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Abstract
Capsule Network (CapsNet) has demonstrated significant po-
tential in visual recognition by capturing spatial relation-
ships and part-whole hierarchies for learning equivariant fea-
ture representations. However, existing CapsNet and variants
often rely on a single high-level feature map, overlooking
the rich complementary information provided by multi-scale
features. Furthermore, conventional feature fusion strategies,
such as addition and concatenation, struggle to reconcile
multi-scale feature discrepancies, leading to suboptimal clas-
sification performance. To address these limitations, we pro-
pose the Multi-Scale Patchify Capsule Network (MSPCaps),
a novel architecture that integrates multi-scale feature learn-
ing and efficient capsule routing. Specifically, MSPCaps con-
sists of three key components: a Multi-Scale ResNet Back-
bone (MSRB), a Patchify Capsule Layer (PatchifyCaps), and
a Cross-Agreement Routing (CAR) block. First, the MSRB
extracts diverse multi-scale feature representations from in-
put images, preserving both fine-grained details and global
contextual information. Second, the PatchifyCaps partitions
these multi-scale features into primary capsules using a uni-
form patch size, equipping the model with the ability to learn
from diverse receptive fields. Finally, the CAR block adap-
tively routes the multi-scale capsules by identifying cross-
scale prediction pairs with maximum agreement. Unlike the
simple concatenation of multiple self-routing blocks, CAR
ensures that only the most coherent capsules (best part-to-
whole pairs) contribute to the final voting. Our proposed
MSPCaps achieves remarkable scalability and superior ro-
bustness, consistently surpassing multiple baseline methods
in terms of classification accuracy, with configurations rang-
ing from a highly efficient Tiny model (344.3K parameters)
to a powerful Large model (10.9M parameters), highlighting
its potential in advancing feature representation learning.

Introduction
Convolutional Neural Networks (CNNs) have proven excep-
tional capabilities in extracting hierarchical image represen-
tations. However, understanding visual scenes requires not
only detecting parts or objects, but also understanding their
spatial relationships and part-whole structures. The inabil-
ity of CNNs to inherently model these relationships leads
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Figure 1: Comparative overview of conventional CapsNet
and our proposed MSPCaps. The path (a)→ (b) shows the
conventional CapsNet with dynamic routing, where the pre-
diction capsules û are first generated by applying weight
matrices W on primary capsules u, followed by an itera-
tive routing-by-agreement process to update the coupling
coefficients C for n iterations. The class capsules are then
produced in the last iteration based on output capsules v. In
contrast, the path (a) → (c) shows the proposed MSPCaps,
which leverages multi-scale features to generate initial cap-
sules and employs a non-iterative cross-agreement routing
mechanism for voting to compute output capsules.

to significant limitations, including low robustness and poor
spatial object correlation. To address these issues, Capsule
Network (CapsNet), first introduced by (Sabour, Frosst, and
Hinton 2017), encodes entities as vectors representing in-
trinsic properties, such as pose and orientation. In simple
terms, CNNs determine if a feature is present, while Cap-
sNet explains how it exists by capturing the relationships
between parts.

At its core, CapsNet operates on the principle of hierar-
chical composition. At the very bottom, primary capsules
identify basic visual elements called parts and encode each
part’s attributes. Then, they actively predict the presence and
properties of high-level entities they may form using learned
transformation matrices. In practice, this predictive voting
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procedure is orchestrated by an iterative dynamic routing
mechanism. Low-level capsules exchange votes and update
their coupling coefficients based on the agreement achieved
with the predicted capsules. As a result, only those high-
level capsules receiving mutual agreement from multiple
sources are strongly activated.

Recent studies have advanced capsules with deep back-
bones (Rajasegaran et al. 2019; Huang and Zhou 2020; Geng
et al. 2024) or attention routing (Mazzia, Salvetti, and Chi-
aberge 2021; Choi et al. 2019; Pucci, Micheloni, and Mar-
tinel 2021). However, despite their compelling designs, Cap-
sNet and its variants still face several limitations: (1) Ex-
isting studies (Mazzia, Salvetti, and Chiaberge 2021) in-
stantiate primary capsules directly from entire global fea-
ture maps. This runs counter to the intuition that the lowest-
level capsule should focus on simple visual primitives that
are spatially localized; (2) Existing capsule models mainly
rely on single-resolution features, neglecting the rich com-
plementary information available across different scales; (3)
Conventional feature fusion strategies, such as simple addi-
tion and concatenation, struggle to effectively reconcile the
discrepancies between multi-scale features.

