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HYPERSPHERICAL MIXED PROTOTYPES NETWORKS

This paper introduces hyperspherical mixed prototype networks. The key difference compared
to hyperspherical prototype networks is mixing class prototypes and refined optimization
objectives. This work proposes mixing data samples and the corresponding class prototypes in
their respective spaces. In this case, the objective is to maximize the cosine similarity between
a mixed sample and its corresponding mixed prototype. The other proposed objective is to
minimize the cross-entropy between the dot product of a mixed sample with the original
prototypes and the corresponding vector representing the proportion of each prototype in the
mixture. The experiments show a performance improvement in the visual classification task
compared to the baseline hyperspherical prototype networks for both optimization objectives. In
addition, the results presented in this work outperform those given in the original hyperspherical
prototype networks paper. Another key finding is that, when mixing is used, maximizing
similarities as an optimization objective results in better accuracy and much better intraclass
clustering of embeddings around their respective prototypes than cross-entropy.
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1 Introduction

Data augmentation is one of the most essential techniques for training computer vision
models, especially classifiers. Many transformations change an image without altering its
relation to the corresponding class, for example, rotation, flipping, color jittering, adding
Gaussian noise, etc. However, another class of transformations appeared not so long ago and
showed significant performance improvements. That class of transformations can be broadly
called mixing. In general, mixing augmentations take a mini-batch of training samples and
combine them in some way to produce a new mini-batch of the same size. Two key differences
distinguish mixing augmentations from conventional. The first is that mixing usually produces
samples that do not correspond to any single class but to a mixture of different classes in
different proportions. The second key difference is that the result of mixing is stochastic in
nature. The samples to mix are chosen randomly from a mini-batch. Moreover, mini-batches
themselves are constructed from randomly selected samples. All this randomness allows for
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much greater exploration of input space, which, as evidence suggests [1—8], positively impacts
the performance of networks.

When it comes to hyperspherical prototype networks [9] (and prototype networks in
general), they can use conventional image augmentations as is because the relationship
between the altered sample and its class (hence, the class prototype) is preserved. However,
it is not immediately obvious how to adapt this class of networks to training on samples with
mixed labels. The straightforward answer is to consider the results of the dot products of
the embedding of a sample and the prototypes as logits and to apply cross-entropy, similar
to [10]. The not-so-straight answer is to modify the loss function introduced in the original
HPNs paper to accommodate mixed samples. It is crucial to consider both functions because
one may have a better outcome than the other, and this is so far unknown because there is
no direct comparison available between them.

This article addresses the problems described above. First, it introduces the idea of mixed
prototypes, which allows for adapting the loss introduced in the original HPNs paper to
samples with mixed class labels. This is done by linearly combing the prototypes corresponding
to the mixture’s classes. Second, this work runs a series of experiments to determine whether
mixing augmentations affect the outcome of HPNs training. The experiments also compare
the influence of the two optimization objectives on performance in cases without and with
mixing augmentations.

2 Related Work

Two features define the concept of hyperspherical prototype networks: embeddings are
normalized to have unit length, and the prototypes are chosen apriori [9, 10]. They are kept
unchanged throughout the lifetime of a network. Under this definition, the space, to which
input vectors are projected, is naturally constrained to some small subspace of Rn. Some
works use the same basic idea but different hypersrufaces, such as, for example, hyperbolic
hypersurfaces [11] or various regular polytopes (d-simplex, d-cube, etc.) [12, 13]. However,
the vast majority of works either do not normalize sample/prototype embeddings, do not use
fixed prototypes, or relax both requirements simultaneously [14—20]. All these works share
two unifying characteristics: they do not explore how incorporating mixing augmentations
can impact the performance (except for [16]), and they exclusively rely on cross-entropy as
the loss to minimize (except for [9]).

Mixing augmentations effectively improves the classification performance of conventi-
onal neural network-based classifiers [1—8]. So, it is natural to assume that at least some
improvements must be observed when these augmentations are applied to prototype networks.
As mentioned above, only [16] uses some form of mixing, which is done in the embedding
space. As the results presented in that paper suggest, their approach improves the network’s
performance, which is promising for mixing in the context of hyperspherical prototype
networks.

