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Abstract
In the last decade, there has been significant progress in the IoT domain due
to the advances in the accuracy of neural networks and the industrialization
of efficient neural network accelerator ASICs. However, intelligent devices
will need to be omnipresent to create a seamless consumer experience. To
make this a reality, further progress is still needed in the low-power embedded
machine learning domain. Neuromorphic computing is a technology suited
to such low-power intelligent sensing. However, neuromorphic computing is
hampered today by the fragmentation of the hardware providers and the difficulty of embedding and comparing the algorithms’ performance. The lack of
standard key performance indicators spanning across the hardware-software
domains makes it difficult to benchmark different solutions for a given application on a fair basis. In this paper, we summarize the current benchmarking
solutions used in both hardware and software for neuromorphic systems,
which are in general applicable to low-power systems. We then discuss the
challenges in creating a fair and user-friendly method to benchmark such
systems, before suggesting a clear methodology that includes possible key
performance indicators.
Keywords: neuromorphic, inference, accelerators, benchmarking, low
power, IoT, ASIC, key performance indicators.
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1.1 Introduction
The performance necessary for consumer uptake of IoT devices has not been
achieved yet. Intelligent always-on edge devices and sensors powered by AI
and running on ultra-low power devices require outstanding energy efficiencies, low latency (real-time), high-throughput, and uncompromised accuracy.
Neuromorphic computing rises to the challenge; however, the neuromorphic
computing landscape is fragmented with no universal Key Performance
Indicators (KPI), and comparison on a fair basis remains illusive [1]. The
landscape is complex: comparisons should consider various aspects such as
industrial maturity, CMOS technology implications, arithmetic precision, silicon area, power consumption, and accuracy obtained from neural networks
running on the devices. Comparing target use-cases has the advantage of
looking at the system-wide requirements but adds additional complexity. For
example, if we take into account the inference frequency, this affects the
current leakage and active power, significantly impacting the mean power
consumption of the system.
The most commonly accepted quantitative metrics for benchmarking neuromorphic hardware are TOPS (Tera Operations Per Second) for throughput,
TOPS/W for energy efficiency, and TOPS/mm2 for area efficiency. Hardware
metrics rarely take into account the algorithmic structure. For software, the
performance of Machine Learning (ML) algorithms is usually defined for a
given task. Their KPIs generally target the prediction performance in terms of
reached objective (often accuracy). Until recently, the KPIs rarely accounted
for algorithm complexity, the computational cost, or the structure which
impacts its performance on a given hardware.
Moreover, these metrics are only applicable to traditional neural networks, such as Deep Neural Network (DNNs), while for Spiking Neural
Networks (SNN), other metrics such as energy per synaptic operation for
energy efficiency are used. Indeed, the very nature of these DNNs and SNNs
prohibits a comparison based on standard NN parameters.
The main questions asked by end-users, system integrators, and sensor manufacturers are: what is the best solution for the application, and
whether a given neuromorphic processor provides some advantages over
the state-of-art microcontrollers. The inability to answer these questions
thwarts the industrial interest. This white paper provides a brief guide to
relevant metrics for fair benchmarking of neuromorphic inference accelerator
ASICs, aiming to help compare different hardware approaches for various
use-cases.
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The paper is organized as follows: Section 1.2 provides an overview of
the state-of-the-art benchmarking of inference accelerators at algorithm and
hardware levels. Then we look specifically at the KPIs which are applicable
to neuromorphic or power-sensitive applications, explaining what influences
the metrics. Section 1.3 explains why combining KPIs for both hardware and
algorithms is essential for fair benchmarking of neuromorphic computing.
Finally, Section 1.4 summarizes and concludes the paper.

