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Abstract
We propose to embed features extracted from event-driven dynamic vision sensors to binary sparse representations in hyperdimensional (HD) space for regression. This embedding compresses
events generated across 346×260 differential pixels to a sparse 8160bit vector by applying random activation functions. The sparse
representation not only simplifies inference, but also enables online
learning with the same memory footprint. Specifically, it allows
efficient updates by retaining binary vector components over the
course of online learning that cannot be otherwise achieved with
dense representations demanding multibit vector components. We
demonstrate online learning capability: using estimates and confidences of an initial model trained with only 25% of data, our
method continuously updates the model for the remaining 75% of
data, resulting in a close match with accuracy obtained with an
oracle model on ground truth labels. When mapped on an 8-core
accelerator, our method also achieves lower error, latency, and energy compared to other sparse/dense alternatives. Furthermore, it
is 9.84× more energy-efficient and 6.25× faster than an optimized
9-layer perceptron with comparable accuracy.

CCS Concepts
• Computer systems organization → Embedded software; •
Computing methodologies → Machine learning.
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1

Introduction

Neuromorphic dynamic vision sensors (DVSs) asynchronously
report intensity changes in a scene by generating a set of sparse
events [2, 21]. Hence, the output of a DVS is not a sequence of images but a stream of asynchronous events. This property of seeing
sparse events in time as opposed to full image pixels at a fixed frame
rate allows DVS to capture motion better than a classical camera.
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DVSs further provide high dynamic range, high temporal resolution, very low latency, and reduce redundant data for downstream
processing that make them useful in low-power applications such
as robotics, active perception, self-driving cars, real-time tracking,
and gesture recognition [1, 3, 11, 13, 14, 20].
In a bio-inspired DVS, each pixel acts as an independent circuit
that outputs the light intensity changes, as events, at the time
they occur. These asynchronous events can be naturally processed
by spiking neuromorphic processors such as TrueNorth [1], or
Loihi [20]. However, it is not clearly evident how to combine DVS
with other non-spiking machine learning approaches that favor
efficient realization using digital, synchronous accelerators. This
calls for a computing paradigm that can effectively transform the
asynchronous sparse events—generated across thousands of sensing
elements—to a compressed, temporal, and i.i.d. representation that
can be readily used for learning and inference in a low-power digital
accelerator; the resulting representations should also enable direct
interaction with other cognitive modules such as motor control,
planning, etc [4, 14].
One viable option, inspired by the very size of the brain, is to use
hyperdimensional (HD) representations (e.g., with 10,000 i.i.d. components [8]) that enable efficient digital processing at low signalto-noise ratio [17, 19] as well as analog in-memory computing [9].
HD representation also serves as a common language for direct
coupling sensory and motor systems. In an initial effort, perceptions and actions are encoded in a single space using dense binary
HD vectors [14]. More specifically, DVS events are bound with a
drone’s velocities to enable active perception in an HD space that
is semantically informed and meaningful by construction. Such
HD representations find a variety of use cases in different robotic
applications (see [15] for an overview). We focus on sparse binary
HD representations [16] that easily support online learning, and allow natural interaction with a sparse distributed memory (SDM) as
long-term memory [7]. The interaction with SDM already enabled
interesting features such as sequence learning and retrieval [12],
and scalability to a large number of sensory inputs in wearable
robots [22].
In this paper, we propose to embed features extracted from DVS
events to sparse binary HD vectors using novel randomized activation functions encoding inspired by SDM (Section 3). This sparse
encoding simplifies learning and inference procedures, and therefore allows the model to be updated during inference without any
additional memory requirement (Section 4). Experimental results, in
Section 5, on MVSEC [24] dataset for regression tasks demonstrate
that: 1) Our sparse encoding achieves 7.7% lower average relative
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pose error (ARPE) than state-of-the-art dense binary encoding [14].
2) When trained initially with 25% of data, our method can provide
estimates and confidences to continuously update the model for the
remaining unseen data, achieving lowest ARPE, almost the same
as an oracle updated with ground truth labels. The updated vectors
remain in the binary space during the entire procedure of online
model update. 3) Measurements on a commercial ultra-low power
8-core accelerator show that our method achieves lower latency,
and energy compared to other dense/sparse alternatives. Compared
to an optimal 9-layer perceptron, it also achieves lower latency
(0.28 ms vs. 1.75 ms), and energy (5.0 µJ vs. 49.2 µJ) per inference,
with only 2.1% higher ARPE (0.1608 vs. 0.1575). Our code is available
open-source1 .

