius 

Key Advantages:

➢ Hierarchical representation: Small radial moves = large semantic jumps.
➢ Conformal mapping: Preserves local angles → maintains local feature relationships.
➢ Compact embeddings: Represents complex hierarchies in low dimensions.
➢ Efficient distance computation: Closed-form formula enables fast learning.

In the Poincaré ball,

➢ the center holds general classes,
➢ the boundary holds specific ones.
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Poincaré Ball Geometry
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Motivation for Hyperbolic in DG
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Models Compared

● Euclidean-Net: A shallow MLP operating in 
Euclidean space.

● Hyperbolic-Net: A shallow MLP operating in 
Hyperbolic space.

● Fair Comparison: Both models have identical 
capacity with 1.12M trainable parameters.

Training Protocol

● Training: Both models are trained from 
scratch.

● Loss Function: Standard Cross-Entropy 
Loss.

● Schedule: Unified for both models:
○ Epochs: 100
○ Batch Size: 128
○ Learning Rate: 1×10−3
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Motivation for Hyperbolic in DG
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Visualization on Hyperbolic Geometry

● Models hierarchies and semantic similarity better.
● Improves inter-class separation and intra-class 

compactness.
● Ideal for open-world generalization.
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Busemann Learning with Ideal Prototypes
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HiDISC Overview
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A quick peek at Synthetic Domains

13



IIT Bombay     

Loss Objectives

Loss Functions
To achieve the objective, three key loss components are used:

1. Penalized Busemann Loss

● aligns seen-class features to boundary prototypes.

2. Hybrid Hyperbolic Contrastive Loss 

● geodesic + angular similarity.

3. Adaptive Outlier Loss

● repels synthetic samples from known class regions.
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Dataset Details

We evaluate HiDISC on three benchmark datasets commonly used for Domain Generalization (DG) and Generalized 
Category Discovery (GCD):

Dataset Domains Samples Classes

PACS Art, Cartoon, 
Photo, Sketch

9991 7

Office Home Art, Clipart, 
Product, Real 
World

15588 65

Domain Net Clipart, Infograph, 
Painting, 
Quickdraw, Real 
World, Sketch

586575 345
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Dataset Details

Class Distribution

● Known-to-Novel Class Ratios:
○ PACS: 4 : 3
○ Office-Home: 40 : 25
○ Domain Net: 250 : 95

Synthetic Domain Generation

● For each dataset, 6 synthetic domains were generated:
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Results
Evaluation Metrics

1. All: Overall clustering accuracy across both known and novel classes.
2. Old: Accuracy for known classes in the target domain.
3. New: Accuracy for novel classes discovered in the target domain.
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Ablation Studies and Analysis
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Computational Efficiency
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Few More Ablation Studies
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Few More Ablation Studies
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Visualization of Tangent Cut-Mix Samples
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Varying the number of Source and Target Domains
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Hyper-parameter Sensitivity Analysis
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Poincare ball and Lorentz models

29



IIT Bombay     

Detailed Results 
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Detailed Results 
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Detailed Results 
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Summary:

● HIDISC: The first hyperbolic geometry-based framework for Domain Generalization with 

Generalized Category Discovery (DG-GCD).

Hyperbolic space naturally encodes hierarchies and semantic structures, improving:

● Cross-domain alignment
● Separation between known and novel categories

Achieves this with only 2 synthetic domains per image and 96× less compute than DG2CD-Net.

Key Contributions

● Tangent CutMix: First curvature-aware interpolation for open-set GCD.
● Unified hyperbolic loss: Combines Busemann alignment, hybrid contrastive loss, and adaptive outlier 

repulsion.
● Learnable curvature: Adapts model geometry to data complexity dynamically.
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