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1 | INTRODUCTION

Gunju Park’ |

Jeong-Si Kim'

Abstract

This paper introduces a framework for optimizing deep-learning models on
microcontrollers (MCUs) that is crucial in today’s expanding embedded device
market. We focus on model optimization techniques, particularly pruning and
quantization, to enhance the performance of neural networks within the lim-
ited resources of MCUs. Our approach combines automatic iterative optimiza-
tion and code generation, simplifying MCU model deployment without
requiring extensive hardware knowledge. Based on experiments with architec-
tures, such as ResNet-8 and MobileNet v2, our framework substantially
reduces the model size and enhances inference speed that are crucial for MCU
efficiency. Compared with TensorFlow Lite for MCUs, our optimizations for
MobileNet v2 reduce static random-access memory use by 51%-57% and flash
use by 17%-62%, while increasing inference speed by approximately 1.55
times. These advancements highlight the impact of our method on perfor-
mance and memory efficiency, demonstrating its value in embedded artificial
intelligence and broad applicability in MCU-based neural network
optimization.

KEYWORDS
automated framework, deep learning, memory efficiency, microcontrollers, model
optimization

technology in ultralight and low-cost devices, such as
microcontrollers (MCUs) with limited resources, is

Deep-learning technology has recently gained popularity
and has found applications in various fields, including
image classification and object recognition [1, 2].
Advancements in the Internet of Things (IoT) device
technology have also increased the demand for deep
learning in low-end devices, such as wearable healthcare
devices. Accordingly, research on utilizing deep-learning

receiving increasing attention [3].

Compared with general-purpose personal computers
(PCs) or mobile devices, MCUs offer a more limited
resource environment, integrating the central processing
unit (CPU), memory, and input/output modules into a
single chip. Typically, MCUs are equipped with a single-
core CPU that operates at relatively lowclock speeds
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ranging from a few MHz to hundreds of MHz. The capac-
ity of RAM and flash memory in these systems is limited,
typically ranging from a few kilobytes (kB) to megabytes
(MB). This is in stark contrast to the massive capacities
(in the range of GBs or TBs) in more powerful computing
devices.

Despite these limitations, MCUs offer excellent reli-
ability thanks to their simplicity and design specificity.
Running single-threaded processes or simple multitask-
ing with real-time constraints reduces the potential for
errors and complexities that can plague more sophisti-
cated systems. Designs are often streamlined for specific
tasks, thus reducing the potential for crashes and opera-
tional errors. Additionally, MCUs are designed to operate
in adverse conditions and can withstand extreme temper-
atures, electromagnetic interference, and physical shocks,
which are important factors in fault-tolerant applications,
such as those in medical devices or aerospace systems. As
a result, this operational stability and robustness support
the high reliability of MCUs. Accordingly, MCUs are
attracting attention as new devices for popularizing deep-
learning technology.

To enable deep learning on an MCU, it is essential to
reduce the model size using techniques like pruning and
quantization owing to the limited system resources. From
this perspective, research is currently being conducted on
deep-learning model optimization for MCUs [4, 5] and
on generating inference operation code that supports
memory-efficient and optimized inference on MCUs
[6, 7].

Although the aforementioned research areas are very
important for implementing deep learning on MCUs,
each area is mainly studied independently owing to its
distinctive requirements. Model optimization for
MCU [8] requires a complex knowledge of neural net-
work architecture, whereas code generation for inference
tasks necessitates a deep understanding of MCU-specific
hardware features, such as leveraging single-instruction
multiple-data  (SIMD)  operations to  accelerate
computations.

Although these detailed approaches are effective in
advancing individual aspects of deep-learning deploy-
ments [9, 10], they lack the cohesion needed for a stream-
lined, end-to-end solution. In particular, generating code
for inference tasks that is both memory-efficient and
speed-optimized on MCUs demands a high level of exper-
tise regarding the device’s hardware complexities. This
situation can create a barrier for individuals who are pro-
ficient in neural networks but lack detailed knowledge of
MCU hardware intricacies.

Traditionally, efforts expended to implement deep
learning on resource-restricted devices (such as MCUs)
have encountered several hurdles. First, the complexity

associated with the reduction of model size through
pruning and quantization requires deep knowledge of
neural network architectures. Second, the absence
of unified strategies, owing to separate research on model
optimization and inference code generation, complicates
end-to-end deployment. Last, the need for memory-
efficient, high-performance inference code demands an
in-depth understanding of the peculiarities of MCU hard-
ware. This complexity often deters specialists in neural
networks from delving into  hardware-specific
optimizations.

In response, our study proposes an end-to-end solu-
tion that seamlessly integrates the optimization of deep-
learning models with the generation of inference task
code. The proposed framework enables the deployment
of deep-learning models that are optimized for the tar-
geted hardware, circumventing the need for in-depth
hardware knowledge on resource-constrained MCUS.

Our key contributions are the following:

« We propose an integrated framework for deep learning
on MCUs that unifies model optimization with infer-
ence code generation, tailored for devices with strin-
gent resource constraints. This end-to-end solution is
designed to be agnostic of the underlying hardware,
allowing for broader applicability.

« We describe the framework’s capability to combine
multiple optimization techniques, offering users the
choice among various combinations or recommended
settings based on the network structure and model
compression. This feature simplifies the model optimi-
zation process for MCUs, especially for users with lim-
ited knowledge of model light-weighting and MCU
inference coding, including SIMD utilization.