To address these limitations, we propose the Multi-Scale
Patchify Capsule Network (MSPCaps), a novel architec-
ture that integrates multi-scale feature learning and efficient
capsule routing. Fig. 1 presents a comparative overview
of the conventional CapsNet and our MSPCaps model.
Specifically, MSPCaps consists of three core components:
a Multi-Scale ResNet Backbone (MSRB), a Patchify Cap-
sule Layer (PatchifyCaps), and a Cross-Agreement Routing
(CAR) block. Firstly, MSRB utilizes a shared ResNet back-
bone to extract a hierarchy of multi-scale features from in-
put images. Typically, images with different resolutions con-
tain complementary information: high-resolution features
tend to preserve fine-grained details (local primitives), while
low-resolution representations provide global semantic in-
formation (object-level entities). Based on this, Patchify-
Caps takes the feature maps from different scales and par-
titions each feature map into a grid of fixed-sized, non-
overlapping patches, generating spatially localized primary
capsules. This mechanism not only enables the model to fo-
cus on local regions but also allows it to learn from diverse
receptive fields, which capture intricate patterns at high res-
olutions and broader abstractions at lower resolutions. Fi-
nally, to effectively fuse multi-scale features, the CAR block
aggregates multi-scale capsules by identifying cross-scale
prediction pairs with maximum agreement, thereby ensur-
ing that only the most coherent capsules (best part-to-whole
pairs) contribute to the final decision. Moreover, by pro-
gressively fusing high and low resolution capsules, CAR
provides rich guidance for generating complex higher-level
capsules and acts as an implicit regularizer, preventing the
model from being misled by excessive fine-grained details.
The effectiveness of the proposed MSPCaps is evaluated on
four baseline datasets: MNIST, FashionMNIST, CIFAR-10,
and SVHN. The results show that MSPCaps achieve state-
of-the-art performance and superior robustness compared to
multiple baselines within capsule networks.

Our main contributions are summarized as follows:

• We introduce a novel MSRB and a PatchifyCaps layer in
MSPCaps to extract and generate multi-scale capsules,
enabling learning from diverse receptive fields while pre-
serving fine-grained details and global context.

• We propose a novel CAR, an adaptive routing mecha-
nism that effectively fuses multi-scale capsules by se-
lecting pairs with maximum agreement, thereby ensuring
that only coherent capsules contribute to decisions.

• Experimental results demonstrate that our method con-
sistently outperforms multiple baseline methods in clas-
sification accuracy, with configurations ranging from an
efficient tiny model (344.3K parameters) to a power-
ful large model (10.9M parameters). Moreover, the large
model also shows significant robustness against adversar-
ial attacks and notably surpasses CapsNet.

Related Works
Routing Techniques in Capsule Networks. Research on
CapNets has explored various routing strategies to improve
efficiency and representation capabilities. Early methods
such as Dynamic Routing (DR) (Sabour, Frosst, and Hin-
ton 2017) and EM Routing (Hinton, Sabour, and Frosst
2018) employ iterative clustering mechanisms to refine cou-
pling coefficients, using vector or matrix representations,
respectively. More recently, attention-based (Choi et al.
2019; Huang and Zhou 2020) and non-iterative (Ding et al.
2020; Geng et al. 2025) strategies have gained promi-
nence. Specifically, Efficient-Caps (Mazzia, Salvetti, and
Chiaberge 2021) introduces a self-attention routing scheme
to compute coupling coefficients based on similarity among
capsule votes, enabling fully parallel and non-iterative rout-
ing. OrthCaps (Geng et al. 2024) further enhances effi-
ciency by integrating pruning and orthogonal sparse atten-
tion routing, effectively reducing redundancy while main-
taining accuracy. Moreover, SR-CapsNet (Hahn, Pyeon, and
Kim 2019) draws inspiration from the Mixture-of-Experts
(MOE) architecture, using two sub-networks per capsule
to generate pose vectors and activations, achieving expert-
style routing. However, those methods predominantly rely
on single-resolution features, and little attention has been
paid to multi-scale routing strategies.