The reliance of all the methods exclusively on cross-entropy is fascinating but expected.
This loss function is a proven technique for training classifiers, so it makes sense to rely on it
unconditionally. However, there is not much information on cross-entropy behavior in the
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context of prototype (especially hyperspherical prototype) networks compared to other loss
functions because the only alternative is presented in [9]. As [10] shows, the cross-entropy
can outperform the loss function of [9]. However, the difference is minimal (for balanced
datasets). So, there remains the possibility that, without any mixing, the loss proposed in [9]
leads to a better or comparable performance than that of [10]. As for the case where mixing
augmentations are added, it is impossible to make any predictions since no experiments have
been performed so far.

3 Mixed prototypes

Let us denote a dataset for a classification task as D = {(xi, yi)|i ∈ {1, 2, ..., S}} where
xi ∈ Rd is an input vector, yi ∈ {1, 2, ..., N} is the corresponding label, S is the number of
samples, and N is the number of classes. For each class, choose a fixed point pi ∈ Rd called
a prototype and call a set of prototypes P. The prototypes are chosen so that ||pi||2 = 1

and are positioned relative to each other so that they are an approximate solution to the
corresponding Thomson problem [21] (the distance between two prototypes i, j is defined as
rij = 1− pT

i pj+1

2
=

1−pT
i pj

2
). d is the prototype’s space dimensions. Also, denote a function h

parametrized by some set of weights W that takes xi as input and produces a vector in Rd

as output. Finally, let us name h(xi;W)
||h(xi;W)||2 as x̃i

With the above definitions, it is possible to define two loss functions to be optimized by
tuning W . The first one is defined in the original hyperspherical prototype networks paper [9]

L =
S∑

i=1

(1− x̃T
i pyi)

2. (1)

It directly minimizes the cosine dissimilarity between the embeddings of data samples and the
prototypes corresponding to the samples’ labels. The alternative objective, which is presented
in [10] can be expressed as

L = − 1

S

S∑
i=1

log(
ex̃

T
i pyi∑N

j=1 e
x̃T
i pj

). (2)

This loss function tries to "pull" embeddings closer to their correct prototypes and "push"
them away from the incorrect ones.

The loss functions defined above only work when the samples belong to exactly one class
(i.e., they have hard labels). Therefore, it is necessary to generalize the two loss functions to
allow samples to be mixtures of different classes (i.e., to have soft labels).

Equation (1) minimizes the dissimilarity between a sample and its corresponding prototype.
However, if a sample is a mixture of several classes, there is no single prototype to which it
makes sense to minimize the dissimilarity. Fortunately, it is possible to construct a point in
the prototype space that correctly represents the mixed sample by linearly combining the
constituent prototypes using the probabilities that a sample belongs to the classes. Formally,
let us replace the class index yi by a vector yi in RN where its j-th component corresponds to
a probability of xi belonging to class j (in the case of hard labels, yi is the one-hot encoding
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of a class). Define a matrix P such that the k-th column is occupied by pk, then Pyi

||Pyi||2 is a
point on the prototype hypersphere (called a mixed prototype) to the vicinity of which the
mixed sample must be mapped. Equation (1) then becomes

L =
S∑

i=1

(1− x̃T
i

Pyi

||Pyi||2
)2 (3)

As for Equation (2), using the definitions from the previous paragraph, it is possible to
bring it back to its more general form

L = − 1

S

S∑
i=1

yT
i log (

eP
T x̃i∑N

j=1 e
x̃T
i pj

), (4)

where log and exponent are applied component-wise to vectors.
Having established the objectives that allow training hyperspherical mixed prototype

networks, it is now necessary to define how to mix samples and the corresponding class labels.
A general mixing operation m can be described as a function that takes a list of different
input samples X and combines them in some way (for example, for images, it can be CutMix,
MixUp, etc.). m outputs a generated sample along with a vector representing a proportion
of each class in the output (the values are greater than or equal to zero and normalized to
sum to 1). This vector is calculated as a weighted sum of the input samples’ class vectors
weighted by the proportion of each input sample’s presence in the generated one.

As a summary of everything described in this section, the complete training procedure for
the hyperspherical mixed prototype approach for a single batch of training samples B ⊂ D is
stated as Algorithm 1. sample_loss function corresponds to Equations (3) or (4) with S = 1.
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Algorithm 1 HMPNs’ training procedure for a single training batch
Require: B, a number k of samples to mix to produce a new sample, m, h(·;W), P.
Ensure: h(·;W) is optimized to embed data samples close to their corresponding class

prototypes.