« Empirical evaluations across various MCU architec-
tures reveal that our framework markedly outperforms
traditional, standalone optimization methods. These
studies demonstrate our framework’s enhanced com-
putational efficiency and reduced memory footprint.

2 | BACKGROUND AND
RELATED WORKS

2.1 | Model optimization techniques
Representative model optimization techniques in deep
learning include pruning and quantization. Pruning
[11-17], a crucial technique for model efficiency, involves
the reduction of the size of the neural network by elimi-
nating less critical weights. This process not only

decreases memory usage but also enhances computa-
tional efficiency. Various forms of pruning exist, such as

85U8017 SUOLILLOD BATE81D 3ol dde ay) Aq pausenob a1e sspiie O ‘8sn JO S8l 10} ArIqiT 8UIIUO A1 LD (SUONIPUOD-PUE-SLLBI WO A8 | 1M ATRIq 1 BUI|UO//SANL) SUORIPUOD PUe SWB | 8U188S *[5202/70/2] U0 Akeid1aul|uo A8|IM ‘SUOIToUNWWIOIB e | pue Soluoade 3 Aq 2260-6202 [1418/8T 21 0T/I0p/L00™ A8 | 1M AeIq Ul |Uo//:Sdny WOy papeojumod ‘g ‘5202 ‘92ELE€22



HONG ET AL.

weight, unit, and structured pruning, with each form
having its specific application and impact. The primary
goal is to minimize the impact on model performance
while effectively reducing the number of parameters.

Quantization [13, 16, 18-21] further complements
these optimization efforts. This technique transforms
model weights and activations into lower-bit precision
formats, substantially reducing storage requirements
and computational loads. Particularly crucial in
environments with limited resources, quantization makes
deep-learning models faster and more lightweight. It
strikes a delicate balance between maintaining neural
network performance and enhancing operational speed,
thereby making it a vital component in optimizing
models for MCUs.

These optimization techniques, while pivotal in
adapting deep-learning models for MCUs, require sub-
stantial knowledge about neural network architectures.
Understanding the intricacies of how pruning and
quantization impact a neural network’s functioning is
crucial, especially in resource-constrained environments
like MCUs. In these settings, it is imperative to balance
carefully the reduction of model weights with the
maintenance of the model’s accuracy and effectiveness.
Overly aggressive optimization may lead to considerable
performance degradation, which can be particularly
challenging when dealing with complex tasks on MCUs.

2.2 | Deep-learning frameworks
for MCUs

In the realm of deploying convolutional neural networks
(CNNs) on MCUs, encountering diverse challenges [3] is
inevitable owing to the vast array of MCU manufacturers,
each offering custom frameworks tailored to their hard-
ware specifics, such as ARM CMSIS-NN [22], STM
X-CUBE-AI [23, 24], and Renesas e2-studio [25].

Contrasting these proprietary solutions, universal
frameworks like TensorFlow Lite for Microcontrollers
(TFLM) [6] expand TensorFlow Lite’s capabilities to suit
resource-constrained MCUs by incorporating a hardware
abstraction layer, thus facilitating model deployment
across different MCU architectures without necessitating
deep hardware knowledge. TFLM employs an
interpreter-based inference engine, optimizing runtime
memory and layer operations, even though it may intro-
duce boot-time bottlenecks and increased memory con-
sumption requirements compared with compiled
methods, thereby challenging devices with stringent
memory limits.

Similarly, Apache MicroTVM [26] aims to reduce
platform dependence by compiling deep-learning
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computations from PyTorch [27], TensorFlow [28], and
others, into operations by considering hardware con-
straints, generating inference code on the host for deploy-
ment on devices. However, its pursuit of universality may
compromise optimization effectiveness akin to TFLM’s
limitations.

To mitigate these shortcomings, compiler-based,
deep-learning inference engines like MCUNet’s TinyEn-
gine [4], Microsoft’'s Embedded Learning Library
(ELL) [29], uTensor [30], and NNoM [31], ONNC [32]
enhance optimization for specific platforms. Notably,
engines targeting NAS-derived networks like MCUNet
and MicroNet [5] perform optimizations within a con-
fined search space and face limitations regarding the vari-
ety of supported operational kernels due to targeted
optimization efforts.

3 | AUTOMATED DEEP-
LEARNING MODEL OPTIMIZATION
FRAMEWORK

3.1 | Motivation

Our framework simplifies the deployment of deep-
learning models on MCUs, thus making the process
straightforward and eliminating the need for specialized
knowledge in neural network architecture and hardware
programming. It connects model compression techniques
with MCU-specific code generation, enabling users to
deploy models with greater ease. The overall structure of
the proposed framework is shown in Figure 1.

Using a pretrained model, refined through neural
architecture search (NAS), and the specific resource con-
straints of the MCU, such as static random-access mem-
ory (SRAM) and flash memory sizes as inputs, our
framework was structured based on the automatic itera-
tive optimization and automatic code generation phases
to facilitate a smooth transition of deep-learning models
to MCUs.

During the automatic iterative optimization phase,
the framework repeatedly applies optimization tech-
niques, such as pruning and quantization, to tailor the
model to the MCU’s resource limitations while aiming to
achieve optimal performance. This process involves itera-
tive tuning of the model’s architecture to identify a right
balance between size, computational demand, and accu-
racy without extensive manual intervention.