Multi-Scale Feature and Fusion. Multi-scale feature
modeling has been widely explored to improve visual clas-
sification by capturing both local details and global context.
CNN-based methods (Lin et al. 2017; Wang et al. 2020; Gao
et al. 2019; Huang et al. 2017) incorporate multi-scale infor-
mation and fuse them following a common pattern during
fusion: combining the features via concatenation or addi-
tion, followed by projection through convolutions. Similarly,
CapsNet variants such as MS-CapsNet (Xiang et al. 2018)
and RS-CapsNet (Yang et al. 2020) fuse capsules across
scales by concatenating and jointly routing multi-scale cap-
sules, following a comparable fusion paradigm. Neverthe-
less, the multi-scale fusion in CapNets remains shallow, as
most existing approaches concatenate or add features across
scales without deeper interaction, limiting the effectiveness
of feature integration.
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(a) Overall Architecture of MSPCaps (b) Residual Block

Figure 2: (a) The overall architecture of MSPCaps, which consists of an MSRB, a PatchifyCaps, and two CAR blocks. The
backbone is designed with three residual blocks to generate features at varying scales. (b) Each residual block starts with a
downsampling convolution (stride=2), followed by n identical convolutional modules, each with a residual connection.

Methodology
We propose MSPCaps, a novel architecture constructed
from three core modules: (1) a Multi-Scale ResNet Back-
bone (MSRB), designed to capture both fine-grained de-
tails and global semantic information; (2) a Patchify Cap-
sule Layer (PatchifyCaps), which learns complementary in-
formation across different receptive fields and transforms
the extracted features into primary capsules; (3) and a
Cross-Agreement Routing (CAR) block for adaptive cross-
scale capsule voting. To demonstrate the scalability of
the proposed architecture, we present two model versions:
a lightweight model–MSPCaps-T and a powerful model–
MSPCaps-L. Both models share the same core design and
differ only in key hyperparameters and the utilization of the
weight-sharing mechanism within CAR.

Overall Architecture
As shown in Fig. 2, the MSPCaps architecture first processes
an input image x using MSRB, extracting hierarchical fea-
ture maps at three distinct scales, fi ∈ RCi×Hi×Wi for
i ∈ {1, 2, 3}. Each subsequent scale halves the spatial di-
mensions, i.e., Hi+1 = Hi/2. These multi-scale features
are then fed into PatchifyCaps, which partitions each feature
map fi into non-overlapping patches of size p × p and ap-
plies a 1×1 convolution to generate an initial set of primary
capsules ui ∈ Rni×di . Here, ni = (Hi · Wi)/p

2 denotes
number of capsules, and di is the capsule dimension.

To integrate information across scales for voting, we pro-
pose a hierarchical fusion strategy powered by the CAR
mechanism. Instead of using a simple concatenation of mul-
tiple self-routing modules, our approach fuses capsule sets
sequentially in a fine-to-coarse manner. Specifically, the pro-
cess begins with the capsules from the finest resolution level,
u1. The first CAR block uses these capsules to query the
mid-level capsules u2, producing a set of intermediate fused
capsules u1−2. Then, a second CAR block uses this fused
representation to query the capsules from the coarsest reso-
lution level u3. This progressive fusion process effectively
distills rich, multi-scale contextual information while pre-

serving complementary details at each resolution level. The
final routing step outputs a set of class capsules, which en-
capsulate comprehensive multi-scale information for down-
stream prediction tasks.

Multi-Scale ResNet Backbone
The MSRB is designed to generate hierarchical features. In-
spired by the progressive downsampling strategy in ResNet
(He et al. 2016), MSRB first generates the finest feature map
u1 and progressively reduces spatial resolution using con-
volutions with a kernel size of 3 and a stride of 2. Deeper
feature learning is achieved using subsequent convolutions
with a kernel size of 3 and a stride of 1.

