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Abstract

Deep learning has excelled in medical image classification,
but its clinical application is limited by poor interpretabil-
ity. Capsule networks, known for encoding hierarchical re-
lationships and spatial features, show potential in address-
ing this issue. Nevertheless, traditional capsule networks of-
ten underperform due to their shallow structures, and deeper
variants lack hierarchical architectures, thereby compromis-
ing interpretability. This paper introduces a novel capsule
network, ParseCaps, which utilizes the sparse axial attention
routing and parse convolutional capsule layer to form a parse-
tree-like structure, enhancing both depth and interpretabil-
ity. Firstly, sparse axial attention routing optimizes connec-
tions between child and parent capsules, as well as empha-
sizes the weight distribution across instantiation parameters
of parent capsules. Secondly, the parse convolutional capsule
layer generates capsule predictions aligning with the parse
tree. Finally, based on the loss design that is effective whether
concept ground truth exists or not, ParseCaps advances inter-
pretability by associating each dimension of the global cap-
sule with a comprehensible concept, thereby facilitating clin-
ician trust and understanding of the model’s classification re-
sults. Experimental results on three medical datasets show
that ParseCaps not only outperforms other capsule network
variants in classification accuracy and robustness, but also
provides interpretable explanations, regardless of the avail-
ability of concept labels.

1 Introduction
Deep learning methods of medical image classification pro-
vide consistent, rapid predictions that often exceed human
in detecting subtle abnormalities. However, obtaining ex-
tensive, high-quality datasets is challenging, and poor inter-
pretability limits their clinical application. Capsule networks
(CapsNets) have shown potential to enhance interpretability
by maintaining hierarchical relationships and spatial orienta-
tions within images (Sabour, Frosst, and Hinton 2017; Hin-
ton, Sabour, and Frosst 2018). They also improve classifi-
cation accuracy by capturing relationships between disease
markers and normal anatomical structures (Akinyelu et al.
2022; Ribeiro et al. 2022; Patrick et al. 2022). CapsNets uti-
lize vectors called capsules to replace neurons. Each cap-
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sule vector’s length represents the presence probability of
specific entity in the input image, and its direction encodes
the captured features (Sabour, Frosst, and Hinton 2017).
Each dimension of the capsule vector, termed an instanti-
ation parameter, represents the direction of the capsule, con-
ferring inherent physical meanings. So, it holds potential for
concept interpretability, as each corresponds to a human-
understandable and meaningful concept.

Existing CapsNets face challenges to assign clear mean-
ing to instantiation parameters; however, integrating a parse-
tree-like structure could map part-to-whole relationships
similarly to human cognitive processes (Sabour, Frosst, and
Hinton 2017), thereby enhancing concept interpretability. In
this structure, each node is a capsule, and active capsules se-
lect parent capsules from the upper layer through routing.
Because (Sabour, Frosst, and Hinton 2017) does not adhere
to a strict tree structure where each child node connects to
only one parent node, it is referred to as parse-tree-like. The
top layer features a single “global capsule” that provides a
comprehensive view of the entire image, encapsulating enti-
ties and their hierarchical relationships. This allows each in-
stantiation parameter to align with an interpretable and con-
ceptually meaningful image entity. The parse tree provides
a carrier for interpretability through the global capsule.
Coupled with loss constraints, they create a capsule net-
work with concept interpretability.

However, the current implementation of parse tree faces
challenges. First, it lacks a suitable routing algorithm that
supports the parse-tree-like structure. Dynamic routing pro-
cess tends to create a fully connected structure between sub-
capsules and parent capsules (Jeong, Lee, and Kim 2019),
which undermines the desired selective connection essential
for clear hierarchical relationships. Additionally, although
existing attention routing sparsifies the coupling coefficients
between capsules (Geng et al. 2024), it does not see the im-
portance of instantiation parameters within capsules, which
adversely affects the global capsule’s instantiation parame-
ters. Moreover, certain CapsNet layers contradict the parse
tree by increasing the number of capsules without corre-
spondingly enhancing their dimension (Rajasegaran et al.
2019; Choi et al. 2019). They fail to concentrate features
of entire image into a global capsule; instead, as the num-
ber of capsules increases, features become more dispersed,
leading to redundancy in feature representation and a diluted
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Figure 1: Using a parse-tree-like structure as a carrier, com-
bined with loss functions, a capsule network with con-
cept interpretability has been achieved. Each instantiation
parameter of the global capsule corresponds to a human-
understandable concept.

hierarchical structure. Furthermore, existing CapsNets lack
loss functions to promote concept interpretability.