The phase starts with the evaluation of the model’s
compatibility with the MCU’s resources, pinpointing
opportunities to enhance efficiency. The framework then
applies a variety of pruning methods to eliminate unnec-
essary weights and optimizes the structure for the given
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FIGURE 1 Overall structure of the proposed framework.

constraints. Following pruning, quantization reduces the
precision of the model’s weights to fit the memory limits,
with constant evaluation to maintain accuracy. This
ensures that the optimized model is suitable for deploy-
ment on an MCU, optimizing resource use and computa-
tional efficiency.

The automatic code generation phase translates the
optimized model into executable code that fits the MCU’s
specifications. This phase produces code that is aligned
with the computational and memory capabilities of the
MCU, leveraging any available hardware acceleration to
ensure efficient operation.

Our framework surpasses existing solutions, like
MCUNet, by integrating advanced optimization tech-
niques such as quantization-aware training (QAT) and
post-training quantization (PTQ), enabling more accurate
and efficient deep-learning model deployment on MCUs.
This approach not only achieves higher accuracy with
minimal performance loss but also ensures that users,
regardless of their deep learning or MCU expertise, can
effectively leverage Al technologies.

3.2 | Automatic iterative optimization
The automatic iterative optimization phase automates
the intricate processes of pruning, quantization, and
memory scheduling to facilitate deploying deep-learning
models on MCUs. This phase greatly reduces the need for
in-depth knowledge of neural networks or the hardware
specifics of MCUs, thus simplifying the optimization
process.

Initially, the framework evaluates a pretrained
model against the resource constraints of SRAM and
flash memory, which are typical of MCUs. It methodi-
cally assesses the model based on a variety of pruning
strategies, each designed to achieve an ideal balance
between model sparsity and performance integrity.
Subsequently, a fine-tuning process was employed to
reclaim, and potentially improve, the model’s accuracy
following pruning.

FlatBuffer & Inference
~ Code

S
acceleration

ALGORITHM 1 Model Optimization Algorithm
Input  model - a pretrained deep-learning model

constraints — resource constraints (static random-access

memory (SRAM) and flash)
Output optimized _model — a lightweight model optimized for
deployment
1 val_accuracy < MeasureValidationAccuracy(model)
2 candidates — DefineCandidateSets()
3 best model < model
4 best val accuracy «<— val accuracy
5 best resource usage — MeasureResourceUsage(model)
6
7 for each candidate _set in candidates do
8 pruned model < Pruning(model, candidate set)
9 pruned model < FineTune(pruned model)
10 quantized model < Quantization(pruned model)
11 for scheduling_round in SchedulingRounds do
12 scheduled model < MemoryScheduling(quantized model)
13 sram_usage, flash usage
< MeasureResourceUsage(scheduled model)
14 val_accuracy
< MeasureValidationAccuracy(scheduled model)
15 if sram_usage <= constraints.SRAM and
flash usage <= constraints.flash then
16 if val accuracy >best val accuracy then
17 best model < scheduled model
18 best val accuracy < val accuracy
19 best resource usage < {sram usage, flash usage}
20 end if
21 end if
22 end for
23 end for
24 return best_model

Quantization is crucial to adapt to the limited compu-
tational resources of the MCUs. It mainly involves two
techniques: QAT and PTQ. QAT is typically recognized
for its superior performance, particularly in retaining
high accuracy in models, thus making it a preferred
choice for performance-critical applications [18].
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Although QAT is typically employed as the default
method for its superior performance in retaining high-
model accuracy, we also recognize the utility of PTQ in
specific scenarios, particularly with models that possess
lower levels of compression. Unlike the MCUNet, which
primarily focuses on architectural searches with subse-
quent post-training quantization, our methodology
embraces a broader spectrum of optimization techniques.
By incorporating a dual approach to quantization, includ-
ing both QAT and PTQ, our framework ensures that
models are not only compact but also retain high levels
of accuracy, thus making them more adaptable to the
diverse requirements of MCU-based applications.

The optimization algorithm also includes an auto-
mated scheduling feature, which refines the model’s
memory usage in accordance with the MCU’s specifica-
tions. This component intelligently orchestrates kernel
operations within memory constraints, optimizing SRAM
and flash usage while maintaining validation accuracy.
Models that successfully navigate this stringent schedul-
ing process are deemed fit for deployment.

The steps of this optimization are meticulously encap-
sulated in the pseudocode of Algorithm 1, thus demon-
strating the algorithm’s effectiveness in generating
models that satisfy the stringent efficiency and perfor-
mance criteria required by MCUs. This automated proce-
dure adeptly circumvents the common performance
trade-offs associated with the optimization of models for
resource-limited settings.

We refine the model optimization algorithm to
achieve the transformation from an initial pretrained
model M to its optimized counterpart Mgpy, Which is
suitable for MCU deployment,

Mopr = arg max y, A(M™),subject to M*
= Q(P [M1nit,6p],0q), (1)

where

« A(M*) denotes the accuracy metric of the optimized
model M*, emphasizing its performance after undergo-
ing optimization;

» Myt represents the original, pretrained model before
any optimization;

» P (MinrT, 0p) signifies the pruning operation applied to
M7, with 0p as the threshold for pruning, aiming
to eliminate weights selectively;

» Q (pruned_model, 0q) is the quantization function
applied to the pruned model, where 0 is a parameter
that varies depending on the quantization technique,
such as PTQ or QAT;
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« Mopr symbolizes the final, optimized model,
showcasing the effectiveness of combining pruning
with advanced quantization strategies to meet the
operational constraints of MCUs.

