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Hyperdimensional computing (HDC) is a powerful algorithmic framework at the intersection of
symbolic and neural network Artificial Intelligence. In particular, HDC has received significant atten-
tion as a suitable candidate for low-resource machine learning tasks, exemplified by wearable Internet
of Things. To solve classification tasks, HDC transforms input data to a high-dimensional space and
uses simple component-wise vector operations to create, train, and operate the classification model.
While the classical centroid model has been often used in HDC, iterative updating of centroids with
wrongly classified samples improves the classification performance. In this paper, using a large and
variable collection of 121 UCI datasets, we explore how confidence-driven training of centroids formed
from HDC representations further improves the classification accuracy.

Tinepsumipui o6uucients (HDC) € moryKHOI0 aaropuTMidaHoro m1ardopMOIo, 0 IMOEAHYE M IX0/1
CUMBOJIBHOTO i HEHpOMepeKeBoro mryvHoro inrerekry. 3okpema, HDC npuBeprae 3Ha<MHY yBary sik
[IEPCIEKTUBHUI KaHIUIAT JJjIs 3aJa9 MaIlMHHOIO HABYAHHS 3 HU3BKHUMU PECYDPCAMU, HAIPUKJIAI, Y
HOCMMUX TPHUCTPosix lurepuery peueit. st po3Bszanns kiracudikamiinnx 3amad HDC mepersoproe
BXijHI 1aHl y BUCOKO BUMIpHHII IPOCTIp 1 BAKOPUCTOBYE IIPOCTi IOKOMIIOHEHTHI BEKTOPHI omepartil 11t
CTBODEHHsI, TPEHYBaHHS Ta 3aCTOCYBaHHs KJiacudikariitnol Mmosesti. Xo4da KJIacuIHa MOJIEb IEHTPOIIA
qacTo 3actocoByeThbest B HDC, iTepaTuBHEe OHOBJIEHHS IIEHTPOIIIB IOMUIKOBO KJIACH(DIKOBAHIME 3PA3KAMU
ITOK PAIILYy€ TOYHICTH KJyracudikariii. Y 1miit poboTi MU JIOC/IIZKYEMO, SIK TPEHYBaHHsI [IEHTPOLIIIB, 32aCHOBAHE
Ha piBHI nOBipm 10 kiacudikaril, T0JATKOBO IMiJIBUIILYE TOYHICTH KjacCU@IKaIil, BUKOPUCTOBYIOUN

BeJIMKY Ta pizHOMaHITHY Kojekiito 121 nabopis janux UCI.
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1 Introduction

Hyperdimensional Computing (HDC) 1], also referred to as Vector Symbolic Architectures (VSA) [2], is a
powerful algorithmic framework for the realization of Artificial Intelligence functionality through algebraic
operations on high-dimensional vectors known as hypervectors. In machine learning applications, HDC
transforms input data into hypervector space, where information is distributed across thousands of vector
components. This enables efficient processing through straightforward component-wise operations. HDC
offers several key advantages, including energy efficiency, robustness to noise and hardware faults, as well
as rapid processing with low latency [1], [3]-[0]. These characteristics make HDC an attractive option for

resource-constrained applications, such as wearable Internet of Things.

HDC has been used in a variety of classification tasks, such as text classification |7]-[9], speech recogni-
tion [10], human activity recognition |1 1], hand gesture recognition [3], [12], [13], time series classification
[14], [15], classification of medical images [16], [17], technical diagnostics [18], [19], character recognition
[20]-]23], robotics |24], and others, see [25]-[28] for comprehensive surveys.

In these tasks, the classical centroid model is often employed as a classification approach in hypervector
space. This model constructs class centroids by averaging the hypervectors that represent the samples
of each class. Although this method is straightforward and allows for highly efficient training through
averaging, its classification accuracy can be quite limited. For example, even in scenarios where the
hypervectors of class samples are linearly separable, simple averaging may lead to a model that fails to
attain this separability, thereby impacting its overall performance.

Several proposals have emerged in the literature to enhance the naive centroid model. These ap-
proaches include iterative training methods that refine class centroids based on the hypervectors of mis-
classified samples [29]-[38]. By focusing on the instances that are misclassified, these methods aim to
improve the robustness and accuracy of the classification process, enabling better separation of classes
with refined centroids in hypervector space.

In this paper, we explore two models that enhance previous HDC classifiers by training not only on
misclassified samples but also on correctly classified samples that exhibit low classification confidence.
To evaluate our approach, we utilize a standard collection of 121 UCI datasets [39]. We elaborate a
comprehensive scheme for proper data preprocessing, classification result averaging, and hyperparameter
selection, within the context of randomized data transformations in HDC.

Our models are suitable for large and diverse dataset collections, as exemplified by the 121 UCI
datasets. They produce binary centroids to facilitate efficient deployment of the trained models in the
evaluation setup. We also investigate the impact of initial data quantization and hypervector dimen-

sionality on classification performance. The results indicate that our Confidence-Driven Centroid models



outperform their classical counterparts and other centroid-based HDC classifiers in terms of mean classi-

fication accuracy across the 121 UCI datasets.

2 Transformation of numerical vectors to hypervectors

2.1 Types of hypervectors

In HDC, input data are transformed into a high-dimensional vectors called hypervectors (HV). There is a
number of HDC frameworks which use different types of HVs and define their own operations over them.