This paper presents ParseCaps, a novel capsule network
featuring three enhancements corresponding to above chal-
lenges. First, following (Geng et al. 2024), a sparse axial at-
tention (SAA) routing is proposed, which not only sparsifies
coupling coefficients but also weighs instantiation parame-
ters within each capsule. The sparsity inherent in SAA rout-
ing excludes sub-capsules with weaker connections to parent
capsules, benefiting a hierarchical parse-tree-like structure.
Second, we introduce a parse convolutional capsule (PCon-
vCaps) layer. This layer generates capsules whose predic-
tion strictly aligns with the parse tree, reducing the number
of capsules while increasing their dimensionality as layer
depth increases, thus forming an interpretable global cap-
sule. Third, we design loss functions to align each dimension
of the capsule vector with a human-understandable concept,
regardless of whether concept ground truth are available or
not. The motivation of this paper is shown in Fig. 1.

Contributions 1) ParseCaps forms a parse-tree-like struc-
ture by creating PConvCaps layer and SAA routing, espe-
cially focusing on instantiation parameter weights in SAA
routing. 2) It enhances interpretability with a parse-tree-like
structure and loss functions, aligning instantiation parame-
ters of global capsule with human-understandable concepts.
3) It outperforms existing CapsNets in medical image clas-
sification and provides interpretable explanations regardless
of concept label availability.

2 Related Work
Capsule networks and parse-tree-like structure (Hin-
ton, Ghahramani, and Teh 1999) first proposed the parse-
tree-like structure for image processing , where lower-level
nodes represent parts of an entity (i.e., eyes, nose, etc.), and
top-level nodes depict the entire entity (i.e., the entire face).
Most existing CapsNets with parse trees are constructed
within shallow networks. (Sabour, Frosst, and Hinton 2017)
introduced CapsNet with a basic two-layer parse-tree-like
structure. (Peer, Stabinger, and Rodriguez-Sanchez 2018)
proposed a dynamic parse tree for a four-layer CapsNet, and

(Bui, Yu, and Jiang 2021) utilized shared weights routing
for constructing syntax trees in code comprehension tasks,
leading to a two-layer capsule network. (Yu et al. 2022) ex-
plored unsupervised facial parsing with a two-layer capsule
encoder. However, deeper capsule networks depend on con-
volutional layers disrupt the parse-tree-like structure (Ra-
jasegaran et al. 2019; Everett, Zhong, and Leontidis 2023).
Although (LaLonde, Torigian, and Bagci 2020) investigate
the interpretability of capsule networks in the medical field,
it did not address the conceptual significance of instantiation
parameters or the parse tree structure. In conclusion, the po-
tential for interpretability and parsing structure in deep cap-
sule networks remains underexplored.

Explainable medical image classification Despite the ex-
cellent performance of existing deep learning algorithms,
their clinical deployment remains limited primarily due to
the non-transparency of their decision-making processes
(Patrı́cio, Neves, and Teixeira 2023b), which is often de-
scribed as “black-box” model (Lipton 2017). This encour-
ages the development of interpretable deep learning algo-
rithms that combine explainable models with high medi-
cal diagnostic accuracy (Li et al. 2024; Zhang et al. 2021).
Early methods of interpretability involved perturbing in-
put images to see how model outputs changed (Ribeiro,
Singh, and Guestrin 2016; Lundberg and Lee 2017), or
analyzing model activations to determine essential lesions
for predictions (Zhou et al. 2016; Selvaraju et al. 2017).
However, these post-hoc explanation methods were criti-
cized for potentially missing the complex dynamic process
within models (Adebayo et al. 2018; Rudin 2019). Conse-
quently, there is a growing trend towards designing mod-
els that inherently explain their decision-making processes
(Kim et al. 2021; Wickramanayake, Hsu, and Lee 2021;
Gallée, Beer, and Götz 2023). (Alvarez Melis and Jaakkola
2018; Sarkar et al. 2022) constructed models with built-in,
pre-hoc interpretability, known as conceptual interpretabil-
ity, which clarified classifier predictions through a set of
human-understandable concepts.