1.2 State-of-the-art in Benchmarking
Benchmarking of NNs inference performance for a task occurs at both the
algorithm and hardware levels. The use-case provides the constraints and
optimizations to be achieved through the combination of the ML model
and the hardware. Currently, ML algorithms and hardware are usually
benchmarked independently with their own metrics.
For ML algorithms, task-related metrics are the standard. Usually, the
task-related metrics are independent of the nature of the ML model used,
allowing the comparison between the algorithmic techniques used to perform the task: while the algorithm may change, the way to assess the
performance of the algorithm on a certain task (e.g., image classification)
remains the same. This methodology allows rapid development of deep
learning techniques by comparing the performance of the algorithms on
a given task. In order to target resource-limited IoT applications, metrics
measuring the complexity of the model exist, such as the number of parameters, sparsity, depth, and (floating-point) operation counts, are taken into
account. These KPIs are measurable via simulation of the model, and most
of the current deep learning libraries now provide functions that report
these KPIs.
On the other hand, hardware KPIs are extracted from the deployment
platform while running a certain algorithmic model. They can be either
simulated or computed by running the target application on the device. These
KPIs usually include power consumption (estimation), latency, and memory
metrics. In other words, they provide performance results of an ML algorithm
for a certain use case on a specific hardware platform. This gives a good
representation of how a single device works for a given use-case but makes
benchmarking difficult. In the following sections, we present the current stateof-the-art solutions to benchmarking software and hardware with a focus on
low-power devices. A summary of the standard KPIs is given in Table 1.1.

Combined

Hardware KPIs

Model KPIs

Task KPIs

Parameters
Precision
Structure
Sparsity
Maximum Activation
Spike Count
Spike rate / Spike Frequency
SynOps
Metric
(Idle/Peak) Power consumption
(Peak) Number of operations
Die size
Memory size
Memory bandwidth
Energy per operation
Energy per synaptic operations
Mean energy per spike
Energy efficiency
Area efficiency
Precision
Maximum network size
Max. Core Frequency
Metric
Wake-up time
Latency
Inference rate / Throughput
Energy per inference

Complexity

Metric
Objective function
(Balanced) Accuracy
Precision
True Positive Rate (TPR) / Sensitivity / Recall
True Negative Rate (TNR) / Specificity
False Positive Rate (FPR)
Mean average precision (mAP)
F1-Score
Receiver operating characteristic (ROC)
Area under the curve (AOC)
Metric

Definition
Determines and measures the goal of a given task
Computes the ratio of correctly classified examples over the dataset (weighted by class occurrences)
Computes the ratio of correctly classified samples per class
Ratio of true positives over the total number of samples
Ratio of true negatives over the total number of samples
Ratio of false positives over the total number of samples
The mean of the average precision per sample
Harmonic mean of the precision and recall
Plot the true positive rate against the false positive rate of a class
The area under the ROC curve
Definition
Number of multiply-accumulate (multiply-additions) operations
Number of (floating-point) operations, often assumed equivalent to 2x MACs
Total number of parameters in the model (weights, biases, etc.)
Precision of the parameters and activations (floating point, integer, etc.)
Number and type of layers (and neurons)
Ratio of sparse values
Maximum activation buffer of any layer in the network
Number of spikes emitted
Rate at which the spikes are emitted (model level or neuron level)
Number of synaptic operations produced by the model at inference
Definition
Power consumption of the system in idle/peak mode
Number of operations per second (peak over short period of time)
Silicon area of the system
On chip memory size
Maximum data rate from memory (internal/external)
Energy to perform one operation including necessary memory transfers
Energy to perform one synaptic operation including necessary memory transfers
Energy required to execute one spike
Tera operations per second per watt
Tera operations per mm2
Precision of the parameters and activations (floating point, integer, etc.)
Size constraints of network architecture (number of neurons/synapses, etc.)
Maximum frequency of the hardware
Definition
Time to load the model in memory and make it ready for inference
Time needed to perform inference
Number of inferences per second
Energy consumed by the system when running an inference for a certain model
MHz
Unit
ms
ms
Inference/s
Joules (J)

Hz
Unit
Watts (W)
TOPS (TOPs/s)
mm2
MB
bit/s
J/op
J/SynOps
J/Spike
TOPS/W
TOPS/mm2
bits

