
Exploring Optimized CPU-Inference for
Latency-Critical Machine Learning Tasks

An evaluation of CPUs as an alternative hardware for real-time
computer vision applications by using model compression

Master’s thesis in Complex Adaptive Systems

MAX SEDERSTEN
AMANDA SIKLUND

DEPARTMENT OF PHYSICS

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2024
www.chalmers.se

www.chalmers.se




Master’s thesis 2024

Exploring Optimized CPU-Inference for
Latency-Critical Machine Learning Tasks

An evaluation of CPUs as an alternative hardware for real-time
computer vision applications by using model compression

MAX SEDERSTEN
AMANDA SIKLUND

Department of Physics
Chalmers University of Technology

Gothenburg, Sweden 2024



Exploring Optimized CPU-Inference for Latency-Critical Machine Learning Tasks
An evaluation of CPUs as an alternative hardware for real-time computer vision
applications by using model compression
MAX SEDERSTEN
AMANDA SIKLUND

© MAX SEDERSTEN, AMANDA SIKLUND, 2024.

Supervisor: Filip Wikman, Tenfifty
Examiner: Mats Granath, Department of Physics

Master’s Thesis 2024
Department of Physics
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Typeset in LATEX, template by Kyriaki Antoniadou-Plytaria
Printed by Chalmers Reproservice
Gothenburg, Sweden 2024

iv



Exploring Optimized CPU-Inference for Latency-Critical Machine Learning Tasks
An evaluation of CPUs as an alternative hardware for real-time computer vision
applications by using model compression
MAX SEDERSTEN, AMANDA SIKLUND
Department of Physics
Chalmers University of Technology

Abstract
In recent years, machine learning has grown to become increasingly prevalent for a
wide range of applications spanning multiple industries. For some of these applica-
tions, low latency can be critical, which may limit the types of hardware that can
be used. Graphical Processing Units (GPUs) have long been the go-to hardware
for machine learning tasks, often outperforming alternatives like Central Process-
ing Units (CPUs), but these are not practical in all situations. We explore CPUs,
leveraging modern optimization techniques like pruning and quantization, as a com-
petitive alternative to GPUs with comparable predictive performance. This thesis
provides a comparison of the two hardware types on a real-time latency-critical vi-
sion task. On the GPU side, TensorRT in combination with quantization is used
to achieve state-of-the-art inference performance on the hardware. On the CPU
side, the model is optimized using SparseML to introduce unstructured sparsity and
quantization. This optimized model is then used by the DeepSparse runtime engine
for optimized inference. Our findings show that the CPU approach can outperform
the GPU hardware in certain situations. This suggests that CPU hardware could
potentially be used in applications previously limited to GPUs.

Keywords: machine learning, neural network, model compression, pruning, quanti-
zation, optimization, CPU, GPU, Neural Magic, NVIDIA
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1
Introduction

Today, machine learning is a rapidly evolving field with uses in a wide range of
industries. The recent introduction of ChatGPT by OpenAI last year has catapulted
the term "AI" into the spotlight, resulting in a lot of buzz around the topic [1].
Companies have also started to notice, with many committing large amounts of
capital to their own AI research, so much so that the main supplier of AI hardware,
NVIDIA, has hit an evaluation of over 2 trillion dollars [2].

NVIDIA’s position in the market is no coincidence. The company’s primary focus
has for a long time been Graphical Processing Units (also known as GPUs), which
is hardware specifically designed for graphically intensive workloads. These types of
computational workloads are often heavily parallelizable in nature, a fact that is also
true for many machine learning workloads. Common neural network structures such
as Convolutional Neural Networks (CNN), and standard fully connected networks,
are implemented based on matrix operations that can take advantage of the paral-
lelization capabilities of a GPU. GPUs, with their relatively large and high-speed
memory, offer the advantage of running and training models without constantly
reading and writing from slower memory. As a result, GPUs often outperform other
types of hardware such as Central Processing Units (CPUs), both in terms of latency
and throughput, for most machine learning applications.

But what is optimal also depends a lot on the application in question and the sur-
rounding limitations. In some situations, power consumption might be the biggest
concern, in others it might be the cost. Yet others put demands on latency which
might completely change the appropriate hardware. For example, real-time appli-
cations might be limited to running on edge devices since the server latency might
be too high [3]. This in turn may come with power limitations while at the same
time being limited to the hardware that is already available.

Yet another factor that could change the appropriate hardware type is model op-
timization techniques. Model optimization, in the context of machine learning,
is the process of making changes to a model (or runtime) so that it runs faster
and/or more efficiently on a given set of hardware, without significantly altering
the model’s behavior. There are several different approaches to model optimiza-
tion, with a promising sub-field being model compression. The use of compression
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1. Introduction

techniques – like pruning and quantization – can yield considerable speed-ups for
inference on some hardware types while also reducing the storage footprint.

1.1 Background
For decades, researchers have worked to emulate the brain’s complex functions using
artificial systems. These efforts inspired to the creation of Artificial Neural Networks,
which are network structures with nodes representing neurons and weights repre-
senting connections. These structures are a cornerstone of modern machine learning
and have proven to be highly capable. However, over time, a trend of larger and
larger network sizes has emerged resulting in higher computational demands.

In response, the biomimicry-based concept known as pruning, which draws inspi-
ration from the brain’s ability to refine its neural connections over time, has been
explored as a way of making models more efficient [4]. In the context of neural
networks, pruning is the process of removing specific weights and/or neurons based
on their importance, in order to simplify the model.

Previous studies have proposed different pruning techniques with very promising
results, as shown in [5]. It demonstrates that pruning unnecessary weights can give
great results, with large sparse models outperforming small dense ones of the same
size, on multiple fronts. Other previous works have explored alternative approaches
for determining what to prune in the network, such as removing individual nodes
or groups of nodes [6], [7], [8]. These still face a few challenges, however. Aggres-
sive pruning may incur significant information loss which in turn can impact the
predictive performance.

The theoretical speed-ups possible through pruning have typically only been realized
using coarser pruning strategies or implementations leveraging very specific network
structures, but this is not true for the case of SparseML. SparseML – developed
by Neural Magic – is an optimization library that compresses models for efficient
inference on CPU using their runtime engine: DeepSparse [9]. It achieves substantial
speed-ups on a wide range of model types with the use of fine-grained pruning
strategies that can be efficiently utilized by the underlying structure of a CPU,
something that can not be said about GPUs.

CPUs – like the ones powering computers and smartphones – are more versatile
in nature and are thus able to handle a wider variety of computations. They usu-
ally have a smaller number of more powerful cores compared to the relatively high
number of "simpler" cores found in GPUs. The reason for this is that CPUs are op-
timized for sequential workloads, unlike the parallelization approach of GPUs. This
– in combination with the fact that CPUs’ dedicated memory is relatively small
– results in a lot of inefficient memory transfers, often with the same data being
shuffled in and out of memory multiple times during inference. This makes CPUs
inferior for most machine learning applications, with their only advantage being
their versatility and widespread use. However, Neural Magic claims they are able to
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1. Introduction

provide GPU-level inference speed on CPUs thanks to their optimization techniques
[10].

Another notable example of machine learning hardware is Tensor Processing Units
(TPUs), developed by Google. TPUs are Application-Specific Integrated Circuits
(ASICs) specifically designed for use with TensorFlow [11]. These excel at doing
large matrix operations at scale and can outperform CPUs and GPUs in regards
to throughput on some specific workloads [12]. However, this speed comes at a
cost. Factors such as model size and data constraints might have to be considered
since TPUs only realize their speed-ups for bigger models and at larger batch sizes,
making them impractical for some applications. The model architecture itself can
also have a major impact on inference performance with some architectures not
being supported at all. This limits the situations where TPUs can effectively be
utilized and adds to the complexity of choosing hardware.