3 Methodology
3.1 Overall architecture
The ParseCaps architecture is shown in Fig. 2. The input
image x is fed into the initial convolutional block consist-
ing of four convolutional layers that extract features Φ0 ∈
R(B,f0,W0,H0), where B, f0, W0, and H0 denote the batch
size, number of feature maps, width and height, respectively.
This block maps the image features to a higher dimentional
space, facilitating capsule creation (Mazzia, Salvetti, and
Chiaberge 2021). Then, the primary capsule layer converts
Φ0 into capsules U1 ∈ R(B,n1,d1), where n1 and d1 are the
number and dimension of primary capsules, respectively.

A capsule block consists of several capsule cells, each
containing a PConvCaps layer, SAA routing, and MLP. The
PConvCaps layer generates predictions Ûl+1 for higher-
level capsules from lower-level Ul. SAA routing computes
coupling coefficients cij based on the alignment between Ul

and Ûl+1. The MLP deepens the network without changing
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Figure 2: The architecture of ParseCaps.

capsule counts or dimensions. Capsule blocks can be stacked
to extend the network depth effectively. ParseCaps includes
three blocks with one, two, and five cells, respectively.

The final block connects to FullyCaps layer and concept
layer, the FullyCaps layer converges all capsules into class
capsules Uclass ∈ R(B,nclass,dclass) to make predictions. In
concept layer, inputs are mapped into m concept capsules
Uc ∈ R(B,m,dc) by two linear layers. Each uc,i is con-
verted into a 1D instantiation parameter of the global capsule
ug ∈ R(B,1,m), representing m concepts p1, p2, . . . , pm.
The softmax function renders each instantiation parameter
to [0, 1] as the activation of that concept. ug feeds into a de-
coder with four deconvolution layers to reconstruct x.

3.2 Parse-tree-like structure
(Peer, Stabinger, and Rodriguez-Sanchez 2018) identified
two essential criteria for a parse tree structure : First, there
should be fewer parent capsules than sub-capsules, with par-
ent capsules having greater dimensions to encapsulate more
features. Second, each sub-capsule should connect to only
one parent capsule. PConvCaps layer meets the first crite-
rion by buliding a model structure that widens at the base
and narrows at the top. For the second criterion, it causes
significant feature loss and overfitting to maintain one-to-
one connections between parent capsules and sub-capsules.
SAA routing is used to reduce unnecessary connections.

Parse convolutional capsule layer Recent studies on
CapsNets commonly employ convolutional capsule (Con-
vCaps) layer (Rajasegaran et al. 2019; Geng et al. 2024;
Choi et al. 2019). The input of the ConvCaps layer l is
Ul ∈ R(B,wl,wl,dl,nl), transforming into the output Ûl+1 ∈
R(B,wl+1,wl+1,dl+1,nl+1), where B,wl, dl and nl are the
batchsize, width of the input feature map, the dimension
and the number of capsules, respectively. When perform-
ing convolution, Ul is reshaped into a 4D tensor Ul ∈
R(B,wl,wl,dl×nl), where dl × nl serves as the channel di-
mension of the tensor. As the convolutional layers deepen,
dl × nl increases while wl decreases. Typically, dl is often
set as a constant, thus the number of capsules nl increases.

This phenomenon creates challenges in CapsNets. First,
the parse-tree-like structure prefers that lower-layer capsules
should be short (i.e. small vector dimension d) and nu-
merous (i.e. large vector count n) to represent partial fea-
tures, higher-layer capsules are fewer but longer, encom-
passing entire image entities. However, ConvCaps layers fail

Figure 3: The process of PConvCaps Layer.

to adhere to this structure. Furthermore, increasing capsule
counts without expanding feature space results in an over-
abundance of feature carriers. Capsules represent overlap-
ping areas of feature distribution, leading to redundancy.
Lastly, the 5D capsule (B,wl, wl, dl, nl) combines feature
maps and capsules, which complicates the meaning of in-
stantiation parameters and reduces interpretability.

We introduce the PConvCaps Layer detailed in Fig. 3.
This layer ensures that all extracted features are repre-
sented by capsules, with the input capsule defined as Ul ∈
R(B,nl,dl). To adapt to convolution, nl is split into

√
nl ×√

nl, and dl corresponds to the number of channels in the
convolutional layer. We define the width of the spatial grid
be wl =

√
nl, and reshape Ul into (B,wl, wl, dl).