%

Unit
%
%
%
%
%
%
Unit
MACs (MAdds)
(FL)OPs
bits

Table 1.1 Relevant KPIs for tasks, models and hardware domains. We also mention some combined KPIs to illustrate the inter-dependency
of the domains.
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1.2.1 Machine Learning
Machine learning techniques, and especially deep learning algorithms, are
engineered iteratively for a given task’s performance. ML algorithms are
typically compared in terms of accuracy for a given task, such as segmentation or classification on a specified dataset. The task performance
comparison is nowadays well established in the ML community. For classification tasks, accuracy, precision, recall, receiver operating characteristics
(ROC), and area under the curve (AUC) are some of the most frequently used
metrics. A typical example of a table is shown in Table 1.2. We refer the
reader to [2, 3, 4] for a more detailed overview of relevant metrics in ML
tasks.
In order to give fair comparison for different domains of deep learning,
training and test datasets have been established. According to PapersWithCode [6], computer vision-related tasks have the largest number of datasets,
with long-established quasi-standards such as CIFAR [7], ImageNet [8], and
COCO [5]. Specific computer vision tasks have their own standard datasets,
such as KITTI [10] for autonomous driving and FDDB [11] and WIDER
Face [12] for face detection applications. Natural Language Processing (NLP)
tasks are the second most popular tasks for machine learning, with near
2000 datasets comprising GLUE [13] and SQuAD [14] benchmarks. Audio,
biomedical and physics-related tasks equally have their own datasets. It
should be mentioned that other ML techniques also have their own equivalent
dataset for example reinforcement learning (RL) tasks also have their own
standard benchmarks e.g. OpenAI Gym [15] which contains a set of tasks
to test reinforcement learning algorithms. Here the tasks take place in a
virtual environment, and all the physics and interactions are handled by the
environment.
Table 1.2 Accuracy (Acc) for different object detection settings on COCO test-dev. Adapted
from [9].
Model
Acc
Acc50
Acc75
AccS
AccM
AccL
YOLOv2
21.6
44.0
19.2
5.0
22.4
35.5
SSD513
31.2
50.4
33.3
10.2
34.5
49.8
DSSD513
33.2
53.3
35.2
13.0
35.4
51.1
RetinaNet (ours)
39.1
59.1
42.3
21.8
42.7
50.2
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The importance of the data set
The importance of the datasets can clearly be seen when looking at SNNs.
Currently, the performance of SNNs does not reach DNN performance.
Research in SNNs has focused on the structure of the network and learning
algorithms rather than on task performance. Thus, the work used wellknown datasets for DNNs and transformed them into event-based versions,
such as MNIST-DVS, N-MNIST, and N-Caltech101[16]. Only recently, with
the technology of event-based cameras, have SNN been applied to adapted
datasets for various use-cases (e.g., DVS128[17] and TIDIGITS[18]). These
new datasets will now allow us to see if SNNs can truly rival their DNN
counterparts.
The standard ML benchmarking, as discussed above, usually focuses
on accuracy. This means that the resources needed due to the underlying
algorithm complexity, and thus power consumption, are ignored. In resourceconstrained use cases such as those in edge ML, the models are designed
to provide a computational advantage. For resource-constrained systems
assessing the algorithmic performance on a target task, algorithms can be
compared in terms of complexity, which determines the runtime constraints.
In classical machine learning, there are well-established metrics for comparing the complexity of algorithms. For example, decision trees are defined
by the number of nodes and depth of the tree [19]. NNs, on the other hand,
are usually compared in terms of number of parameters or number of MAC
operations [20, 21, 22]. We refer the reader to the survey by Hu et al. [23]
for further discussion about model complexity. Table 1.3 shows a classic
representation of results for an edge ML algorithm, taking into account the
resources used:
In low power systems, the number of operations, multiply-accumulate
(MAC), or multiply-add (MAD) are also used as an NN optimization parameter. The computation latency of an arithmetic block is also highly dependent
Table 1.3 Representation of resource-constrained KPIs, adapted from [20].
Network
mAP
Params
MAdds
CPU inference time
SSD300
23.2
36.1M
35.2B
SSD512
26.8
36.1M
99.5B
YOLOv2
21.6
50.7M
17.5B
MNetV1+SSDLite
22.2
5.1M
1.3B
270ms
MNetV2+SSDLite
22.1
4.3M
0.8B
200ms
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on the precision used to represent the weights and activation of the NN
(i.e., 8bit computations usually run at higher frequencies than for 32bits).
For tiny devices, the type and number of layers of neural networks may
be a metric of interest, as some hardware may be optimized for certain
architectures: some platforms support separable convolutions, while others