To conclude, the automatic iterative optimization
phase executes a complex balance of pruning, quantiza-
tion, and memory scheduling to arrive at an optimally
configured model that complies with the predetermined
resource constraints of SRAM and flash memory. The
entire process is autonomous, eliminating the need for
user intervention in determining the most suitable model
parameters. This autonomous algorithm traverses the
optimization landscape, thus ensuring that the resultant
model is not only compact and efficient but is also specif-
ically optimized to function within the stringent resource
boundaries of MCUs. This systematic strategy broadens
the application of deep learning within the MCU arena,
empowering the use of advanced AI technologies irre-
spective of specialized hardware knowledge.

In the specialized area of MCU-based deep-learning
model optimization, selecting the most appropriate prun-
ing technique is essential to utilize effectively hardware
acceleration capabilities and ensure efficient inference.
Our framework concentrates on selecting filter pruning
methods for its candidate sets, as these methods work
well with hardware acceleration techniques. This
approach guarantees that our model optimization is not
only efficient but also aligns with the unique hardware
attributes of MCUs, thereby facilitating quicker and more
resource-efficient inferences.

Our framework incorporates both one-shot channel
pruning [11] and alternating direction method of multi-
pliers (ADMM) pruning [33], each offering unique bene-
fits for MCU optimization. One-shot channel pruning is
recognized for its speed and efficiency in reducing redun-
dant channels, thus making it invaluable in the context
of resource-limited MCUs. It adeptly reduces model size
while minimally impacting performance, which is crucial
for devices with constrained processing capabilities. Con-
versely, ADMM pruning is known for its iterative refine-
ment process, which progressively compresses the model
to balance compactness and accuracy. This method is
especially advantageous for MCUs, allowing for incre-
mental adjustments that conform to specific memory and
computational limitations, ensuring that the model
remains both efficient and precise.

In our framework, users can select between one-shot
channel pruning and ADMM pruning according to their
optimization needs and model characteristics. One-shot
channel pruning is ideal for rapid model size reduction
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and time efficiency, whereas ADMM pruning is better
suited for deeper model compaction in resource-limited
environments. Our workflow, particularly in Algorithm
1, offers a range of pruning methods when defining can-
didate sets (“candidates « DefineCandidateSets()”).
Users also benefit from heuristic recommendations based
on model complexity and the desired compression level.
This approach not only provides flexibility in choosing
the most suitable pruning method but also ensures
optimal model performance by balancing model efficacy
with MCU resource constraints.

In addition, our framework employs a range of met-
rics like random, 11_norm, 12 _norm, and fine-grained
pruning of the geometric median (FPGM) to evaluate
and select the optimal pruning candidates. This ensures
that the chosen channels for pruning have the least
impact on the model’s performance. The framework also
offers varied sparsity levels to cater to different model
compaction requirements: 0.25, 0.5, 0.75, and 0.875 for
ADMM pruning and one-shot channel pruning. This
nuanced approach to sparsity enables the framework to
adapt to a broad spectrum of MCU specifications, tailor-
ing the optimization process to the specific requirements
of each deployment scenario.

In the automatic iterative optimization phase of our
framework, we propose a memory scheduling algorithm
based on the principles of the FirstFit algorithm, simi-
larly utilized in MCUNet’s TinyEngine. This approach
leverages the effectiveness of the FirstFit algorithm for
managing the memory constraints characteristic of
MCUs. Chosen for its straightforward and efficient mem-
ory allocation method, the FirstFit algorithm scans from
the start of the memory space, allocating the first suitable
block for each memory requirement. This strategy is
especially appropriate for the constraints of MCU
environments, where efficient use of limited memory
resources like SRAM and flash is crucial.

As outlined in the memory scheduling
algorithm (Algorithm 2), our process begins by initializ-
ing slots to represent the total available SRAM, achieved
by the InitializeSlots function. This creates a comprehen-
sive structure for managing SRAM allocation. For each
layer of the pruned and quantized deep-learning model,
the CalculateMemoryUsage function determines the
SRAM and flash memory requirements. The algorithm
finds the best slot for each layer’s SRAM using the
FindLowestSuitableSlot function and assesses the slot’s
suitability. The starting point of each SRAM allocation
is tracked and appended to the allocation report.
Simultaneously, the flash memory requirement for
each layer is recorded, reflecting a comprehensive
understanding of the model’s total memory footprint in
both SRAM and flash.

The process iterates through each layer of the model,
summarizing in a detailed allocation report the alloca-
tions of both SRAM and flash for each layer. This
detailed reporting, as returned by Algorithm 2, ensures
efficient utilization of memory, minimizes fragmentation,
and aligns with the operational sequence of the model. It
effectively demonstrates our framework’s capability to
manage complex memory allocation challenges in
MCUs, thereby enhancing the deployment efficiency of
deep-learning models in these resource-constrained
environments.