Consequently, when the stride is larger than 1, the num-
ber of capsules nl naturally decreases and the dimension dl
increases as the layers deepen, aligning with the parse tree.
PConvCaps layer uses depthwise convolution (Chollet 2017)
with a 3 × 3 kernel and stride of 2, followed by layer nor-
malization (Ba, Kiros, and Hinton 2016) and pointwise con-
volution with a 1× 1 kernel and stride of 1.

Sparse axial attention routing We develop the sparse ax-
ial attention routing (SAA routing) which consists of two
parts: sparse attention and axial attention.

Sparse attention The essence of sparse attention routing
is capturing the coupling coefficients Cs between lower-
level capsules and higher-level capsules via an attention
map, as shown in Fig. 4, where s denotes the sparse atten-
tion. For the l-th layer capsules Ul ∈ R(B,nl,dl), the PCon-
vCaps layer generates predictions of (l + 1)-th layer cap-
sules Ûs

l+1 ∈ R(B,nl+1,dl+1), consisting of nl+1 capsules,
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Figure 4: The process of SAA routing. The tensor shapes for
sparse attention and axial attention are represented in black
and blue, respectively. g is the activation function Squash.

each with dl+1 dimensions. Ûs
l+1, Ks ∈ R(B,nl,dl+1) and

V s ∈ R(B,nl,dl+1) serve as the query, key and value in the at-
tention mechanism, respectively. For matrix multiplication,
Ks and V s are mapped to (B,nl, dl+1) through pointwise
convolution with a kernel size of 1×1 and stride 1. The com-
putation of attention scores corresponds to calculate cou-
pling coefficients cij in dynamic routing. The coupling co-
efficient matrix Cs ∈ R(B,nl+1,nl) is calculated in Eq. 1:

Cs = α-Entmax(
Ûs
l+1(K

s)
T√

dl+1

) (1)

α-Entmax is the sparse softmax (Correia, Niculae, and Mar-
tins 2019) and is defined as Eq. 2:

α-Entmax(x)i = max

(
xi − τ

α
, 0

) 1
α−1

(2)

τ is a self-adaption threshold and α controls the sparsity of
the attention map. α-Entmax adaptively sets smaller cou-
pling coefficient cij to zero, encouraging sub-capsules to
connect to most relevant parent capsules. This selective con-
nectivity is crucial for the parse-tree-like structure. After as-
signing cij to Ûs

l+1, the votes are generated through Ss =

Cs(V s)
T, then passing through a nonlinear activation func-

tion g to obtain the output Us
l+1 = g(Ss). The sparsity in

routing preserves the richness of features and aligns with a
parse-tree-like structure.

Axial attention Sparse attention routing assigns coupling
coefficient cij to each lower-level capsule ul,i, uniformly
scaling all dimensions (i.e. instantiation parameter) within
ul,i by the same constant cij . However, as not all instan-
tiation parameter contribute equally to routing, the weight
distribution for instantiation parameters within each capsule
is needed. Nevertheless, traditional attention mechanisms
based on dot products between vectors fail to account for
dependencies between individual elements within capsules.

Axial attention decomposes a 3D input into capsule-wise
(n-axis) and dimension-wise (d-axis) components, then ap-
plying attention independently to each axis (Ho et al. 2019;
Wang et al. 2020; Valanarasu et al. 2021). We focus atten-
tion along d-axis, targeting the instantiation parameters in
each capsule. Following (Ho et al. 2019), unrelated axis n is
rearranged into the batch dimension B. Other process is sim-
ilar to sparse attention, detailed in Alg. 1. The shape of each

tensor of axial attention is shown in Fig. 4 with blue. The
outputs from both attentions, Us

l+1 and Ua
l+1, are combined

to get parent capsules Ul+1, with both attentions computed
in parallel to optimize training time.

Complexity analysis For U ∈ R(B,n,d), sparse attention
has a computational complexity of O(n2), while axial at-
tention along d-axis incurs O(d). Given O(d) < O(n2),
the overall complexity remains O(n2). Compared with tra-
ditional attention routing where Û ∈ R(B,n,W×H×d) with
complexity of O(W 2H2d2) (Pucci, Micheloni, and Mar-
tinel 2021), Û ∈ R(B,nl+1,nl,d) with O(n2

l d
2) (Mazzia,

Salvetti, and Chiaberge 2021), and Û ∈ R(B,w,h,n,d) with
Conv3D complexity of O(WHND2) (Choi et al. 2019),
SAA routing reduces computational costs.

