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Introduction and Motivation £ MR

1.  What is the Problem?
o  Generalized Category Discovery (GCD): Identify and cluster both known and novel classes in a target domain.
o  Existing GCD methods assume access to the target domain during training, which is impractical for real-world
scenarios.
o  Domain Generalization (DG): Train a model on a source domain to generalize to unseen domains.
2. Challenges
o  Distribution shifts between the source and target domains (e.g., summer roads vs. snowy streets).
o  Need to identify novel classes in the target domain while also recognizing known classes.
o  Target data is unavailable during training.

3.  Limitations : Euclidean geometry fails to capture semantic hierarchies effectively.
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) Introduction and Motivation %ﬁéﬁ%éééswsﬁ%

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:

> Ahyperbolic-domain framework for DG-GCD.

> Achieves better cross-domain alignment and inter-class separation.
> Eliminates need for expensive episodic simulation.

> Itis 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 G R

< 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 G R

“Learning in Hyperbolic Spaces”

Euclidean geometry Hyperbolic geometry

qu(?r Difference b/w . zero curvature negative curvature
Euclidean and Hyperbolic
space: i ?
P o=
Curvature - measure of .

how much a surface

or space deviates from /\
being flat. >=180°

Euclidean plane

IIT Bombay


https://www.clearhat.org/post/yes-hyperbolic-geometry-does-describe-inside-sphere

Why chose the Poincaré Ball Model ? ;R

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 ?;3;?2.‘585%5%?2%’#232

2:

Definition. The n-dimensional Poincaré ball'of curvature —c

D?={xeR":c|x|* <1}, Ix]| = VxTx.

Maobius Addition. For a,b € D7:

_ (1+2¢(a,b) +c|b]|*)a+ (1 — clla]|*)b

a8 b 1+2c(a, b) + 2]

Geodesic Distance.

Dg(a, b) = % tanh~}(v/c||—a @, b]|).

Exponential / Logarithmic Maps (at Origin).

expg(u) = tanh(ﬁllﬂll)m, log§(x) = tanh ™ (v/c|Ix|))

X

Vellx||®

Euclidean Limit. As ¢ — 0:
Du(a, b)—2||a— b||, exp§(u)—u, adcb—a+b.

[1] Maximillian Nickel and Douwe Kiela. Poincaré embeddings for learning hierarchical representations. Advances in neural information processing systems, 30, 2017.
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Motivation for Hyperbolic in DG £ e

Models Compared

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

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

e Fair Comparison: Both models have identical

capacity with 1.12M trainable parameters.
Table 11: Average test accuracy (%) when training on one source domain and testing on three held-out

domains.
Dataset EuclideanNet HyperbolicNet Relative Gain
Office Home 1.96 6.17 +214.79%
. . Domain Net 0.28 0.96 +242.85 %
e  Training: Both models are trained from
scratch.
e Loss Function: Standard Cross-Entropy
Loss.

e  Schedule: Unified for both models:
o Epochs: 100
o  Batch Size: 128
o  Learning Rate: 1x10-3
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Euclidean (K = 0):

Spherical (K = +1/R?):

Hyperbolic (K = —1/R?):

and in each case V'(r)
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Visualization on Hyperbolic Geometry s
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L ra Tk \“ A Cross-domain, e
E @ vy semantic alignment @
W e |/
\ : A : 2./
4 / i g
/ ¥ oo ? N
I 01 \ 91 >0,
Models hierarchies and semantic similarity better. \ / /D Photo )&
Improves inter-class separation and intra-class \ dowain | KA
/ DArt-pamlm 2
compactness. D " /= domain | X
e |deal for open-world generalization. S
- . nifold
Spherical Manifold

(Poincaré Disk)

Figure 1: Spherical vs. hyperbolic (Poincaré)
embeddings on PACS. Same-class samples
from different domains (green/red) cluster more
tightly in hyperbolic space, demonstrating im-
proved class separation. Refer to Sup. Mat. for
quantitative analysis.
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Busemann Learning with Ideal Prototypes g

Learnt Clusters
for each class

10 OJe @ (S N

Computing Class
Prototypes

Poincare Ball

Figure: Class cluster in Poincare ball [1] after training. Ideal Prototypes[2] are put on boundary of the ball.