The GPU has also seen advancements in recent years. Particularly with NVIDIA’s
introduction of Tensor Cores [13] together with their inference library: TensorRT
[14]. Tensor Cores are specially designed processing units that are well suited for
computing parts of neural networks that depend heavily on matrix operations. Ten-
sorRT provides the tools needed to convert a model into a format compatible with
Tensor Cores, while also providing a compatible runtime for execution.

1.2 Gap

Both Neural Magic and NVIDIA make claims about outperforming the other with
their proprietary technologies [15] [16]. But despite their claims, there exists no
comprehensive comparison that accounts for both optimization techniques as well
as recent technological advancements. A reason for this could be that each party tries
to showcase its strengths while not shining any light on its weaknesses. NVIDIA
for example, when comparing their machine learning accelerators to CPUs, often
uses examples that are well suited for parallelization in combination with larger
batch sizes when computationally applicable [17]. This benefits NVIDIA since GPUs
generally scale well with larger batch sizes, resulting in relatively little additional
overhead as long as hardware limits are not exceeded.

This showcased inference performance is not in any way incorrect, but it can still
be misleading, particularly for the use-case studied in this thesis which is real-time
applications. For real-time latency-critical computer vision applications, batching
is unlikely to decrease the latency, at least as long as computational power is not
the main bottleneck. The last frame in a given batch would, in the ideal case, take
at least the same time as computing all the frames sequentially. The first frame
meanwhile would have to wait for all subsequent frames in the batch to be created,
before processing can start, adding substantially to that frame’s absolute latency.
This means that the results presented are not a fair indication of the real-world
performance for real-time applications like the one explored in this thesis.
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Neural Magic on the other hand shows results relevant to the task but it is still
lacking in some areas [18]. Firstly, they fail to take recent technological advance-
ments by NVIDIA into account in their comparison. Their optimization techniques
may also have an impact on the model’s predictive performance, which is not well
represented in their results.

In conclusion, there seem to be no publicly available apples-to-apples comparisons
of current state-of-the-art GPU technology versus traditional CPU hardware em-
powered by modern optimization techniques.

1.3 Aim
This thesis aims to determine if and when CPUs can be a competitive alterna-
tive to modern GPUs, for a given real-time computer vision task, with the aid of
optimization techniques. The aim is also to objectively showcase the trade-offs be-
tween inference speed and predictive performance inherent with these optimization
techniques.

1.4 Limitations
This work focuses on the optimization of a convolution-based pose prediction model
for use with real-time applications, without considering other types of models, tasks,
or network architectures. Additionally, the scope of this work is limited to the model
itself, without considering the performance impacts of other parts of the pipeline
such as pre-processing and post-processing.

The chosen model is also the base for all evaluated model versions with the un-
optimized performance serving as the baseline that the results are compared against.
No comparison with external benchmarks is performed.

The hardware used for evaluation is also limited due to availability. On the GPU
side, a Nvidia Jetson AGX Orin is the only hardware used, while on the CPU side,
Google Cloud instances limited to a single line of processors are evaluated. Cloud
instances with varying numbers of cores are however considered and evaluated.

The optimization techniques explored are limited to pruning and quantization, with
pruning itself being limited to unstructured pruning. Structured pruning is discussed
but not evaluated since improvements would apply to both hardware. Neither is
semi-structured pruning explored due to the minimal impact on inference speed
when small batch sizes are used, as is common for real-time applications [19].

1.5 Research Questions
This thesis aims to answer the following questions:
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• Can CPUs be a competitive alternative to GPUs for latency-critical applica-
tions when using compression techniques?

• What is the predictive performance impact resulting from the use of compres-
sion techniques?

5
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2
Theory

This section covers the theoretical background relevant for the work being done in
this thesis. The areas covered mainly revolve around model compression as well as
topic relating to model inference.

2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are a special type of feed-forward neural
network often used for vision tasks like image classification and object detection [20].
These networks have a fewer number of connections (also known as weights) than
many other types of neural networks, like fully connected networks, with the same
number of neurons. This is due to how the layers within CNNs, called convolutional
layers, work. These layers leverage kernels, or filters, which are groups of learnable
parameters that slide along the spatial dimensions of the input. In the context of
vision-based CNNs, this often involves the use of 2D convolutions where the input
consists of two spatial dimensions together with a third optional dimension that
represents the color channels, as visualized in Figure 2.1. As the kernel slides along
the spatial dimension, it convolves with that part of the input to produce an output
corresponding to that region. This essentially means that these weights are being
shared among multiple output neurons, leading to the reduction in parameter count.

In modern CNN architectures for tasks such as image classification, object detection,
and pose estimation, the network is often divided into two main components: the
backbone and the head. The backbone serves as the foundational component of
the network, responsible for feature extraction from the input data. It consists of
a series of hierarchically arranged convolutional layers, designed to capture features
from the raw input image or data. The head component is responsible for task-
specific processing, taking the features extracted by the backbone and transforming
them into predictions relevant to the task at hand. For instance, in object detection,
the head may include layers for bounding box regression and classification, while in
pose estimation, it may involve layers for keypoint detection and association.
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2. Theory

Figure 2.1: Visualization of a 2D convolution, including the input matrix (left),
the convolutional kernel (center), and the resulting output matrix (right).

2.2 Pruning

Pruning is an optimization method for neural networks first introduced in [4], but
has since then evolved considerably. The general idea behind pruning is to remove
nodes and/or weights that are deemed to have low importance for a model’s output.
There are a few different approaches that work in slightly different ways and with
slightly different goals in mind, but the process can generally be split into three
overarching steps: weight/node selection, the actual pruning, and fine-tuning.

When it comes to the selection of weights/nodes, there are also a few different meth-
ods that work in slightly different ways. Optimal Brain Damage (OBD), introduced
by the paper of the same name [4], is a selection method based on the loss function
of the model. This method aims to find the weights that have the lowest impact
on the loss once removed. Computing the loss impact of every node is not always
feasible, however. To solve this, OBD uses a local approximation of the loss function
to determine the weights that should be selected.

Magnitude-based methods on the other hand are a lot simpler in nature. These
methods build on the assumption that weights that shrink during training and end
up small, likely have low importance for the final output. Although this is not
always the case, it is a good enough approximation that works fairly well, especially
compared to purely random methods relying on pure chance alone [21]. Although
magnitude-based methods are relatively simple, they have the added benefit of being
easier to compute in most situations, while not lagging too far behind other methods
[22].

Once the nodes/weights to prune have been established, the pruning can take place
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2. Theory

Figure 2.2: Illustration of structured and unstructured pruning. Left side shows
the removal of structured groups of weights, while the right side shows the removal
of weights in a unstructured manner.

and this, in turn, can be done in a few different ways. The different pruning ap-
proaches differ fundamentally from each other, with their advantages, disadvantages,
and use cases. The different types of pruning approaches are described in more detail
in the following sections.

2.2.1 Unstructured pruning
Unstructured pruning is an inherently fine-grained approach with its focus on in-
dividual weights, as visualized in Figure 2.2. It revolves around setting individual
weights to zero (0), thus effectively removing them in place without making changes
to the underlying structure of the network. The resulting model is called a "sparse
model" since it is no longer densely connected (although it may still technically be
due to weights only being masked).

Sparse models have some big implications when it comes to model inference. Any
contribution to the output from nodes involving a masked weight is always known to
be zero and can thus be ignored during computation. This could in theory provide
a substantial boost in inference performance, especially at the sparsification levels
shown to be practical in previous work [4] [23]. In practice, however, it is not that
simple.