2 Background
2.1 Event-driven Dynamic Vision Sensors
In contrast to traditional frame-based cameras, neuromorphic dynamic vision sensors (DVSs) report only intensity changes per pixel,
called events, which naturally respond to motion in the scene [11].
Instead of tracking the absolute intensity per pixel, DVS events
only contain the information about the polarity of the change of the
pixel. This results in a stream of sparse and asynchronous events,
each being a tuple e(x, y, t, p) with spatial coordinates x and y, time
of event t with a resolution in µs, and p the polarity of the intensity
change. DVSs offer many advantages compared to frame-based
cameras: 1) higher dynamic range (140 dB instead of 60 dB); 2) low
latency; 3) low power consumption; 4) lower bandwidth requirements, thanks to the sparsity of events [6].
The DVS stream can be used to estimate motion, depth, or optical flow using different regression techniques [6, 11, 14]. We typically distinguish between methods that operate on an event-byevent basis or on groups of events [6]. In the latter case, events
e(x k , yk , tk , pk ) are usually projected on a 2-dimensional image
plane by counting events over a certain period T :
Õ
δ (x − x k , y − yk ),
(1)
I(x, y) =
t k ∈T

where δ (·, ·) is the 2-dimensional Kronecker delta function and
I ∈ Nn x ×ny the pixel-wise histogram of events, which we call eventcount-image. For example, I(2, 3) = 5 means the event e(2, 3, t, p)
occurred 5 times within the period T . The dimension of the eventcount-image n x and ny correspond to the spatial resolution of
the DVS. The polarity of the events is ignored. This event-countimage comes with many advantages, such as ease of computation,
robustness towards noise, or preservation of the motion information
stored within the event stream [14]. The event count can be further
refined with the time-image T ∈ Rn x ×ny [13], which represents the
average timestamp over period T of the events per pixel:
Õ
1
T(x, y) =
t .
(2)
I(x, y) x =x ,y =y k
k

k

Further, the local spatial gradient-image of T along the x- and y-axis
is computed to get Gx and Gy , respectively. The gradient images
are used to determine six global descriptors [13] (see Fig. 1). These
features include the sum of all gradients in Gx and Gy , the sum
of element-wise inverse of gradients in Gx and Gy , the sum of
gradients in both directions multiplied by their position relative
to image center, and the sum of ratios between the ℓ2 -norm of
1 https://github.com/iis-eth-zurich/hd_dvs

gradients and the ℓ2 -distance between each pixel location and the
image center. These features are used for velocity estimation [14],
and motion compensation [13].

2.2

MVSEC dataset

We use the multivehicle stereo event camera (MVSEC) [24]
dataset that features event recordings from two experimental mDAVIS346B cameras with a resolution of 346×260 pixel (n x ×ny ), mounted
on a car together with IMUs and GPS sensors for determining the
ground truth velocities. Therefore, this dataset serves for regression
tasks estimating velocities based on DVS data. It consists of five
outdoor test rides, two recorded during the day and three in the
evening, with duration varying from 262 s to 653 s. The rides consist
of multiple turns with a maximum angular velocity of 35.5 ◦ /s.

