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Abstract

We propose ProtoArgNet, a novel interpretable deep neu-
ral architecture for image classification in the spirit of
prototypical-part-learning as found, e.g., in ProtoPNet. While
earlier approaches associate every class with multiple
prototypical-parts, ProtoArgNet uses super-prototypes that
combine prototypical-parts into a unified class representation.
This is done by combining local activations of prototypes
in an MLP-like manner, enabling the localization of proto-
types and learning (non-linear) spatial relationships among
them. By leveraging a form of argumentation, ProtoArgNet
is capable of providing both supporting (i.e. ‘this looks like
that’) and attacking (i.e. ‘this differs from that’) explanations.
We demonstrate on several datasets that ProtoArgNet outper-
forms state-of-the-art prototypical-part-learning approaches.
Moreover, the argumentation component in ProtoArgNet is
customisable to the user’s cognitive requirements by a pro-
cess of sparsification, which leads to more compact explana-
tions compared to state-of-the-art approaches.

1 Introduction
Deep neural models are successful in many tasks (LeCun,
Bengio, and Hinton 2015), including image classification
(our focus). However, they tend to be mostly inscrutable
black-boxes. In high-stakes settings, interpretability is cru-
cial and interpretable models are advocated, especially if
they achieve comparable performance (Rudin 2019).

Prototypical-part-learning for image classification
amounts to learning prototypical-parts of classes in images
by introducing a prototype layer between a convolutional
backbone and a classifier (Chen et al. 2019). Prototypical-
parts are latent representations of patches in images, like the
beak or tail of a bird (see Figure 1 (a)). The prototype layer
determines the similarity between prototypical-parts and
patches in the latent space that the convolutional backbone
maps to. While some prototypical-parts may be meaningless
for humans, the same can be said about some of the latent
features learnt by black-box models (Jo and Bengio 2017).
The transparency of protypical-part approaches allows
detecting if a decision has been made based on meaningful
patterns or statistical artefacts.
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Figure 1: Conventional prototypes (a) versus the pro-
posed super-prototypes (b) for a test image in the CUB
dataset (Wah et al. 2011) with the tail intentionally coloured
black. Class-specific super-prototypes encode spatial cor-
relation between prototypical-parts by combining the low-
level prototypes. They provide both ‘this looks like that’ and
‘this differs from that’ explanations.

We propose ProtoArgNet (Section 4, overviewed in Fig-
ure 2), a novel interpretable deep neural architecture for im-
age classification in the spirit of prototypical-part-learning.
Similar to ProtoPShare (Rymarczyk et al. 2021) and Pro-
toTrees (Nauta, van Bree, and Seifert 2021), ProtoArgNet
shares prototypes among classes. However, while existing
prototypical-part-learning approaches associate every class
with multiple prototypical parts, ProtoArgNet summarizes
them in a single super-prototype per class. Intuitively, the
super-prototype combines local activations of prototypes to
encode spatial relationships amongst them (see Figure 1 (b)
for an illustration). As we will demonstrate in the experi-
ments with the SHAPES dataset (Hu et al. 2017), these rela-
tionships are essential for some classification tasks but state-
of-the-art prototypical-part-learning approaches are unable
to capture them. This localization of prototypical-parts can
be particularly useful in medical diagnosis (Kim et al. 2021)
where the model can predict the location of disease indica-
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Figure 2: Architecture of ProtoArgNet (details in Section 4), illustrated with a sample from the CUB dataset with the tail
intentionally coloured black.
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Figure 3: Sample inputs from the Brain Tumor MRI
dataset (Nickparvar 2021) (top row), and corresponding
super-prototypes by ProtoArgNet (bottom row), localizing
the regions supporting (green overlay) and attacking (red
overlay) the corresponding classes (details in Section 6).

tors without requiring masks for the training data. Figure 3
shows an application of ProtoArgNet to an MRI scan for
brain tumor diagnosis (Nickparvar 2021).