[1] Maximillian Nickel and Douwe Kiela. Poincaré embeddings for learning hierarchical representations. Advances in neural information processing systems, 30, 2017
[2] Mina Ghadimi Atigh, Martin Keller-Ressel, and Pascal Mettes. Hyperbolic busemann learning with ideal prototypes. Advances in neural information processing systems, 34:103-115, 2021.
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HiDISC Overview ;yssgée;s'mmﬁa:
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Figure 2: Illustration of the HIDISC pipeline for DG-GCD in hyperbolic space. The model is
trained using labeled source data Dg (green borders) and 1-2 GPT-guided synthetic domains Dsyn,

Dgyn (orange borders) to simulate domain shift. Features from the shared encoder are projected to the

Poincaré ball via expg. To mimic novel categories, Tangent CutMix performs interpolation in the
tangent space and maps the result zy,ix back to hyperbolic space. The embedding space is structured
via: (i) penalized Busemann loss Lg, for aligning seen classes to boundary-fixed prototypes; (ii)
hybrid contrastive loss £,, for clustering and separability; and (iii) adaptive outlier loss Ly to repel
pseudo-novel points. Together, these shape a curvature-aware space for generalization and discovery.
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Loss Objectives £, s

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

2
1. Penalized Busemann Loss Lpuse = log (” |I|)Zy1”2 ) + plog(1 — [lil1?),
2

e aligns seen-class features to boundary prototypes.

Z exp(6(2; , 20)/7)

2. Hybrid Hyperbolic Contrastive Loss #Z exp(6(2, 2;)/7)

'LGB
e geodesic + angular similarity. 5(.,.) = aq- [-Du(.,.)]+(1 — aq) - cos(.,.),
[dis Te™g
3. Adaptive Outlier Loss . ) e
Eout — E Z maX(O, 7Y — min DH(zrx;i?xa pk))7
. . ($7y)NP(Dumn) keys
e repels synthetic samples from known class regions. ,3,Yi #Y;
Lot = A1 LBuse  +A2 Ly +A3 Low , Where Ay +Xo+A3 =1
v v

Semantic alignment Contrastive regularization Outlier repulsion
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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, 9991 7
Photo, Sketch

Office Home Art, Clipart, 15588 65
Product, Real
World

Domain Net Clipart, Infograph, | 586575 345
Painting,
Quickdraw, Real
World, Sketch
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Dataset Details £ R

Class Distribution

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

Synthetic Domain Generation

e For each dataset, 6 synthetic domains were generated:
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S 581 rabos | ~ 70/
> 5600 5505 00 S
%? 56 — mm - %? 60
sl ;
Q
< 52F i 2 50
50 [ | ‘ 40 | | | | 1
0 1 Combination 0 1 2 3 4 5 6
Qg Number of Synthetic Domains

Figure 3: (Left) Effect of a; in hybrid contrastive loss. A balanced combination of angular and
geodesic components achieves the highest accuracy. (Right) Impact of synthetic domains on old
and new category performance. While old-class accuracy increases due to augmented seen data,
new-class performance slowly degrades with more synthetic domains, as they cause seen-class bias.
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Evaluation Metrics

1. All: Overall clustering accuracy across both known and novel classes.
2. Old: Accuracy for known classes in the target domain.
New: Accuracy for novel classes discovered in the target domain.

Classes
Giraffe
House
Guitar
Horse
Person
Elephant
Dog

Hyp-GCD Hyp-SelfEx Hyp-DG>CD-Net HiDISC(Ours)

Figure 4: Poincaré-disk UMAP [56] embeddings of the target domain (“Photo") clusters, as
produced by Hyp-GCD [22], Hyp-SelfEx [22], Hyp-DG?CD-Net, and HIDISC(Ours) for the PACS
dataset, with “Sketch" as the source. HIDISC produces a visually clean and compact embedding
space, supported by silhouette scores [57] (¢ [—1.1], 1), indicating improved cluster compactness
and separation: (Hyp-GCD: -0.52, Hyp-SelfEx: -0.42, Hyp -DG?CD-Net: -0.29, HIDi1scC: -0.14)
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Table 1: Comparison of clustering accuracy (%) for known (Old), novel (New), and overall (All) if PROCESSING SYSTEMS
categories across PACS, Office-Home, and DomainNet. It can be seen that HIDISC beats other "
synthetic domain augmentation based baselines using significantly less number of synthetic domains

(from 6/9 to 2). (Bold : best , underline : second best).

Method Venue PACS Office-Home DomainNet Avg.