Hardware type plays a major role in the effectiveness of fine-grained pruning strate-
gies. GPUs, as mentioned in Section 1, rely heavily on parallelization due to how
they are fundamentally designed to operate [24]. This design provides great per-
formance for inference and is one of the reasons they are so dominant for machine
learning tasks. But one thing they tend to struggle with is the utilization of sparse
computations. The computation time for a parallel computation is nearly constant,
as the number of operations done in parallel scale. This means that on hardware
that leans heavily on parallelization, like GPUs, pruning provides little to no benefit
in terms of speed-ups.

Pruning also has other benefits. It allows for a smaller storage footprint than their
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dense counterpart [5]. But this size reduction depends heavily on how the sparse
model is stored as well as its sparsification level. Since the sparsification itself also
adds some storage overhead, the reduction may vary.

2.2.2 Structured pruning
Structured pruning is a coarser approach where collections of weights that make
up structural parts of the neural network are removed [25], as shown in Figure 2.2.
There are a few different types of structured pruning that trim different parts of
the structure and are suited for different types of model architectures. A simple
approach specifically relevant for CNNs is filter pruning [26].

Filter pruning, as the name suggests, involves the removal of entire filters, a pro-
cess that does not introduce any sparsity and leaves the model dense. This means
the model can be computed in the same way as before, which has the benefit of
not requiring any specialized hardware or software implementations to be utilized.
Any theoretical speed-ups will be realized on any previously compatible hardware,
allowing for painless deployment.

There are, however, some major drawbacks. Structured pruning is inherently a
lot coarser in nature than unstructured pruning [24]. The least important collec-
tion of weights may still contain important information in some weights that will be
discarded along with the rest of them. This results in quicker drops in predictive per-
formance as compression levels increase, compared to unstructured pruning, which
limits the amount of pruning that can practically be applied through structured
pruning.

2.2.3 Pruning-related fine-tuning
Pruning is most often accompanied by training or fine-tuning. When pruning a
model that will be trained from scratch, the pruning is typically incorporated into
the main training loop so that it is performed iteratively throughout the training
process [4]. Similarly, when pruning a pre-trained model, it is often done in an
iterative process, alternating between pruning and fine-tuning. The reason for this
is that the removal of weights can, and likely will make the model diverge from the
previous solution. Thus there is the need for re-calibrations to compensate for this
change, a process that requires a dataset.

The hope is that the model retains the intended information while discarding redun-
dant information in the process. This is the reason why it is often done iteratively
and not all at once. When pruning iteratively, the information can be distilled be-
tween pruning steps [27]. This in turn changes the state of the model which can
change the weight magnitude distribution completely. For example, weights that
were initially small but not small enough to be pruned can come to contain distilled
information after the fine-tuning, either directly from the information contained in
the removed weights or simply due to the changing needs of the network around it.
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2.2.4 Post-training pruning
Although pruning often is done iteratively, in tandem with training, it can still
be done in a single step. This is referred to as one-shot or post-training pruning,
and this approach has the added benefit of being a lot simpler to implement and
compute. Where it falls short however is predictive performance [28]. One-shot
pruning tends to incur higher losses in predictive performance compared to gradual
pruning techniques at the same compression rate.

2.3 Quantization
Neural networks can be quantized to reduce the numeric precision of the network’s
weights and activations. This process involves representing the weights and ac-
tivations with lower bit-widths (e.g., 8-bit integers instead of 32-bit floating-point
numbers), with the primary goal of reducing the computational and memory require-
ments of neural networks. It can significantly enhance the inference performance
of neural networks, leading to faster inference times, lower power consumption, and
reduced memory usage. This has been shown to greatly increase computational
efficiency on a wide variety of models to a high degree, with minimal impact on
precision [29]. There are two main ways that quantization can be applied, namely,
post-training quantization (PTQ) and quantization-aware training (QAT).

The first step of quantization is typically to determine the fixed parameters such that
it minimizes the information loss during conversion. These parameters vary based on
the conversion technique used, with the main two being symmetric and asymmetric
quantization. Symmetric quantization uses the absolute maximum value to map the
weights/activations, while asymmetric quantization additionally uses the zero-point
value.

Absolute maximum quantization minimizes the information loss by mapping the
absolute maximum value of all weights to the min/max values of the quantized
range. This is done by dividing the maximum original value, |rmax|, and scaled by
a factor S. This process can be represented as

q = S
r

|rmax|
(2.1)

Here, q represents the quantized value, r the original value, and S the scaling factor.

Zero-point quantization is typically used when dealing with an asymmetric distri-
bution. This could for example occur when dealing with only positive values, such
as those resulting from the ReLU (Rectified Linear Unit) function. ReLU is an ac-
tivation function replacing all negative input values with zero and is very common
for CNNs.

The conversion in zero-point quantization includes two types of parameters: one for
scaling the values and another representing the zero-point value. A representation
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Figure 2.3: Visualization of zero-point quantization, illustrating the mapping of
a floating-point distribution onto a lower-precision representation. Z represents the
zero-point value.

of how the values are scaled and mapped in relation to the zero-point value is visual-
ized in Figure 2.3. This example demonstrates a skewed floating-point distribution
mapped onto a representation with lower resolution, which includes a zero-point
value Z. The relationship between the original values r and quantized values q is
calculated as

r = S(q − Z) (2.2)

which includes both the scaling factor S and the zero-point parameter Z.

2.3.1 Post Training Quantization (PTQ)
Applying quantization after training is a simpler approach compared to QAT because
it does not require adjusting the training process to account for quantization [30].
Instead, quantization is applied to the model’s weights after training. However,
there are potential drawbacks to this approach. Since quantization is not considered
during training, applying it to an already trained model may lead to severe precision
loss. To address this quantization error, the quantized model can be fine-tuned to
compensate for this loss in accuracy. This will however not yield the same result as
through the use of QAT.

2.3.2 Quantization Aware Training (QAT)
A challenge encountered during quantization is the drop in model accuracy resulting
from the reduced numeric precision of weights. This is addressed by emulating the
impact of the lower precision to make the model account for these changes during
training. This is done by introducing augmenting operations that emulate the effects
of quantization during the forward pass, without modifying the numeric precision
of the parameters or the rest of the training process [30].

An example of quantizing a convolutional layer is visualized in Figure 2.4. Typically,
the weights are quantized before being multiplied or convolved with the input, while
the outputs are generally quantized after the activation function. This approach is
beneficial since the activation function is fused with the main operation in the most
optimized hardware setups. The same approach is applied to other layers, such as
concatenation and addition, allowing the model to adjust the parameters for lower
precision.
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Figure 2.4: Illustrated example of a convolutional layer with QAT integration.

Figure 2.5: Flowchart of the model optimization process when using SparseML
and DeepSparse.

When propagating backward, the gradients of the loss with respect to the model
parameters are computed while skipping the quantization step. This allows the
model to optimize its parameters while considering the effects of quantization.

2.4 SparseML

SparseML is an optimization library developed by Neural Magic that attempts to
leverage unstructured pruning together with other compression techniques for high
inference performance on CPUs [10]. Models that are compressed using SparseML
are specifically optimized for use with using their runtime engine DeepSparse [18],
designed to take advantage of the underlying structure of CPU hardware. A diagram
for the sparsification process is shown in figure 2.5.
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There are two different approaches to how SparseML can be used. One involves fine-
tuning an already pruned model, while the other involves sparsifying a model from
scratch. The already sparsified models, along with their corresponding sparsification
recipes, are available at Neural Magic’s repository called SparseZoo [31]. These
models can be retrained on a new task or utilized as they are.