The super-prototype layers in ProtoArgNet can capture
non-linear relationships, similar to a Multi-Layer Perceptron
(MLP). However, instead of operating on individual neu-
rons, ProtoArgNet operates on activation maps (Section 4).
Since MLPs can, in particular, learn logical functions like
disjunction and XOR, ProtoArgNet can also learn classes
that cannot be captured by atomic spatial patterns (Sec-
tion 6). To address the lack of interpretability of large MLPs,
ProtoArgNet applies the SpArX methodology of (Ayoobi,
Potyka, and Toni 2023) to translate MLPs to quantitative
bipolar argumentative frameworks (QBAFs) (Potyka 2021),
a well-known form of argumentation (Atkinson et al. 2017).
The ‘Arg’ in ProtoArgNet refers to the use of QBAFs. Pro-
toArgNet is customisable to user cognitive needs by spar-
sifying the MLP/QBAF component. The sparse QBAF ex-
plains the mechanics of the underlying MLP in terms of the
roles played by prototypes towards super-prototypes through
the hidden (clusters of) activation maps. In the QBAFs,
the ‘arguments’ (amounting, in ProtoArgNet, to channel-
wise maxes, clusters of hidden activation maps in the MLP,
and super-prototypes) can ‘attack’ or ‘support’ other ‘argu-

ments’ (shown with red and green arrows in Figure 2), with
a dialectical strength in line with activations in the MLP.

In summary, we make the following main contributions:

• We propose super-prototypes, which are class-specific
combinations of prototypical-parts that allow capturing
spatial relationships between them.

• We present ProtoArgNet, a novel prototypical-part-
learning approach integrating super-prototypes and
QBAFs for improved performance and interpretability.

• We show experimentally that ProtoArgNet outperforms
the state-of-the-art prototypical-part-learning models
ProtoPNet (Chen et al. 2019), ProtoTree (Nauta, van
Bree, and Seifert 2021), ProtoPShare (Rymarczyk et al.
2021), ProtoPool (Rymarczyk et al. 2022), TesNet (Wang
et al. 2021), Deformable ProtoPNet (Donnelly, Barnett,
and Chen 2022), ST-ProtoPNet (Wang et al. 2023) and
PIP-Net (Nauta et al. 2023) in terms of classification ac-
curacy, explanation complexity, and the ability to encode
and detect (non-linear) spatial relationships in images1.

2 Related Work
Explaining the outputs of image classifiers is well-studied
in the literature. Post-hoc explanation approaches like fea-
ture attribution methods (Ribeiro, Singh, and Guestrin 2016;
Lundberg and Lee 2017; Dejl et al. 2023), attention maps
(Sattarzadeh et al. 2021) or counterfactual explanations
(Goyal et al. 2019)) aim at explaining black-box models. We
focus instead on developing an interpretable model based
on prototypical-part-learning (Snell, Swersky, and Zemel
2017) and argumentation (Ayoobi, Potyka, and Toni 2023;
Leofante et al. 2024).

Prototypical-parts have been introduced in ProtoPNet
(Chen et al. 2019). This learns prototypical-parts as sub-
patches of the output of a convolutional backbone. A pro-
totype layer associates each class with m prototypes and de-

1The code is available at https://github.com/H-Ayoobi/
ProtoArgNet AAAI. Additional information is available in the
supplementary material at (Ayoobi, Potyka, and Toni 2024b).



termines the maximum similarity between patches in the in-
put image and prototypes. The classification is then made
by logistic regression based on the individual similarity val-
ues. ProtoPNet has been extended in different directions. For
example, ProtoPShare (Rymarczyk et al. 2021) allows shar-
ing prototypes among classes, while ProtoTree (Nauta, van
Bree, and Seifert 2021) replaces the classification part with a
soft decision tree. PIP-Net (Nauta et al. 2023) and ProtoPool
(Rymarczyk et al. 2022) further refine the training proce-
dure to improve the plausibility of prototypes. To disentan-
gle the latent space, TesNet (Wang et al. 2021) learns pro-
totypes on Grassman manifold. ST-ProtoPNet (Wang et al.
2023) introduces support prototypes that lie near the clas-
sification boundary to improve classification. Deformable-
ProtoPNet (Donnelly, Barnett, and Chen 2022) proposes
spatially flexible prototypes that can capture pose variations.