The primary motivation for this design is to control the
learning process at different levels of abstraction and align
it with the subsequent PatchifyCaps. For high-resolution
(fine-grained) feature maps, we employ a shallower network
with fewer parameters, encouraging the model to capture
essential local details while reducing the risk of overfitting
caused by overly complex fine-grained features. Conversely,
for low-resolution (coarse-grained) feature maps, which en-
capsulate global context, we utilize a deeper network with
richer parameterization to enhance abstract representations
learning. Furthermore, this structure introduces a potent reg-
ularization effect that stems from the use of a hierarchical
weight-sharing mechanism. Specifically, the initial residual
blocks are shared across all scales, while deeper blocks are
specialized for coarse resolutions. This dual supervision up-
dates the shared kernels with gradients from both the fine
and coarse outputs, which implicitly regularizes the network
to extract more general and robust representations.

Patchify Capsule Layer
A key challenge in multi-scale feature representation lies
in preserving both critical fine-grained and global informa-
tion. To address this, we propose PatchifyCaps, a module
that interfaces with MSRB to generate multi-scale capsules.
Inspired by patch-based architectures such as Vision Trans-
formers (Dosovitskiy et al. 2020), PatchifyCaps partitions
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Figure 3: An illustration of the cross-agreement routing block, where A represents the raw agreement scores matrix and C
denotes the final coupling coefficients matrix.

Algorithm 1: PatchifyCaps
Input: Feature map fi ∈ RCi×Hi×Wi , patch size p.
Parameter: Wconv, Epos ∈ Rni×di .
Output: ui ∈ Rni×di .

1: upatchify ← Avgpool2d(fi, k = p, s = p).
2: uunshaped ← Conv2d(upatchify,Wconv, k = 1, s = 1, in =

Ci, out = di).
3: Let ni =

Hi

p ×
Wi

p .
4: uflat ← Reshape(uunshaped, (ni, di)).
5: ui ← uflat + Epos.
6: ui ← LayerNorm(ui).
7: return ui

multi-scale feature maps into a grid of patches. By applying
a uniform patch size to feature maps of different scales, the
capsules derived from high-resolution maps capture local
patterns via small receptive fields, while those from coarser
maps gain a wider view to model global structures. Beyond
creating primary capsules, PatchifyCaps intrinsically links
receptive field size to the feature hierarchy, enabling adap-
tive perception across scales.

To implement this, PatchifyCaps employs a “one-patch,
one-capsule” mapping. It first partitions each feature map
into a grid of non-overlapping patches using an average
pooling layer. This partitioning strategy enforces a strict lo-
cal receptive field, ensuring each resulting capsule is sen-
sitive to spatial patterns within its designated region. Subse-
quently, a 1×1 convolution adapts the feature channels to the
desired capsule dimension, di. The resulting tensor is then
reshaped into a sequence of capsules, ui ∈ Rni×di . To com-
pensate for the spatial context lost during the flattening step,
we augment each capsule vector with a learnable positional
embedding. This step ensures that each capsule retains its
region-sensitive properties, encoding both the presence and
location of features on the feature map grid. The detailed
calculation process is summarized in Alg. 1.

The “one-patch, one-capsule” approach is computation-
ally efficient. By replacing parallel convolutions with a sim-
ple pooling layer and a single 1 × 1 convolution, it signif-

icantly reduces the number of parameters required to form
the primary capsules. Moreover, we can effectively com-
press the number of primary capsules through an appropri-
ate patch size. For instance, when p = 4, the number of
primary capsules is reduced to just 84 compared to 1152
in (Sabour, Frosst, and Hinton 2017), with a decrease of
over 90%. This drastic reduction proportionally decreases
the parameters and computations needed for weight projec-
tion during voting, yielding a substantial downstream effect.

Cross-Agreement Routing
The efficacy of conventional capsule routing is often lim-
ited by its single-source design, which fails to leverage the
rich, multi-scale information essential for complex feature
voting. Although prior works like RS-CapsNet (Yang et al.
2020) incorporate capsules from various scales, their fu-
sion remains simplistic, merely aggregating multiple inter-
mediate capsules for final routing. To overcome this lim-
itation, we introduce CAR, a novel routing mechanism to
achieve sophisticated agreement-based voting across fea-
ture scales. As shown in Fig. 3, the CAR begins with two
parallel input capsules from a lower layer l: finer capsules
ul
1 ∈ Rn

(1)
in ×d

(1)
in representing smaller objects, and coarser

capsules ul
2 ∈ Rn

(2)
in ×d

(2)
in containing larger ones. Both cap-

sules are first transformed into prediction capsules û(1) and
û(2) for the nout output capsules in layer l + 1. This process
is achieved by applying transformation matrices, W (1) ∈
Rnout×n