Algorithm 1: SAA Routing

Require: Ul ∈ R(B,nl,dl)

Ensure: Ul+1 ∈ R(B,nl+1,dl+1)

Compute sparse attention:
1: Ûs

l+1 ← PConvCaps(Ul)
2: Ks, V s ← PointwiseConv(Ul)

3: Cs ← α-entmax( Û
s
l+1(K

s)T√
dl+1

)

4: Ss ← Cs(V s)
T

5: Us
l+1 ← g(Ss)

Axial attention along d-axis:
6: Ûa

l+1 ← Reshape(B × nl+1, dl+1)
7: Ka, V a ← PointwiseConv(Ul)

8: Ca ← α-Entmax( Û
a
l+1(K

a)T
√
nl+1

)

9: Sa ← Ca(V a)
T

10: Ua
l+1 ← g(Sa)

11: return Ul+1 ← Us
l+1 + Ua

l+1

3.3 Loss function
The loss function ensures that each concept capsule repre-
sents a specific concept, linking visual features in the image
to the textual characteristics of the concept. It accommodates
scenarios with and without concept ground truth labels.

When concept labels are available

Presentation loss To ensure the i-th concept capsule uc,i

uniquely signifies the concept pi, the uc,i should be activate
when pi is present in the image. Let Z = (z1, z2, . . . , zm)
represent the indicator for concept labels, where zi = 1 in-
dicates the presence of concept pi, and zi = 0 otherwise.
Accordingly, the presentation loss Lp is defined in Eq. 3:

Lp =
m∑
i=1

zi max(0, t+p − ||uc,i||)2

+ (1− zi)max(0, ||uc,i|| − t−p )
2

(3)

Inspired by (Sabour, Frosst, and Hinton 2017), activation
margins t+p = 0.9 and t−p = 0.1 are set to ensure the length
of the capsule vector ||uc,i|| exceeds t+p for the correct con-
cept, and remains below t−p for the incorrect concept.
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Models ACC↑ Avg. Precision↑ Avg. Recall↑ Avg. F1 Score↑ Avg. Specificity↑
ParseCaps 99.38 98.77 98.69 98.57 99.33

BrainCaps(Vimal Kurup, Sowmya, and Soman 2020) 92.60 92.67 94.67 93.33 -
OrthCaps (Geng et al. 2024) 92.57 86.18 86.27 85.84 94.25

DeepCaps (Rajasegaran et al. 2019) 93.69 93.95 93.60 93.58 97.49
CapsNet (Sabour, Frosst, and Hinton 2017) 92.16 93.36 91.47 92.08 93.84

Modified GoogleNet (Sekhar et al. 2021) 94.90 94.76 93.69 94.30 97.22
Block-wise VGG19 (Swati et al. 2019) 94.82 89.52 94.25 91.73 94.71

Table 1: Comparison of ParseCaps with other models on the CE-MRI dataset. Avg. is a macro average.

Triplet loss To link specific image regions with corre-
sponding conceptual phrases, we use a linear embedding
layer to map the instantiation capsule uc,i and concept pi
into a joint latent space, creating ũc,i and p̃i. We want the
embedding of the i-th instantiation capsule ũc,i corresponds
to the i-th concept pi, while the embedding of the j-th cap-
sule ũc,j does not, distinguishing the different embeddings.
The triplet loss Lp ensures that the distance between ũc,i and
p̃i is less than the distance between ũc,j and p̃i by a margin
tt. The triplet loss Lt is defined in Eq. 4:

Lp =
m∑
i=1

zi max(0, t+p − ||uc,i||)2

+ (1− zi)max(0, ||uc,i|| − t−p )
2

(4)

Overall loss Overall loss function L is defined in Eq. 5:

L = Lc + λLp + ηLt (5)

Lc is the classification loss, which is the cross-entropy loss.
λ and η are the weight hyperparameters.