2.3

Hyperdimensional Computing

To further process DVS events, hyperdimensional (HD) computing is a viable alternative. HD computing is inspired by the
very size of the brain’s circuit, where neural activity patterns are
modeled as points, or hypervectors, in high-dimensional space [8].
Hypervectors are d-dimensional (the number of dimensions is in
the thousands), holographic, and (pseudo)random with independent
and identically distributed (i.i.d.) components. In the following, we
simply denote them as vectors. HD computing starts with assigning
atomic vectors to each symbol and storing it in an item-memory
(IM). Dense atomic vectors are generated by drawing d elements of
an i.i.d. binomial distribution with equal probability p = 1/2, i.e.,
the number of ‘0’ and ‘1’ is balanced. Distance between vectors is
determined by Hamming distance. Due to its high dimensionality,
atomic (random) vectors are orthogonal with very high probability.
HD computing comes with a set of well-defined vector operations on dense codes: 1) binding of two vectors using element-wise
XOR; 2) permutation of a vector; 3) bundling a set of vectors using
the element-wise majority operation. All these operations preserve
dimensionality. Binding and permutation produce dissimilar vectors, whereas bundling preserves similarity, and thus is able to
represent sets of vectors. When bundling too many vectors using
binary majority operation, the recall performance is dropped due to
the capacity limit [10]. As an alternative bundling operation, binary
vectors are mapped to bipolar vectors ({−1, +1}d ) and accumulated
element-wise using integer counters. This bundling produces HD
vectors with integer components. The similarity measure transforms to the inner product between bundled integer vector and
bipolar vector.
Principles of HD computing are also applied to design systems
capable of solving classification tasks by 1) symbolization: mapping discrete or continuous input values to an atomic vector; 2)
encoding: combine multiple vectors using binding, permutation,
and bundling; 3) classification: find the best matching vector in associative memory (AM), which stores bundled sets for every class. It
was successfully applied, e.g., in text analytics [19], several biosignal processing applications [18], robotics [15], etc [10, 17]. More
recently, HD computing was used for regression to estimate velocities [14] based on DVS streams from the MVSEC dataset. Each
value of six global features was first quantized to one of n levels
and mapped to the corresponding d/6-dimensional vector using
thermometer encoding. Finally, all six mapped vectors are concatenated to form a d-dimensional vector and classified using the AM
with Hamming distance. The AM stores for every velocity a binary
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Figure 1: Training and inference pipeline for estimating velocities based on asynchronous DVS events: Events occurring within
a time window of 0.05 s are projected to time-image T and transformed to six global features, represented by f. The HD projection block maps the features to a sparse binary 8160-dimensional vector. The AM searches for the best matching prototype in
x- and y-direction and yields the final velocity estimations.
vector using the majority operation. This approach achieves similar
prediction error compared with a more traditional vision approach
using neural networks to predict velocities [14].

3

Learning Sparse HD Representations from
DVS Events

In the following sections, we present the main contributions of
the paper. We map the six global features from DVS events to sparse
binary vectors (Section 3), which allows more efficient learning and
inference compared to dense representations, and therefore enables
online model update in the binary space (Section 4). Our proposed
processing chain is illustrated in Fig. 1. First, asynchronous DVS
events of a time window of 0.05 s are used to compute the timeimage T, which has 346×260 elements. After determining the local
gradient images Gx and Gy , the feature vector f, containing the six
global descriptors, is computed. The features are mapped to binary
vectors of dimension d=8160, which can be efficiently represented
by 255 32-bit values. The AM search is the final regression block,
providing a training and inference mode. It stores nv prototypes
per x- and y-direction representing different velocity levels. In
inference, the query vector Q is compared against all prototypes in
both directions; the velocity level with the corresponding highest
overlapping prototype is selected to be the estimated velocity.

3.1

Mapping Global Features to Sparse Atomic
Vectors

This section describes how we map global features f ∈ Rn f to
the d-dimensional sparse binary vectors E ∈ {0, 1}d .
3.1.1 Selective Kanerva Coding (SKC): A brain-inspired approach is
to use Kanerva coding with a sparse distributed memory (SDM) [7].
The SDM represents Rn f with d prototype vectors e1, e2, ..., ed of
dimension n f , where the entries are drawn from an i.i.d. normal
distribution. Given a query vector f, SDM measures the ℓ2 -distance
to all prototypes and activates those, which are closer than a radius
r . Finally, the result of distance computation is encoded in a ddimensional binary vector: indexes with activated prototypes are
marked with a ‘1’ and the remaining with a ‘0’. The sparsity s of the
encoded vector depends on the radius r . Alternatively, the sparsity

can be kept constant with selective Kanerva coding (SKC) [22],
where the c = ⌊s · d⌋ best matching prototypes are activated. This
guarantees to preserve the sparsity independent of the query vector,
but adds complexity due to the required sorting of d distances.
3.1.2 Randomized Activation Functions Encoding (RAFE): We propose a light-weight alternative to Kanerva coding, which relies
only on one-dimensional distance computations. The key is that
we compute a binary sub-vector for every feature value with a
small SDM, which has d/n f prototypes of dimension one. For every
feature value f[k], we compute d/n f binary values by activating
the indexes, whose prototypes are within the radius r . Finally, all n f
sub-vectors are concatenated to form a d-dimensional binary vector
(see Algorithm 1). This atomic vector (E) collectively represents
the DVS events that are occurred during 0.05 s as shown in Fig. 1.
The proposed encoding can be interpreted as a set of 0/1-valued
activation functions with activation radius r centered around a
random bias e j ; thus, we call it randomized activation functions
encoding (RAFE). Thanks to the i.i.d. normal distribution of the
bias e j and the standardized features, the activation probability is
normal too.

