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Figure 1. Similarity computation between prototype p and latent vector z for each formulation. Euclidean: L2 distance. Hyperspherical:

cosine similarity. Gaussian: Euclidean-space PDF. HyperPG: PDF over cosine similarities on the hypersphere surface.

Abstract

Prototypical part networks provide interpretable alterna-

tives to black-box models by learning visual prototypes for

classification. We present a systematic comparison of point-

based and probabilistic prototype formulations across Eu-

clidean and hyperspherical latent spaces, and introduce

HyperPG: a Gaussian prototype representation on hyper-

spheres. Experiments on CUB-200-2011, Stanford Cars,

and Oxford Flowers show that hyperspherical prototypes

outperform Euclidean formulations while remaining robust

to hyperparameter choices, reducing the tuning burden that

plagues Euclidean approaches.

1. Introduction

Deep learning achieves strong performance in computer vi-

sion, yet the opacity of these models hinders deployment

in safety-critical domains. Explainable AI (XAI) addresses

this through post-hoc methods such as LIME [15], SHAP

[6], and GradCAM [20], or through inherently interpretable

architectures. Post-hoc explanations, however, may not re-

flect a model’s true decision process [16].

Deep prototype networks such as ProtoPNet [1] and

its variants [2, 17, 19] achieve inherent interpretability by

learning a prototype layer whose predictions are based on

feature-to-prototype distances. The choice of prototype

formulation shapes latent structure: cosine similarity in-

duces hyperspherical geometry with classification benefits

[8], while probabilistic formulations enable Bayesian down-

stream tasks. Despite growing architectural diversity, no

systematic comparison of prototype formulations exists.

This paper compares point-based and probabilistic pro-

totype formulations across Euclidean and hyperspherical

spaces, with the following contributions:

• Prototype Formulation Overview: A systematic com-

parison of learnable prototype definitions (Figure 1), cov-

ering point-based and probabilistic variants.

• HyperPG: A probabilistic prototype modeling Gaussians

over cosine similarities with learned anchor α, mean µ,

and variance σ2, projected onto a hypersphere.

• Benchmarking: Classification experiments on CUB-

200-2011 [22], Stanford Cars [4], and Oxford Flow-

ers [12], including a robustness analysis under simpli-

fied training. The code is published via GitHub https:

//github.com/LiXiling/prob-proto.

2. Related Work

Prototype Learning. Prototype learning for image clas-

sification was pioneered by autoencoder-based approaches

https://github.com/LiXiling/prob-proto
https://github.com/LiXiling/prob-proto


Table 1. Overview of 15 related models and their prototype learning configurations.

Model Similarity Shape Assignment Clf. Head

Prototype Decoder Euclidean Entire Image Class Exclusive FCL [5]

ProtoPNet Euclidean Patch Class Exclusive FCL [1]

Def. ProtoPNet Cosine Spatial Arrangement Class Exclusive FCL [2]

ProtoPShare Euclidean Patch Merged after Training FCL [17]

ProtoPool Euclidean Patch Pooling Shared FCL [18]

TesNet Grassman Patch Class Exclusive FCL [25]

ProtoTree Euclidean Patch Shared Decision Tree [10]

ProtoKNN Cosine Patch Class Exclusive KNN Clf [21]

PIPNet Cosine Patch Shared FCL [11]

ST-ProtoPNet Cosine Patch Class Exclusive Branch Aggregation [23]

LucidPPN Euclidean Separate Color & Texture Class Exclusive Branch Aggregation [13]

ProtoSeg Cosine Patch Class Exclusive FCL [27]

ProtoGMM Gaussian Patch Class Exclusive FCL [9]

MGProto Gaussian Patch Class Exclusive Bayesian Likelihood [24]

ProtoPFormer Euclidean Transformer Token Class Exclusive Branch Aggregration [26]

[5], where prototypes represent entire images. ProtoP-

Net [1] introduced prototypical parts - class-specific latent

patches compared to image features via Euclidean distance.

Subsequent work extends this in various directions: Pro-

toPShare [17] and ProtoPool [18] share prototypes across

classes; Deformable ProtoPNet [2] uses spatial mixtures

with cosine similarity; TesNet [25] computes similarity on

the Grassmann manifold. Alternative classifiers replace

the linear head with decision trees [10], k-NN [21], or

support-vector-inspired boundaries [23]. PIPNet [11] and

LucidPPN [13] focus on learning more meaningful proto-

type features.

Probabilistic and Hyperspherical Prototypes. View-

ing prototype learning as latent-space clustering [27] moti-

vates probabilistic formulations; ProtoGMM [9] and MG-

Proto [24] model prototypes as Gaussians in Euclidean

space. ProtoPFormer [26] adapts ProtoPNets to ViT [3]

backbones. Cosine similarity is known to benefit classi-

fication via hyperspherical structure [8], yet probabilistic

prototypes in hyperspherical space remain unexplored. We

address this gap with HyperPG, combining the strengths of

both (Table 1).