Hypervectors could have real-valued components as in Holographic Reduced Representations (HRR) [10],

complex-valued components as in Fourier HRR [11], bipolar components as in Multiply-Add-Permute
(MAP) [12], binary components as in Binary Spatter Code (BSC) [13], [11] or in Sparse Binary Dis-
tributed Representations (SBDR) [15], see also in [25]-[28]. In this paper, we focus on dense binary

hypervectors, where each component is either 0 or 1 with equal probability. Binary vectors enable ef-
ficient implementation of operations over them. The component-wise addition + is used to combine
hypervectors, followed by a majority vote [.] to binarize the resulting components, with ties resolved
pseudo-randomly. Component-wise XOR & is used to associate two or more vectors, while Hamming

distance serves as the (un)similarity measure.

2.2 Representation of symbolic data

Symbolic data refer to data where each possible value or category is independent of others. This type of
data is transformed into hypervectors by assigning a unique random hypervector (HV) to each symbol,
with each component of the HV randomly assigned to 0 or 1. Once generated, the HV for each symbol

remains fixed.

2.3 Representation of numerical scalars

To represent numerical scalars as hypervectors, it’s beneficial for the HVs to reflect “linear” similarity,
such that closer numerical values are represented by more similar HVs. This effect is achieved through
“linear” mapping [3], [10], [17]. After quantizing numerical values into integer levels [0, @], the lowest
quantization level is assigned a randomly generated HV.

Each subsequent level’s HV is generated by flipping randomly chosen b bits in the HV of the previous
level, ensuring no previously flipped bits are flipped again ||, [17]. Consequently, the HV of the highest
quantization level differs from that of the lowest by Qb bits. The Hamming distance to the lowest

quantization level increases linearly with each level.



2.4 Representation of numerical vectors

Consider transforming a numerical vector z € R? to the hypervector h(z) € {0,1}?. Each of d components
of z, i.e., z;, is a numerical scalar representing the value of the j-th feature. Employing the compositional

approach proposed in [18]-[50], we get:

d
Zv zj) @ f(j (1)
j=1

Here, each f(j) is the hypervector of the j-th feature / component considered as symbol in Section 2.2.
Each v(z;) is the hypervector of a numerical scalar z; quantized and represented as in Section 2.3.

In some papers, exemplified by [51], each subsequent level’s HV is generated by flipping D/(2Q)
bits in the HV of the previous quantization level, while ensuring no previously flipped bits are flipped
again. Consequently, the HV of the highest quantization level @ differs from that of the lowest level 0 by
QRD/(2Q) = D/2 bits.

The remaining D /2 bits will be identical for the HVs of all quantization levels. Denoting this part of
the HV v encoding values by u, we get u(0) = u(1) = ... = u(Q) = u. Thus, we can re-write expression

(1) for the corresponding D /2 bits of h(z) as hp »(z):

d
hpa(z) = [u@g(l) +usg2) +..+usgd] =) _(uag() (2)
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where g(7) is the corresponding remaining D/2 bits of f(j). Since the hypervectors f(j) representing
features are the same for all N' data samples, g(j) are also the same, and hp /5(z) will be identical for all
N data samples. As such, they do not influence classification and can be trimmed.

So, in this work we flip D/Q bits per quantization level instead of D/(2@Q) bits and thus exploit all
D components of hypervectors. This provides the same classification results with D equal to half of the

dimensionality considered in [51]|. This encoding scheme has also been used in other works, e.g., [52]-[50].

3 Classifiers

In this section, we describe the classifiers used in this study. Each classifier is trained on a training set
containing N samples, denoted as {x;,y;},7 = 1...N, where x; is the d-dimensional feature vector of
the i-th sample, and y; is its class label from the set of the dataset classes with cardinality C. Within
the HDC framework, these initial feature vectors x; are transformed into hypervectors h(x;) using some

transformation method, as exemplified in the previous Section.



3.1 Centroid model

The classic centroid model creates C' centroids of the dataset classes. In HDC, this is achieved by

combining all sample HVs h(x;) that belong to the same class ¢ to obtain the centroid for that class:

N
C.= Z{h(xi) lyi=¢}, ¢=1..C. (3)

In the classic centroid model, C. may be divided by number n,. of samples in the class ¢ to get the

mean vector of the class, with n. defined as

N
ne=>» {llyi=c}, c¢=1.C (4)
i=1

In HDC, the class centroids are often binarized component-wise by the majority vote (see also Sections
2.1 and 2.4):

c. = [C, c=1.C. (5)

This can be implemented by component-wise thresholding of C. with the threshold value %¢.
At the class prediction stage, for the HDC model, class label prediction for the sample z is produced
as:

9(z) = argmindist(h(z), c.), c=1.C, (6)

c

where dist(.,.) is the specific distance measure employed, or as
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y(z) = argmaxsim(h(z), c.), c

where sim(.,.) is the specific similarity measure employed.

For the classic centroid model, C, is commonly used in (6) or (7) instead of c.

3.2 Refined centroid model

The class centroids as obtained above can be further improved by performing an iterative training proce-
dure as follows. For each training sample x;, its hypervector h(x;) is used in (6) or (7) instead of h(z).