do not. The maximum supported activation size for a network layer can also
be a limiting factor since some models might exceed this constraint for some
embedded platforms.
Standard SNN topologies have also been compared using frameworks
[24]. Among the metrics that can be used to compare SNN models, the type of
neurons and synapses, the number of emitted spikes and synaptic operations,
and the rate of the SNNs are the most often used.
It remains difficult, however, to compare cross-paradigm algorithms,
especially when comparing deep learning with emerging paradigms like
SNNs. While some efforts have been made to compare ANN and SNNs [25],
a standard set of metrics has still to be defined.
1.2.2 Hardware
An increasing number of hardware evaluation tools aim at benchmarking
ML applications directly on the hardware. For example, QuTiBench [37]
presents a benchmarking tool that takes algorithmic optimization and codesign into account. The MLMark[27] benchmark targets ML applications
running on MCUs at the edge. However, both QuTiBench and MLMark
models are too large for tiny applications and require large memories,
which are not available on tiny edge devices. TinyMLPerf [28] provides
benchmarks for tiny systems based on imposed models and tasks, yielding the latency and speed-related KPIs. Submission of results using other
network architectures is allowed in its open division. Further tools, like
SMAUG [29], MAESTRO[30] and Aladdin[31], provide software solutions to emulate workloads on deep-learning accelerators using varying
topologies.
The power consumption of edge ML processing hardware is of utmost
interest as it directly impacts the battery lifetime of a system. Dynamic
power dominates in most high-throughput applications, while leakage power
is only significant in low duty cycle modes[32], where power gating, body
biasing, and voltage scaling techniques are employed to reduce leakage.
Peak power consumption corresponds to the maximum power consumption
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measured, which becomes relevant for battery- or energy harvesting-supplied
applications.
The throughput metric indicates the number of operations that the hardware can perform per second, while latency is the time needed to perform an
entire inference. Note that the peak throughput can usually not be reached for
all network topologies, and latency does not directly scale with parallelization, as the peak throughput does[33]. Thus, latency is a combined HW/SW
metric. It can be measured by running multiple inferences and afterward
averaging the execution time. All parameters to run the inference should be
loaded before measuring the inference time.
The CMOS technology employed for the hardware design impacts the
die size and the area efficiency, and thus also directly determines its cost.
Area efficiency provides a figure of merit between the throughput, limited
by hardware resources and frequency, that can be achieved per area. Onchip memory size provides a raw estimation of the number of parameters
of the NN that can be stored on the chip. In a multi-core architecture,
usually, both the number of neurons and number of synapses per core
are given.
Energy efficiency refers to the throughput that can be achieved per watt,
which is equivalent to the number of operations per Joule. For obtaining
this KPI, a NN is deployed to an inference accelerator, while execution time
and power consumption are measured for performing inference. In the case
of NNs, the multiply and accumulate (MAC) operation corresponds to two
operations. Note that the bit precision of each operation directly impacts
both the accuracy and the energy efficiency (e.g., 32bits float versus 8bits
integer) and must therefore be carefully traded off. Energy per operation and
energy per neuron are fair metrics if the bit resolution is provided since
they are independent of the NN algorithm employed and therefore only
hardware-related.
Some hardware only supports a limited number of layers and layer types
with restricted dimensions. Others provide optimizations and specialized
units. These optimizations, while not being directly comparable, have a strong
impact on the hardware KPIs. Furthermore, power consumption is influenced
by the core voltage supply, which depends on the CMOS technology used
for the hardware design. Thus, the energy efficiency metric (TOPS/W) can be
misleading unless all hardware restrictions are known. The same applies to
other representations like GOPS/W. Typical display of performance in terms
of OPS and associated power are presented in Table 1.4. and from these
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Table 1.4 Typical display of performance comparison of neuromorphic hardware platforms,
adapted from [34].
Accelerator
NVIDIA Jetson Nano
Nvidia Jetson TX2
NVIDIA Jetson AGX Xavier
NVIDIA Drive AGX Pegasus
Intel Movidius Myriad 2 bzw. Myriad X
MobilEye EyeQ4
GreenWaves GAP8
Canaan Kendryte K210
Google Coral Edge TPU
Lattice sensAI Stack
Videantis v-MP6000UDXM