3. Prototype Formulations

Prototype learning finds structure in latent representations

by comparing inputs to retained prototype vectors. We

overview existing formulations (illustrated in Figure 1) and

introduce HyperPG.

Let D = {(xi, yi)}
N
i=1 be a labeled training set with

classes C. Each class c is represented by Q prototypes

Pc = {pc,j}
Q
j=1. An encoder Enc maps inputs to a

D-dimensional latent space, yielding feature maps zi =

Enc(xi). For clarity we assume spatial size ρ = ζ = 1
below.

3.1. Point-Based Prototypes

Euclidean. ProtoPNet [1] computes similarity via the in-

verted L2 distance:

  s_{L_2}(\vz | \vp ) = \log \left (\frac {\| \vz - \vp \|^2_2 + 1}{\| \vz - \vp \|^2_2 + \epsilon }\right ). 
 



   

   



 (1)

This formulation degrades in high dimensions, where L2

distances lose discriminability.

Cosine. Normalizing vectors to unit length projects them

onto a hypersphere, and similarity is measured by the angle

between them:

  s_{\cos }(\vz | \vp ) = \frac {\vz ^\top \vp }{\| \vz \|_2 \| \vp \|_2} \in [-1, 1]. 



   (2)

Hyperspherical geometry benefits classification [8] and

avoids the dimensionality issues of L2.

3.2. Probabilistic Prototypes

Point-based prototypes compare to a cluster center; proba-

bilistic formulations instead model the full cluster distribu-

tion, enabling downstream tasks such as outlier detection.

Gaussian. A Gaussian prototype pG = (µ,Σ) defines

a multivariate Gaussian over latent space, with similarity

given by the PDF:

  s_\mathrm {Gauss}(\vz | \vp ^G) = \frac {1}{(2\pi )^{\frac {D}{2}} |\cmat {\Sigma }|^{\frac {1}{2}}} \exp \!\left (- \frac {1}{2} (\vz - \cvec {\mu })^\top \cmat {\Sigma }^{-1} (\vz - \cvec {\mu })\right ). 




















   





(3)
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Figure 2. Prototype learning architecture. The prototype module is interchangeable; HyperPG uses a truncated Gaussian PDF as its density

estimator.

The covariance Σ allows the prototype to adapt its shape to

the training data, though learning a full covariance increases

computational cost.

HyperPG (ours). We propose Prototypical Gaussians

on the Hypersphere (HyperPG), a probabilistic prototype

for hyperspherical space. A HyperPG prototype pH =
(α, µ, σ) consists of a directional anchor α, scalar mean µ,

and scalar std σ, and learns a 1D Gaussian over cosine sim-

ilarities to α. Since cosine similarity is bounded to [−1, 1],
we use a truncated Gaussian PDF:

  s_\mathrm {HyperPG}(\vz | \vp ^H) = \frac { \mathcal {N}\!\left (s_{\cos }(\vz | \cvec {\alpha }); \mu , \sigma \right ) }{ \mathcal {G}(1, \mu , \sigma ) - \mathcal {G}(-1, \mu , \sigma ) }, 


 

    
 (4)

where G is the Gaussian CDF. As illustrated in Figure 3,

varying µ shifts the activation from the anchor pole (µ=1)

through ring-shaped patterns (|µ|<1) to the antipodal pole

(µ=−1). Crucially, these ring-shaped activations, which

would otherwise require an infinite mixture of point pro-

totypes, are captured with just two additional scalar param-

eters (µ, σ) per prototype, significantly increasing represen-

tational power without added computational cost. HyperPG

also generalises: setting µ=1 recovers the von Mises-Fisher

distribution.

(a) µ = 1 (b) µ = 0.5 (c) µ = 0

Figure 3. HyperPG activations on a 3D hypersphere (anchor

α=(0, 0, 1), σ=0.1). The mean µ shifts activation from a point at

the anchor pole through equatorial rings to the antipodal pole.

4. Training

We adopt the ProtoPNet architecture [1] as our base: a pre-

trained backbone followed by a two-layer 1×1 convolution

neck, a prototype module (interchangeable across formula-

tions), and a linear classification head (Figure 2). Training

follows the standard multi-objective loss:

  L = L_{\mathrm {CE}} + \lambda _{\mathrm {Clst}} L_{\mathrm {Clst}} + \lambda _{\mathrm {Sep}} L_{\mathrm {Sep}},     

combining cross-entropy with a cluster loss (pulling same-

class features toward their prototypes) and separation loss

(pushing features away from other-class prototypes), with

λClst=0.8 and λSep=0.08 [1].

Prototypical part networks are known to be

hyperparameter-sensitive, requiring complex multi-

stage optimization with warm-up phases, stage-specific

optimizers, and learning rate schedules [1]. A key question

in our experiments is whether hyperspherical formulations

reduce this burden: we therefore evaluate all prototype

formulations under both the full ProtoPNet optimiza-

tion scheme and a simplified single-optimizer training

procedure.