L ← 0

for i← 1; i ≤ |B|; i← i+ 1 do
X ← k samples from B chosen by the procedure specified by m

X← (xi|(xi,yi) ∈ X )

Y ←

 | | |
y1 y2 ... yk

| | |

, where yi ∈ {yj|(xj,yj) ∈ X}

x,y← m(X,Y)

x̃← h(x;W)
||h(x;W)||2

L ← L+ sample_loss(x̃,y,P)

end for

if sample_loss is cross-entropy then
L ← L

|B|
end if
compute the gradients of L with respect to W
update W using the computed gradients and the chosen optimizer.
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4 Experiments

The experiments are performed on CIFAR 10, CIFAR 100 [22], and Tiny ImageNet [23]
datasets because they are standard benchmarks for the visual classification task. They offer
progressively increasing task complexity with enough data variety (especially Tiny ImageNet)
to make some claims about the results’ scalability. However, they are still small enough in
terms of the number of samples and image resolution to make quick training and evaluation
possible with limited available hardware resources.

For each dataset, each model is initialized from the same weights that were randomly
selected and trained for 200 epochs using the Adam [24] optimizer with a constant learning
rate of 0.001 (other settings correspond to the current Pytorch defaults). The images are
augmented with RandAugment [25] during training. This augmentation is applied for the
models without and with mixed prototypes. Mixing is applied on top. For RandAugment,
the number of operations is set to 3, the magnitude is set to 9, and the number of magnitude
bins is set to 31. The random seeds in Python and Pytorch are fixed; the same applies to all
the runs. The batch size is set to 128.

Cutmix [1] and Mixup [2] are used as the mixing strategies because they are proven to
improve the accuracy of visual classifiers substantially. For each batch, a random decision
is made whether to apply one or the other (with equal probabilities). All other parameters
correspond to the current Pytorch defaults.

A linear layer is added to each base model to allow for negative embedding values (which
would not have been possible due to the ReLU activation function).

The baseline models are those that use equations (1) and (2). Mixed prototype models
are those that use equations (3) and (4). The models corresponding to equations (1) and
(3) are termed dissimilarity models/objectives/losses, those that use (2) and (4) are termed
MCE models/objectives/losses.

The entire code base is available on github1.

4.1 CIFAR 10

For this dataset, the images are kept at their native resolution of 32x32, and the downscaled
version of the ResNet [26] model is used (the same as the paper’s [26] authors use for CIFAR
10 with n = 9). Embedding dimensions d are set to 64.

The comparison of training losses can be observed in Figure 1. As expected, when Cutmix
and Mixup are applied, the losses become more unstable. However, this leads to consistently
better validation accuracy and intraclass similarity, as shown in Figure 2. The clear pattern
also emerges. There is a consistent difference in terms of intraclass similarities. And this
behavior is identical without mixing and with it. Summed squared dissimilarity loss leads to
better clustering around the prototypes, implying a higher network robustness.

Table 1 compares the best validation accuracies and the corresponding summed squared
dissimilarities. The hyperspherical mixed prototype approach outperforms the best-performing
baseline by 2.29 (the dissimilarity objective) and 1.89 (the MCE objective) percentage points.

https://github.com/DimonLuk/hyperspherical_prototype_mixing

https://github.com/DimonLuk/hyperspherical_prototype_mixing
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Рис. 1: Comparison of train losses between the baseline and the proposed approaches.

This improvement is significant, considering the baseline accuracies are close to 0.9. Summed
squared distance is improved by 35.54% (the dissimilarity objective) and 22.84% (the MCE
objective) with respect to the best baseline dissimilarity value.
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Рис. 2: Comparison of the validation accuracies between the baseline and the proposed
approaches.

Dissimilarity
baseline

MCE baseline
Dissimilarity
with mixed
prototypes

MCE with
mixed

prototypes

Validation
accuracy

0.8998 0.9035 0.9264 0.9224

Summed
squared di-
ssimilarity

709 893 457 547

Табл. 1: The best validation accuracies and the corresponding summed squared dissimilarities
for the two objectives and the two approaches

4.2 CIFAR 100

For CIFAR 100, The images are upscaled from 32x32 to 64x64, and the ResNet18 model is
used. Embedding dimensions d are set to 512.