ALGORITHM 2 Memory Scheduling Algorithm
Input model —a pruned and quantized deep-learning model
resource_constraints — resource constraints (SRAM and flash)

Output allocation_report —report of SRAM and flash allocations for
each layer

1 slots < InitializeSlots(resource constraints. SRAM)

2 allocation report < {SRAM: [], flash: []}

3

4 for each layer in the model do

5 sram_size, flash size < CalculateMemoryUsage(layer)

6 if sram_size > 0 then

7 suitable slot < FindLowestSuitableSlot(slots, sram_size)
8 AssertSlotExists(suitable_slot)

9 slots < AdjustSlots(slots, suitable_slot, sram_size)

10 allocation_report.SRAM.append(GetSlotStart(suitable_slot))
11 end if

12 if flash size > 0 then

13 allocation_report.flash.append(flash_size)

14 end if

15 end for

16 return allocation_report

We refine the memory scheduling algorithm,
underscoring its essential role in optimizing Moppr's
deployment on MCUs, balancing efficiency and
performance within tight memory constraints. This
strategic adjustment paves the way for

Minimize Overflow (Mopr)
+ AEfficiency (Mopr),subject to MS (Mopr, RconsT),

(2)

where

o Overflow (Mopr) quantifies the challenge of fitting
Mopr within the strict memory limitations of MCUs,
aiming to minimize this metric;

« Efficiency (Mopr) characterizes the essential balance
between running the optimized model effectively and
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adhering to the MCU’s memory constraints using 4 as
the coefficient to mediate this balance;

+ MS (Mopr, Reonst) delineates the memory scheduling
strategy, designed to align Mopr’s deployment with the
available SRAM and flash memory, ensuring optimal
performance within the confines of MCU resources.

3.3 | Automatic code generation
After the automatic iterative optimization phase, the
framework enters the automatic code generation phase.
This phase bridges the gap between optimized deep-
learning models and their practical applications in
MCUs. The goal is to transform the model into an execut-
able format that not only adapts to the hardware specifi-
cations of the MCU but also takes full advantage of its
computational potential.

The automatic code generation phase includes several
key steps:

+ Buffer code generation: This step involves the crea-
tion of buffer definitions for the SRAM and flash mem-
ory within the MCU’s memory constraints. In flash,
read-only model parameters are stored, such as
weights, biases, and quantizer parameters, including
scales and zero points. Within the SRAM, dedicated
read-write buffers are allocated for each layer’s input
and output activations, as well as a scratch buffer,
which is essential for temporarily holding intermediate
computation results.

+ Header file generation: Following buffer definition,
the routine generates header files that incorporate
essential declarations and macro definitions for the
inference code.

« Invoke function creation: The culmination of this
step is attained when an invoke function is developed
that sequentially calls the deep-learning model’s opera-
tion functions to ensure accurate inference execution
on the MCU.

During this phase, the optimized model from the
automatic iterative optimization phase is converted to
the Tensorflow Lite format, which by default uses Flat-
Buffer [34] for model representation. FlatBuffer was cho-
sen for its efficiency in memory usage and its capability
to promote fast computations, thus making it ideal for
resource-constrained MCU environments. Additionally,
during the conversion to the TensorFlow Lite model,
quantization is performed by considering preprocessing
operations, such as image pixel value normalization. This
eliminates bottlenecks in image preprocessing during
MCU runtime, thus enabling efficient inferences.
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Typically, for deep-learning model inference on
MCUs, TFLM is employed. TFLM operates as an infer-
ence engine using an interpreter approach like that
shown in Figure 2A, which includes various tasks for
model execution at runtime, considering the execution of
generic TensorFlow Lite models. However, bottlenecks
occurring during runtime in resource-constrained MCU
environments notably impact inference efficiency. To
overcome this, there are compile-based inference engines
like those shown in Figure 2B that perform (offline) tasks
prone to runtime bottlenecks, such as memory allocation,
operator setup, and optimal kernel search.

This approach generates an optimized deep-learning
C-code engine. Open-source tools like microTVM,
ONNC, and IDE from MCU manufacturers like STM and
Renesas employ this compile-based inference engine.
Our code generator was also designed as a compile-based
inference engine based on a similar approach. Figure 3
exemplifies the kernel-level optimization in neural net-
work operators that is crucial for efficient code genera-
tion. It contrasts the original MatMul kernel in ARM
CMSIS-NN (A) with the operator-level optimized MatMul
kernel (B). These pseudocodes illustrate how our frame-
work refines the computational kernels to enhance per-
formance on MCUs. These optimizations include the
reduction of computational complexity and memory
usage, which are critical in resource-constrained environ-
ments like MCUs.

Further, to accelerate inference on MCU devices, we
utilized some additional acceleration techniques that

Runtime (MCU Device)

Model Parsing
(TFLite Model Format)

‘ Application ‘
I Memory Operator
Schedule mapping
‘ Client API ‘ ‘' tIIIIoIzozIzoIioiIzzIzziIiiIiIs
I Runtime Overhead Runtime (MCU DeVice)
Interpreter API Application ‘

!

iled Invoke Functi ‘
Model || Memory || Operator ‘ Compiled Invoke Functions

Loader Planer || Resolver |
) ) ¥
! ! ! T
‘ Opera{or API ‘ | Operator Functions ‘
Optimized Op Kernel Optimized Op Kernel
(CMSIS-NN) (CMSIS-NN)

o ——

1 ‘ Scheduled Buffers Address ‘

FIGURE 2 Comparative diagram of neural network
deployment engines: (A) depicts the interpreter-based engine with
its runtime overhead components, and (B) illustrates the compiled-
based engine, including the offline preparation and runtime
processes.
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a « weight value
b « input value

‘While input_channel greater than 0
(input_channel> 0):

b0 =SIMD_mem _r1 er_pointer_b0)
bl =SIMD_mem _r er_pointer_bl)
a0l =SIMD_mem _read(iter_pointer_a0)
a02 = SIMD_me; i(Next iter_pointer_a0)
all =SIMD_mem _read(iter_pointer_al)
al2 =SIMD_mem_read(Next iter_pointer_al)

output00 = SIMD_DotProduct(a01. b0)
output01 = SIMD_DotProduct(a01. bl)
outputl0 = SIMD_DotProduct(all. b0)
outputll = SIMD_DotProduct(all. bl)

b0 =SIMD_mem_read(Next iter_pointer_b0)
bl =SIMD_mem_read(Next iter_pointer_bl)
output00 = SIMD_DotProduct(a02. b0)
output01 = SIMD_DotProduct(a02, bl)
outputl0 = SIMD_DotProduct(al2. b0)
outputll = SIMD_DotProduct(al2. bl)