(1)
in ×d

(1)
in ×dout and W (2) ∈ Rnout×n

(2)
in ×d

(2)
in ×dout , which

can be given by

û
(1)
j|i = W

(1)
j,i u

l
1,i and û

(2)
j|k = W

(2)
j,k u

l
2,k (1)

where û(1)
j|i and û

(2)
j|k denote the vote from capsule i and k for

output capsule j.
The foundation of our routing mechanism is based on a

key hypothesis: The uniform patch size for cross-scale cap-
sules ensures inherent spatial correspondence. Specifically,
a local group of s = n

(1)
in /n

(2)
in capsules from the finer input

ul
1 corresponds spatially to a single capsule from the coarser
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Algorithm 2: Cross-Agreement Routing (CAR)

Input: ul
1 ∈ Rn

(1)
in ×d

(1)
in , ul

2 ∈ Rn
(2)
in ×d

(2)
in .

Parameter: W (1) ∈ Rnout×n
(1)
in ×d

(1)
in ×dout , W (2) ∈

Rnout×n
(2)
in ×d

(2)
in ×dout .

Output: ul+1 ∈ Rnout×dout .
1: Û(2) ←W (2)ul

2. ▷ Voting
2: if shared weight then
3: Û(1) ←W (2)ul

1. ▷ Voting
4: else
5: Û(1) ←W (1)ul

1. ▷ Voting
6: end if
7: A← maxgroups

(
Û(1)(Û(2))T√

dout

)
. ▷ Agreement Scores

8: C← Softmax(A). ▷ Coupling Coefficients
9: V← CÛ(2).

10: vj ←
∑

k Vj,k, where j = 1, · · · , nout.
11: ul+1

j ← squash(vj).
12: return ul+1

j

input ul
2, resembling the parts-to-whole relationships in tra-

ditional dynamic routing. Therefore, capsules within the
same local region should exhibit high similarity and thus
make a consistent contribution for voting. Building on this
premise, we also introduce a lightweight design (weight-
sharing mechanism) to reduce parameters for MSPCaps-T
by assuming that the mutual information between two scales
of capsules is sufficient for classification. To implement this,
we simply apply transformation matrix W (2) to the finer
capsules ul

1 to generate prediction capsules û(1), which is
given by

û
(1)
j|m,k = W

(2)
j,k u

l
1,m,k (2)

where ul
1,m,k denotes the m-th capsule within the k-th spa-

tial group of ul
1. This significantly reduces the number of

parameters by eliminating the use of W (1).
To perform cross-agreement routing, we first reshape the

prediction vectors û(1) and organize them into n
(2)
in groups,

each containing s vectors. The agreement score between the
k-th capsule group and the j-th output capsule is determined
by the maximum similarity found within that group, which
is computed as

cjk = Softmax

 max
m=1,...,s

 (û
(1)
j|m,k) · (û

(2)
j|k)

T

√
dout

 (3)

where {û(1)
j|m,k}

s
m=1 is the group of prediction vectors from

the finer capsules that spatially correspond to the k-th
coarser capsule. By adaptively selecting the maximum sim-
ilarity, the most representative feature alignment (best part-
to-whole pair) within the local patch guides the routing pro-
cess. The raw agreement scores are then normalized using
the softmax function to compute the final coupling coeffi-
cients, cjk. The resulting output capsule vj is then calculated
as a weighted sum over the coarser-scale prediction vectors,

Hyperparameter MSPCaps-T MSPCaps-L
C1, C2, C3 32, 64, 128 128, 256, 512

N 2 3
d1, d2, d3 8, 8, 16 16, 32, 64

dmid 16 64
dout 32 128
p 4 4

Weight Shared? ✓ ✗

Table 1: Hyperparameters of our model variants. N : number
of convolutions in each residual block; dmid: intermediate
capsules dimension; dout: class capsules dimension.

vj =
∑

k cjkû
(2)
j|k, which is then passed through a squash ac-

tivation function (Sabour, Frosst, and Hinton 2017) to gen-
erate the intermediate capsules or class capsules.