Training losses are shown in Figure 3. In the case of CIFAR 100, the discrepancy between
losses without mixing and with it is even greater than with the CIFAR 10 dataset. The same
can be said about the discrepancy between the accuracies of the two approaches. As Figure 4
shows, the accuracy of hyperspherical mixed prototype networks is much better than that of
conventional HPNs. It is also worth noting that the difference between the dissimilarity and
MCE objectives becomes more apparent when mixed prototypes are used. The dissimilarity
loss consistently outperforms the MCE loss in terms of validation accuracy and the clustering
of embeddings around their prototypes.

Table 2 compares the best validation accuracies and the corresponding summed squared
dissimilarities. The difference between the best baseline validation accuracy and the dissimi-
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Рис. 3: Comparison of train losses between the baseline and the proposed approaches.

larity objective is 8.1 percentage points, and between the MCE objective is 6.92 percentage
points. These results show that the proposed approach provides a significant improvement in
terms of accuracy. The difference in summed squared dissimilarity is, respectively, 24.83%
and 10.5%.

Another interesting finding is that when mixing is applied, there appears to be a notable
difference in terms of the summed squared dissimilarity between the two objective functions
and the accuracy. This difference is 1.18 percentage points and may not seem important,
but as Figure 4 shows, this phenomenon is consistent. So, there is a hint that dissimilarity
minimization can be a better objective for HMPNs.

It is also worth noting that while using a smaller ResNet18 network and randomly
initialized prototypes optimized to be as far away from each other as possible, the results for
CIFAR 100 presented in this work have a better validation accuracy than the best results
reported in the original hyperspherical prototype networks [9] where the authors use larger
ResNet34 and privileged information to set up the embedding space. In that work, the
reported validation accuracy is 0.65. This finding presents a question: Can combining HMPNs
and privileged information provide further performance gains?
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Рис. 4: Comparison of the validation accuracies between the baseline and the proposed
approaches.

Dissimilarity
baseline

MCE baseline
Dissimilarity
with mixed
prototypes

MCE with
mixed

prototypes

Validation
accuracy

0.5886 0.5825 0.6696 0.6578

Summed
squared di-
ssimilarity

3022 3376 2271 2703

Табл. 2: The best validation accuracies and the corresponding summed squared dissimilarities
for the two objectives and the two approaches

4.3 Tiny ImageNet

For this dataset, the images are kept at their native resolution of 64x64, and ResNet34 is
used as a model. Embedding dimensions d are set to 512.

Training losses are shown in Figure 5. The dynamic observed with the previous datasets
repeats here. That is, the volatility of the losses increases while validation accuracy and
summed squared dissimilarity improve. This effect is shown in Figure 6. In this experiment,
the difference between the accuracies of the two objective functions with mixing is even more
pronounced than before. The same is true about the summed squared dissimilarities.

Table 3 presents the differences between the best-performing checkpoints in more detail.
There are several interesting things to point out. First, as usual, the difference in accuracy
between the best baseline and the two objective functions is 7.74 percentage points for the
dissimilarity objective and 5.34 for the MCE objective. For summed squared dissimilarities,
the difference is, respectively, 12.25% and -0.55%. The minus sign means the baseline clustered
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Рис. 5: Comparison of train losses between the baseline and the proposed approaches.

the embeddings better around their corresponding prototypes than the MCE objective with
mixed prototypes. This is an interesting finding because the accuracy of the proposed approach
remains better even though the clustering is worse. The difference between the two objectives
with mixed prototypes is also larger, under these conditions it is 2.24 percentage points in
accuracy and 12.72% in summed squared dissimilarities. Moreover, such stark differences are
not one-off outliers. They are consistent through the iterations. Finally, the MHPNs’ results
for Tiny ImageNet outperform the results presented in the HPNs paper by 6.37 percentage
points.
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Рис. 6: Comparison of the validation accuracies between the baseline and the proposed
approaches.