All Old New All Old New All Old New All Old New

ViT |54] ICLR’21 41.98 5091 33.16 26.17 29.13 21.62 25.35 26.48 22.41 31.17 35.51 25.73
GCD [15] CVPR’22  52.28 62.20 38.39 52.71 54.19 50.29 27.41 27.88 26.13 44.13 48.09 38.27
SimGCD [25] ICCV’23 34.55 38.64 30.51 36.32 49.48 13.55 284 2.16 3.75 24.57 30.09 15.94
CMS [26] CVPR’24 2895 28.13 36.80 10.02 9.66 10.53 233 240 2.17 13.77 13.40 16.50
SelfEx [58] ECCV’24 71.82 73.37 7155 50.18 48.59 52.16 2478 2499 2421 4893 4898 49.31
CDAD-Net [18] CVPR-W’24 69.15 6940 68.83 53.69 57.07 47.32 24.12 23.99 24.35 4899 50.15 46.83
GCD+ 6 Synth CVPR’22 6533 67.10 6442 5050 51.48 4896 24.71 2480 2194 46.85 47.78 45.11
SimGCD+ 6 Synth ICCV’23 39.76 43.76 35.97 35.57 48.58 12.89 2.71 1.99 4.14 26.01 31.44 17.67
CMS+ 6 Synth CVPR’24 28.01 26.71 29.04 12.09 1266 11.13 322 328 3.03 1444 1422 14.40
CDAD+ 6 Synth CVPR-W’24 60.76 61.67 59.49 5349 5690 47.76 23.85 23.88 2426 46.03 4747 43.84
Hyp-GCD [22] CVPR’25 6533 67.11 6442 50.13 49.36 48.08 22.88 23.74 25.89 46.12 46.74 46.13
Hyp-SelfEx [58] ECCV’24 7244 7470 7120 5291 52.65 5296 29.30 3045 2637 5155 52.60 50.18
DG2CD-Net [1] (9 Synth) CVPR’25 73.30 75.28 72.56 53.86 53.37 54.33 29.01 30.38 25.46 52.06 53.01 50.78
Hyp-DGzCD-Net "9 Synth) CVPR’25 74.07 74.40 73.95 49.40 50.29 48.03 2231 21.52 2429 4859 48.74 48.76
HIDISC (Ours) (2 Synth) = 75.07 75.54 74.52 56.78 59.23 53.21 30.51 31.40 28.41 54.12 55.39 52.05
A -~ +1.00 +0.26 +0.57 +2.92 +2.16 -1.12 +1.21 +095 +2.04 +2.06 +2.38 +1.27
CDAD-Net (DA) [UB] CVPR-W’24 83.25 87.58 77.35 67.55 7242 63.44 7028 7646 65.19 73.69 78.82 68.66
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Ablation Studies and Analysis L R

Table 3: Impact of loss components of HIDISC  Table 4: Performance metrics demonstrating the

on Office-Home influence of key model components of HIDISC
Config. Lo Ly Lo A“Ofﬁc((;-ll(-llomeN for Office-Home.
ew . Office-Home
- Model Variant ATl Old N

Vanilla X X X 2617 29.13 21.62 oW

Lnse v X X 56.32 59.74 50.32 - With manual augmentations based Dy, 50.80 51.75 49.15

Ellfmp X F X 50.95 4933 53.06 - Without synthetic domain 56.07 59.29 50.67

e - Fixed curvature (¢=0.01, close to Euclidean) 56.23 58.65 52.68

EB“S"+£hWP v v X 56.29  60.36  50.41 - Fixed curvature (¢=0.03) 55.67 57.39 52.69

Lguse+Lout v X v/ 5104 5151 5029 - Cut-Mix (In Euclidean Space) 5346 54.86 51.06

Full HIDISC v v v  56.78 59.23 53.21 - Full HIDISC 56,78 59.23 53.21
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Table 2: Estimated number of clusters. Correct
estimates are in green, small errors in orange, and
large deviations in red.

Method PACS Office-Home DomainNet
Ground Truth 7 65 345
DG2CD-Net 7 67 355
CDAD-Net (DG) 12 60 362
CDAD-Net (DA) T 66 349
HIDISC (Ours) 7 66 351
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Table 5: Ablation on hyperbolic embedding parameters. (Left) Effect of slope coefficient ¢ in the
penalized Busemann loss. Lower ¢ concentrates embeddings near the boundary, improving seen-class
accuracy but reducing generalization. (Right) Effect of ¢ radius constraint before exponential
mapping. Radius = 1.5 yields the best trade-off between known and novel categories.

Slope ¢ | All | Old | New
0.10 | 58.84 | 65.77 47.07
0.75 | 56.78 | 59.23 53.21
090 | 57.76 | 62.82 49.18

IIT Bombay

Radius | All Old ‘ New
1.5 56.78 | 59.23 53.21
1.0 3733 | 61.14 51.76
25 57.31 | 60.96 52.04
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Computational Efficiency L, e

Figure 4: Computational efficiency of

Total Training FLOPs vs Accuracy

o, | HDISC HIDISC. Hyp-Busemann requires only 16.53
PFLOPs over 50 epochs with a batch size of

52} PG CoNet 128 x 2, representing a ~ 2x reduction com-
9:;50_ * HIDISC pared to GCD (33.06 PFLOPs), ~ 12X vs.
0 z R GCD+Synthetic (198.36 PFLOPs), and nearly
g 8 B DGCDNet ~ 96x vs. DG*CD-Net (1,586 PFLOPs). De-
< AECO+Synthetic spite this efficiency, Hyp-Busemann maintains
o superior accuracy without relying on episodic-
wml@® training loops, simplifying the overall training

0 250 500 750 1000 1250 1500 plpellne

PFLOPs
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Few More Ablation Studies

Prototypes / Class  All Old  New

O .'.\.‘
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Table 12: Impact of hyperbolic curvature ¢ on performance.