ProtoArgNet differs from these state-of-the-art ap-
proaches in that it uses super-prototypes and MLPs/QBAFs,
based on a novel architecture. Unlike other approaches, Pro-
toArgNet integrates both positive (supporting) and negative
(contrasting) reasoning through its underlying QBAF. This
is achieved with a single super-prototype per class, while
TesNet (Wang et al. 2021) requires hundreds of prototypes
for similar reasoning.

ProtoArgNet uses a form of argumentation (Atkin-
son et al. 2017), to explain super-prototypes. Specifi-
cally, ProtoArgNet extends SpArX (Ayoobi, Potyka, and
Toni 2023; Mihailescu et al. 2023), originally defined
for MLPs with tabular data only, and ProtoSpArX (Ay-
oobi, Potyka, and Toni 2024a), using argumentation in the
context of prototypical-part-learning with images. Several
argumentation-based forms of explainability have been pro-
posed in recent years (Cyras et al. 2021). Other works com-
bine argumentation and image classification, e.g. (Albini
et al. 2020; Sukpanichnant et al. 2021) for explaining the
outputs of CNNs and (Ayoobi et al. 2021a,b, 2019, 2023;
Ayoobi and Rezaeian 2020; Ayoobi et al. 2022) to obtain an
interpretable image classifier, but without prototypical-parts.

3 Preliminaries
We build up on SpArX (Ayoobi, Potyka, and Toni 2023), a
post-hoc explanation method that aims at generating struc-
turally faithful explanations for MLPs. SpArX exploits that
MLPs can be understood as a special case of Quantita-
tive Bipolar Argumentation Frameworks (QBAFs) (Potyka
2021). QBAFs are graphical reasoning models, where nodes
represent abstract arguments and edges represent attack or
support relations between the arguments. Every argument in
a QBAF is associated with an initial strength and reason-
ing algorithms determine a final strength (representing an
acceptability degree) for every argument, based on its initial
strength and the final strength of its attackers and supporters.

Arguments in QBAFs are abstract entities. What makes
them arguments is that they are in dialectical relationships
with each other. Roughly speaking, in order to transform an
MLP into a QBAF, neurons can be associated with argu-
ments, their biases can be transformed into initial strength
values and their connection weights into intensity values of
attackers and supporters. The translation guarantees that the

activations of neurons in the original MLP correspond to
the final strength values of arguments in the QBAF (Potyka
2021). While this correspondence allows representing MLPs
faithfully by QBAFs, it does not add much interpretability
because the QBAF has the same size as the MLP. Thus,
SpArX sparsifies the network by clustering nodes with sim-
ilar activations and representing each cluster by a single ar-
gument (Ayoobi, Potyka, and Toni 2023).

In this work, we extend SpArX to make ProtoArgNet in-
terpretable and explainable. An illustration is given in Fig-
ure 2: activation maps in the super-prototype layers of Pro-
toArgNet are treated as arguments, alongside the Channel-
Wise Maxes (CWMs) that localize the prototypes, which
serve as the input features for the super-prototypelayers in
our architecture, as presented next.

4 ProtoArgNet
Figure 2 shows the architecture of ProtoArgNet. Pro-
toArgNet consists of a convolutional backbone f with
weights W conv , a prototype layer P , a Channel-Wise Max
(CWM) layer, and a Super-Prototype layer SP mapped
onto a QBAF for interoperability and explainability pur-
poses. We discuss each component in turn, assuming that
inputs are images and the classification task amounts to pre-
dicting a class in the set K (|K| ≥ 2).

4.1 Prototypes
Let z=f(x) be the convolutional output for an input image
x, where the output tensor z has shape H×W×D with height
H , width W and D channels. This output tensor serves as in-
put to the prototype layer, P , which represents prototypical-
parts. P consists of N prototypes P = {pi}Ni=1 with shapes
H1 × W1 × D. As usual, we use H1 = W1 = 1. For each
prototype pi ∈ P and every 1 × 1 × D sub-tensor zh,w,.

of z, the prototype layer P computes the cosine similarity
SMi

h,w,. =
pi·zh,w,.

∥pi∥∥zh,w,.∥ and summarizes the similarity val-
ues in a matrix SMi of dimension H × W . Intuitively, a
similarity map SMi indicates how similar the prototypical-
part pi is to patches of the input image x in the latent space.