SparseML integrates with various frameworks, such as PyTorch and TensorFlow,
by utilizing the callbacks integrated into their training processes to apply the com-
pression. Since most frameworks already have these callbacks, no modifications to
the framework are needed and the training process can proceed as normal with
compression.

The compression applied during training is configurable and can be defined in a
file known as a sparsification recipe. Besides specifying training-related parameters
such as learning rate and number of epochs, it also specifies if and how pruning and
optimization should be applied. The types of compression that SparseML supports
include both gradual and one-shot pruning techniques. Additionally, it supports
both QAT and PTQ, with QAT being the dominant method used in Neural Magic’s
model repository: SparseZoo [31].

Typically, when applying both pruning and quantization, the process involves ini-
tially stabilizing the model for a few epochs, followed by a gradual application of
pruning, and then lastly applying quantization, accompanied by calibration for the
case of QAT.

2.5 DeepSparse

DeepSparse is a runtime engine developed by Neural Magic that is optimized for
running sparse models on x86 CPUs. It achieves speed-ups through something called
Column Tensors [18]. Column Tensors are isolated groups of connected neurons
within the neural network that span it in a depth-wise fashion as visualized in
Figure 2.6. Unstructured pruning introduces "cavities" into the network structure,
allowing it to be broken into column tensors, something that can not be done with
an unpruned model due to its densely connected nature. For dense networks, no
simpler representation exists, so no simplifications can be made.

Column tensors are well suited for the x86 architecture since they are often small
enough to fit entirely into the CPU cache, a limiting factor of CPUs as previously
mentioned in Section 1.1. The isolated nature of these Column Tensors also enables
them to be computed completely independently on a single processor core. There-
fore, these computations can be effectively distributed among the small number of
available cores typical for CPUs, thus speeding up computation.
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Figure 2.6: Visualization of how DeepSparse utilizes sparsity on CPU hardware.
On the left, traditional execution on CPU is shown, while on the right, the sparse
model is decomposed into column tensors that can run independently on individual
cores.

2.6 TensorRT
TensorRT is a software development kit developed by NVIDIA for optimizing deep
learning models for deployment on NVIDIA GPUs. The optimization done by Ten-
sorRT takes advantage of a special type of processing unit called Tensor Cores and
was first included with NVIDIA’s Volta architecture in 2017 [32].

Tensor Cores are specially designed hardware that performs fused multiply-add com-
putations in a single step. These fused multiply-add operations can be utilized to
quickly solve matrix operations, like the ones used for efficient computation of some
neural network structures like convolutional layers [33]. The fused multiply-add
operation takes three 4x4 matrices, denoted as A, B and C, and the output D
calculated as

A4×4 · B4×4 + C4×4 = D4×4 (2.3)

Although the unit only performs these operations on matrices of size 4x4, it is still
able to accelerate some workloads considerably. NVIDIA claims up to six times the
number of floating-point operations per second (FLOPS) for inference compared to
the previous generations of hardware [32] and research has also shown inference to
be around 65% [34] faster on the same hardware when Tensor Cores are utilized
compared to without. Convolution-based neural networks are also well suited to
take advantage of this type of hardware since the computation of their convolutional
layers effectively can be represented by matrix multiplications [33].

The optimization tools provided by TensorRT help facilitate the conversion process
that is needed to make the model suitable for execution with the provided TensorRT
runtime. This is done by fusing parts of the neural network structure (such as
convolutional layers) into their Tensor Core compatible counterparts.
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Figure 2.7: Visualization of IoU, being the ratio between the intersection area and
the union area between two bounding box instances.

2.7 ONNX Runtime
Open Neural Network Exchange (ONNX) is an open-source machine learning format
that is supported by a wide range of frameworks [35]. The idea behind ONNX
is to allow for greater interoperability between different ecosystems encouraging
collaboration.

ONNX Runtime is a complement to ONNX, functioning as an inference engine used
to deploy deep learning models represented in this format. This runtime supports
several different hardware platforms including CPUs, GPUs, and other specialized
accelerators. The functionality revolves around optimizing the neural network graph
by partitioning it into subgraphs such that it fits the specialized hardware.

2.8 Pose Metrics
Performance metrics are used to measure the predictive performance of neural net-
works using a number of indicators. In pose estimation, which involves the identi-
fication of keypoints often corresponding to specific body parts, determining what
constitutes a correct prediction can be challenging. For instance, an eye is a distinct
feature and is easier to predict with high certainty compared to the ambiguity asso-
ciated with the actual location of a shoulder. The correctness of the eye’s prediction
is therefore more important than that of the shoulder. A commonly used metric that
accounts for this difference is Object Keypoint Similarity (OKS). It considers the
distance between the ground truth keypoint and the predicted keypoint, weighted
by both the keypoint type as well as accounting for the scale of the object being
detected [36].

The process of calculating OKS involves taking the Euclidean distances di between
each ground truth and predicted keypoint, then determining the similarity score
KSi for each of them. The KSi is calculated by taking the probability density of
a Gaussian distribution with standard deviation ski evaluated at di. The standard
deviation ski consists of two variables: s representing the detected object’s relative
size in the input and ki defining the per-keypoint constant which describes the point’s
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Figure 2.8: Visualization of the similarity score distribution of two different point
types. Similarity score above 0.5 is represented by the red inner ring. Original image
by Franki Chamaki on Unsplash [37].

ambiguity. Figure 2.8 visualizes the tolerance threshold of different keypoint types.
The equation for calculating KSi is

KSi = exp
(

−d2
i

2s2k2
i

)
(2.4)

This approach provides a representation of similarity, with higher probabilities in-
dicating closer agreement between the predicted and ground truth keypoints. Typi-
cally, ki is tuned by measuring the per-keypoint standard deviation with respect to
the object scale across a certain number of images from the dataset. This accounts
for the scale of the keypoints in the performance measurement.

The total OKS is calculated by taking the arithmetic average of these KSi values
using Equation 2.5. Here, vi represents the ground truth visibility flag, resulting in
vi being 1 if the keypoint is labeled and 0 otherwise. If a keypoint is not labeled
(vi = 0), it does not affect OKS, resulting in the average being taken only of (vi = 1).
The equation for OKS is defined as

OKS =
∑

i KSivi∑
i vi

(2.5)

In addition to keypoint predictions, some pose models also offer bounding box pre-
dictions. The evaluation of these bounding box predictions often involves the in-
tersection over union (IoU) metric [36]. IoU involves defining the ratio between the
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intersection area and the union area between two bounding box instances, as shown
in Figure 2.7. This metric ranges from 0 to 1, where 1 signifies perfect overlap and
0 indicates no overlap.

The IoU and OKS metrics are used to measure the "correctness" of the box and pose
predictions respectively. A value above a certain threshold, typically 0.5, signifies
a correct prediction, also referred to as a true positive prediction. In this con-
text, precision measures the ratio of true positive predictions to the total number
of predictions (true positives+false positives), indicating the proportion of correct
predictions. Mathematically, it is defined as

Precision = True positive
True positive + False positive (2.6)

Another commonly used metric is recall, which signifies the model’s capability to
detect all relevant labels. It calculates the ratio of correctly predicted instances
(true positives) to the total number of ground truth instances (true positives+false
negatives). This metric is given as

Recall = True positive
True positive + False negative (2.7)

Achieving both a high recall and precision is desirable as it indicates that the model’s
predictions are correct and that most labels are detected. However, there is an
inherent tradeoff between precision and recall depending on the chosen confidence
threshold. To evaluate the balance between them, a precision-recall graph can be
plotted across various confidence thresholds at a specific value of IoU/OKS. The
area under this curve, referred to as the Average Precision (AP) at that particular
value of IoU/OKS, is defined as

AP =
∫ 1

0
p(r)dr (2.8)

For models with multiple classes, the mean Average Precision (mAP) is used to
provide a comprehensive measure of AP. mAP is calculated by averaging the AP
across all classes (N), defined as

mAP = 1
N

N∑
i=1

APi (2.9)

This results in a single metric that reflects the model’s overall precision.
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Figure 2.9: Example of the output predicted by the YOLOv8s pose model, in-
cluding detected keypoints, bounding boxes, and the associated confidence scores.
Original image by John Doe on Unsplash [40].