I 5678 5923 5321 Curvature ¢ | All (%) | Old (%) | New (%)
2 5440 57.85 48.68
i s 595 5027 0.01 56.23 58.65 52.68
Table 13: Prototype count analysis 0.03 55.67 57.39 52.69
0.05 56.01 98.19 52.78
We find that performance peaks at P = 1, suggesting that one discriminative prototype per class is 0.10 36,27 58.52 3297

sufficient in the hyperbolic space. Larger values of P did not improve generalization and sometimes
hurt it, possibly due to overfitting or prototype redundancy.

(=2
o

45.0945.84

S
2 43.83 ; II A]l
> 40 39.0139.9 o,
g oo
5 [0 New
2 20

0

82 64 128 256 512
Dimension

Figure 5: Ablation study on embedding dimension on the Office-Home dataset. Lower dimensions
(32, 64, 128) perform better than larger ones (256, 512), suggesting that compact embeddings are

beneficial for generalization.
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Few More Ablation Studies :};}:;ssgsé;s'm?swsﬁaz

Table 10: Performance comparison on the PACS dataset between HIDISC and DG>CD-Net with 2
and 6 synthetic domains.

Model Variant All Old New

HIDISC (2 Synthetic Domains) 75.07 75.54 7452
DG?CD-Net (2 Synthetic Domains) 66.86 69.11  63.75
HIDISC (6 Synthetic Domains) 74.00 75.64 71.95
DG?CD-Net (6 Synthetic Domains) 73.30 75.28 72.56

: Office-Home Table 6: Ablation on the maximum angular weight o;'** for the Office-Home dataset. We report
SplltS (Old-New) All Old New overall accuracy (All), seen-class accuracy (Old), and riiovel-class accuracy (New).
40 - 25 5678 59.23 53.21 ag™ | Allch) OH(Z) Newl)
30-35 5531 58.87 5247 U | dE2 Bl T
0.50 | 5523 56.31 53.61
25-40 5476 5795 52.84 075 | 5605 5881 500
55-10 57.85 59.63 48.46 100 | 5678 5923 5321
50-15 57.13 5823 53.59

Table 7: Sensitivity on different 01d-New class splits.

IIT Bombay




. original
- Tangent CutMix

« Original
= Tangent CutMix

Domain : Sketch

Domain : Photo

Poincaré Disk with Tangent CutMix

. = Original
" = Tangent CutMix

Poincaré Disk with Tangent CutMix

) «  Original
., = Tangent CutMix

Domain : Cartoon

Figure 3: UMAP-projected Poincaré-disk embeddings of original and Tangent CutMix 1

Domain : Art Painting

NEURAL INFORMATION
, PROCESSING SYSTEMS

on PACS. We first embed features into the Poincaré ball and then apply UMAP to project onto
2D for visualization. Each subplot corresponds to one PACS domain (Sketch, Photo, Cartoon, Art
Painting), showing four seen-class prototypes (solid circles) and their Tangent CutMix augmentations
(cross markers). Grey lines link each synthetic point back to its original partners, highlighting
curvature-aware mixing in the tangent space at the origin.
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Varying the number of Source and Target Domains ?;.;:;B‘ESEQSLS'.'L?%TE‘SE

Training Domains Method AllT Oldt New?T
Art DG’CD-Net 5447 53.65 55.54

HIDISC 54.33 54015 5353
Art + Clipart DG’CD-Net 66.67 65.78 67.99

HIDISC 67.34 70.78 62.02

Art + Clipart + Product DG°CD-Net 66.83 66.89  66.75
HIDISC 69.86 79.17 5424

Table 16: Ablation varying the number of source and target domains (Office-Home). HIDISC
consistently matches or exceeds DG>CD-Net across all scenarios.
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Hyper-parameter Sensitivity Analysis Ly RIS

Table 17: Ablation study on the loss term weights (A1, A2, A3) on the OfficeHome dataset. Our default
configuration (Config 1) provides the best balance and overall accuracy.