If the prediction is wrong, i.e., §; # y;, the sample’s HV is used to update two class centroids as

Cy = Cy + h(x;), Cy, = Cy, — h(x;). (8)

In case of a correct prediction, the class centroids remain unchanged. This iterative training procedure

is performed for a predefined number of epochs (with epoch being passing through all training samples)



or until a predefined accuracy on the train set is reached.
If binarized centroids are required, binarization of C., ¢ = 1...C, should be performed. Here, we
consider the following binarization procedure. Per-class counters are updated at each wrong prediction as

Ty, = Ty, + 1, Ng, = Ng, — 1. (9)

7

After each training epoch, C., ¢ = 1...C, are binarized component-wise with thresholding by % .

We define Refined Centroid classifier with dot product similarity (RefCentrSim) as the instance of the
above described classifier that uses dot product similarity simge as sim as the similarity measure in (7).
Similarly, Refined Centroid classifier with Hamming distance (RefCentrDist) is defined as the instance of
the above described classifier that employs the Hamming distance distga, as the distance measure dist
in (6). In RefCentrDist, an additional restriction is also imposed: it does not update Cy, and ny, in cases

when ng, would otherwise be reduced to zero.

3.3 Confidence-driven refining of class centroids

In this work, we investigate how the HDC classifiers RefCentrDist and RefCentrSim can be further
improved through our Confidence-Driven Centroid approach. Building on our previous work [51], we
define Confidence Centroid classifier with additive confidence bias and Hamming distance (ConfCentrAdd)
as a classifier that, as RefCentrDist, updates (8) and (9) when g; # y;. However, unlike RefCentrDist,

ConfCentrAdd derives g; not through (6) but rather using the following formula:

9(x;) = arg min(distygam (h(x;), c.) + ac), c=1.C, (10)

[

where

e T (11)
Aoty = 0.

Here, a > 0 is an additive bias value applied to the correct class during training, ensuring that the
correct classification output ¢; = y; is achieved only when all other class centroids are separated from
the input hypervector x; by a Hamming distance of at least a. This a value effectively quantifies the
confidence level with which the correct class centroid must predict the correct class relative to the other
centroids during training to prevent centroid updates. Thus, for ConfCentrAdd, correct predictions under
(6) may not be sufficient to avoid an update if a > 0. However, when a = 0, (10) reduces to (6).

To determine a proper a value for improved classification on a given dataset, domain knowledge could

be used. Alternatively, a can be treated as a model hyperparameter to be optimized through validation.



To make the range of a-values consistent across different hypervector dimensionalities D, we propose
setting a = aD, where now 0 < a < 1 serves as the hyperparameter.

Our second confidence-driven prediction approach, inspired by [7], [57], [58], leads to the Confidence
Centroid classifier with multiplicative confidence bias and dot product similarity (ConfCentrMul) classifier.

In this approach, g; is calculated as

7(x;) = arg max(simget (h(x;), ¢.) — ac), c=1..C, (12)

C

where

Ae—y, = 0 simget (h(x;), cy; ),

ey, = 0,

with 0 < a < 1 serving as the model hyperparameter to be selected.
For the final testing / evaluation, the trained confidence-driven centroid classifiers utilize either the

prediction rule in (6) or (7).

3.4 Related work

To date, various studies have proposed adjustments to the classical centroid model for classification tasks
in the context of HDC. For example, AdaptHD [29] introduces a learning rate in the iterative training
procedure (8). It depends on the change in error rate over the last few iterations (i.e., iteration-dependent),
on the difference in the similarity of the sample to the correct class and to the misclassified class (i.e.,
data-dependent), or on the combination of both. OnlineHD |[34] further adds (or subtracts) a sample
hypervector to (or from) the class centroid with a weight depending on their similarity.

In NeuralHD [35] and DistHD [35], insignificant or misleading dimensions of the class centroids are
identified after which they are regenerated to enhance learning capabilities. In contrast to NeuralHD and
DistHD, SparseHD [32]| enforces sparsity by eliminating the least significant dimensions of the trained
class centroids. In class-wise sparsity approach, each class centroid is independently sparsified, while for
dimension-wise sparsity, insignificant dimensions shared across all learned centroids are eliminated.

QuantHD [30] binarizes class centroids. To limit the impact on the accuracy, it updates non-quantized
centroids by the samples that are misclassified with the binary model. LeHDC [36] incorporates Binary
Neural Networks approach for training class centroids. The classifier with non-binary centroids is used to
accumulate small gradients and is updated with back-propagation, whereas the binary version is used in
feed-forward pass and is updated after each epoch based on non-binary centroids.

In other related lines of HDC research addressing classification problems, let us note the following



ones. To shrink model size and speed up inference, CompHD |[33] reduces hypervector dimensionality by
splitting them and combining these splits with HDC operations. SemiHD [31] introduces a semi-supervised
centroid model where initial training occurs on limited labeled data, which is then expanded by labeling
previously unlabeled data samples that were confidently predicted by the model. The MultiCentroid
approach of [37] further refines classification by constructing multiple centroids per class; when a sample
is misclassified, it is added as a new centroid for its correct class, with less-populated centroids being
removed or merged with the most similar ones to limit the number of per- class centroids.

The above-mentioned HDC centroid models (see also review by Vergés, Heddes, Nunes, et al. [28])
still only consider misclassified samples to update class centroids. In contrast, RefineHD [59] also trains
with correctly classified samples, whose similarity to their class centroid is lower than the threshold value
calculated as the averaged similarity of misclassified samples since the start of the epoch’s start.