2.9 YOLOv8 Pose

The YOLOv8 pose model [38] developed by Ultralytics is a variant of the YOLO
(You Only Look Once) algorithm [39], which is an object detection algorithm that
predicts bounding boxes from an image. YOLOv8 pose is a pose estimation model
that comes in a few different sizes, with the small variant having 11.2 million pa-
rameters. These models are trained using the COCO pose dataset [36], which is
comprised of 200,000 labeled images of human poses. The model’s objective is to
predict the poses of all humans present within an image. This is done by predicting
the location of a set of keypoints that correspond to specific body parts, as visual-
ized in Figure 2.9. Each detection includes a bounding box along with 17 keypoints,
accompanied by its corresponding confidence score. The pose model is structurally
similar to the YOLOv8 detect models, with the addition of a few layers at the end
of the network that handle the prediction of keypoints, as well as a slight difference
in parameter count in some layers.

The loss function for the YOLOv8 pose model involves a combination of compo-
nents designed to optimize both bounding box detection and keypoint estimation.
There are two types of loss for both boxes and poses: localization and confidence.
Localization loss measures how accurately the model predicts the coordinates while
confidence loss penalizes incorrect predictions. This confidence loss is computed
using binary cross-entropy, where the model is trained to predict whether an ob-
ject is present in each grid cell and how confident it is in that prediction. Binary
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cross-entropy involves quantifying the difference between predicted and labeled prob-
abilities for each class to penalize the model more heavily for incorrect predictions
[38].

The metrics measured during model validation include precision, recall, and mean
Average Precision (mAP). These metrics are computed individually for both bound-
ing box and keypoint predictions. In Ultralytics’ validation function, it typically
includes two different mAP metrics: mAP50 and mAP50-95. mAP50 is a measure
of the mean average precision of predictions over a threshold of 0.5, while mAP50-95
measures the mean average precision of the model’s predictions across a range of
IoU and OKS thresholds, from 0.5 to 0.95. This broader assessment evaluates how
well the model detects objects or keypoints across different levels of overlap with
ground truth annotations.
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To evaluate the capability of CPU being a competitive alternative to GPU for real-
time applications, a few different approaches and runtimes were tested. These in-
clude DeepSparse, designed for accelerating computations on CPU, TensorRT, a
leading-edge technique for fast GPU inference, and ONNX Runtime representing
the baseline GPU performance.

The base model used for these experiments was the YOLOv8s-pose model developed
by Ultralytics. This is a pose estimation model predicting human keypoints, as
described in section 2.9. This model was chosen for its efficiency and balance of
speed and accuracy, making it well-suited for real-time computer vision tasks in
resource-constrained environments.

3.1 CPU evaluation
SparseML [10] and DeepSparse [18] were used for speeding up the inference on CPU
due to their state-of-the-art capabilities within this field. This process involved
retraining the YOLOv8 pose model with optimization techniques, followed by vali-
dation on specific hardware to evaluate inference performance.

3.1.1 Hardware
For the CPU-based optimization to reach its full potential, the hardware had to
be taken into consideration. Quantization performed using SparseML is intended
for use with DeepSparse which relies on specific x86 instruction set extensions to
work. The ones supported by DeepSparse are AVX2, AVX512, and AVX512 VNNI,
with particular optimization for AVX512 VNNI specifically [41]. Although AVX2
and AVX512 are supported through emulation, their performance may not be as
efficient.

For the experiments, we selected Google Cloud instances equipped with AMD Genoa
hardware, which supports AVX512 VNNI. This had the added benefit of enabling
an evaluation of different configurations by just changing the number of cores while
keeping other factors fixed. The CPU configurations tested included setups with 8,
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15, and 30 cores, as these were the available options for this instance.

3.1.2 Implementation
For pruning and quantization to be applied using SparseML, the model in question
has to be supported. SparseML has built-in support for YOLOv8 models, but this
implementation was based on an Ultralytics version from before the introduction
of pose detection, thus it lacks support for the pose task. This lack of support
also meant that there were no pre-sparsed pose models available on Neural Magic’s
model repository: SparseZoo. Therefore, the model had to be trained/pruned using
SparseML from scratch.

Furthermore, newer versions of SparseML (version 1.6.4 and later) also had a pre-
viously unreported bug that broke quantization for exported models. This bug was
confirmed by the support from Neural Magic, and therefore, a modified version
based on an older version had to be created specifically for exporting the trained
models.

We settled on implementing two different versions of SparseML due to the limitations
mentioned above, one for pruning/training of the model, and the other for exporting
it. This involves the following implementations in more detail:

• Pruning/training modifications
To sparsify and/or quantify the YOLOv8 pose model, a newer version of
SparseML (1.7.0) was utilized. This version depended on a version of Ul-
tralytics (8.0.124) that contained the code related to the pose task. Therefore,
an augmented version of SparseML was created by manually overwriting the
validation and training classes. These custom class implementations re-used
code for the pose functionality already present in Ultralytics.

• Export modifications
When it came to exporting the models, an older version of SparseML (1.5.4)
had to be used, with the reason being a bug that broke quantization in the
newer versions. This version of SparseML had a dependency on a version of
Ultralytics (8.0.30) from before the introduction of the YOLOv8 pose model,
which had a completely different file structure, complicating the implementa-
tion process and making it different from the other implementations. Starting
from these versions of SparseML and Ultralytics, a modified version of each
was created exclusively to facilitate the export process of the models. The
modifications entailed the re-implementation of some pose-related functional-
ity as well as extending the existing code to handle pose models.

Using a newer version of SparseML only for training, with its dependency on an
Ultralytics version supporting pose, was deemed to be of enough benefit to be justi-
fied. It made the implementation process a lot simpler by enabling most functions
and surrounding code to be reused in the new implementation. In the case of the
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version intended for exporting the model, the work was also deemed to be simpler
compared to doing a combined implementation with both training and exporting.
Only code relating to the export process had to be modified, saving a lot of time
and effort.

The sparsed and quantized models were then validated using DeepSparse. Since
DeepSparse, similar to SparseML, has built-in support for YOLOv8 but does not
inherently support the pose task, this had to be implemented. This involved the
following adjustments in more detail:

• Validation modifications
The pose functionality had to be implemented into DeepSparse (version 1.7.1)
to enable validation of the sparsed and/or quantized pose model. This version
of DeepSparse depends on an Ultralytics version (8.0.124), which includes the
pose estimation task. Therefore, an augmented version of DeepSparse was
created, similar to the one made with SparseML. Specifically, this involved
overwriting the validation class with a modified version, leveraging the existing
pose-specific functionality in Ultralytics.

3.1.3 Sparsification recipes selection
Since no pre-sparsed pose models existed, the model had to be optimized from
scratch through the use of sparsification recipes in SparseML. The choice of recipes
was in turn influenced by several factors, with one being the existence of recipes for
related models. SparseZoo hosts several pre-sparsed models along with the sparsifi-
cation recipe used, and this includes versions of the YOLOv8 detect model. These
models are nearly identical in structure to the YOLOv8 pose models, only differing
by a few layers in the head, with some parts also differing in parameter count. These
recipes could therefore be used for the pose model without any modifications.