Decrement 4 input_channel
End While

Remainder_InputCH_Accumulate()

Requantize_INT32_accumulated_output()

a « weight value
b «— input value (Data Read Caching)

b0 =SIMD_mem_read(iter_pointer_b0)
bl =SIMD_mem_read(iter_pointer_bl)

a01 = SIMD_mem_read(iter_pointer_a0)
a02 = SIMD_mem_read(Next iter_pointer_a0)

output00 = SIMD_DotProduct(a01. b0)
all =SIMD_mem_read(iter_pointer_al)

al2 =SIMD_mem_read(Next iter_pointer_al)
output01 = SIMD_DotProduct(a01. bl)
outputl0 = SIMD_DotProduct(all. b0)

outputll = SIMD_DotProduct(all. bl)
bl =SIMD_mem_read(Next iter_pointer_b1)
output00 = SIMD_DotProduct(a02. b0)
output01 = SIMD_DotProduct(a02. bl)

output10 = SIMD_DotProduct(al2. b0)
outputll = SIMD_DotProduct(al2. bl)

b0 =SIMD_mem_read(Next iter_pointer_b0)e -~

Repeat : (input_channel / 4)
(Loop Unrolling)

Remainder_InputCH_Accumulate()

Requantize_INT32_accumulated_output()

(A)

(B

FIGURE 3 NN operators kernel-level optimization pseudo
codes. (A) Original CMSIS-NN MatMul kernel and (B) operator-
level optimized MatMul kernel.

SXTBSign-extension two byte)

8bit sign_extended 8bit sign_extended
Activation INT16 ‘ INT16
8bit sign_extended 8bit sign_extended

s eended S0t sin exenced_
wei NN | e
+

Bias INT32
|
o  SMLAD(Signed Multiter_pointerly with Addition)
Dot Product
result INT32

FIGURE 4 Examples of ARM-CMSIS single-instruction
multiple-data (SIMD) instructions for microcontrollers (MCU).

leveraged hardware features, including SIMD. For this
purpose, our framework utilized the computational ker-
nel implemented in MCUNet’s TinyEngine. The TinyEn-
gine employs technologies, such as data caching and loop
unrolling based on ARM CMSIS-NN, and it is currently
demonstrating excellent performance in ARM Cortex-M
MCUs. The key to this phase is to create custom code
generation routines tailored to generate efficient C/C+—+
code that can run smoothly on the MCU. Figure 4 shows
an example of ARM CMSIS SIMD instructions for an
MCU. These instructions are integral to our framework’s
approach to leverage hardware acceleration features. By
utilizing SIMD instructions, our framework substantially
increases the speed of computations, thus making it more
suitable for real-time applications on MCUs. This

illustrates how deep-learning models can be effectively
executed on MCUs, taking full advantage of their limited,
yet powerful processing capabilities.

By leveraging SIMD for hardware acceleration, our
framework’s automatic code generation phase supports
essential convolutions, broadening the range of networks
like ResNet-8 executable on MCUs. This not only sets our
framework apart from MCUNet but also enhances the
deployment of deep-learning models in limited-resource
settings. It reflects our dedication to advancing embedded
Al enabling sophisticated model operations on MCUs for
real-time applications with unparalleled efficiency and
flexibility.

4 | EXPERIMENTS

4.1 | Experimental setup

This section evaluates our framework’s effectiveness in
optimizing deep-learning models for MCUs. We used two
MCU boards, namely, F746G-Disco and H7471-Disco, to
demonstrate this. The F746G-Disco, a single-CPU board,
and the H747I-Disco, a dual-CPU board, are summarized
in Table 1. These boards were chosen to test our frame-
work in MCU environments with varying resource pro-
files in different hardware contexts.

Table 2 lists the various optimization parameters that
were explored in this study. This includes a range of
pruning methods, such as one-shot and ADMM, applied
with different metrics like L1-norm, L2-norm, FPGM,
and random. Additionally, the table lists various levels of
sparsity and quantization methods (QAT and PTQ),
which were pivotal in fine-tuning the models for optimal
performance on MCUs. The selection of these parameters
was critical in ensuring that the models were not only
size-efficient but also maintained high accuracy, a bal-
ance that is essential for effective deployment on
resource-limited MCUs.

Model optimization was performed on a PC with a
Nvidia RTX 4090 graphics processing unit by utilizing
the PyTorch framework renowned for its efficient proces-
sing of complex models. Once optimized, these models
undergo conversion for MCU compatibility using Aliba-
ba’s TinyNeuralNetwork [35], which translates them into
TensorFlow Lite format. This step is crucial for ensuring
that the models can function effectively on MCU
platforms.

Following this, the automatic code generation phase
begins, where the TensorFlow Lite models are used to
generate inference code tailored for MCUs. Our experi-
mental setup includes two distinct CNN architectures:
ResNet-8, which relies on standard 3 x 3 convolutions,
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TABLE 1 Detailed specifications of the microcontrollers used for experiments.