Compared to the commonly used approach of comput-
ing L2 distance and converting it to similarity (as in Pro-
toPNet, ProtoPShare, and ProtoTrees), cosine similarity is
scale-invariant and thus more easily interpretable. We imple-
mented SM using the 2D convolution operator ∗. It gener-
ates SMi by convoluting the normalized convolutional out-
put ẑ = z

∥z∥ =
[ zj
∥zj∥

]
zj∈z

with a normalized prototype

kernel p̂i = pi

∥pi∥ , SMi = ẑ ∗ p̂i. Since cosine similarity
is used for the prototype layer, the values in similarity maps
can be both positive and negative in the range [−1, 1]. The
output dimensions of the prototype layer are H ×W ×N .

4.2 Channel-Wise Max
The Channel-Wise Max layer aims to localize and extract
the maximum value from each similarity map, while en-
suring that only one prototype is activated at each location
across all similarity maps. CWM takes the similarity maps
as input. For each similarity map, it determines the maximal



value and sets all non-maximal values to 0. Formally, for ev-
ery similarity map SMi, the channel-wise max filter creates
a new map CWMi of the same dimension. To do so, it deter-
mines the maximal value among the entries SMi

h,w, retains
the highest value simax = max1≤h≤H max1≤w≤W SMi

h,w

within the map and assigns zero to the remaining elements:

CWMi
h,w =

{
SMi

h,w if simax = SMi
h,w;

0 otherwise.
(1)

It may happen that two distinct maps, CWMi and CWMj ,
have a maximal activation at point (h,w), which would
make it more challenging to interpret the subsequent lay-
ers. To avoid this, we consider only the maximally activated
prototype at each position (h,w). To make this choice differ-
entiable during training, we apply the softmax (Bridle 1990)
to each position (h,w) ranging over CWM1, . . . , CWMN .

CWMi
h,w =

e(CWMi
h,w/T )∑N

j=1 e
(CWMj

h,w/T )
(2)

During training, we gradually decrease the temperature pa-
rameter T from 1 to 0.

After training, we replace softmax with the maximum to
ensure the activation of at most one prototype per location.

4.3 Super-Prototypes and Similarity Scores
The super-prototype module takes the CWMs as input and
provides a single similarity score per class. To do so, it gen-
eralizes the mechanics of MLPs, but whereas MLPs operate
on scalars, the super-prototype module operates on matri-
ces. The input matrices are the maps CWM1, . . . , CWMN ,
and in the first layer of the super-prototype module they
are combined affinely to form new matrices of the same di-
mension. After applying an activation function, the matri-
ces in this layer can then again be combined to form matri-
ces in the next layer analogously to MLPs. To describe this
formally, let Al

i range over the matrices in layer l. We let
A0

i = CWMi, and, for l > 0,

Al
i = σ

(

Nl−1∑
j=1

wl
ji · Al−1

j ) + bli

 (3)

where N0 = N is the number of prototypes and, for l > 0,
Nl is the size of layer l, bli a bias matrix, and σ the activation
function.

Like an MLP, the super-prototype layers can have various
configurations regarding the number L of hidden layers, the
number H of hidden activation maps at each layer, and the
activation function σ used at each hidden layer, hence we
refer to it as Super-prototype MLP (SMLP).

The output layer provides a single super-prototype per
class k ∈ K. Each super-prototype SPk is defined as:

SPk =

|K|∑
j=1

wSP
jk · AL

j . (4)

In the final step, a single similarity score ssk is computed
for each super-prototype by summing up the values in SPk:

ssk =
∑

1≤h≤H,1≤w≤W

SPk
h,w. (5)

Note that Equation 3 can be efficiently implemented by em-
ploying convolutions with kernel shapes 1× 1×Nl−1, fol-
lowed by an activation function. Similarly, Equation 4 can
be implemented using convolutions of shape 1× 1×H.