Loss Weights Accuracy (%)
Configuration )\ Ao A3 Avg. (All) Avg. (Old) Avg. (New)
Config 1 (ours) 0.60 0.25 0.15 56.78 59.23 53.21
Config 2 015 060 025 52.12 53.33 30.07
Config 3 025 0.15 060 51.37 3217 50.01
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' Poincare ball and Lorentz models ?g}:;ssgéeggm?sma:

Model All Old New
Poincaré Ball 56.78 59.23 53.21
Lorentz 5428 56.01 5141

Table 15: Comparison of Poincaré ball and Lorentz models in the DG-GCD setting on Office-Home.
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Detailed Results

PACS
Methods Art Painting — Sketch | Art Painting — Cartoon | Art Painting — Photo | Photo — Art Painting Photo — Cartoon Photo — Sketch
All 01d New | All 01d New | All 0ld New | All 01d New All 01d New All 01d New
ViT 13] 3744 5073 195 | 474 613 3525 | 76.05 87.13 64.64 | 53.17 77.31 31.67 | 47.01 5554 39.57 | 31.87 37.57 24.16
GCD [12] 3202 4153 19.12 | 4678 60.35 2857 | 79.16 9945 4873 | 7473 80.26 67.31 | 57.53 6046 53.6 | 46.23 48.56 43.08
SimGCD [16] 2035 173 62.12 | 23.08 2826 1632 | 51.98 7444 3326 | 46.29 4896 43.17 | 3426 4491 20.35 | 24.84 31.88 568
CDAD-Net |17 46.02 4595 4621 | 51.71 5343 4946 | 99.04 99.21 989 | 76.61 7697 76.19 | 56.78 56.67 56.93 | 46.65 46.15 48.01
GCD With Synthetic 4578 3671 58.01 | 54.84 7347 3857 826 6629 9939 | 79 86.84 72.02 | 53.56 67.93 41.01 | 44.18 4778 39.32
CDAD-Net with Synthetic 43.09 4253 446 | 49.45 59.31 36.58 | 99.16 99.21 99.12 | 65.38 62.83 68.36 | 42.92 41.97 44.15 | 41.51 4379 3532
Hyp-GCD [11 4578 3671 58.01 | 54.84 7347 3857 826 6629 9939 | 79 86.84 72.02 | 53.56 67.93 41.01 | 44.18 4778 39.32
Hyp-SelfEx [18] 4503 36.57 5645 | 62.33 71.28 5452 | 98.37 98.17 98.57 | 88.21 91.38 85.38 | 59.26 72.19 4796 | 39.24 3724 41.94
Hyp-SimGCD 2283 333 7588 | 27.78 3239 2177 | 5739 72.03 452 | 4457 63.14 22.88 | 35.09 43.11 2463 | 23.82 1299 53.31
Hyp-DG>CD-Net [2] 4679 4375 5126 | 63.65 61.78  65.65 | 99.61 99.6 99.63 | 89.87 93.25 85.79 | 57.36 60.41 54.1 | 46.58 4332 51.35
DG2CD-Net 4679 38.13 5849 | 57.96 7338 4448 | 99.34 99.7 9897 | 86.67 91.87 82.04 | 6297 71.18 558 | 4572 36.53 58.13
HIDISC(Ours) 4899 4343 57.16 | 6229 59.79 6495 [ 99.19 99 9948 | 90.7 93.61 87.19 | 61.84 60.04 63.76 | 4656 4392 50.44
Methods Sketch — Art Painting Sketch — Cartoon Sketch — Photo Cartoon — Art Painting Cartoon — Sketch Cartoon — Photo
All 0ld New A1l 0ld New All 0ld New All 0ld New All 0ld New All 01d New

ViT [13] 2393 2653 21.61 | 40.61 5892 2462 | 3329 33.88 32.69 | 38.09 4736  29.82 | 33.57 3567 30.74 | 41.38 39.08 43.74
GCD [12] 3325 39.09 2543 | 4089 48.14 31.17 | 46.86 59.28 28.22 | 58.15 7852  30.86 36 4483 24.04 | 7575 85.88 60.55
SimGCD [16] 21.19 3191 867 | 23.17 3677 54 |3422 2746 408 | 3838 4207 3407 | 34.84 3394 3731 |53.05 4585 59.06
CDAD-Net [17] 87.99 8432 9228 | 51.88 51.77 52.02 | 99.04 99.21 989 | 73.05 76.88  68.57 | 41.84 4271 3949 | 9922 9947 99.01
GCD With Synthetic 82.15 85.13 795 443 4822 4089 | 9949 99.76 99.21 | 63.01 63.73 6237 | 35.66 29.95 4336 | 99.43 99.47 99.39
CDAD-Net with Synthetic 61.91 69.45 53.12 | 4859 53.13 42.67 | 68.44 635 7256 | 67.24 6528  69.52 | 42.05 39.61 4867 | 99.34 9947 99.23
Hyp-GCD [11] 82.15 85.13 795 443 4822 4089 | 9949 99.76 99.21 | 63.01 63.73 6237 | 35.66 29.95 4336 | 9943 99.47 99.39
Hyp-SelfEx |18] 88.77 94.03 84.09 | 57.11 73.52 4276 | 98.16 97.82 98.51 | 89.11 89.1 89.12 | 4531 37.02 56.51 | 98.34 98.06 98.64
Hyp-SimGCD 2282 2277 2287 | 3226 4548 15 |[27.68 779 44.25 | 2362 3579 9.4 30.11 3222 2438 | 339 2376 4235
Hyp-DG*CD-Net |2 89.6 9263 8595 | 5747 6091 5379 | 99.28 99.15 99.48 | 93.26 95.89 90.1 46.08 4294 50.69 | 99.34 99.5 99.11
DG>CD-Net 88.75 9352 8449 | 5676 72.14 4333 | 99.13 987 99.57 | 90.77 93.37 88.46 49.2 4318 57.33 | 9557 91.62 99.64
HIDISC(Ours) 92.36 9459 89.67 | 657 6839 6283 | 9874 99.05 98.29 | 8857 92.14 84.28 | 47.07 53.12 3819 | 98.86 99.45 97.99