In our experimental investigation, we compare our results on 121 UCI datasets obtained with Conf-

CentrAdd and ConfCentrMul with those of the HDC models mentioned in this Section.

4 A unified setup for UCI dataset preprocessing and result evaluation

We observed that presently there is no fully standardized approach to managing dataset splits for the 121
UCI datasets from [39]. Existing studies employing these datasets (e.g., [28], [29]-|01]) adopt somewhat
varied approaches in data standardization, hypervector standardization, and averaging results obtained
with different random seeds. Along with diverse methods of transforming initial vector data into hyper-
vectors, these differences contribute to incompatibility and inconsistency in the results obtained across
studies.

To address these discrepancies, we propose a unified setup for evaluating HDC classification meth-
ods on the 121 UCI datasets. This setup includes input data and hypervector preprocessing (actually
postprocessing), as well as result averaging across various hypervector realizations, tailored to the train /
validation / test splits of the UCI datasets, to ensure fairer comparisons among different HDC classifiers.

The train / validation / test splits for the 121 UCI datasets were introduced in [39], are publicly
available, and are widely used for evaluating classifiers. For 19 of these 121 datasets, there is a fixed
train and test set available as the files {} train R.dat and {} test R.dat for each of these datasets.
These datasets will be referred to as “separated datasets”. The other 102 datasets do not have a test
set separated from the train set and can be found in there respective {} R.dat files. We refer to these

datasets as “non-separated datasets”.



4.1 Dataset splits

For completeness and the sake of clarity of further exposition, here we describe splitting of data for

hyperparameter selection and final test for separated and non-separated datasets from [39].

4.1.1 Separated datasets

Here, for hyperparameter selection, only the fixed train set (i.e., {} train R.dat) is used. This set is
split in half according to the indices provided in the file conxuntos.dat, forming two subsets: one is
used to train the classification model with various hyperparameter configurations (i.e., train subset for
validation), while the other subset is used to validate the performance of the models trained using those
hyperparameter configurations (i.e., test subset for validation or just validation set).

For final testing / evaluation, the model is then trained on the entire fixed train set (i.e., {} train R.dat)
using the hyperparameter configuration yielding the best performance on the validation set in the first
part of the experiments. Finally, this fully trained model is tested / evaluated on the fixed test set (i.e.,
{} test R.dat).

4.1.2 Non-separated datasets

Here, the indices in conxuntos.dat are used to split the entire dataset {} R.dat into two subsets of equal
size. One subset is used as the train set for hyperparameter selection, while the other subset serves to
asses the performance of classification models trained using each hyperparameter configuration.

The final testing / evaluation is performed using 4-fold cross-validation on the entire dataset {} R.dat.
Indices for these splits are provided in conxuntos kfold.dat. The model is trained using the selected
hyperparameter setting on 75% of the samples and tested / evaluated on the remaining 25%. This is
repeated four times, i.e., for each of 4 folds.

It should be noted that this kind of data splitting is less than ideal. Specifically, final testing is
conducted on samples that were also used in the hyperparameter selection process, which introduces data
leakage from the training and/or validation sets into the test set. This contradicts standard machine
learning protocols, where the final test set should be entirely independent of both the train and validation
sets. Moreover, some of the non-separated datasets contain overlapping samples across the four test folds.
Even though this is not a type of data leakage, it deviates from the conventional k-fold cross-validation
approach, where the model is trained on k — 1 folds and tested on the remaining kth fold in a cycle until
each fold has served as the test set exactly once.

Despite these limitations, we adhere to this data-splitting procedure to facilitate comparisons with

previously reported results on these datasets.



4.2 Preprocessing

In the context of HDC classification, “preprocessing” can refer to two distinct stages, given that input
data undergoes transformation into hypervectors. The first stage involves preprocessing the original UCI
vector data prior to its transformation into hypervectors. The second stage involves preprocessing the
resulting hypervectors themselves before they are input to the classifier.

Here, we focus primarily on data preprocessing in the form of standardization. In standard machine
learning practice, it is common to apply standardization parameters calculated from and applied to the
training set, also to the validation or test sets. However, as we explain below, the separated and non-

separated datasets require distinct approaches to standardization.

4.2.1 Non-separated datasets

In [39], they do not follow the common protocol. Instead, they standardize each non-separated dataset
by scaling the entire dataset {} R.dat as a whole. Their approach again introduces data leakage, as it
makes the test folds not independent from the train folds.

In contrast, we propose to follow the standard protocol for the non-separated datasets. Specifically, for
hyperparameter selection, both the train and validation sets should be standardized using the parameters
derived from the train set. This approach also applies to the four training and test folds used in final
testing / evaluation, where the training fold standardization parameters are reused to standardize both

itself and the respective test fold.

4.2.2 Separated datasets

In the separated datasets from the UCI 121 collection, the test set usually has a very different data
distribution from the train set. For instance, while the train set may include both negative and positive
values, the test set may contain only positive values. Given this discrepancy, we propose deviating from
the common standardization protocol for the separated datasets.

Specifically, for hyperparameter selection, both the train and validation sets should be standardized
independently, with standardization parameters calculated separately for each set. The same applies to

the final testing/evaluation stage, where the train and test sets should be standardized independently.