Experiments
Datasets and Evaluation Metrics
In our experiments, we select four baseline datasets: MNIST
(LeCun, Cortes, and Burges 1998), FashionMNIST (Xiao,
Rasul, and Vollgraf 2017), SVHN (Netzer et al. 2011),
and CIFAR-10 (Krizhevsky, Hinton et al. 2009), which are
widely used in the literature of capsule networks. During
data preprocessing, the data samples in MNIST and Fashion-
MNIST are resized from 28× 28 to 32× 32 for a consistent
comparison using the same model configuration. To enhance
generalization, we apply data augmentation to the train-
ing splits only. Specifically, the images in Fashion-MNIST,
SVHN, and CIFAR-10 undergo a 32× 32 random crop with
4-pixel padding on each side, followed by a random hor-
izontal flip except for SVHN. For the MNIST and SVHN
datasets, we apply random rotations within ±15 degrees.

To comprehensively assess the proposed model, we em-
ploy the classification accuracy as the evaluation metric,
which is defined as the proportion of samples where the
class capsule with the largest L2 norm corresponds to the
true class label. Additionally, we take the total number of
trainable parameters (Params) as a crucial metric, indicating
the computational complexity of each model.

Implementation Details
All experiments are conducted using PyTorch version 2.5.1
with Python 3.12 and CUDA 12.4 on a single NVIDIA RTX
4090D GPU. In particular, we utilize the margin loss as de-
fined in (Sabour, Frosst, and Hinton 2017). The reconstruc-
tion loss is omitted as it provides only a negligible improve-
ment in model performance. We train our model for 300
epochs using a batch size of 128. Additionally, we employ
the AdamW optimizer with a learning rate of 5 × 10−4 and
a weight decay of 1 × 10−4. We also use a learning rate
schedule with a 5-epoch linear warmup from 10% of the
base value, followed by a cosine annealing decay for the re-
maining 295 epochs to a minimum of 1 × 10−6. Other hy-
perparameters of our model variants are provided in Tab. 1.
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Networks Params MNIST SVHN CIFAR-10
CapsNet 6.8M 99.45 93.96 74.88
DA-CapsNet 7M* 99.53* 94.82* 85.47*
AA-CapsNet 6.6M* 99.34* 92.13* 71.60*
IDP-CapsNet 560K 99.35 - 85.17
Efficient-Caps 162.4K 99.65 95.20 77.81
OrthCaps-S 105.5K* 99.68* 96.26* 86.84*
MSPCaps-T 344.3K 99.69 95.79 88.71

Table 2: Performance comparison of MSPCaps-T with base-
line models on MNIST, SVHN and CIFAR-10.

Baselines
To demonstrate the advantage of the proposed MSPCaps,
we compare it with 9 state-of-the-art models, including:
(1) CapsNet (Sabour, Frosst, and Hinton 2017); (2) AA-
CapsNet (Pucci, Micheloni, and Martinel 2021); (3) AR-
CapsNet (Choi et al. 2019); (4) DA-CapsNet (Huang and
Zhou 2020); (5) DeepCaps (Rajasegaran et al. 2019); (6)
RS-CapsNet (Yang et al. 2020); (7) CapsNet with inverted
dot-product (IDP-CapsNet) (Tsai et al. 2020); (8) Efficient-
Caps (Mazzia, Salvetti, and Chiaberge 2021); and (9) Orth-
Caps (Geng et al. 2024).

Comparison Results
Tab. 2 and Tab. 3 illustrate the performance of MSPCaps-T
and MSPCaps-L against the baseline models. The results for
each model are based on the best performance achieved dur-
ing training with random seed initialization. The asterisk (*)
indicates that the result is reported directly from the original
paper, as official code is unavailable.

From Tab. 2, we can see that our MSPCaps-T demon-
strates exceptional performance while maintaining a rel-
atively low parameter count, although it is not explicitly
designed for parameter reduction. Specifically, it achieves
accuracies of 99.69% on MNIST, 95.79% on SVHN, and
88.71% on CIFAR-10, consistently outperforming multi-
ple baseline models except OrthCaps-S on SVHN. An in-
sightful comparison is made with OrthCaps-S and Efficient-
Caps, which both have a smaller number of parameters.
While MSPCaps-T utilizes approximately 240K more pa-
rameters than OrthCaps-S, this increase yields a notable per-
formance trade-off across datasets. On SVHN, OrthCaps-
S holds an advantage with a gap of 0.47%. However, the
true strength of our model’s architecture becomes evident on
the more challenging CIFAR-10 dataset. Here, MSPCaps-T
achieves a new state-of-the-art accuracy of 88.71%, surpass-
ing OrthCaps-S by a significant margin of 1.87%. Addition-
ally, compared with larger models such as DA-CapsNet and
AA-CapsNet, our model demonstrates significant improve-
ment while being over 20 times more parameter-efficient.