When concept labels are unavailable When explicit con-
cept labels are unavailable, Lp and Lt cannot be used. Nev-
ertheless, the parse-tree-like structure, where each node rep-
resents a specific image region or component, aids the model
in understanding the relationships and hierarchy among dif-
ferent image parts. Additionally, the instantiation parame-
ter can inherently signify the presence of specific concepts.
Therefore, it is adequate to motivate the model to learn con-
cepts that reflect the semantics of the input image xi. To
measure reconstruction error, the reconstruction loss Lr is
added to the overall loss L. If the model’s conceptual under-
standing is insufficient for an accurate reconstruction of xi,
the Lr penalizes the model. We utilize an L2 loss for this
purpose and assign a weight of γ. The overall loss function
L is defined as Eq. 6:

L = Lc + γLr (6)

4 Experiments
4.1 Experimental setup1

Setup and datasets ParseCaps was developed in PyTorch
12.1 and Python 3.9, accelerated by eight GTX-3090 GPUs.

1The code is released at https://github.com/ornamentt/
Parsecaps. The supplementary material is available at
https://arxiv.org/pdf/2411.01564.

We set the learning rate to 2.5e-3, batch size to 64, and
weight decay to 5e-4. The model was trained for 300
epochs using the AdamW optimizer and a 5-cycle linear
warm-up. We evaluated ParseCaps with Contrast Enhanced
Magnetic Resonance Images (CE-MRI) (Cheng 2017), PH2

(Mendonça et al. 2013) and Derm7pt (D7) (Kawahara et al.
2019) datasets. CE-MRI has 3064 MRI T1w post GBCA im-
ages from 233 patients. PH2 and D7 are two skin diagnostic
datasets with 200 and 2000 images, respectively. we split all
datasets into 80% training, 10% testing, and 10% validation.

Concept label acquisition By dividing textual descrip-
tions using a concept parser, we get conceptual phrases com-
posed of a noun and corresponding adjectives, serving as
concept-level annotations (Wickramanayake, Hsu, and Lee
2021). Based on this rule and the annotations in the der-
moscopic standards (Patrı́cio, Neves, and Teixeira 2023a),
we select “Atypical Pigment Network” (APN), “Typical Pig-
ment Network” (TPN), “Blue Whitish-Veil” (BWV), “Irreg-
ular Streaks” (ISTR), “Regular Streaks” (RSTR), “Regular
Dots and Globules” (RDG), and “Irregular Dots and Glob-
ules” (IDG) as concept labels.

4.2 Classification performance comparison
We choose CE-MRI dataset to evaluate the classification
ability of ParseCaps in Tab. 1, because it is typical for
comparable CapsNets variants. ParseCaps outperforms other
models in accuracy (ACC), with a notable score of 99.38%.
ParseCaps also leads in average precision, recall, F1 score,
and specificity, underscoring its robustness and effective-
ness in handling CE-MRI dataset. Tab. 2 presents class-
specific metrics for Meningioma, Glioma, and Pituitary
tumor, where ParseCaps shows high performance across
all metrics, achieving a specificity of 99.79% for Menin-
gioma and a precision of 99.74% for Glioma. Tab. 3
shows ParseCaps’ performance on skin datasets, including
PH2, D7, and a combined PH2D7. Compared with Coher-
ent CNN(Patrı́cio, Neves, and Teixeira 2023a), Skin VG-
GNet(Lopez et al. 2017), CCNN(Wickramanayake, Hsu,
and Lee 2021), and SqueezeNet(Abayomi-Alli et al. 2021),
ParseCaps has the highest scores in two datasets, achiev-
ing 97.53% and 87.96% respectively. Although the perfor-
mance on D7 is lower than the coherent CNN model, it
is still competitive considering the interpretability. Overall,
these results affirm ParseCaps’ efficacy across various med-
ical image tasks, with additional classification results in the
supplementary material.
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Classes Meningioma Glioma Pituitary tumor

Metrics P↑ R↑ S↑ F1 ↑ P R S F1 P R S F1

ParseCaps 96.92 95.64 99.79 96.12 99.74 99.39 99.63 99.54 98.08 99.06 99.39 98.89
OrthCaps (Geng et al. 2024) 89.14 83.15 97.84 85.37 96.35 97.66 91.77 97.03 91.13 96.19 96.83 96.40