3.2

Combining Sparse Atomic Vectors to Build
Prototypes

After encoding, multiple atomic vectors are combined to represent more complex structures by bundling all vectors belonging
to the same ground truth velocity level. The bundling operation
results in a composite vector that is similar to its constituent vectors and serves as a prototype to be stored in the AM. Separate
prototypes are stored for x- and y-direction; in the following, we
describe the methods without directional information for simplicity.
The number of prototypes nv depends on the velocities present
in the training set. The ground truth velocity is quantized with a
resolution of 0.002 m/s; the AM only stores prototypes for velocity
levels encountered in the training set resulting in 19–266 number
of prototypes. When using sparse binary vectors, the bundling operation simplifies to bitwise logical OR (∨) [10, 16]. In this work,
nv velocity levels are represented by prototypes built as
Pi = ∨vk =vi Ek

i ∈ {1, 2, ..., nv },

(3)
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Table 1: ARPE when directly encoding time-image, gradientimages, or global features to dense binary vectors. Prototypes are binarized (Dense Binary) or rescaled (Dense Integer) after training.

Algorithm 1: RAFE
input : f ∈ Rn f - feature vector to be encoded
e 1, e 2, ..., ed /n f e j ∈ R - 1-d SDM memory
r - activation radius
d
output
 : E ∈ {0, 1} - encoded binary vector

1
2
3
4
5
6
7
8
9
10

Features
Time-Image
Gradient-Images
6 Global Features

for k = 1 : n f do
Initialize Ek = 0


for j = 1 : d/n f do
l ← f[k] − e j
if −r ≤ l ≤ r then
Ek [j] ← 1
end
end
E ← concatenate(E 1, E 2, ..., En f )
end

where vk is the ground truth velocity of the encoded vector Ek ,
and vi the velocity corresponding to prototype Pi .
During inference, a query vector Q is compared to every prototype according to the number of overlapping ‘1’; the velocity level
with corresponding most similar prototype is the final estimated
velocity. The overlap measure is a dot product in binary space, i.e.,
bitwise logical AND (∧) followed by pop-count:
v̂ =

argmax

i ∈ {1,2,...,nv }

|Q ∧ Pi |.

(4)

To obtain unbiased predictions, the density (i.e., the number of ‘1’)
of the prototypes in the AM should be equal. However, the density
of a composite vector monotonically increases by bundling more
atomic vectors. For instance, when a particular velocity label has
too many examples, which obviously holds for the MVSEC dataset,
a larger number of vectors are bundled which results in a higher
density for the corresponding composite vector. Hence, this denser
composite vector has a higher chance to be matched with any query.
To cope with this problem, we apply context dependent thinning
(CDT) [10] on composite vectors to preserve their sparsity. CDT
consists of applying a random permutation (ρ) followed by a logical
AND operation with the original vector. This core operation is
repeated arbitrarily many times (here k times), applying different
permutations. Finally, all intermediate results are ORed together:
Z = ∨i ≤k (X ∧ ρ i (X )) = X ∧ (∨i ≤k ρ i (X ))

4

(5)

Online Model Update

Here, we propose a method for updating HD model during online operation to cope with the variability in the distribution of
the DVS data due to various external conditions such as daylight,
weather, or the environment. In most cases, these big variations
are not represented by the training set, which degrades estimation
performance in a dynamic environment. This demands to update
the model at test-time based on predictions made by the model
itself, also known as self-supervised learning.
Such online updates need to satisfy a few essential requirements
to be effective and feasible for deployment on resource-limited
devices. First, new observation should be added to the model only
if the confidence of the prediction is sufficiently high. Therefore, an

Dense Binary
0.1775
0.1785
0.1726

Dense Integer
0.1651
0.1771
0.1632

update is only done if the similarity to the best matching prototype
exceeds a certain threshold. The threshold is determined with a
cross-validated grid-search on the training set.
Second, the update of the model should not add significantly
to the complexity nor to memory requirements, which depend on
the representation of vectors. Here, sparse binary representations
stand out allowing for computationally simple online updates. New
observations (i.e., vectors) are directly added to the prototype with
the OR operation. No additional intermediate composite vectors
with integer counters are required for online updates; moreover,
the operation is independent of the number of bundled vectors.
CDT is applied if the density of the prototypes is getting too high,
i.e., too many updates have been done.
In contrast, dense binary prototypes are built by element-wise
majority vote, i.e., adding up all encoded vectors into a composite vector and binarize it based on a threshold, set to half of the
number of added vectors. For online updates, the composite vector
before binarization has to store all encoded vectors, requiring an
additional memory that grows with the size of exemplar updates.
A similar approach is made when representing prototypes with
integer vectors, where the composite vector has to be rescaled by
the number of accumulated vectors for simplified cosine similarity
computation, requiring an additional integer counter per prototype.