Central processing unit (maximum

Type clock) (SRAM)
STM32 Cortex M7 340 kB
F746G- (216 MHz)

Disco
STM32 Cortex M7(480 MHz) 1 MB
H7471- Cortex M4(240 MHz)

Disco

TABLE 2 Optimization parameter candidates set for experiments.

Pruning method Pruning metrics

* One-shot « Ll-norm
« ADMM « L2-norm
« FPGM
« Random

and MobileNet v2, noted for its depthwise separable
structure. These architectures are evaluated using the
Cifar10 dataset, aligned with the MLPerf-Tiny bench-
mark [36], to assess thoroughly the optimization tech-
niques across diverse neural network configurations. The
choice of this benchmark is particularly relevant in
the context of TinyML, where the focus is to enable Al
computations on compact IoT devices like MCUs.

4.2 | Pruning and quantization analysis

421 | Pruning method comparison

In this section, we evaluate and compare the effectiveness
of one-shot and ADMM on two different CNN architec-
tures, ResNet-8 and MobileNet v2.

Figure 5 presents the comparative results obtained
after the application of two prominent pruning metrics,
L2-norm and FPGM, to the ResNet-8 network, which is
based on a standard 3 x 3 convolutional structure. Our
experiments on the ResNet-8 network show that the
ADMM method is more effective than the one-shot
method at maintaining model accuracy after pruning.
The ADMM approach resulted in a notably lower accu-
racy drop, exemplified by a 4.56% decrease at a sparsity
level of 0.25, compared with a more significant reduction
of 6.14% at a sparsity level of 0.5 obtained in the one-shot
method case. These findings emphasize the strength of
the ADMM method in preserving a higher degree of
accuracy in standard convolutional networks even after
extensive pruning.

In contrast, the MobileNet v2 architecture, which is
premised on 3 x 3 depthwise separable convolution

Static random-access memory

Quad-SPI
Flash (bandwidth)

1 MB 128 Mbits

2MB 512 Mbits

Sparsity Quantization method
. 025 « QAT
. 05 « PTQ
« 0.75
*« 0.875
89 -
S 86.35 86.44 Original: 87.28
P 2/ s
£ 8 430 82.69
§ 83 3153818 . 82.53
= 81
6.14
§ I 76.55
= 77 - 75.68
E s -
© L2 norm FPGM L2 norm FPGM L2 norm FPGM L2 norm FPGM
one-shot admm one-shot admm
0.25 0.5

u FP32 (pruned)

FIGURE 5 ResNet-8 Cifarl0 accuracy after pruning.

blocks, offers a distinctive scenario. As Figure 6 shows,
although the difference in model accuracy postpruning is
subtle between the one-shot and ADMM methods for
MobileNet v2 at moderate sparsity levels, there is a nota-
ble trend as sparsity increases. The data suggest that
although both pruning methods are effective at maintain-
ing accuracy near the original model’s performance, the
FPGM metric exhibits a more stable accuracy preserva-
tion compared with the L2-norm, especially at higher
sparsity levels, affirming FPGM’s robustness in depthwise
separable convolution-based architectures.

Nevertheless, when considering the computational
cost of pruning, the single-shot channel pruning method
typically requires condiderably less time than that
required by ADMM. For example, at a sparsity level of
0.25, the single-shot approach requires considerably less
time compared with ADMM, which translates to
improved temporal efficiency. This efficiency makes the
single-shot pruning method a more practical choice for
architectures like MobileNet v2.
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FIGURE 6 MobileNet v2 Cifar10 accuracy after pruning (one-shot, ADMM). In pruned model with sparsity (0.25, 0.5, 0.75), one-shot
method with a slightly better performance. In the case of the pruned model with a sparsity of 0.875, the ADMM method yields a slightly

better performance than that of the one-shot method.

4.2.2 | Quantization methods comparison
In this section, we present a detailed comparison of two
quantization methods, QAT and PTQ, as applied to the
MobileNet v2 model after one-shot channel pruning.

Table 3 demonstrates that as the sparsity in the
pruned model increases, QAT tends to achieve higher
accuracy compared with PTQ. This pattern is consistently
observed across various sparsity levels and metrics. For
example, at a sparsity level of 0.25 using the L1 norm, the
accuracy of QAT is 95.24%, which is 0.42% higher than
that of PTQ. Similarly, at a sparsity level of 0.875, QAT
reaches an accuracy of 86.46%, outperforming PTQ by
1.33%.

For models with lower levels of compression, PTQ is
found to be more beneficial, particularly when consider-
ing the reduced time and computational resources
required. PTQ notably outpaces QAT in terms of compu-
tational cost. Therefore, our framework adopts a strategy
that selects the quantization method in accordance with
the level of model compression, ensuring that perfor-
mance efficiency is maintained—vital in the context of
MCUs where resource optimization is paramount.

4.3 | Interpreter versus compile-based
engine comparison on MCU device

We evaluate herein the inference speed and memory
usage efficiency in the MCU environment by comparing
interpreter-based (TFLM) and compiler-based (our
engine) models, both utilizing the MobileNet v2

TABLE 3 Comparative analysis of the accuracies of QAT and
PTQ on MobileNet v2 at various sparsity levels.