Dissimilarity
baseline

MCE baseline
Dissimilarity
with mixed
prototypes

MCE with
mixed

prototypes

Validation
accuracy

0.4333 0.4167 0.5107 0.4867

Summed
squared di-
ssimilarity

4315 4924 3786 4338

Табл. 3: The best validation accuracies and the corresponding summed squared dissimilarities
for the two objectives and the two approaches

5 Discussion

The experiments show that the hyperspherical mixed prototype approach consistently
outperforms the baseline hyperspherical prototype approach across different datasets, task
complexities, and model sizes. It is also clear that the hyperspherical mixed prototypes
approach is not yet ready to compete with more classical SOTA classifiers, however, the
method proposed in this paper makes one step towards that goal. The experiments also
demonstrate that the dissimilarity minimization objective results in better performance
and intraclass clustering around the prototypes than MCE minimization when using mixed
prototypes. The relationship between model sizes, embedding dimensions, mixing strategies,
and the performance difference between the two objectives remains to be established. The
experiments also show that the difference in accuracy is negligible when the baseline approach
is used, while the difference in intraclass clustering remains. Better intraclass clustering may
imply a higher level of robustness and is essential for the downstream application of networks
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(few-shot and zero-shot learning, anomaly detection, etc.).
There are also open questions, such as how performance improvement depends on the

number of classes, embedding dimensions, model size, and model architecture. One of the
most influential factors is, probably, the number of dimensions of final projection. Another
questions include: will combining prototypes with privileged information with the mixed
prototype approach result in further performance gains? What are the applications of other,
possibly more aggressive, mixing strategies? Is it possible to extend the approach to other
modalities? These questions can be directly translated into research topics that build on the
idea introduced in this paper.

6 Conclusions

This paper proposes hyperspherical mixed prototype networks. The concept is built on
top of the existing hyperspherical prototype networks approach. The key change is that
data samples and the corresponding class prototypes are mixed in their respective spaces.
The network optimization objective then becomes to minimize the dissimilarity between
mixed samples’ embeddings and the corresponding mixed class prototypes or to minimize
cross-entropy between the dot product of mixed samples’ embeddings with the original
prototypes and the corresponding vectors representing the class prototypes’ mixtures.

Cutmix and mixup are the mixing strategies chosen because they have been proven to
increase neural networks’ performance on image classification tasks.

The experiments show that the proposed method improves the performance of deep
learning models compared to the baseline HPNs approach for both optimization objectives.
The results demonstrated in this paper outperform those presented in the original HPN paper
(even those using privileged information to set up prototypes). Another key finding is that
for HMPNs and partially for HPNs, the cross-entropy loss does not work as well as expected,
and dissimilarity minimization turns out to be a better choice for a loss function.

Potential future work for hyperspherical mixed prototype networks naturally involves
investigating how performance gains and the difference between the two objectives depend on
the number of classes, embedding dimensions, model sizes, space structures, and architectures.
It also includes combining it with prototypes that are set up using privileged informati-
on, experimenting with different and, potentially stronger, mixing techniques, as well as
investigating the impact of the HMPNs approach on the tasks frequently performed by
prototype networks, such as few-shot learning, zero-shot learning, anomaly detection, etc.
Another branch of research can focus on extending the approach to other modalities, which
also involves experimenting with different mixing techniques. It might also be interesting
to investigate further the effects of different optimization objectives on the performance of
hyperspherical mixed prototype networks.
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У цiй статтi представлено гiперсферичнi змiшанi прототипнi мережi. Ключова вiд-
мiннiсть у порiвняннi з гiперсферичними прототипними мережами полягає у змiшуваннi
прототипiв класiв та уточнених цiлях оптимiзацiї. У цiй роботi пропонується змiшування
зразкiв даних та вiдповiдних прототипiв класiв у їхнiх вiдповiдних просторах. У цьому
випадку метою є максимiзацiя косинусної подiбностi мiж змiшаним зразком та його вiд-
повiдним змiшаним прототипом. Iншою запропонованою метою є мiнiмiзацiя перехресної
ентропiї мiж скалярним добутком змiшаного зразка з оригiнальними прототипами та
вiдповiдним вектором, що представляє частку кожного прототипу в сумiшi. Експерименти
показують покращення продуктивностi у завданнi вiзуальної класифiкацiї порiвняно з
базовими гiперсферичними прототипними мережами для обох цiлей оптимiзацiї. Крiм того,
результати, представленi в цiй роботi, перевершують результати, наведенi в оригiнальнiй
статтi про гiперсферичнi прототипнi мережi. Ще одним ключовим висновком є те, що при
використаннi змiшування максимiзацiя подiбностi як цiлi оптимiзацiї призводить до кращої
точностi та набагато кращої внутрiшньокласової кластеризацiї вбудовувань навколо їхнiх
вiдповiдних прототипiв, нiж перехресна ентропiя.
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