The parameters defined in these recipes have been optimized for the YOLOv8 detect
model, containing a non-uniform distribution of pruning among the layers. This
made it challenging to create comparable recipes for the pose model from scratch.
Since the methodology for choosing these parameters is not available, our approach
would have had to be experiment-based. Realistically, only a limited number of
custom recipes could have been explored within the time frame, potentially limiting
the model’s results. Although a custom recipe using a uniform pruning distribution
was explored briefly, the results seemed inferior and were not explored further.

Due to the challenges associated with creating custom recipes, it was decided that
the detect recipes were to be used as a base for all experiments. A consequence of
this was that the recipes had to be limited to the sparsity levels already present
in SparseZoo. This involved the sparsity levels 50%, 55%, 65%, and 70%, achieved
using a magnitude-based method, which were included in the evaluation.

Some modified versions of recipes were also included in the final evaluation. These
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Table 3.1: Overview of the models trained with SparseML. The models are denoted
with "sml" to indicate their use of SparseML, "p..." to define their sparsity level,
and "int8" to specify quantization. The recipes for these models are sourced from
SparseZoo, with an "m" denoting any modifications.

Models Sparsity level (%) Numeric precision Note
¢¢¢ sml-base 0 fp32
sml-int8 0 int8 Quantized base model.
sml-p50 50 fp32
sml-p50_int8 50 int8
sml-p55 55 fp32
sml-p55_int8 55 int8
sml-p55_int8-m 55 int8 Pose head sparsified.
sml-p65 65 fp32
sml-p65_int8 65 int8
sml-p70 70 fp32
sml-p70_int8 70 int8
sml-p70_int8-m 70 int8 Pose head sparsified.

included pruning in the pose-specific layers and tried to mimic the pruning distribu-
tion present in the original recipes. Pruning and quantization were also evaluated
independently to attempt to demonstrate their individual impact on the model. The
quantization method used for all quantized recipes was QAT.

The final recipes evaluated are presented in Table 3.1. All models were trained on the
COCO pose dataset using consistent hyperparameters, including Ultralytics’ default
batch size of 16 and a fixed image size of 512x512. However, certain parameters such
as epoch and learning rate differ based on the compression techniques being applied.

3.2 GPU evaluation
The GPU experiments were mainly performed utilizing TensorRT. The use of Ten-
sorRT was decided to be a fair addition for the comparison since it represents the
current state-of-the-art GPU technology in terms of both hardware and software.
This choice ensures fairness in the comparison, especially considering that optimiza-
tion techniques were allowed and evaluated on the CPU side. Without the inclusion
of TensorRT, some of the chosen hardware’s capabilities would go unutilized and
performance would be left on the table. Besides speeding up the base model, Ten-
sorRT also includes optimization techniques of its own which will also be taken into
consideration.

But even though TensorRT was deemed to be a fair inclusion, an indication of base-
line GPU performance was needed for comparison. Therefore, ONNX Runtime was
also evaluated and included and served as a GPU base-line when Tensor Cores were
not utilized. ONNX was chosen since it generally provides competitive performance
on a wide range of hardware.
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Table 3.2: Overview of models converted to TensorRT and ONNX formats, indi-
cated by "trt" and "onnx" respectively, followed by the numeric precision.¢

Models Numeric precision Note
trt-base fp32
trt-fp16 fp16 Applied using PTQ.
trt-int8 int8 Applied using PTQ.
onnx fp32 Base model in ONNX format.

3.2.1 Hardware
The hardware chosen for the GPU experiments was a NVIDIA Jetson AGX Orin
(64GB) running at the 50W (watt) power mode. This was determined to be a suit-
able option with its inclusion of Tensor Cores and support for current versions of
TensorRT. Availability was also a factor. A unit was allotted for doing the experi-
ments, therefore no other hardware was needed to perform the experiments.

3.2.2 Model conversion process
In order to use the TensorRT runtime for the evaluation, the base model had to
be converted to a compatible format. This was achieved through a command-line
wrapper called trtexec [42], provided by NVIDIA. The model was exported with
varying levels of quantization to be included in the comparison.

Similarly, for ONNX Runtime, the base model was converted to ONNX format using
Ultralytics. The final model conversions are specified in Table 3.2.

3.3 Validation setup
This section outlines the methods used to evaluate the performance of the models.
The evaluation focused on two main metrics: predictive performance and inference
time. Given the differing hardware used as well as the variation in optimization
techniques applied, a setup that ensured a fair comparison was imperative.

For evaluating the predictive performance, two modified versions of the pose vali-
dation function from Ultralytics were created. This validation function was chosen
as a starting point as it was known to work as intended and minimized the risk
of the results being affected by the implementation. The different output formats
of the different runtimes necessitated the creation of these separate versions, one
for TensorRT and the other for SparseML. These two versions were used for the
evaluation of all models except the one using the ONNX runtime. In the case of
ONNX, integration with Ultralytics was already implemented, so no modifications
were needed. The COCO pose dataset was used for all validation.

As a result of using the Ultralytics validation function, metrics such as precision,
recall, and mean Average Precision (mAP), for both bounding boxes and poses were
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obtained. This included both mAP50 and mAP50-95, as described in Section 2.9.
These metrics yielded a comprehensive assessment of the models, considering both
the model’s ability to predict correctly as well as to detect all present instances.

The second validation setup involved measuring the inference speed of the models
for the purpose of quantifying speed-ups. This evaluation also required two distinct
setups to account for the runtime differences, but these functioned in fundamentally
the same way. Time measurements were done using the tqdm python package [43].
All experiments measured only the actual inference time, excluding latency related
to pre-processing and post-processing. Warm-up iterations were incorporated into
all runs. After the warm-up iterations, the timings of the next 2000 inputs (batch
size 1) were collected and averaged to get the final result.

A combined evaluation of these two metrics – predictive performance and inference
time – was included to identify models that have been optimized for speed without
significant loss of predictive performance. The predictive performance was mea-
sured using mAP50 due to its inclusion of both precision and recall, providing an
evaluation of the model’s performance.
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The results are presented from two distinct angles to highlight the main aspects con-
sidered by the experiments: predictive performance and inference time. The first
section will showcase the precision and recall impact of the different optimization
techniques evaluated using a variety of setup configurations. Each configuration
consists of a unique combination of optimization techniques and compression rates.
The second section will showcase the computational speed-up of these configura-
tions of optimization on their respective hardware. The third section will include a
combined evaluation of both predictive performance and inference time.

4.1 Predictive performance

This section presents the predictive performance results of the different configura-
tions without considering the hardware. The reason for this is that the model is
deterministic given that the weights are fixed. Therefore, the model’s behavior is
identical across all hardware as long as the model can run on it.

The impact on predictive performance is visualized through different graphs, incor-
porating the results from validating the models listed in table 3.1 and 3.2. These
include the models trained with SparseML as well as those exported with various
numerical resolutions using TensorRT.

Figure 4.1 shows the precision for both the bounding box and keypoint predictions
for each model respectively. From this, it is clear that the quantized int8 models
without pruning (sml-int8 and trt-int8) yield the biggest drop in precision compared
to the base model, while the model with half-precision (trt-fp16) shows close to no
difference. Among the other models that include both pruning and quantization,
sml-p55, sml-p65, and sml-p55-int8 are the ones that stand out. For these models,
the precision increases for the box predictions, while there only is a small drop in
pose precision when compared to the base case.

A similar trend can be seen across the rest of the graphs in this section. Severe
performance drops for models purely quantized to int8 precision on both CPU and
GPU while the model quantized to fp16 performs nearly identical to the base model
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Figure 4.1: Comparison of precision for both pose and box predictions between
the optimized models and the base case.