4.3 Obtaining final results

Since HDC classifiers use randomly initialized hypervectors, which commonly impact performance, exper-
iments should therefore be repeated with multiple realizations of randomly generated hypervectors, each

obtained with a distinct seed for the pseudo-random number generator.
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Hyperparameter selection is conducted for each hyperparameter setting using multiple seeds, following
the dataset splits and preprocessing procedures outlined in Sections 4.1 and 4.2. Validation accuracies
are averaged across all seeds for each hyperparameter setting, enabling the selection of the setting with
the highest mean validation accuracy for each dataset.

For final testing / evaluation, the chosen hyperparameter setting is used to train and test the model
for each seed, following the data splitting and preprocessing outlined in Sections 4.1 and 4.2. Thus, for
each dataset, we obtain the test accuracy averaged across multiple seeds (for separated datasets) or the

test accuracy averaged across the four test folds and multiple seeds (for non-separated datasets).

5 Experiments and discussion of results

We evaluated classification performance of four classifiers from Section 3: RefCentrDist, RefCentrSim,
ConfCentrAdd and ConfCentrMul on 121 UCI benchmark datasets.

We employed the data preprocessing methodology from Section 4.2 as follows. The minimalistic
original data standardization required for the compositional method of input data vector transformation
into hypervectors is quantization to the integer range [0, Q)]. For each dataset, this was implemented by
first calculating min-max values for each component of the original UCI vectors across all data samples
from their subset / split, then rescaling each component to be in the real-valued range [0, Q)], and finally
rounding to the closest integer. When the rescaling parameters determined for the train set were used for
rescaling the test set and the values appeared outside [0, ], they were clipped. We have chosen to not
standardize the binary hypervectors obtained from the original vectors.

We experimented with two values of quantization levels @ = {20,100} and four values of HV dimen-
sionality D = {200, 1000,4000,10000}. The range of the o hyperparameter values for selecting the proper
one for particular dataset by validation was [0.00, 0.02, 0.04, 0.06, 0.08, 0.10, 0.12, 0.15, 0.2, 0.25, 0.3,
0.4, 0.5, 0.7] for both ConfCentrAdd and ConfCentrMul. The number of epochs in the training procedure
was 100, after which the centroid model at the epoch with the highest training accuracy was selected
to be used during final testing / evaluation. Each experiment was repeated with ten different seeds for
initializing pseudorandom number generator for generating realizations of hypervectors.

Table 1 provides the test accuracies of four classifiers averaged across all 121 datasets and realizations
of hypervectors, also presented in Figure 1. Per-dataset results are included in table 2. We observe that
the mean accuracy increases with increasing HV dimensionality, but the difference between D = 4000
and D = 10000 is minimal. No large differences are seen between ¢ = 20 and @ = 100. It is also
clear that the pairs of classifiers: ConfCentrAdd and ConfCentrMul, as well as their classical versions

RefCentrDist and RefCentrSim perform closely, while both ConfCentrAdd and ConfCentrMul, outperform
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their corresponding classical variants.

Table 1: Mean test accuracies (in %) for four classifiers, averaged across all 121 datasets and seeds, using
the best validated a value. @ is the number of quantization levels, D is hypervector dimensionality.
Standard deviations are shown in parentheses.

D
Q Model 200 1000 4000 10000

RefCentrDist | 72.34 (£17.27) 76.39 (£16.42) 77.62 (£16.33) 77.90 (£16.34)

% RefCentrSim | 73.73 (£17.03) 76.63 (£16.71) 77.47 (£16.75) 77.58 (+16.88)
ConfCentrAdd | 74.35 (£16.19) 78.12 (£15.30) 79.35 (£15.01) 79.66 (£15.02)
ConfCentrMul | 75.15 (£16.77) 78.39 (£15.65) 79.51 (£15.25) 79.27 (£15.59)
RofContrDist | 72.52 (£17.40) 76.68 (£16.35) 77.56 (£16.66) 77.98 (£16.57)

100 RefCentrSim | 73.84 (£17.12)  76.93 (£16.67) 77.53 (£16.94) 77.91 (+16.68)
ConfCentrAdd | 74.45 (£16.10) 78.26 (£15.69) 79.24 (£15.71)  79.33 (£15.76)
ConfCentrMul | 75.22 (£16.69) 78.54 (£15.80) 79.29 (£15.63) 79.70 (£15.45)
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Figure 1: The effect of the number of quantization levels @) and the vector dimensionality D on the final
mean test accuracy Acc (as reported in Table 1). (a) @ = 20, (b) @ = 100.

Comparison between ConfCentrAdd and ConfCentrMul is shown in Figure 2 for the hyperparameter
values resulting in the best test accuracy (bold in Table 1). This corresponds to @ = 20, D = 10000 for
ConfCentrAdd and @ = 100, D = 10000 for ConfCentrMul. The figure shows for how many datasets
ConfCentrAdd performs better, equally well, or worse than ConfCentrMul. The results are grouped based
on the number of features, classes, samples, and the ratio of the number of features to the number of
samples in the datasets. We observe that ConfCentrMul performs better for datasets with less than 20
features, less than 6 classes, features/samples number ratio smaller than 0.1, and with more than 300
samples.