To fully explore the potential of our architecture un-
der parameter-sufficient settings, we compare the full-sized
model–MSPCaps-L with other deeper baselines. As shown
in Tab. 3, MSPCaps-L exhibits the best performance on
all datasets, specifically achieving accuracies of 99.73%
on MNIST, 95.05% on FashionMNIST, and a notable
92.88% on CIFAR-10. In the category of deep CapsNet,

Networks Params MNIST FashionMNIST CIFAR-10
CapsNet† 6.8M* - - 89.40*
RS-CapsNet 5.0M* - 93.51* 89.81*
AR-CapsNet 9.6M* 99.46* - 88.61*
AR-CapsNet† 9.6M* 99.49* - 90.11*
DeepCaps 13.5M* 99.72* 94.46* 91.01*
OrthCaps-D 574K* 99.58* 94.60* 90.56*
MSPCaps-L 10.9M 99.73 95.05 92.88

Table 3: Performance comparison of MSPCaps-L with base-
line models on MNIST, FashionMNIST and CIFAR-10. † in-
dicates the result is obtained using an ensemble of 7 models.

32 × 32? 16 × 16? 8 × 8? Params CIFAR-10
✓ ✗ ✗ 92.9K 74.81
✗ ✓ ✗ 86.9K 81.90
✗ ✗ ✓ 293.6K 87.48
✓ ✓ ✗ 87.6K 81.57
✓ ✓ ✓ 344.3K 88.71

Table 4: Ablation results of MSPCaps-T model on CIFAR-
10, evaluating the impact of different feature map scales.

our MSPCaps-L demonstrates a significant performance
gain compared to DeepCaps by 1.87% on CIFAR-10. This
can be attributed to the powerful multi-scale architecture.
The improvement is further enhanced when compared to
the smaller models, i.e., CapsNet† and AR-CapsNet†. The
increase in parameter counts for our MSPCaps-L results
in a significant 3.48% and 2.77% accuracy improvement
on CIFAR-10, respectively. Furthermore, compared to the
multi-scale based RS-CapsNet, our model outperforms with
a significant gap of 3.07% on CIFAR-10 which demonstrates
the superiority of our architecture. These results validate our
model’s scalability and the ability to convert an increased
parameter budget into robust feature representation.

Ablation Study
Contribution Analysis of Multi-Scale Features. To
demonstrate the contribution of multi-scale capsules for final
prediction, we compare our full MSPCaps-T model against
several tiny ablated variants on CIFAR-10, as shown in
Tab 4. These variants use capsules generated from specific
feature map scales (32 × 32, 16 × 16, and 8 × 8). In the
single-scale experiments, we input two identical sets of cap-
sules, adopting the same capsule dimension configuration as
the first CAR block in MSPCaps-T. The results affirm the
effectiveness of our multi-scale design, with the full model
achieving a top accuracy of 88.71%. The 8× 8 feature map
acts as the primary contributor, establishing the most robust
semantic foundation with its global contextual view com-
pared to other ablated variants. However, this global view
lacks information on fine details, which is addressed by the
high-resolution 32 × 32 map. By supplying essential fine-
grained details for voting, it helps the model resolve ambi-
guities in classification. Although this detail-oriented con-
tribution is insufficient by itself, it is still indispensable for
refining the model’s predictions.
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Variants Routing Params CIFAR-10

MSPCaps-T (4×DR) 483.5K 87.46
(2×CAR) 344.3K 88.71

MSPCaps-L (4×DR) 14.6M 92.56
(2×CAR) 10.9M 92.88

Table 5: Ablation study of different routing algorithms for
MSPCaps. DR denotes dynamic routing.