Figure 4.2: Comparison of recall for both pose and box predictions between the
optimized models and the base case.
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Figure 4.3: Comparison of mAP at an IoU/OKS threshold of 50% for pose and
box predictions between the optimized models and the base case.

across the board (Figure 4.2-4.4). The slight performance improvements seen by
the sml-p55 and sml-p55-int8 models in the precision plot (Figure 4.1) do not carry
over to the other plots. Their performance seems to fluctuate around the baseline,
with no single model outperforming the base model in all metrics.

In the recall graph (Figure 4.2), sml-p70 saw a marginal performance improvement
while all other models performed slightly below baseline in regards to both pose and
box recall.

Figures 4.3 and 4.4 visualize the results of the mAP with a threshold of 0.5 and the
average with a threshold between 0.5-0.95, respectively. It is noteworthy that the
pruned models, including quantization, are most affected by the uncertain predic-
tions, as seen in Figure 4.4.

An overview of the pose metric results is presented in Table 4.1. Overall, the trt-fp16
model has been the least affected model in comparison to the base model.

29



4. Results

Figure 4.4: Comparison of mAP across IoU/OKS thresholds ranging from 50% to
95% for both pose and box predictions between the optimized models and the base
case.

Table 4.1: Overview of the models’ predictive performance, including precision
(P), recall (R), and mAP for both box and pose predictions.

Box Pose
P R mAP50 mAP50-95 P R mAP50 mAP50-95

sml-base 0.873 0.838 0.920 0.721 0.859 0.776* 0.837 0.575
sml-int8 0.823 0.714 0.824 0.562 0.743 0.562 0.586 0.256
sml-p50 0.878 0.810 0.910 0.701 0.850 0.739 0.796 0.502
sml-p50-int8 0.876 0.827 0.914 0.705 0.839 0.759 0.806 0.510
sml-p55 0.882 0.829 0.917 0.715 0.857 0.765 0.823 0.548
sml-p55-int8 0.885 0.819 0.917 0.710 0.853 0.761 0.817 0.522
sml-p55-int8-m 0.870 0.821 0.909 0.699 0.837 0.742 0.796 0.486
sml-p65 0.884 0.815 0.910 0.702 0.840 0.751 0.799 0.505
sml-p65-int8 0.864 0.830 0.911 0.699 0.847 0.751 0.803 0.499
sml-p70 0.873 0.848 0.919 0.716 0.833 0.784 0.822 0.552
sml-p70-int8 0.864 0.840 0.917 0.710 0.848 0.759 0.818 0.522
sml-p70-int8-m 0.873 0.827 0.912 0.702 0.842 0.757 0.810 0.497
trt-base 0.873 0.838 0.920 0.721 0.859 0.777* 0.837 0.575
trt-fp16 0.875 0.836 0.919 0.721 0.858 0.776 0.837 0.574
trt-int8 0.820 0.654 0.778 0.447 0.810 0.601 0.681 0.406
onnx 0.873 0.838 0.920 0.721 0.859 0.776* 0.837 0.575
* The base cases differs slightly, likely due to variations in number conversions across different

runtimes.
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Figure 4.5: Comparison of the models’ inference times across different hardware
and core configurations. The SparseML models are evaluated on an AMD Genoa
with 8-, 15-, and 30-core configurations, while the inference times for TensorRT and
ONNX Runtime are evaluated on a NVIDIA Jetson AGX Orin.

4.2 Inference time
The inference time is evaluated across various CPU hardware configurations to com-
pare performance against the selected GPU hardware, NVIDIA Jetson AGX Orin.
These tests involve the SparseML models listed in Table 3.1 for the CPU tests, and
the TensorRT models listed in Table 3.2 for testing on the GPU.

Figure 4.5 shows the inference time of one item/image using AMD Genoa instances
on Google Cloud, comparing 8-core, 15-core, and 30-core configurations. The re-
sults show improvements in inference time across all optimizations applied, with the
quantized models demonstrating the most significant improvement. The exact re-
sults are presented in Table 4.2. Overall, the sml-p55-int8 yielded the best inference
times for the 8-core setup, while the sml-int8 models performed best for both the
15-core and 30-core configurations. It is worth noting that the modified versions,
which include a sparsified head, perform approximately the same as the versions
without modifications.

The inference times running the TensorRT models on GPU are also presented in
Figure 4.5. Across all hardware setups, no model outperforms the trt-int8 model.
However, running the sml-int8 model on the 30-core configuration resulted in a
performance that was exceptionally close (0.028 ms) to that of the trt-int8 model.

4.3 Combined evaluation
This section showcases the combined results of the experiments in order to put the
different results into context. This is done using graphs that showcase the relative
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Table 4.2: Overview of the inference times in milliseconds across various hardware
configurations, including AMD Genoa with 8-, 15-, and 30-core configurations, as
well as NVIDIA Jetson AGX Orin (64GB).

8-core (ms) 15-core (ms) 30-core (ms) GPU (ms)
sml-base 2.759 2.037 1.269 -
sml-int8 0.778 0.629 0.399 -
sml-p50 2.272 1.772 1.139 -
sml-p50-int8 0.892 0.728 0.508 -
sml-p55 2.204 1.733 1.106 -
sml-p55-int8 0.762 0.671 0.483 -
sml-p55-int8-m 0.765 0.664 0.480 -
sml-p65 1.845 1.471 0.933 -
sml-p65-int8 0.830 0.745 0.537 -
sml-p70 1.893 1.565 1.036 -
sml-p70-int8 0.984 0.894 0.651 -
sml-p70-int8-m 1.007 0.892 0.650 -
trt-base - - - 0.714
trt-fp16 - - - 0.509
trt-int8 - - - 0.371
onnx - - - 1.616

performance vs speed-up of each data point. Due to its poor performance in inference
time (see Figure 4.5), onnx was not included in these evaluations.

For these plots, mAP50 was chosen as an approximation of the overall predictive
performance of the model, with inference time representing the execution speed.
This is helpful to visualize since there is a trade-off associated with model compres-
sion. The increases in speed can come at the cost of predictive performance and the
relationship between the two is not necessarily linear. The results are visualized in
Figure 4.6, with the CPU data based on the highest-end hardware (30 cores).

As can be seen in Figure 4.6, the models optimized using the modified recipes per-
formed nearly the same as their unmodified counterparts. Another notable detail
was that the models based on SparseML recipes without quantization were consid-
erably slower than the ones using both pruning and quantization with only a small
degradation in mAP50. The un-optimized model running on the CPU was also the
slowest as expected. In Figure 4.7, these data points will be excluded as they are not
competitive alternatives regarding inference speed. Instead, data from the different
CPU hardware will be included to showcase the effect hardware has on performance.

In Figure 4.7, the 30-core CPU at 55% pruning can be seen outperforming the GPU
using half-precision in terms of inference speed, at a comparable level of predictive
performance. Beyond half-precision, GPU sees a considerable drop in mAP50 and
the same can be said for the purely pruned SparseML models.
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Figure 4.6: Results of pose mAP over inference time for at an OKS threshold of
50%. The SparseML models are evaluated on an AMD Genoa 30-core processor,
while the TensorRT models are evaluated on a NVIDIA Jetson AGX Orin.

Figure 4.7: Results of pose mAP over inference time at an OKS threshold of
50% across all hardware configurations. This includes the TensorRT models, the
quantized SparseML models, as well as the pruned and quantized SparseML models.
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5
Discussion

This chapter discusses the findings of the results. It includes an evaluation of critical
methodological and background aspects that could have impacted the results, along
with an analysis of the results and suggestions for future work.