Figures 3(a) and (b) present the mean number of training epochs to obtain the classifier with the best
training accuracy, as well as the mean time to perform one epoch (@ = 20). The number of training
epochs is smaller for a larger HV dimensionality, whereas the training time is much larger for a larger HV

dimensionality. ConfCentrAdd and ConfCentrMul generally require less number of epochs than classical
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RefCentrDist and RefCentrSim. Both RefCentrDist and ConfCentrAdd tend to require more time than

RefCentrSim and ConfCentrMul, but this difference becomes smaller for larger HV dimension.
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Figure 2: Comparison of ConfCentrAdd (@ = 20 and D = 10000) and ConfCentrMul (@ = 100 and
D = 10000) for 121 UCI datasets grouped based on (a) feature number, (b) class number, (c) sample
number, and (d) features / samples number ratio.

Figure 4 compares the mean accuracy across 121 UCI datasets of ConfCentrAdd and ConfCentrMul
(in white) and the results of other HDC classifiers discussed in Section 3.4 (in gray) taken from [28] and
[59]. The best HDC results in the literature, DistHD [28], [38] and RefineHD [59], reach 76.95% and
76.70%, while ConfCentrAdd (Q = 20 and D = 10000) and ConfCentrMul (@ = 100 and D = 10000)
obtain 79.66% and 79.70%, respectively. Note that [28] and [59] use the HV dimensionality D = 10000
with flipping D/(2Q) bits in the linear mapping (Section 2.3), such that their effective HV dimensionality
was only 5000. Nevertheless, ConfCentrAdd and ConfCentrMul at D = 4000 show mean accuracy of

79.35% and 79.51%, respectively, still outperforming DistHD and RefineHD.
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Figure 3: (a) Mean number of training epochs Nep, until the best training accuracy, and (b) mean time T,
(in seconds) per epoch. Results are averaged across 121 UCI datasets and random hypervector realizations.
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Figure 4: Comparison of the mean classification accuracy results on 121 UCI datasets: the best result of
ConfCentrAdd (@ = 20 and D = 10000) and ConfCentrMul (Q = 100 and D = 10000) (shown in white),
and results of other HDC classifiers (Section 3.4) as reported in [28] and [59]) (shown in gray).

Table 2: Detailed results with the RefCentrDist, RefCentrSim, ConfCentrAdd and ConfCentrMul models
for 121 UCI datasets. D = 10000, @ = 20 and @ = 100.

Q=20 Q =100
dataset RefCentr RefCentr ConfCentr ConfCentir RefCentr RefCentr ConfCentr ConfCentr
Dist Sim Add Mul Dist Sim Add Mul

abalone 59.54 59.98 61.06 60.25 60.13 60.34 61.63 62.19
acute-inflammation 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
acute-nephritis 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
adult 84.30 85.03 80.34 85.03 84.49 85.00 80.75 85.00
annealing 41.00 40.40 73.00 69.00 38.40 38.60 71.60 87.20
arrhythmia 71.59 71.81 71.59 71.81 71.73 71.33 72.48 71.33
audiology-std 72.80 73.60 76.00 72.00 72.80 74.40 76.00 73.60
balance-scale 93.24 92.50 92.24 92.50 92.88 93.56 93.08 92.79
balloons 77.50 78.75 83.75 80.00 77.50 77.50 80.00 80.00
bank 89.01 89.36 89.84 90.21 89.11 89.15 89.96 89.45
blood 77.38 76.50 77.38 79.25 76.84 76.84 76.31 78.02
breast-cancer 69.44 67.89 75.00 75.85 67.75 67.89 75.00 73.17
breast-cancer-wisc 96.83 96.77 97.40 97.37 96.86 96.89 97.09 97.60
breast-cancer-wisc-diag 95.95 95.92 96.73 96.37 95.67 95.81 96.48 96.55
breast-cancer-wisc-prog 75.51 74.90 80.10 74.90 77.55 78.37 80.71 76.33
breast-tissue 69.42 66.92 69.62 68.85 69.62 65.77 71.54 65.58
car 89.57 92.55 90.30 92.55 89.78 93.04 89.07 93.04
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Table 2 — continued from previous page