DeepCaps (Rajasegaran et al. 2019) 94.71 91.79 98.47 91.04 98.33 97.12 95.41 96.71 90.79 96.10 95.22 95.14
CapsNet (Sabour, Frosst, and Hinton 2017) 88.57 94.33 86.33 91.06 86.78 88.09 87.70 92.36 91.10 92.54 86.05 95.14

BrainCaps (Vimal Kurup, Sowmya, and Soman 2020) 85.00 94.00 - 89.00 98.00 96.00 - 97.00 95.00 94.00 - 94.00
Modified GoogleNet (Sekhar et al. 2021) 93.78 86.98 98.19 90.25 96.02 97.00 96.00 96.51 94.48 97.10 97.47 95.77
Block-wise VGG19 (Swati et al. 2019) 87.97 89.98 96.42 88.88 93.26 95.97 93.79 94.52 87.34 96.81 93.93 91.80

Table 2: Performance of each class on CE-MRI. P, R, S, and F1 are precision, recall, specificity, and F1 score, respectively.

Models PH2↑ D7↑ PH2D7↑
ParseCaps 97.53 83.42 87.96

Coherent CNN 96.00 84.06 84.44
Skin VGGNet 90.67 76.15 79.23

CCNN 93.33 84.27 83.96
SqueezeNet 92.18 - -

Table 3: Classification accuracy performance on skin
datasets. PH2D7 is a combination of the PH2 and D7
datasets created by (Patrı́cio, Neves, and Teixeira 2023a).

Models ParseCaps DeepCaps OrthCaps

Metrics n|d n|d n|d n|d
PCL 784 | 8 14 | 2 1 | 128 16 | 16

CCB1 196 | 16 7 | 4 4 | 32 32 | 16
CCB2 49 | 36 4 | 8 8 | 32 64 | 16
CCB3 13 | 64 2 | 16 8 | 32 128 | 16
FCL 1 | 64 1 | 16 10 | 16 10 | 16

Table 4: Comparison of the number of capsules n and the di-
mensions d. PCL, CCB and FCL represent Primary Capsule
Layer, ConvCaps Block and FullyCaps Layer respectively.

4.3 Ablation study
PConvCaps layer ParseCaps, DeepCaps, and OrthCaps
all have a ConvCaps Block. Tab. 4 compares the capsule
counts (n) and dimensions (d) within these models to high-
light PConvCaps layer’s role in the parse-tree-like struc-
ture. Unlike DeepCaps and OrthCaps, which generally in-
crease the number of capsules while maintaining or reduc-
ing their dimensions as layers deepen, ParseCaps consis-
tently reduces the number of capsules and increases their
dimensions, aligning with the parse-tree-like structure. Fur-
thermore, ParseCaps adaptively adjusts n and d according to
the dataset’s complexity. For example, as shown in the left
column of ParseCaps, larger and more complex images of
CE-MRI lead to correspondingly larger n and d, increasing
the amount of information the capsules can represent. For
simpler datasets like MNIST (Lecun et al. 1998) in the right
column, n and d are minimized to simplify the model and
prevent overfitting, with automatic adjustments based on in-
put image size that require no extra operation.

Loss functions We assess the impact of each loss using
Explanation Error (EE) (Sarkar et al. 2022) and classifi-
cation accuracy (ACC), measured EE as the L2 distance,
where a lower EE indicates better alignment with ground
truth concepts. Tab. 5 shows that the combination of the clas-

Method ACC ↑ EE ↓
Lc 94.89 4.02

Lc + Lp 95.01 3.93
Lc + Lt 97.25 1.13

Lc + Lt + Lp 97.53 0.98

Table 5: Ablation study on loss functions. Results are tested
with ParseCaps on PH2 dataset.

Routing FPS ↑ FLOPS ↓ ACC ↑
SAA 387.88 279M 98.66

Attention 277.55 10627M 98.23
Dynamic 252.78 40609M 98.35

Table 6: Ablation study on different routing algorithms. Re-
sults are tested on the MNIST dataset.

sification loss Lc, the presentation loss Lp and the triplet loss
Lt achieves the best performance, with ACC of 97.53% and
EE of 0.98. Removing Lt leads to a drop in performance,
with ACC falling to 97.25% and EE increasing to 1.13, un-
derscoring Lt’s critical role in linking concept features with
visual features. The ablation study of the reconstruct loss Lr

is in the supplementary material.