5

Experimental Results

This section assesses the proposed methods on the MVSEC
dataset. We compare the average relative pose error (ARPE) defined as


n
< v̂i , vi >
1Õ
ARPE =
arcos
,
(6)
n i=1
|| v̂i ||2 · ||vi ||2
where v̂i is the 2-D estimated velocity vector, vi the ground truth
velocity, and n the number of test samples in one sequence. The
ARPE amounts to the average angular error between translational
vectors while ignoring the scale [14]. For each of the five sequences
in the dataset (i.e., recorder rides), a separate model is trained and
tested, dividing the sequence into equally sized training (50%) and
testing set (50%). Finally, the reported ARPE is the weighted average
over all five sequences, taking the different lengths of the sequences
into account.

5.1

Dense Binary Representations using
Different Features

We first demonstrate the effectiveness of the six global features
represented by dense binary vectors. The global features are compared to methods that omit the feature calculation, encoding either
the time-image or gradient-images directly to binary vectors. Every
pixel value of the time- or gradient-image is mapped to an atomic
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Table 2: ARPE for different regression models on MVSEC dataset. SKC: selective Kanerva encoding; CDT: context dependent
thinning; RAFE: randomized activation functions encoding; MLP: multi-layer perceptron.
Dimension
Representation
d = 8160
Dense, Binary
d = 8160
Dense, Integer
d = 8160
Sparse, Binary
d = 8160
Sparse, Binary
d = 8160
Sparse, Binary
d = 8160
Sparse, Binary
{6, 24, 80, 160, 130, 100, 75, 40, 12, 2}

vector stored in a continuous item memory (CIM) [18], which is
constructed such that pixel value k and k + 1 are similar (i.e., differ
just by a small number of bits), and values 0 and n − 1 are orthogonal. Vectors are permuted according to the location in the image,
and bundled together with all other encoded pixel-vectors. The
permutation is done in x- and y-direction separately, whereas the
permutation-map preserves similarity to neighboring locations,
analogous to the CIM.
Table 1 compares the ARPE for different encoding methods with
binary or integer prototypes. Encoding global features to dense
binary vectors outperforms both time-image and gradient-images
encoding. This supports the necessity of global feature extraction.
Besides, the direct encoding of time-images or gradient-images
requires a large amount of permutation and bundling operations
in HD space, making these methods even more complex than first
computing the features in low-dimensional space, and then encode
them into a binary vector. Integer prototypes yield consistently
lower ARPE than binary prototypes, which can be explained by their
higher capacity. However, integer prototypes require larger memory
footprint and cosine similarity calculation with integer arithmetic
during inference, instead of Hamming distance computations with
binary prototypes.

5.2

Encoding Methods using Global Features

Table 2 shows the ARPE for different HD regression models,
compared with commonly used linear and polynomial regressions
as well as a multi-layer perceptron (MLP), all operating on the six
global features. The MLP has eight hidden layers (see Table 2) with
ReLu activation, dropout, and batch normalization; it was highly
optimized to have a small number of trainable parameters, while
still being accurate.
Most sparse binary encoding schemes outperform the baseline
dense encodings [14], with RAFE+CDT being the most accurate binary methods among the HD regressions; it has a 7.7% lower ARPE
than dense binary encoding. RAFE+CDT is only outperformed by
the deep MLP having full-precision, which has a marginal 1.8%
lower ARPE. Classic polynomial regressions methods are less accurate than both MLP and RAFE+CDT, with the best polynomial
regression of degree 2 being 3.3% and 1.4% worse than MLP and
RAFE+CDT, respectively.