Q=20 Q =100
dataset RefCentr RefCentr ConfCentr ConfCentir RefCentr RefCentr ConfCentr ConfCentr
Dist Sim Add Mul Dist Sim Add Mul
cardiotocography-10clases 81.46 75.20 81.73 75.20 82.32 76.34 82.32 76.33
cardiotocography-3clases 92.12 92.22 91.98 91.03 92.89 93.19 92.02 91.53
chess-krvk 31.99 32.55 35.83 36.98 31.93 32.62 35.25 36.86
chess-krvkp 97.38 97.45 97.38 97.46 97.22 97.20 97.22 97.48
congressional-voting 60.28 59.72 60.69 61.28 59.86 59.91 61.15 61.70
conn-bench-sonar-mines-rocks 79.13 79.90 81.15 82.31 81.63 81.35 83.08 82.98
conn-bench-vowel-deterding 92.03 73.42 88.74 74.07 92.68 74.24 92.99 76.32
connect-4 81.62 82.09 81.62 82.09 81.40 82.02 81.40 82.02
contrac 48.04 50.52 50.86 51.83 47.70 50.18 51.15 51.79
credit-approval 83.81 83.92 87.33 86.89 84.22 84.22 87.35 87.03
cylinder-bands 76.02 78.44 75.94 76.41 75.39 77.23 75.39 75.39
dermatology 97.58 97.53 97.31 97.42 97.47 97.36 97.25 97.25
echocardiogram 78.03 78.64 85.61 82.58 81.06 80.15 85.61 85.76
ecoli 79.46 81.85 85.65 84.70 80.36 82.38 86.13 85.24
energy-yl 91.77 92.92 88.67 91.69 93.23 93.72 89.77 93.72
energy-y2 85.91 87.40 85.91 86.25 88.26 89.32 88.26 86.51
fertility 83.80 83.00 83.80 88.00 84.00 84.40 84.60 87.60
flags 55.52 55.00 55.52 57.92 56.04 54.79 55.63 57.50
glass 69.62 69.25 72.08 68.96 70.94 69.06 71.04 69.06
haberman-survival 71.25 70.92 71.45 71.45 70.66 71.18 73.09 71.84
hayes-roth 66.43 49.29 65.00 50.00 68.57 52.86 58.57 47.14
heart-cleveland 56.84 55.92 58.55 59.47 55.59 56.32 58.95 60.20
heart-hungarian 78.42 77.88 85.14 84.93 78.42 78.56 85.14 85.62
heart-switzerland 38.55 38.06 38.55 38.06 38.71 37.74 39.84 36.61
heart-va 29.50 30.30 30.30 30.30 30.10 32.70 29.20 30.90
hepatitis 83.72 83.85 83.72 83.33 81.79 82.56 83.46 83.46
hill-valley 50.13 50.59 50.17 50.33 50.69 51.06 51.88 51.06
horse-colic 78.53 77.06 85.88 86.18 78.24 80.29 85.29 87.35
ilpd-indian-liver 67.98 71.85 67.95 71.23 69.11 71.75 71.99 71.16
image-segmentation 89.47 89.52 89.84 90.89 89.11 88.11 85.05 88.11
ionosphere 89.83 89.83 91.93 94.77 89.83 89.03 92.05 94.32
iris 95.41 95.81 96.49 96.76 95.68 95.81 96.08 96.35
led-display 71.66 71.14 73.34 74.02 71.78 70.48 73.20 73.78
lenses 74.17 73.33 74.17 73.33 70.00 73.33 70.00 73.33
letter 79.73 69.28 80.69 69.28 80.35 69.26 81.23 69.26
libras 75.44 74.17 76.56 71.11 75.00 74.94 77.89 77.39
low-res-spect 89.62 89.59 89.62 89.81 90.15 90.23 90.15 90.15
lung-cancer 51.25 47.50 51.25 47.50 50.00 48.13 50.00 48.13
lymphography 85.14 86.35 85.27 84.86 85.95 86.08 85.95 85.81
magic 83.77 83.79 83.77 83.88 84.59 84.57 84.59 84.57
mammographic 80.15 79.65 81.81 81.40 79.83 79.56 81.08 80.90
miniboone 84.39 84.45 84.37 84.57 87.03 86.91 87.03 86.91
molec-biol-promoter 87.50 85.96 87.50 85.96 86.54 85.58 86.54 85.58
molec-biol-splice 91.86 92.15 91.86 92.96 91.74 92.14 91.74 91.89
monks-1 81.71 80.60 83.75 83.24 81.06 81.44 83.15 83.75
monks-2 94.58 95.28 90.19 93.66 94.91 94.58 92.82 93.70
monks-3 91.67 91.76 86.81 92.08 91.44 92.27 86.62 93.19
mushroom 99.78 99.79 99.99 99.99 99.77 99.80 99.99 99.99
musk-1 66.05 84.12 66.05 82.48 65.55 83.53 65.55 82.27
musk-2 95.51 96.87 95.51 96.87 94.80 95.64 94.80 95.64
nursery 92.11 94.12 92.77 94.77 92.04 93.99 92.56 94.88
oocytes merluccius_nucleus 4d | 68.94 73.61 71.57 73.61 68.90 73.55 70.16 73.59
oocytes merluccius_states 2f 90.39 90.22 91.18 91.04 90.57 90.55 91.96 92.08
oocytes_trisopterus_nucleus_2f | 60.90 61.75 72.02 74.32 61.32 62.11 70.59 73.09
oocytes_trisopterus_states_ 5b 89.93 89.39 90.18 90.37 91.25 91.03 91.23 91.21
optical 93.87 93.99 95.82 96.17 93.86 93.96 95.84 96.13
ozone 96.70 96.47 97.01 97.11 96.81 96.49 97.08 97.13
page-blocks 94.86 94.69 95.23 94.81 95.22 95.30 95.71 95.29
parkinsons 88.27 88.06 89.59 88.57 88.57 89.29 90.10 89.29
pendigits 95.27 95.58 94.29 96.15 95.53 95.59 94.62 96.54

Continued on next page
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Table 2 — continued from previous page