4.4 Super-Prototypes Layers to QBAFs
Since the SMLP mimics what an MLP does, it can be con-
verted to a QBAF, similar to the approach followed in
SpArX (Ayoobi, Potyka, and Toni 2023), by first sparsifying
the SMLP and then translating it to a QBAF (c.f., Section 3).
SpArX sparsifies an MLP by merging similar neurons. Since
we have activation maps instead of single neurons, we have
to redefine the distance function in SpArX. Given an input x
and two activation maps Al

i and Al
j with height H and width

W , our distance function is defined as:

δ(Al
i, A

l
j) =

∑
x′∈∆′

πx′,x

√√√√H−1∑
h=0

W−1∑
w=0

(
Al

i −Al
j

)2
h,w

, (6)

where ∆′ denotes a sample neighborhood of x and πx′,x is a
similarity function that assigns a higher weight to neighbors
x′ closer to the input x (Ayoobi, Potyka, and Toni 2023).

The obtained QBAF can explain how prototypes reason
for or against a particular class. To illustrate the idea, con-
sider the (sparsified) 1-hidden layer-SMLP/QBAF in Fig-
ure 2. It can be interpreted as follows:
• The prototypes of the beak and eye support with high

intensity the top-most hidden activation map, the proto-
types corresponding to the neck and the upper wing sup-
port the middle hidden activation map, and the prototype
of the tail supports the bottom hidden activation map.

• The top and middle hidden activation maps (arguments)
strongly support the super-prototype of the target class
“Baird Sparrow” which forms the head, while the bottom
hidden activation map attacks it. This leads to a super-
prototype with positive values for the head (green over-
lay) and negative values for the tail (red overlay).

Overall, this interpretation indicates that the predicted class
for the input image is supported by the bird’s head that looks
like a “Baird Sparrow” and is attacked by the tail differing
from that, while also pointing to the reasoning of the SMLP
in terms of the prototypes used.

5 Training ProtoArgNet
ProtoArgNet is trained end-to-end and does not require a
prototype pruning stage as some approaches do (e.g. Pro-
toPNet (Chen et al. 2019), ProtoPShare (Rymarczyk et al.
2021), ProtoTrees (Nauta, van Bree, and Seifert 2021), and
PIP-Net (Nauta et al. 2023)). For the ith data point in a
dataset of size n, with the data point belonging to class la-
bel yi ∈ K (where K is the set of class labels), the target
class super-prototype should obtain a high similarity score



ssyi . Moreover, the corresponding similarity scores for the
super-prototypes of other classes should be low. Simultane-
ously, the output of the classifier should be 1 for the target
class yi and 0 for the other classes. These two objectives are
aligned and can be implemented by a single loss function
LSP . Additionally, we would like the prototypes learned by
the model to be dissimilar to each other to encourage diver-
sity by incorporating a dissimilarity loss LDS . The total loss
function that we aim to minimize is:

Loss = LSP + αLDS (7)

where LSP is the Cross-Entropy loss, α is a constant (α =
0.1 is used in the experiments) and LDS is defined as

LDS =
∑

(|P.P ⊺ − IN |) (8)

where P is the matrix of all normalized prototypes, IN is
the identity function of size N × N , and |.| is the absolute
value function. Note that by definition of P.P ⊺, the entry at
position (i, j) contains the dot product of the i-th and j-th
normalized prototypes. All elements of the main diagonal
are equal to 1. The non-diagonal elements correspond to the
cosine similarities between pairs of prototypes and are 0 if
and only if the prototypes are orthogonal. Hence, the loss
term will be minimal if all prototypes are orthogonal, thus
encouraging diversity among them.

We minimize our loss function using the AdamW opti-
mizer (Loshchilov and Hutter 2019). The trainable parame-
ters are the convolutional weights W conv , prototypes P , hid-
den layers weights W l, and super-prototype weights WSP .

min
W conv,P,W l,WSP

Loss(W conv,P,W l,WSP). (9)

After training, we perform a projection step analogous to
ProtoPNet (Chen et al. 2019). That is, we replace each learnt
prototype with the latent representation of the closest image
patch from the training data. This allows associating each
latent prototype with an image space representation (see the
image patches in Figure 2 for an illustration).