Table 13: Detailed comparison of our proposed HIDISC on DG-GCD with respect to referred
literature for PACS Dataset.
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Detailed Results £ R

Office-Home

Methods Art — Clipart Art — Product Art — Real World Clipart — Art Clipart — Real World Clipart — Product

All 0ld New All 01d New All 01d New All 0ld New All 01d New All 0ld New
ViT [13] 18.88 20.86 15.79 | 30.34 3542 21.83 | 29.52 3276 24.85| 1496 156 14.12| 1859 20.12 164 | 30.39 3251 26.84
GCD |12 31.65 32.11 3093 | 63.18 6435 61.22 | 63.85 66.56 59.96 | 51.96 52.7 51 62.62 6529 5879 | 60.59 67.13 49.61
SimGCD [16] 2454 3435 809 | 4195 5792 1354 | 4678 65.54 1473 | 31.11 3956 11.88 | 25.66 37.66 5.15 | 28.88 41.38 12.96
CDAD-Net [17° 3095 33.65 2643 | 6499 6804 5932 | 67.5 70.89 6172 | 5336 56.05 47.23 | 647 694 5525 | 67.02 688 63.7
GCD With Synthetic 2986 31.04 28.02 | 57.92 63.12 49.19 | 5947 5959 59.29 | 533 52.84 53.89 | 6146 5827 66.06 | 63.84 64.04 63.51
CDAD-Net with Synthetic 31.97 35.1 26.71 | 65.39 68.94 6251 | 67.83 70.87 62.64 | 53.51 56.65 4637 | 6697 69.76 62.2 614 6555 574
Hyp-GCD [11] 2899 29.1 2928 | 673 6638 6499 | 63.79 63.14 62.05 | 4588 4392 40.44 | 60.27 58.07 54.36 | 63.33 62.02 60.04
Hyp-SelfEx [ 18] 3042 28.84 32.89 | 6426 67.7 585 | 6453 6091 69.73 | 49.8 49.18 50.61 | 63.78 59.62 69.76 | 64.23 66.35 60.67
Hyp-SimGCD [16] 2334 3469 431 | 385 5496 7.84 | 4637 7058 503 | 21.82 2942 455 | 2598 3779 5.83 | 2993 4155 828
Hyp-DG>CD-Net |2] 27.89 26.84 29.68 | 66.02 70.03 5995 | 63.16 6255 642 | 4594 4743 433 | 5596 56.65 5479 | 6271 67.75 55.09
DG2CD-Net 31.51 31.96 30.81 | 67.46 6873 65.32 | 6445 60.25 7048 | 5076 4876 53.36 | 6477 60.58 70.79 | 6534 67.48 61.76
HIDISC(Ours) 3191 30.46 3418 | 6481 68.19 59.14 | 66.28 656 67.26 | 38.65 60.68 56.02 | 67.82 6636 6992 | 66.6 70.19 60.59
Methods Product — Art Product — Real World Product — Clipart Real World — Art Real World — Product | Real World — Clipart