Q=20 Q =100
dataset RefCentr RefCentr ConfCentr ConfCentir RefCentr RefCentr ConfCentr ConfCentr
Dist Sim Add Mul Dist Sim Add Mul
pima 73.46 74.43 75.03 74.77 73.15 73.78 74.27 75.03
pittsburg-bridges-MATERIAL 93.27 92.69 93.08 92.69 93.08 92.88 92.69 92.69
pittsburg-bridges-REL-L 71.35 74.23 71.15 71.35 71.54 73.85 74.04 73.85
pittsburg-bridges-SPAN 61.09 60.43 65.22 68.70 58.70 61.30 60.43 58.26
pittsburg-bridges-T-OR-D 88.20 89.40 90.80 88.40 89.80 88.80 89.80 89.00
pittsburg-bridges-TYPE 59.23 60.19 71.15 72.31 62.31 59.81 70.38 71.15
planning 54.11 53.78 57.89 62.78 55.33 54.11 60.67 63.78
plant-margin 78.90 78.11 79.15 77.95 78.93 78.69 79.55 78.55
plant-shape 53.39 40.11 53.20 50.41 54.85 42.74 55.23 50.31
plant-texture 75.19 74.25 78.50 74.25 74.71 74.50 79.73 74.55
post-operative 48.64 47.50 66.14 72.72 47.50 46.14 67.50 72.50
primary-tumor 44.76 45.00 47.07 51.89 44.39 45.98 46.71 51.65
ringnorm 91.80 97.97 91.80 97.98 92.32 98.08 92.32 98.10
seeds 91.92 92.21 91.92 91.92 92.02 92.02 92.31 92.69
semeion 90.09 89.74 91.37 92.55 90.05 90.04 91.87 92.73
soybean 86.60 86.81 86.86 85.90 86.76 86.91 87.61 86.65
spambase 90.91 90.87 90.91 90.87 92.47 92.25 92.47 92.25
spect 67.42 66.99 69.78 66.99 66.45 65.70 69.35 66.99
spectf 44.81 40.86 54.22 40.86 42.03 46.52 42.03 52.30
statlog-australian-credit 64.51 67.27 68.02 68.69 64.56 65.81 68.08 69.13
statlog-german-credit 74.20 75.74 76.36 75.74 74.46 76.16 75.92 76.14
statlog-heart 82.91 83.28 86.94 88.51 82.54 82.31 86.86 88.21
statlog-image 96.12 96.06 96.12 95.21 96.66 96.74 96.66 95.94
statlog-landsat 83.74 83.41 84.83 82.25 84.52 84.09 85.18 81.37
statlog-shuttle 58.59 52.88 75.92 57.82 51.96 54.47 38.20 63.85
statlog-vehicle 71.02 71.30 71.09 70.52 72.68 71.30 72.13 71.30
steel-plates 70.33 69.05 71.56 70.66 70.10 69.71 70.10 70.97
synthetic-control 96.23 95.80 98.07 97.30 96.30 96.60 98.17 98.27
teaching 51.97 51.84 50.13 51.58 53.16 54.47 50.53 52.76
thyroid 89.15 90.01 89.15 90.01 89.50 88.37 89.50 88.37
tic-tac-toe 97.55 97.59 98.01 97.87 97.45 97.45 97.95 97.41
titanic 77.86 77.99 77.78 78.05 77.84 77.97 77.86 78.05
trains 87.50 80.00 87.50 80.00 82.50 77.50 82.50 77.50
twonorm 96.63 96.77 97.41 97.47 96.54 96.76 97.53 97.55
vertebral-column-2clases 82.21 82.34 83.12 81.57 83.51 81.56 83.51 81.57
vertebral-column-3clases 78.77 77.79 79.94 80.39 81.88 82.08 79.87 82.08
wall-following 91.22 91.90 91.22 91.90 92.45 93.67 92.45 93.67
waveform 83.94 84.12 85.47 85.59 83.82 83.96 85.90 85.70
waveform-noise 85.28 85.06 85.12 85.43 85.28 85.23 86.15 86.14
wine 97.16 97.16 98.41 98.07 97.16 97.27 98.18 98.64
wine-quality-red 57.56 57.90 59.65 59.51 58.06 59.40 60.78 60.49
wine-quality-white 52.19 53.66 54.69 54.86 52.09 53.84 54.43 55.22
yeast 54.96 55.62 58.89 57.32 54.95 54.95 59.96 58.36
700 99.00 99.20 99.00 99.20 99.00 99.00 99.00 99.00
mean 77.90 77.58 79.66 79.27 77.98 77.91 79.33 79.70
standard deviation 16.34 16.88 15.02 15.58 16.57 16.68 15.76 15.45

6 Conclusion

We conducted an extensive comparative study examining the classification accuracy of two HDC-based
centroid classifiers that differ from previous proposals by leveraging training driven by either additive or

multiplicative confidence levels in class prediction. Both confidence-driven classifiers are designed to be

16



hardware-efficient, operating with binary hypervectors and binary class representations, particularly in
prediction mode, making them well-suited for resource-constrained applications.

Our results, obtained across a diverse collection of 121 UCI datasets, demonstrate that both our
confidence-driven classifiers outperform their classical counterparts as well as other traditional HDC clas-
sifiers evaluated on this dataset collection.

We found that the number of quantization levels for transforming input data to hypervectors has
minimal impact on our classifier performance, whereas hypervector dimensionality plays a critical role:
increasing dimensionality enhances accuracy but requires more processing time. When comparing our
classifiers, ConfCentrAdd based on an additive confidence threshold and Hamming distance between the
sample and the centroid hypervectors, tends to perform better on datasets with a higher number of classes
and fewer samples. While the ConfCentrMul classifier with multiplicative confidence threshold, employing
dot product similarity, achieves slightly higher overall accuracy and excels on datasets with fewer features
and classes.

An interesting direction for future research would be the development of hardware implementations
optimized for gate efficiency and energy consumption, along with evaluating classification performance in

practical applications of wearable Internet of Things systems.
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