Type
GPU
GPU
GPU
GPU
Chip
Chip
Chip
Chip
Chip
Soft IP-Core
Soft IP-Core

Target application
Embedded
Edge
Edge
Automotive
Embedded/Edge DL/Vision
Automotive
Battery powered AI
Embedded Vision & Audio
Edge
Embedded
Embedded DL/Vision

Performance
472 GOPS @ 5 – 10 W
1,3 TOPS @ 7,5 W
30 TOPS @ 30 W
320 TOPS
4 TOPS @ 1 W (Myriad X)
2.5 TOPS @ 3 W
200 MOPS bis 8 GOPS @ <100mW
250 GOPS @ 300mW
4 TOPS @ <2,5W
<1 mW – 1 W
<6,6 TOPS @ 400 MHz

Table 1.5 Recent display of performance comparison of neuromorphic hardware platforms,
adapted from [35].
Technology
Area
On-chip SRAM (kB)
Max Core Frequency (MHz)
Bit Precision
Num. of MACs
DNN Model
Batch Size
Core Frequency (MHz)
Bit Precision
(CONV only)
Inference/sec
(Overall)
(CONV only)
Inference/J
(Overall)

Eyeriss
65nm
1176k gates
(NAND-2)
181.5
200
16b
168 (16b)
AlexNet
4
200
16b
34.7
124.8
-

ENVISION
28nm
1950k gates
(NAND-2)
144
200
4b/8b/16b
512 (8b)
AlexNet
N/A
200
N/A
47
1068.2
-

Thinker
65nm
2950k gates
(NAND-2)
348
200
8b/16b
1024 (8b)
AlexNet
15
200
adaptive
254.3
876.6

UNPU
65nm
4.0mm×4.0mm
(Die Area)
256
200
1b-16b
13824 (bit-serial)
AlexNet
N/A
200
8b
346
1097.5
-

This work
65nm
2695k gates
(NAND-2)
246
200
8b
384 (8b)
sparse AlexNet sparse MobileNet
1
1
200
200
8b
8b
342.4
278.7
1470.6
743.4
664.6
2560.3

terms the TOPS/W metric can be extrapolated. However, recent publications
provide combined metrics as it is shown in Table 1.5.
Processing hardware is limited by the supported arithmetic precisions
for parameters and activations, with the previously mentioned effects on
accuracy. Some hardware implementations allow for several bit resolutions,
allowing to dynamically trade-off throughput, memory needs, and accuracy.
Generally, lower precisions lead to lower algorithmic accuracy.