Prototype
Majority Gate
Addition
Logical OR
Logocal OR + CDT
Logical OR
Logical OR + CDT

0.191
0.19

Similarity Measure
Hamming Distance
Cosine Similarity
Overlap
Overlap
Overlap
Overlap

0.189

ARPE
0.1726
0.1632
0.1623
0.1612
0.1651
0.1593
0.1564
0.1649
0.1615
0.1639

Base
Oracle
Online

0.18
ARPE

Method
Dense Binary [14]
Dense Integer
SKC [22]
SKC+CDT
RAFE
RAFE+CDT
MLP
Linear Regression
Regression degree 2
Regression degree 3

0.1730.173
0.17

0.167
0.1630.162

0.16
0.15

Dense Binary

Dense Integer

0.165
0.162
0.161
0.161
0.159

SKC+CDT

RAFE+CDT

Figure 2: ARPE for online updates. Base model is trained on
25% of training data, the remaining 75% is used for updating
model either based on ground truth labels (oracle) or on self
generated labels (online).

5.3

Online updates

Fig. 2 shows the effect of online updates in both dense and sparse
HD encodings. First, the model is trained on 25% of the training set,
which is called the base model. The model is then updated on the
remaining 75% on the training set either based on the ground truth
label (oracle), or the label estimated by the model itself (online)
given the confidence of the estimation is high enough. In all cases,
the test set is not touched (i.e., no model updates) and stays the same
as in previous experiments; therefore, the oracle results are the same
as reported in Table 2. As shown, in all encodings, the ARPE drops
when doing updates, and sparse encodings consistently achieve
lower ARPE than the dense encodings. The self-supervised online
updates with RAFE+CDT achieves lowest ARPE (0.161), almost the
same as its oracle (0.159). This means when RAFE+CDT uses only
25% of training data followed by online updates, it will result in
similar ARPE compared to the model trained with 100% of data.
Further, it allows the model update without any additional memory
during inference.

5.4

Embedded Accelerator and Comparisons

Finally, the inference of the most successful encodings are deployed on GAP8 [5], a RSIC-V based ultra-low power commercial
SoC containing an 8-core computational cluster. The dimension of
all binary encodings is reduced to d=2880 since it yielded negligible
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6

0.185
RAFE+CDT
SKC+CDT
Dense Binary

0.180
0.175
ARPE

Conclusion

This work demonstrates the use of sparse binary representations in regression tasks for event-based DVS. The novel randomized activation functions encoding is among the most accurate
regression methods, and allows for accurate online model update
closely matching oracle, while staying fully in binary space without
any additional memory. In an 8-core accelerator, it achieves 9.84×
higher energy efficiency than a MLP at comparable ARPE (0.1608
vs. 0.1575).
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Table 3: Comparing methods using pre-computed global features on GAP8 accelerator with d=2880 during inference.
Method
Dense Binary[14]
SKC+CDT
RAFE+CDT
MLP

ARPE
0.1716
0.1607
0.1608
0.1575

T./Inf.
0.28 ms
17.98 ms
0.28 ms
1.75 ms

Power
18.5 mW
9.5 mW
17.9 mW
28.1 mW

En./Inf.
5.2 µJ
170.8 µJ
5.0 µJ
49.2 µJ
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MLP is mapped with the open-source toolkit FANN-on-MCU [23],
that uses fixed-point arithmetic that also negligibly increases ARPE
to 0.1575. Table 3 compares the inference time, power consumption, and energy per inference for encoding and classification of
the six global features. These measurements are done at 1.2 V and
100 MHz, the frequency at which the board has demonstrated to
be most efficient. All methods are computed in 32-bit fixed-point
arithmetic and parallelized on the 8-core cluster using OpenMP
directives, where a maximum parallel speedup of 6.9× was achieved
for RAFE+CDT. Data encoding is executed in parallel with static
scheduling and using 32-dimensional batches to avoid data dependencies and memory conflicts. Outer loops are further unrolled to
permit hard-coding parameters and save unnecessary computation.
The same approach is taken in the inference process with parallel comparison between the query vector and the SDM prototypes.
Thanks to the small memory requirements of 2880-dimensional vectors, all data is stored on the fast cluster memory that allows over 2×
speedup compared to the larger on-chip memory. RAFE+CDT outperforms all other encodings with the lowest latency of 0.28 ms and
energy of 5.0 µJ per inference, being 9.84× more energy-efficient
and 6.25× faster than MLP at the cost of 2.1% ARPE increase. The
significant improvement of RAFE+CDT compared to SKC+CDT
comes from the distance computation (1-D distance instead of 6D ℓ2 -norm) and the simplified activation function (feed-forward
activation instead of sorting operation). Due to similar operations
in encoding and classification, dense binary performs on par with
RAFE+CDT, however, at 6.7% higher ARPE.
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