5.1 Method and background

There are a lot of factors that can influence the effectiveness of compression tech-
niques and this could have had an impact on the results. Since a comprehensive
study was not possible due to the time constraints of the thesis, limitations had to
be made. The creation of our own implementation would have been interesting to
explore but was not feasible due to the time horizon of the project in combination
with the small likelihood of achieving superior results. This would also present chal-
lenges when it comes to optimized inference. Either, our optimization implementa-
tion would have had to be made compatible with DeepSparse or an implementation
of our own optimized runtime would have had to be made. This implementation, in
turn, would also be limited by time constraints and the low feasibility of achieving
superior results.

The adaptation of SparseML for use with pose models also proved to be more chal-
lenging than first expected, meaning that the scope of the evaluation had to be
reduced considerably. These challenges were a result of the unexpectedly large
amount of modifications needed to implement functionality in combination with an
undiscovered bug associated with quantization that caused further delays. Without
these hurdles, a more comprehensive comparison would have been feasible.

The limited selection of the sparsification recipes could also have had a negative
impact on our results. The fact that the base of these recipes was intended for a
different task, which was detection, could also have had an affect. The development
of new recipes tailored to our model and task could potentially have led to better
results, both in terms of predictive performance and inference time. Therefore, the
results may not reflect the ideal case.

Other avenues could also have been explored to potentially improve the results. One
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of these was the exploration of a wider range of sparsity levels, but the impact likely
would have been minimal based on the obtained results. Additional pruning algo-
rithms could also have been evaluated, which potentially could have strengthened
the reliability of the results.

GPU implementation was more painless in comparison, although it still required
some work. While we did explore built-in optimization methods, they did not yield
notable results. However, there may be unexplored methods that could have been
included and further evaluated for better results.

5.2 Key findings analysis
The results indicate that the TensorRT model quantized to 16-bit floating point
precision (trt-fp16), and the SparseML model with 55% sparsity and quantized with
int8 precision (sml-p55-int8) show the most promising results in terms of precision
and latency, with sml-p55-int8 being slightly faster. This demonstrates the potential
for CPUs to outperform GPUs in certain configurations.

The case of sml-p55-int8 is particularly surprising as it does not have the highest
pruning level which goes against previous expectations of higher pruning rates result-
ing in faster inference. It is difficult to definitively determine the actual reason for
this result, as there are many factors that could be at play. These include the com-
pression techniques applied to the models, how DeepSparse leverages them, and how
the resulting network structure interacts with the CPU. Our speculations are that
a more extensive reduction in model size might lead to decreased computational
efficiency, with high computational overhead due to increased sparsity. However,
when examining models pruned without quantization, we observe that higher levels
of sparsity generally result in reduced inference times, although the SparseML model
with 65% sparsity (sml-p65) still outperforms the one with 70% sparsity (sml-p70).
This suggests that there may be a threshold beyond which increased sparsity slows
down the model. Interestingly, this effect seems more pronounced when quantization
is applied.

Another unexpected finding was that the inference time of sml-p55-int8 was faster
than that of the base model quantized with int8 precision (sml-int8) on an 8-core
CPU setup. This implies that for smaller CPU configurations, there might be greater
benefits in speed by combining quantization and pruning. It underscores the impor-
tance of considering the selected hardware when determining the compression rates
for the model.

Furthermore, our observations revealed a noteworthy trend where models with spar-
sified heads resulted in a slightly lower mAP50 compared to those without sparsified
heads. This outcome may be due to the significantly smaller number of parameters
in the head, which could mean a higher concentration of important weights, that
have a detrimental impact on the average precision once removed. Additionally,
the outcome could have been different if the sparsification recipes were optimized
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specifically for our model.

Finding a connection between predictive performance and sparsity level is challeng-
ing, as no clear trend can be seen. All models fluctuate around the base-line with
no model outperforming the others across the board. Furthermore, the variability
in how pruning affects the resulting network structure, especially across different
layers, contributes to the observed variation in model performance across different
sparsity levels.

A drop in predictive performance was observed across both hardware for the models
purely quantized using int8. Since it also occurs with the use of TensorRT, it likely
is not a result of compression or implementation, but rather a characteristic of our
model. This could potentially be due to a higher sensitivity inherent to the pose
task itself.

Another interesting finding is that the TensorRT model with full precision (trt-
base) is outperformed by sml-p55-int8 even on a CPU with 15-core configuration.
However, given the minimal difference in predictive performance between trt-base
and trt-fp16, there appears to be little justification for not using the latter.

Based on our observed results, it is evident that neither NVIDIA nor Neural Magic
outperforms the other in all cases of this specific scenario. This brings attention
to a new consideration: cost, which could ultimately determine the choice. It is
worth noting that the cost of the CPU with a 32-core configuration is approximately
equivalent to that of purchasing the NVIDIA Jetson Orin hardware. This makes the
32-core CPU the more expensive choice since the rest of the required components are
excluded from its price. If fast inference is not a critical necessity, it could open the
door for other, more affordable alternatives where a lower core configuration can be
utilized. Otherwise, it may be difficult to justify the process of using SparseML and
DeepSparse versus just converting the model to TensorRT, particularly in regards
to simplicity.

5.3 Limitations
Due to the limited scope of this thesis, the generality of the results has to be con-
sidered. With the experiments being limited to a single model for a single use case,
very little can be said about the performance or behavior in other domains. There
is nothing to say that the findings would carry over to other network structures
since the results could be unique to our situation. However, the results hopefully
generalize for CNNs within latency-critical domains, which include a wide range of
applications.

The reliability of the evaluation data itself can also be called into question since
the results could be heavily tied to the testing conditions of the experiments, with
some surrounding factors not being considered. Thermals and power consumption
for example were hard to account for due to the limited control over the testing
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setup running in the cloud. Therefore, the performance results may not realistically
reflect the real-world performance of the model on the given hardware.

Another limiting factor is the dataset is needed during pruning. The dataset used
can potentially influence the effectiveness of pruning considerably. In situations
without an available dataset, the model would be restricted to the use of one-shot
pruning. This could lead to completely different model behaviour, making our results
unrepresentative in this scenario.

5.4 Ethical considerations
There are ethical aspects that have to be considered when it comes to the use and
deployment of compressed models, specifically for the case of pruning. Since the
effects of pruning is not yet fully understood, its utilization could alter the models
behaviour in unforeseen ways, resulting in some degree of uncertainty. This can
make compressed models unsuitable for mission-critical applications.

In applications like healthcare and automotive, where consequences can be catas-
trophic, the feasibility of potentially sacrificing average precision and certainty, for
the sake of performance should be questioned. At the same time, too low inference
performance can be a risk in itself. In some cases, like self-driving cars, slow pro-
cessing could prove fatal. But in these cases, investing in more capable hardware
might be more appropriate, although it may depend on the situation.

It should however be noted that the use of pruning does not always have to result
in worse predictive performance and could, in some instances, even improve it.

5.5 Future work
In terms of future work, further investigation into optimizing sparsification recipes
could yield valuable insights. Exploring new approaches to designing and fine-tuning
these recipes could enhance the efficiency and effectiveness of model optimization
techniques. Additionally, evaluating the performance of sparsification recipes across
a broader range of hardware configurations and machine learning tasks could provide
a more comprehensive understanding of potential use-cases and limitations.
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6
Conclusion

This thesis set out to explore if CPUs could be a competitive alternative to modern
GPU solutions on a real-time, latency-critical vision task. The vagueness surround-
ing many of the publicly available performance results in the domain, with many
being incomprehensive and not suitable for cross-hardware comparison, was one of
the main reasons for this exploration. Despite the limited scope of this work, the
findings do suggest that CPUs can be a competitive alternative for low latency
machine vision tasks, even at a comparable level of predictive performance. There-
fore, when the situation allows for it, CPUs could be considered as a competitive
alternative, although in which cases they are preferable remains inconclusive.
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