1.3 Guidelines
Benchmarking of ML applications cannot be tackled as a standalone problem
at the level of either only hardware or algorithms. A holistic view requires
a wide range of expertise and domains. It requires a multidisciplinary and
multidimensional approach considering, among other things, the hardware
platform, the NN (model), and the use-case under evaluation. In order to make
the right choices for building blocks, the system integrator needs to know
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the KPIs for a given use-case that different NNs will be able to deliver on
different hardware platforms.
This section explains why a multidisciplinary approach combining both
algorithms and hardware is needed to avoid drawing unfair and misleading conclusions and comparisons. In the following, we first describe
what is unfair and fair benchmarking in Section 1.1, and then present a
combined KPI approach and guidelines for benchmarking in sections 1.2
and 1.3.
1.3.1 Fair and Unfair Benchmarking
With the new generations of hardware accelerators, many optimizations in
hardware try to co-optimize energy and performance, such as zero-skipping
components, in-memory computing, and multi-core convolution units. However, it is sometimes unclear if these optimization features are correctly
exploited when embedding complex deep learning models. This lack of
transparency in the optimizations and embedding processes of the models
results in sub-optimal deployments in the hardware. Furthermore, SDK documentation for a large number of accelerators is unclear or lacks critical
content for high-level developers and data scientists to perform inferencetime optimizations. This makes the embedding process and the subsequent
measurements of the KPIs difficult.
Today, most models deployed on hardware are trained on GPU machines
and deployed on target hardware platforms using their respective optimizations. The wide variety of optimizations employed in different hardware
implementations [36,37] target specific use-cases, which might favor one or
the other (benchmarking) algorithms (and the underlying layer types), further
complicating fair benchmarking. Thus, there are hardware solutions that outperform others by orders of magnitude for specific tasks while providing poor
performance in others. This type of benchmarking is unfair, as the models
are not optimized and thus do not take advantage fully of each platform.
Their KPIs are comparable, but the benchmarking is unfair with respect
to the hardware, as a specially designed model for a particular platform
could be more performant than another model deployed on another platform,
see Figure 1.1a. This shows that use-case-agnostic benchmarking can be
misleading. A platform might receive a low score with general benchmarks,
while performing excellently for a hardware-tailored task.
In contrast, a fair benchmarking based on a defined use-case (independently of the model used) would exploit all the tools and optimizations
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provided by the constructor to exploit the hardware to its full potential.
However, the results of the benchmarks can be challenging to compare,
as the base model and optimizations are different between the compared
hardware, see Figure 1.1b. If we compare with conventional benchmarking
of processors, the benchmarks do not account for the underlying optimizations; a superscalar processor will be benchmarked against a non-superscalar
processor using the same tests.
One particular aspect to take into account in the design of an inference
accelerator is the selection of the CMOS technology and embedded nonvolatile memory (eNVM). If eNVM is used for leveraging from the lack
of power consumption for retaining the stored values after writing, the
qualification of the memory by the foundry in the selected CMOS process
is necessary for its industrialization and therefore a crucial criterion. The
selection of the CMOS process has an impact on the cost and size of the
inference accelerator IP that needs to be considered. Moreover, the CMOS
process has also an impact on the active power and leakage power of the
inference ASIC and needs to be part of the information provided for a fair
comparison between inference accelerators fabricated in different CMOS
processes.
There still remain challenges in the method of comparison. Benchmarking
approaches for Von-Neumann architectures are relatively widespread and
standardized [38, 39]. By contrast, clear benchmarking methodologies for
non-Von-Neumann architectures do not exist yet, making them difficult to
compare. In particular, neuromorphic circuit design is an emerging multidisciplinary challenge that is still in an exploratory phase making the comparison
of the underlying hardware difficult due to its variety. Although many existing
techniques report significantly reduced energy consumption figures, they still
compare themselves to standard low-power microcontrollers.
Benchmarking should be done at different stages and abstraction levels,
considering various aspects such as the algorithm performance, the technical
characteristics, the architectural parameters, and the flexibility and amenities
hardware provides for a specific use-case. As of today, different KPI values
can be obtained with the same algorithm and same hardware just by changing
the use-case from always-on to event-based.
1.3.2 Combined KPIs and Approaches for Benchmarking
The application deployment KPIs are at the intersection of the performance
indicators required by a given use-case, the model solving the task, and
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(a) Unfair benchmarking

(b) Fair benchmarking

Figure 1.1 Benchmarking fairness. (a) Unfair benchmarking: the KPIs are comparable,
but the benchmarked hardware platforms are not exploited to their full potential. (b) Fair
benchmarking: the hardware platforms are exploited to their full potential, but the resulting
combined KPIs (KPICB ) are not comparable.

the hardware system on which the application is deployed, see Figure 1.2.
Because of the large number of KPIs that can be reported, it is difficult to
have an objective comparison between different platforms, as a platform can
perform well on certain KPIs and poorly on others (e.g., simulating an SNN
on a CNN accelerator). Furthermore, not all platforms report the same set of
metrics and the metrics are not usually convertible to each other (e.g., energy
consumption is not always relying only on MAC operations).

Figure 1.2 Combined KPIs for fair benchmarking
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Some task-related metrics heavily depend on the use-case and application
scenarios, and should be used only in these specific cases. For example, the
performance of a keyword spotting algorithm should not be compared with
the one of an object classification algorithm, even though both aim at high
accuracy. For these reasons, a (small) set of KPIs are desirable which have
the following properties:
•
•
•
•