6 Experiments
We compared ProtoArgNet to the state-of-the-art
prototypical-part-learning models ProtoPNet (Chen et al.
2019), ProtoTrees (Nauta, van Bree, and Seifert 2021), Pro-
toPShare (Rymarczyk et al. 2021), ProtoPool (Rymarczyk
et al. 2022), TesNet (Wang et al. 2021), Deformable Pro-
toPNet (D-ProtoPNet) (Donnelly, Barnett, and Chen 2022),
ST-ProtoPNet (Wang et al. 2023) and PIP-Net (Nauta et al.
2023). Our experiments (set-up in Section 6.1) evaluate the
classification performance (Section 6.2), the sparsification
process (Section 6.3), the role of each layer on the model’s
performance by an ablation study (Section 6.4), the ability
to encode and detect spatial relationships in the input (Sec-
tion 6.5) and the complexity of explanations drawn from
ProtoArgNet (Section 6.6). As usual, we use top-1 accuracy
(the standard accuracy) as the performance measure. We
also perform a qualitative evaluation (Section 6.7).

Method Accuracy
CUB Cars Brain SHAPES

ProtoPNet 79.2 ± 0.1 86.1 ± 0.1 97.4 ± 0.2 50.6 ± 0.7
ProtoPShare 74.7 ± 0.2 86.4 ± 0.2 97.7 ± 0.1 50.2 ± 0.8
ProtoPool 80.3 ± 0.2 88.9 ± 0.1 98.3 ± 0.2 49.7 ± 0.6

TesNet 83.0 ± 0.2 88.5 ± 0.2 98.2 ± 0.1 50.6 ± 0.3
D-ProtoPNet 83.4 ± 0.1 88.6 ± 0.2 98.4 ± 0.2 50.1 ± 0.5
ST-ProtoPNet 83.6 ± 0.2 88.7 ± 0.2 98.7 ± 0.3 50.2 ± 0.4

ProtoTrees 82.2 ± 0.7 86.6 ± 0.2 98.0 ± 0.3 50.1 ± 0.7
PIP-Net 82.0 ± 0.3 86.5 ± 0.3 97.5 ± 0.3 50.3 ± 0.6

ProtoArgNet 85.4 ± 0.2 89.3 ± 0.3 99.5 ± 0.3 99.8 ± 0.1

Table 1: Accuracy of ProtoArgNet and other methods on
the CUB, Cars, Brain, and SHAPES datasets. SHAPES
is used for the evaluation of spatial correlation between
prototypical-parts. (Best accuracy in bold)

For all experiments, we have used CUB (Wah et al. 2011)
and Cars (Krause et al. 2013), which are the standard bench-
marks for prototypical-part-learning models. To emphasize
the importance of localizing specific regions in images that
either support or attack the target class, we utilized the Brain
Tumor MRI dataset (Nickparvar 2021). Additionally, we
demonstrate ProtoArgNet’s capability to identify spatial re-
lationships that are undetectable by other approaches by ap-
plying it to (an adaptation to binary classification of) the
SHAPES dataset (Hu et al. 2017).

6.1 Experimental Setup
Following the usual protocol (Chen et al. 2019), the input
images are resized to 224× 224. We set the number of pro-
totypes N to 1024.2 For training the model, we set the batch
size to 32 and the number of epochs to 1000. The convolu-
tional backbone was ResNet-50 (He et al. 2016) pre-trained
using ImageNet (Deng et al. 2009). The choices of batch
size, number of training epochs, convolutional backbone and
pre-trained weights are aligned with previous prototypical-
part-learning approaches. The SMLP had 1 hidden layer,
400 hidden activation maps and GELU (Hendrycks and
Gimpel 2023) activation functions3.

6.2 Classification Performance
The first two columns in Table 1 show that ProtoArgNet out-
performs (in terms of classification accuracy) all baselines
on the CUB, Cars and Brain datasets.

6.3 Sparsification of QBAF
To evaluate the tradeoff between sparsity and performance,
we evaluated the accuracy under 40%, 80%, and 94% spar-
sification ratios (240, 80, and 24 activation maps remaining).

2The performance of ProtoArgNet with various choices for N
(512, 1024, 2048) is reported in the supplementary material in (Ay-
oobi, Potyka, and Toni 2024b).

3The performance of ProtoArgNet employing various MLP
configurations, encompassing 1 to 5 hidden layers and a range of
hidden activation maps (50, 100, 200, 400, 600), is detailed in the
supplementary material in (Ayoobi, Potyka, and Toni 2024b).