5. Experiments

Table 2 reports mean top-1 accuracy and standard devia-

tion over three random seeds. We use ImageNet pretrained

weights, without model ensembles or iNaturalist weights.

Full Optimization. Using ProtoPNet’s full training

scheme [1] with ResNet50 and DenseNet121 backbones on

CUB-200-2011 [22], cosine prototypes perform best, out-

performing even the blackbox baseline. Gaussian proto-

types show high hyperparameter sensitivity and fail entirely

with ResNet50.

Simplified Optimization. We replace ProtoPNet’s

multi-stage optimization with a single AdamW optimizer

(lr 1 × 10−4, no scheduling). Euclidean prototypes suffer

a large accuracy drop, revealing that ProtoPNet’s gains are

partly attributable to its heavily tuned optimization scheme.

Hyperspherical formulations remain competitive and con-

verge significantly faster: within 20 epochs versus 200+ for

Euclidean prototypes (Figure 4). Results on Stanford Cars

[4] and Oxford Flowers [12] confirm this pattern consis-

tently across datasets.



Table 2. Mean Top-1 Test Accuracies (%) CUB-200-2011.

ProtoPNet Optim. Simplified Optim. Add. Datasets (R50)

Method R50 D121 R50* D121* ViT* Cars* Flowers*

Baseline 79.2± 0.2 75.5± 0.2 79.2± 0.2 75.5± 0.2 78.5± 0.8 85.2 90.0

Euclidean (PPN) 73.9± 0.4 76.4± 1.2 61.4± 1.4 57.8± 3.0 23.4± 0.4 75.4 70.7
Gaussian 6.4± 0.3 75.7± 0.2 61.1± 0.2 45.9± 5.1 4.2± 1.3 73.0 74.8

Cosine 78.5 ± 0.2 80.4 ± 0.2 71.7± 0.4 68.7± 0.5 69.2± 3.9 79.6 85.5
HyperPG (Ours) 77.8± 0.2 78.7± 0.1 74.3 ± 0.6 70.7 ± 0.3 72.9 ± 0.1 79.0 87.8

*Without warm-up epochs and training optimizations. R50: ResNet50, D121: DenseNet121
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Figure 4. CUB-200-2011 test accuracy per epoch (ResNet50, sim-

plified optimization, mean ± std over 3 seeds). Hyperspherical

formulations converge within 20 epochs; Euclidean requires 200+.

Ablation: ViT Backbone. Under the simplified scheme,

both Euclidean and Gaussian prototypes fail to learn mean-

ingful representations from ViT-B16 features, while hy-

perspherical formulations succeed. We hypothesize that

the Transformer’s attention mechanism induces a near-

hyperspherical latent space, making cosine-based proto-

types a natural fit. This has direct implications for language-

aligned backbones such as CLIP [14], which already use

cosine similarity for modality alignment, suggesting hyper-

spherical prototypes are the only viable formulation in such

settings.

6. Interpretability Analysis

Figure 5 shows prototype activation maps (PAMs) for dif-

ferent formulations on the same test image, with the two

most activated training patches presented following the pro-

totypical concepts approach [7]. All formulations activate

similar regions in the test image, but differ in their associ-

ated training examples. Euclidean prototypes produce no-

ticeably less visually consistent associations under the sim-

plified optimization scheme.

7. Conclusion

We present a systematic comparison of point-based and

probabilistic prototype formulations in Euclidean and hy-

perspherical latent spaces, and introduce HyperPG — Gaus-

Ground Truth: 110 Class Label: 110 Class Label: 163 Class Label: 139

(a) Euclidean (R50)
Ground Truth: 110 Class Label: 111 Class Label: 113 Class Label: 191

(b) Gaussian (R50)
Ground Truth: 110 Class Label: 102 Class Label: 147 Class Label: 37

(c) Cosine (R50)
Ground Truth: 110 Class Label: 110 Class Label: 40 Class Label: 110

(d) HyperPG (R50)

Figure 5. Left: Test Image. Right: Three closest Training Patches

to the Prototype.

sian distributions on a hypersphere. Our experiments reveal

that hyperspherical prototypes maintain competitive per-

formance under drastically simplified training (single op-

timizer, no warm-up or scheduling), while Euclidean proto-

types degrade severely, suggesting that ProtoPNet’s strong

performance relies heavily on extensive hyperparameter

tuning. Hyperspherical formulations are also the only vi-

able option for ViT and language-aligned backbones such as

CLIP. Together, these properties make hyperspherical pro-

totypes a more practical and accessible choice without sac-

rificing inherent interpretability. Future work could explore

adaptive prototype selection or richer probabilistic models

such as Mixtures or Bayesian approaches [24].
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