Orthogonality
Reproducibility
Objectiveness
Use-case independence

To assess the performance of NN models running on hardware for a
certain use-case, the KPIs should be combined, as shown in Table 1, to
express the performance of the application on the hardware platform. In
this regard, Fra et al. [40] have proposed a multi-metric approach taking
into account: 1) accuracy, 2) number of parameters of the NN, 3) memory
footprint in MB. These three metrics provide an overview of the NNs: which
one provides better results in the classification task and which one has a
smaller memory footprint. Further metrics which should now be taken into
consideration are: 4) Energy consumption per inference, 5) the number of
operations per second.
The resulting KPIs of the deployment could also contain an indicator
about the flexibility of the hardware accelerator. For comparison in terms of
flexibility, it is necessary to indicate the supported layer types, the supported
bit resolution for inputs, parameters and activation functions, and the sizes
of the kernel filters. By combining metrics that depend on the NN algorithm
and the hardware, a fair comparison for a use-case can be achieved if the
number of parameters of the NN is optimized and the dataset employed is
the same.
1.3.3 Outlook : Use-case Based Benchmarking
A solution to the afore-mentioned challenge would be to propose a use-casedependent benchmarking that does not rely at all on the model architectures
of the given model. For an industrial setting, it is interesting to obtain high
performance independently of the techniques used. What matters is that the
application performs within the given constraints of the use-case.
A solution is illustrated in Figure 1.3. In this paradigm, a use-case
would be defined by some target KPIs to reach, such as minimum accuracy
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Figure 1.3 Benchmarking pipeline based on use-cases. An automated search finds the best
possible model exploiting the performance offered by each target hardware platforms. The
resulting combined KPIs are comparable.

and maximum energy. To benchmark the hardware, an automated search
technique, such as Network Architecture Search (NAS), would try to find
the model that fits the target hardware and then optimize the model further
to improve the latency or memory use. This type of benchmarking would be
use-case dependent and model agnostic, beside the meta-model composing
the automated search. Such benchmarking method would output comparable
(combined) KPIs, making the comparison of hardware and the selection of
the best one possible. Of course, an extensive benchmarking suite covering
several use-cases (audio-based, image-based, classification, regression, etc.)
is necessary to ensure fairness across domains.
Following the methodology presented, there are some guidelines to follow
in order to ensure that the extracted KPIs respect the properties presented in
the section 1.2. In addition to measuring the combined KPIs, it is necessary
to provide information on the entire deployment pipeline. Indeed, the KPIs
related to the solved task, the (final) model deployed on the hardware, the
characteristics of the hardware, and finally, the combined KPIs based on the
previous information can be calculated.
The use-cases should be clearly defined and cover several machine learning tasks. Although the methodology can be applied to a single use-case
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to compare a few hardware platforms, the industrial application cases are
generally broad. It is, therefore, preferable to select a neuromorphic platform
that offers the best performance for a wide range of tasks. This can only be
achieved with a benchmarking tool that is diversified in terms of the tasks to
be solved.
The methodology also requires a complete software tool chain to
have rapid and reproducible deployments of the NNs on the hardware.
Quantization-aware training tools or even better hardware-aware training
tools compatible with the target hardware platforms are beneficial. The
efficient execution of algorithms does not only depend on the hardware architecture, like the processing resources, but equally on an efficient mapping
strategy that schedules the hardware resources for high throughput and low
power consumption. Depending on the architecture, algorithm-to-hardware
compilers or on-board schedulers ensure this optimization.
Finally, adequate documentation about the hardware technology, the
search algorithm used for benchmarking, the use-case realized by the benchmark, and the interpretation of the results provided by the benchmark is
necessary to empower the user in its selection of the most suitable hardware
platform.

1.4 Conclusion
In this paper, we have summarized the standard techniques for benchmarking
NN accelerator hardware and ML software, in addition, we have specified the
KPIs that are most relevant for resource aware inference. We have through
example shown that, in ultra-low-power or neuromorphic systems, separating
hardware and ML algorithms and use-case parameters leads to an ineffective
means of comparison. Only when considering these three in a holistic manner,
can system be benchmarked. Integrating KPIs that allow benchmarking at the
system level in this way is complex. It is important to do this as the inability to
benchmark the IoT systems today is reducing the uptake by industry. In this
paper, we have proposed a benchmarking methodology based on use-cases
where the ML algorithm is adapted to the hardware to allow fair comparison.
Finally, we provide a guideline on what aspects are important to take into
account while developing such benchmarking tool to ensure that the resulting
KPIs are comparable.
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