Sparsification Datasets
Ratio CUB Cars Brain SHAPE
0.4 85.4 89.3 99.5 99.8
0.8 85.4 89.3 99.5 99.8
0.94 85.1 88.8 99.4 99.8

Table 2: Classification accuracy of ProtoArgNet with differ-
ent sparsification ratios/datasets. As in SpArX(Ayoobi, Po-
tyka, and Toni 2023), the local explanations with various ra-
tios do not compromise classification accuracy.

Super- Prototype Classifier Accuracy
Prototypes Layer CUB Cars

––– L2 Fixed 79.5 86.4
––– L2 SMLP 81.5 86.9
––– Cosine Fixed 81.7 87.4
––– Cosine SMLP 81.9 88.0
✓ L2 Fixed 81.4 87.6
✓ L2 SMLP 82.7 88.3
✓ Cosine Fixed 83.5 88.9
✓ Cosine SMLP 85.4 89.3

Table 3: Ablation study with different prototype layers and
classifiers with respect to the super-prototypes.

As Table 2 shows, the classification accuracy remained un-
changed up to the 93% ratio. At 94% sparsification, the ac-
curacy starts dropping. However, we can see that the size
of the SMLP can often be reduced significantly without af-
fecting its performance negatively. This is in line with the
experiments on MLPs in (Ayoobi, Potyka, and Toni 2023).

6.4 Ablation study

Ablation studies on CUB and Cars (excluding the Brain and
SHAPES datasets, which have not been used originally for
the baseline methods) in Table 3 show that ProtoArgNet
achieves the best accuracy when employing a cosine simi-
larity prototype layer with an SMLP with one hidden layer.
Notably, ProtoArgNet surpasses the performance of state-
of-the-art methods (see Table 1) even when utilizing a fixed
logistic regression layer, instead of SMLP super-prototype
layers (but performs best with the SMLP).

b) Class 1a) Class 0

Figure 4: Examples from (our binary adaptation of) the
SHAPES dataset. Class 1 contains images with a triangle
in the leftmost column and a circle in the rightmost column
of the same row or vice versa. Class 0 is when these condi-
tions are not met.

6.5 Localization and Spatial Correlations
Figure 3 shows some super-prototypes for randomly se-
lected examples from the Brain Tumor MRI dataset. These
images showcase the regions that are either supporting or
attacking the corresponding classes. For instance, when ex-
amining the leftmost input image, a radiologist would find
that the ‘Meningioma’ (benign tumour) class has the high-
est probability. She can then look into the plausibility of
the decision process by looking at the corresponding super-
prototype (leftmost super-prototype). The prototypical-parts
associated with green-highlighted regions should be indica-
tive of ‘Meningioma’ (benign tumour), while those in the
red-highlighted regions should be contraindicative. To un-
derstand the significance of the red-highlighted area, the ra-
diologist can compare it with the super-prototypes of other
classes where the same regions are highlighted in green. The
second super-prototype from the left, associated with the
Glioma (malignant tumour) class, highlights these regions
in green, suggesting that further examination of that region
may be necessary.

To assess whether different image classification methods
can localize the prototypical-parts and encode spatial rela-
tionships between them, we adapted the SHAPES dataset
(Hu et al. 2017) as a benchmark. We randomly generated
synthetic images containing 3× 3 grids of circles, triangles,
and squares in different colours (red, green, and blue). An
image is assigned to Class 1 if a triangle is located in the left-
most column and a circle is located in the rightmost column
of the same row or vice versa, with a circle in the leftmost
column and a triangle in the rightmost column of the same
row4, and Class 0 otherwise. The resulting dataset comprises
10,000 224× 224 images with balanced binary class labels.
Figure 4 shows examples of images in the dataset.

The last column in Table 1 compares the accuracy of the
baselines for this SHAPES dataset. ProtoArgNet, with an ac-
curacy of 99.7% ± 0.2%, significantly outperforms all other
approaches (whose accuracy is around 50%). This can be ex-
plained by noting that these models only look at the presence
of prototypes in images, but are unable to infer informa-
tion from their relative position. ProtoArgNet addresses this
limitation by using channel-wise max and super-prototypes,
which enable the model to infer the spatial correlation of dif-
ferent prototypical-parts in the image when needed for clas-
sification.