Variants Shared Weights? Params CIFAR-10

MSPCaps-T ✓ 344.3K 88.71
✗ 557.3K 87.59

MSPCaps-L ✓ 7.9M 92.50
✗ 10.9M 92.88

Table 6: Ablation study of weight sharing within CAR.

Quantitative Comparison between DR and CAR. To
validate the proposed CAR block, we compare it with the
original dynamic routing (DR) (Sabour, Frosst, and Hinton
2017) on both MSPCaps-T and MSPCaps-L. The ablated
variants replace the CAR blocks with DR blocks, where
three routing blocks first process the multi-scale features in-
dependently, after which their outputs are concatenated and
passed to a final, fourth routing block. As shown in Tab. 5,
the proposed CAR block demonstrates superior performance
and scalability across both model variants. For MSPCaps-T,
our CAR variant significantly surpasses DR while reducing
parameters by 28.7%. This advantage is further amplified
on MSPCaps-L, where our CAR variant achieves the high-
est accuracy with a 25% parameter reduction compared to
DR. These results highlight CAR’s effectiveness in fusing
cross-scale capsules for voting, offering consistent gains in
both accuracy and parameter efficiency.

Share Weight Mechanism Analysis. Finally, we conduct
an ablation study on the effect of weight sharing within the
CAR block. The results are shown in Tab. 6. We can ob-
serve an interesting trade-off depending on model capacity.
Specifically, for the lightweight MSPCaps-T, weight shar-
ing proves to be an effective regularization strategy, enhanc-
ing mutual information utilization in parameter-constrained
scenarios. In contrast, for the larger MSPCaps-L, disabling
weight sharing improves the “part-to-whole” voting process
by leveraging its ample parameters.

Patch Size Analysis
To determine the optimal patch size p, we evaluate classifi-
cation accuracy on the CIFAR-10 dataset with patch sizes
ranging from 2 to 4. As shown in Tab. 7, MSPCaps-T
achieves its best performance at p = 4, while the larger
MSPCaps-L performs optimally at p = 3. For MSPCaps-T,
a patch size of p = 3 causes uneven division of the feature
map, resulting in border feature loss and degraded accuracy.
In contrast, MSPCaps-L achieves an optimal parameter bal-
ance with p = 3, leveraging its larger capacity. However,
a smaller patch size of p = 2 introduces excessive param-
eterization, leading to overfitting and poor generalization.

Variants Patch Size Num Caps Params CIFAR-10

MSPCaps-T
2 336 899.3K 88.01
3 129 388.7K 86.34
4 84 344.3K 88.71

MSPCaps-L
2 336 39.4M 93.16
3 129 13.7M 93.30
4 84 10.9M 92.88

Table 7: Analysis of different patch sizes for PatchifyCaps.
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Figure 4: Classification accuracy of MSPCaps-L, MSPCaps-
T, and CapsNet against FGSM and BIM adversarial attacks
on CIFAR-10, plotted with attack strength ϵ.

Therefore, to ensure a consistent and efficient architecture,
we select p = 4 as the global setting. This trade-off signif-
icantly improves MSPCaps-T’s performance and efficiency,
with only a minor accuracy reduction for MSPCaps-L.

Adversarial Robustness Analysis
To demonstrate the robustness of MSPCaps variants, we
conduct FGSM (Goodfellow, Shlens, and Szegedy 2015)
and BIM attacks (Kurakin, Goodfellow, and Bengio 2017)
on the CIFAR-10 dataset. For the iterative attack, BIM is
performed for 10 steps. The results are shown in Fig. 4. We
can observe a clear distinction between our model variants.
For MSPCaps-L, it exhibits exceptional stability, maintain-
ing a high level of accuracy even as the attack strength in-
creases. In contrast, due to parameter constraints, MSPCaps-
T’s performance degrades at ϵ > 0.01, falling below the
original CapsNet’s accuracy.

Conclusion
In this paper, we propose a novel multi-scale patchify cap-
sule network with cross-agreement routing, named MSP-
Caps. We first introduce MSRB and PatchifyCaps to obtain
primary capsules from multi-scale features. Then, to fuse
cross-scale capsules effectively for voting, we design a CAR
block to adaptively select the most coherent capsules for vot-
ing. Experimental results demonstrate that MSPCaps outper-
forms state-of-the-art methods in terms of classification ac-
curacy and model robustness within capsule networks.
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