A1l 0ld New All 0ld New All 01d New All 0ld New All 0ld New All 0ld New
ViT [13] 232 2464 2133 | 31.21 3545 25.13 | 1927 2052 17.31 | 3222 3579 27.58 | 44.67 5221 3203 | 20.8 2371 1626
GCD [12] 50.27 48.18 5299 | 65.07 63.09 6791 | 29.08 29.22 2887 | 5426 54.05 5455 | 69.04 7276 6279 | 31.04 3493 2497
SimGCD 16] 38.28 5042 10.66 | 48.36 67.07 1641 | 2245 3237 11.34 | 4895 6679 836 | 57.19 69.23 44.15 | 21.7 3146 533
CDAD-Net [17] 50.1 5243 4467 | 6647 7213 56.81 | 3136 34.6 2594 | 54.68 58.07 4696 | 61.39 6479 5506 | 31.78 36.02 24.69
GCD With Synthetic 49.18 46,54 5261 | 634 59.67 68.77 | 2843 2772 29.55 | 51.71 6155 3891 | 61.14 6534  54.1 26.38 28.11 23.68
CDAD-Net with Synthetic 54.12 57.67 46.04 | 66.97 702 6146 | 3234 3513 28.68 | 53.72 56.80 465 | 56.47 6233 4562 | 31.19 33.67 27.02
Hyp-GCD [11] 4543 4446 4273 | 61.63 59.64 563 | 27.15 2835 30.39 | 4582 4528 4433 | 6434 6374 62.84 | 27.66 2825 29.25
Hyp-SelfEx [18] 51.97 4853 56.44 | 66.06 65.07 6749 | 29.01 2893 29.13 | 5543 5352 5791 | 653 73.33 51.83 | 30.12 29.83 30.57
Hyp-SimGCD | 16] 3329 4526 6.07 | 40.77 60.68  6.75 16.62 2346 5.15 | 4639 6359 7.24 | 4488 6632 496 | 2098 3097 4.24
Hyp-DG>CD-Net |2 44.56 4199 49.14 | 612 6249 59.04 | 2645 2655 2628 | 46.99 4871 4393 | 6396 6473 6278 | 27.94 278 28.17
DG2CD-Net 52.45 5051 5498 | 67.87 69.88 6497 | 3071 3005 3175 | 5231 4942 56.07 | 67.37 71.65 60.19 | 31.28 31.13 31.51
HIDISC(Ours) 60.12 6552 53.08 | 6895 71.13 6581 | 32.63 3221 333 |61.54 7114 49.05 | 6922 7341 62.18 | 3279 3585 28.02

Table 14: Detailed comparison of our proposed HIDISC on DG-GCD with respect to referred
literature for Office-Home Dataset
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Detailed Results NEUTAL mEomMTON

DomainNet

Sketch — Real | Sketch — Quickdraw | Sketch — Infograph | Sketch — Painting |  Sketch — Clipart

Methocs AL 0Id New | ALL 0ld New | ALl 0Id New | ALL 0Id New | ALL 0ld New
ViT [13] 47.17 4792 4495 | 12.13 12,1 1221 | 11.99 12.68 1028 | 3095 33.02 2575 | 32.64 34.29 28.64
GCD [12] 51.13 51.88 4892 | 16.08 15.65 17.2 126 1257 12.68 | 3525 3596 33.46 | 31.22 30.85 32.1
SimGCD [16] 3.11 347 232 2.31 2.4 2.1 316 227 524 4.1 257 5.62 3.02 2.3 4.07
CDAD-Net [17] 4821 477 4977 | 1227 1152 1424 | 12.07 12.69 1134 | 3547 3639 32.86 | 18.63 17.52 20.39
GCD With Synthetic 33 5171 47.64 | 13.71 1379 1399 | 1224 11.99 1137 | 3543 34.12 3083 | 2249 222 21.49
CDAD-Net with Synthetic 47.11 46.09 494 | 1275 13.1 14.05 | 1252 13.04 1192 | 3587 36.73 3335 | 18.99 17.68 21.07
Hyp-GCD [11] 47.08 49.78 56.61 | 12.88 13.37 14.66 | 11.04 11.32 1195 | 31.33 31.84 33.1 | 17.87 18.85 21.23
Hyp-SelfEx [18] 5234 53.02 5035 | 1291 1276 1332 | 1227 1242 11.89 | 33.82 3449 32.14 | 19.63 19.11 20.87
Hyp-SimGCD [16] 5234 53.02 5035 | 1291 1276 1332 | 1227 1242 11.89 | 33.82 3449 32.14 | 19.63 19.11 20.87
Hyp-DG2CD-Net [2] 36.33 3413 41.88 | 13.51 1296 1496 | 9.74 9.5 1073 | 2422 2333 2641 | 1417 14.17 14.16
DG*CD-Net 53.67 5548 4835 | 159 16 15.63 | 14.63 15.66 12.06 | 3744 39.53 32.19 | 30.47 32.89 24.58
HIDISC(Ours) 5527 54.89 5624 | 1461 13.83 16.68 | 1535 16.3 132 | 398 4115 3649 | 3574 38.61 288
Methods Clipart — Infograph | Clipart — Quickdraw | Clipart — Sketch |  Clipart — Real | Clipart — Painting