6.6 Cognitive Complexity of Explanations
We measure the cognitive complexity of an explanation of a
prototypical-part-learning approach by the number of acti-
vated prototypes per input xi. We consider a prototype pj to
be activated if the maximum value in its similarity map (in
SMj) exceeds a threshold of τ = 0.1 (after normalizing the
absolute value of the similarity scores to the range [0, 1]).

ProtoArgNet retains the 7 × 7 spatial dimensions of the
convolutional output from the ResNet50 backbone, apply-
ing the maximum function across CWMs during inference.
This ensures that at most a single prototype is activated per

4This criterion can be customized to reflect the user’s prefer-
ences, e.g. the dataset could assign disjunction of multiple criteria.
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Figure 5: Examples of ProtoArgNet explanations for the CUB and Cars dataset. The first row shows input images. The second
row shows the super-prototypes of the target classes provided to the user as explanations. The third row shows the corresponding
localized activated prototypical-parts for each super-prototype visualized by following the attack and support relations in the
QBAF. The last two rows show the corresponding supporting prototypical-parts and attacking prototypical-parts.

spatial location for each input. Thus, the theoretical upper
bound for activated prototypes in ProtoArgNet is 7× 7=49
per example. In contrast, the upper bound for activated pro-
totypes in other methods equals the total number of proto-
types (see Table 4). Notably, ProtoArgNet uses these 49 pro-
totypes to construct the super-prototypes of all classes. Fur-
ther, Table 4 reports the Average number of Activated Pro-
totypes per example (#AAP ), confirming that ProtoArgNet
has lower cognitive complexity than other methods.

6.7 Qualitative Evaluations
The super-prototypes of the target classes in the bottom row
of Figure 5 illustrate the local explanations generated for a
few data instances from the CUB and the Cars datasets. The
top row shows the input images fed to ProtoArgNet. To in-
terpret the super-prototypes, one could trace the attack and
support relations in the QBAF to localize the prototypical-
parts in the super-prototypes as in the third row. The green
overlay on the super-prototypes highlights the regions in the
input image that support the classification, while the red ar-
eas identify the attacked or unsupported portion of the input.
For example, the super-prototype of the left-most image in
Figure 5 can be interpreted as the bird’s neck and the wing
resembling the target class while the belly and flank differ
from the observed target class instances in the training set.

7 Conclusion
ProtoArgNet is a novel prototypical-part-learning ap-
proach. It utilizes super-prototypes that combine multiple
prototypical-parts to a single class representation that can
take account of spatial relationships between individual

Method # AAP / Upper Bound
CUB Cars

ProtoPNet 1147.84/2000 1059.49/2000
ProtoPShare 182.58/400 159.20/480
ProtoPool 95.19/202 70.64/195
ProtoTrees 103.78/202 76.31/195

TesNet 1093.54/2000 1014.82/2000
D-ProtoPNet 594.23/1200 548.69/1176
ST-ProtoPNet 1167.41/2000 1086.57/1960

PIP-Net 211.83/495 213.46/515
ProtoArgNet 24.57/49 8.42/49

Table 4: Comparing average numbers of activated prototypes
(#AAP ) per sample and upper bound of activated proto-
types. A lower number means lower cognitive complexity.

parts. Using an MLP structure for the super-prototypes lay-
ers allows ProtoArgNet to capture non-linear relationships,
while applying the SpArX methodology allows interpretable
argumentative reading of the MLP as a QBAF. Experi-
ments show that ProtoArgNet outperforms state-of-the-art
prototypical-part-learning approaches in terms of accuracy,
cognitive complexity, and the ability to learn spatial relation-
ships between prototypical-parts.

Future work includes expanding ProtoArgNet’s capabili-
ties further to encompass multi-modal data. Further, we plan
to deploy ProtoArgNet in the medical domain and explore
the automatic generation of human-readable interpretations
of the super-prototypes and QBAFs for explanatory pur-
poses, including interactive explanations (Cyras et al. 2021).
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