Attention routing We test the performance of routing al-
gorithms in a basic CapsNet model, featuring a convolu-
tional layer with a kernel size of 3 and stride of 2, a pri-
mary capsule layer, and a digit capsule layer, with the rout-
ing between the last two layers. As shown in Tab. 6, SAA
routing outperforms others with an accuracy of 99.01% and
performs best in FPS and FLOPS, showcasing superior ef-
ficiency. Although dynamic routing records a decent accu-
racy of 98.35%, it suffers from high computational costs
(40609M FLOPS) and the lowest FPS (252.78).

4.4 Effectiveness of parse-tree-like structure
Robustness analysis In the parse-tree-like structure,
lower-level capsules detect basic features like edges and
corners, and higher-level capsules aggregate them to rep-
resent complex entities. This bottom-up feature integration
enables the model to maintain consistent recognition under
affine transformations, thus enhancing robustness. Follow-
ing the experimental protocol of (Sabour, Frosst, and Hinton
2017), we train ParseCaps for 100 epochs on the MNIST and
test it on the affNIST (Tieleman 2013), which subjects im-
ages to random affine transformations like rotations, scaling,
and translations. We use a baseline capsule network with
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Variants MNIST ↑ affNIST ↑
ParseCaps 99.30 84.32
Baseline 99.23 79.00

CNN 99.22 66.00

Table 7: Robustness analysis on the affNIST dataset. MNIST
and affNIST are accuracies on these datasets, respectively.

Figure 5: Visualization of the concept capsules with ground
truth in ParseCaps.

SAA routing but without the parse-tree-like structure. Tab.
7 shows that ParseCaps demonstrates superior accuracy on
affNIST, achieving 84.32%, compared to baseline’s 79.00%
and CNN’s 66.00%, confirming ParseCaps’ robustness.

Concept interpretability evaluation To validate the in-
terpretability of ParseCaps, we analyze the concept capsules
within the model through visualization, as shown in Fig. 5.
The highlighted areas coincide with the lesion areas, proving
the detection of key regions for melanoma. According to the
ABCD rule (Nachbar et al. 1994), these areas clinically cor-
respond to common signs of melanoma: Asymmetry, irreg-
ular Borders, multiple Colors, and Dermoscopic structures
(Patrı́cio, Neves, and Teixeira 2023a). We construct a base-
line model with the same structure as ParseCaps except the
parse-tree-like structure, directly connecting all capsules to
the concept layer. As shown in Fig. 6, its concept capsules
fail to capture critical areas and instead focus on edge fea-
tures, which should be captured by lower-level capsules, val-
idating the effectiveness of parse-tree-like structure.

When concept ground truth is unavailable, ParseCaps
leverages internal entity relationships to provide inter-
pretable concepts within images. We choose prototypes that
maximize the activation values of each concept capsule
to define its specific meanings. Due to the difficulty non-
medical experts face in annotating the medical concepts of
the selected prototypes, we have chosen to test ParseCaps
on ImageNet-mini (Vinyals et al. 2016), which has more im-
ages and concepts that are easier to recognize. As depicted
in Fig. 7, p1 captures entities with vertical line features, p2
identifies an animal’s face, p3 focuses on green entities, p4
represents a left-facing bird with a pointed beak, p5 encom-
passes black or dark entities, p6 captures cubic shapes, p7 is
associated with the blue sky or sea, and p8 recognizes cir-
cular features. Although there are occasional misidentifica-

Figure 6: Visualization of concept capsules in baseline.

Figure 7: Visualization of the concept capsules without
ground truth on ImageNet-mini.

tions, such as slippers in p4, ParseCaps consistently demon-
strates interpretable ability without concept supervision.

5 Conclusion and Limitations
In this paper, we introduce ParseCaps, which incorporates a
parse-tree-like structure and loss functions to build an inter-
pretable capsule network in medical classification. However,
ParseCaps has limitations. First, the parse-tree-like struc-
ture is not a strict parse tree with single-parent connec-
tions. which could enhance interpretability by more clearly
explaining decision-making processes. Second, due to lim-
ited medical knowledge, identifying conceptual meanings
for prototypes is challenging. ParseCaps lacks experiments
in interpretability visualization without concept ground truth
on medical datasets. We hope for continued exploration of
unsupervised interpretability in medical datasets.
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