A1l 01d New ‘ All 01d New ‘ A1l 01d New ‘ A1l 01d New [ A1l 01d New
ViT [13] 12.18 1264 11.03 | 12.13 121 1221 | 2476 2624 21.27 | 44.14 4543 4034 | 26.76 287 2191
GCD [12] 14.03 14.64 1249 | 1494 1467 15.65 | 2533 27.68 19.78 | 53.23 5548 46.62 | 34.82 36.82 29.83
SimGCD [16] 2.03 04 3.94 0.5 0.3 1 1 0.02 3842 | 1.64 1.07 242 207" 205 213
CDAD-Net [17] 1279 1296 12.87 | 1206 11.59 12.78 19 19.17 1876 | 47.06 44.62 49.2 | 3445 36.02 3285
GCD With Synthetic 1146 12.03 10.04 | 12.68 12.57 1295 | 1874 20.54 14.47 | 50.11 5226 43.79 | 32.67 3491 27.06
CDAD-Net with Synthetic 13 1337 1256 | 12.07 11.76 12.89 | 17.46 18.03 16.67 | 4825 47.51 49.6 | 3323 3279 342
Hyp-GCD [11] 1152 11.6 11.79 | 1298 1348 1479 | 1533 15.84 17.11 | 44.82 4652 50.82 | 294 2992 31.21
Hyp-SelfEx [18] 11.6 1.7 11.35 | 12.89 12,61 13.64 | 17.1 1792 15.16 | 50.55 51.11 4892 | 3346 3431 31.34
Hyp-SimGCD [16] 11.6 1.7 11.35 | 12.89 1261 13.64 | 17.1 1792 1516 | 50.55 51.11 48.92 | 3346 3431 31.34
Hyp-DG>CD-Net |2] 1195 11.81 1227 | 14.1 1343 15.88 | 16.21 1576 17.32 | 48.04 45.92 5342 | 31.28 30.73 32.65
DG2CD-Net 1581 17.09 12.63 | 1453 14.14 15.58 | 26.86 29.49 20.64 | 54.54 56.03 50.17 | 36.81 38.87 31.67
HIDISC(Ours) 157 1634 1425 | 1435 1383 1572 | 26.6 2756 2424 | 55.04 5449 5642 | 39.08 40.13 36.5
Methods Painting — Infograph | Painting — Quickdraw | Painting — Sketch |  Painting — Real | Painting — Clipart

All 0ld New ‘ All 01d New | All 0ld New | All 01d New | All 01d New
ViT [13] 122 13.1 9.94 | 12,13 121 12.21 23 2478 1879 | 51.53 54.16 43.8 | 26.57 28.08 22.92
GCD [12] 12.87 12,67 1337 | 1074 1056 1121 | 2149 2226 19.68 | 52.12 51.86 52.86 | 25.32 2479 266
SimGCD [16] 32 2.6 3.8 355 2i32 4.65 423 356 486 4.2 552 5 4.49 3.6 5.23
CDAD-Net [17] 11.65 1249 10.66 | 1198 11.2 1244 | 17.11 17.68 16.32 | 49.04 48.63 50.27 | 20.06 19.74 20.57
GCD With Synthetic 10.86 1056 9.84 | 11.81 11.8 1177 | 1726 1625 13.83 | 49.1 473 42,04 | 193 1945 18.04
CDAD-Net with Synthetic 11.53 1232 10.59 | 11.86 10.71 12.32 1729 1845 157 | 484 5023 49.7 | 17.44 1592 19.86
Hyp-GCD [11] 12.12 1238 1296 | 1232 13.05 1497 1678 17.54 19.42 | 484 5039 55.41 | 19.34 20.23 22.39
Hyp-SelfEx [18] 1243 1224 12.89 | 1298 1276 1355 | 1828 1872 17.22 51 51.59 49.27 | 2042 20.11 21.18
Hyp-SimGCD [16] 1243 1224 12.89 | 1298 1276 1355 | 1828 1872 17.22 51 51.59 49.27 | 2042 20.11 21.18
Hyp-DG>CD-Net [2] 1294 12,65 1359 | 14.14 1345 1596 | 17.54 16.84 19.25 | 50.59 49.07 5445 | 1995 19.31 21.49
DG*CD-Net 1571 1672 1322 | 129 12.66 13.53 | 23.14 2523 18.19 | 55.07 56.97 49.5 | 27.6 29.07 24.03
HIDISC(Ours) 1598 17.15 1336 | 13.03 12.62 14.1 2578 2737 219 | 57.1 5876 529 | 3429 3799 2534

Table 15: Detailed comparison of our proposed HIDISC on DG—GCD with respect to referred
literature for DomainNet Dataset
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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:

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

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

Key Contributions

e Tangent CutMix: First curvature-aware interpolation for open-set GCD.

e Unified hyperbolic loss: Combines Busemann alignment, hybrid contrastive loss, and adaptive outlier
repulsion.

e Learnable curvature: Adapts model geometry to data complexity dynamically.
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Thank you for your “Attention”

Because sometimes...
“Attention is All You Need”
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