Cifar10 Top-1 accuracy

Sparsity Metric PTQ QAT QAT-PTQ
0.25 Ll1norm  94.82 95.24 +0.42
L2norm 94.71 95.06 +0.35
FPGM 94.91 95.01 +0.1
0.5 Ll norm 9491 94.75 —0.16
L2norm  94.69 94.86 +0.17
FPGM 94.98 94.81 —0.17
0.75 Ll norm 92.84 92.99 +0.15
L2norm  92.37 92.71 +0.34
FPGM 92.58 92.74 +0.16
0.875 Ll norm 8513 86.46 +1.33
L2norm  84.8 85.9 +1.1
FPGM 85.78 86.77 +0.99

architecture. Our selection of MobileNet v2 as the perfor-
mance evaluation model was based on its robustness to
various pruning methodologies compared with ResNet-8,
thus maintaining superior accuracy performance across
different pruning approaches. This robust performance
underlines the suitability of MobileNet v2 for our com-
parative analysis, aiming to showcase the efficiency of
compiler-based optimization compared with traditional
interpreter-based models in resource-constrained MCU
settings.
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TABLE 4 MobileNet v2 inference time on MCU (STM32H7471).

Inference time [ms] (speed-up)
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Sparsity TFLM Our method (without optimization) Our method

0.25 850 780 (1.09x) 703 (1.21x)

0.5 457 410 (1.11x) 373 (1.23x)

0.75 186 144 (1.29x) 134 (1.39x)

0.875 85 57 (1.49x) 55 (1.55x)
43.1 | Inference speed advancements are critical in greatly boosting inference

In this section, we explore the relationship between
model compression and inference acceleration.

The listings in Table 4 demonstrate the correlation
between the increased model sparsity and enhanced
inference speed, thus showcasing a marked improvement
compared with that achieved by TFLM. This improve-
ment is consistent across all performance evaluation tar-
gets, with our framework, both in optimized (“Our
method”) and non-optimized forms (“Our method with-
out optimization™), consistently outperforming TFLM.
Unpruned original models cannot be executed as they
exceed the maximum SRAM size of the MCU and require
runtime memory. However, models pruned to a sparsity
of 0.25 or higher are capable of performing inference at
rates >1 frames per second (FPS), and those pruned to a
sparsity of 0.875 can achieve up to approximately 18 FPS.
Additionally, this is particularly significant in our opti-
mized framework, which exhibits a speedup ranging
from approximately 1.21 times (at lower sparsity levels)
to values as high as 1.55 times (at the highest sparsity
level) compared with TFLM. This underscores the effec-
tiveness of our optimization strategies, especially when
dealing with higher levels of model compression.

Furthermore, the implementation of loop unrolling
and data caching, as detailed in Section 3.3, plays a piv-
otal role in enhancing these gains. This demonstrates the
compound effect of our comprehensive optimization
approach, which includes both the automated iterative
optimization phase and the automatic code generation
phase that effectively leverages hardware acceleration
features.

This enhancement highlights the success of our
framework in reducing the time required to reach infer-
ences, thus markedly outpacing TFLM and demonstrat-
ing the compound effect of our optimization techniques.
The automated iterative optimization phase refines the
model structure, and the automatic code generation
phase leverages hardware acceleration features, such
as SIMD operations, to generate highly efficient
inference code for the MCU platform. These strategic

speeds, thus showcasing the comprehensive design of
our framework that optimizes both the model and the
execution code for maximum performance on targeted
hardware.

432 | Memory scheduling
This section presents a detailed analysis of runtime mem-
ory usage for deep-learning models on MCUs.

Table 5 provides a comparative overview of the run-
time memory requirements in terms of SRAM and flash
memory when using our framework versus the TFLM.
The data show that our framework consistently achieves
a higher compression ratio, which directly translates to
lower memory usage on the MCU. For instance, at a
sparsity level of 0.25, our framework required only
221 kB of SRAM and 1325 kB of flash, which represent
respective reductions of 51% and 17% compared
with TFLM. This trend of reduced memory footprint
continues as the sparsity level increases, highlighting
the framework’s effectiveness in memory optimization
processes.

Furthermore, at higher sparsity levels, the benefits
become even more pronounced. At a sparsity level of
0.875, our framework necessitates only 38.5 kB of SRAM
and 182.2 kB of flash, underscoring impressive respective
decreases of 53% and 43% in memory usage compared
with those related to TFLM. These results not only show-
case our framework’s ability to minimize memory con-
sumption substantially but also its potential to enable
more complex models to run on MCUs with limited
memory resources.

The integration of this efficient memory management
into our framework ensures that it is well-suited
for various real-world applications where memory
constraints are a critical factor. By optimizing the
trade-off between runtime memory and model complex-
ity, our framework provides a path to realize the full
potential of MCUs in executing deep-learning tasks with
limited overhead.
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TABLE 5 Comparative analysis of MCU runtime memory for MobileNetV2-Cifar10 inference between TFLM and our method.

SRAM (kB) Flash (kB)
Sparsity Ours TFLM Compression ratio Ours TFLM Compression ratio
0.25 221.0 451 51% 1325.0 1591.3 17%
0.5 147.3 310 52% 623.8 845.0 26%
0.75 74.7 160 53% 182.2 320.0 43%
0.875 38.5 920 57% 58.7 154.9 62%

5 | CONCLUSION

In this study, we focused on optimizing deep-learning
models for MCUs, a rapidly growing field owing to the
proliferation of embedded devices. The heart of our work
involved the development and evaluation of advanced
optimization techniques tailored to neural networks
operating in resource-limited environments.

Key findings include the effective optimization of
architectures such as ResNet-8 and MobileNet v2, utiliz-
ing advanced pruning and quantization strategies. Nota-
bly, these techniques collectively yielded substantial
reductions in model size and enhancements in inference
speed that are essential for efficient MCU performance. A
prime example of this impact is observed in the applica-
tion of MobileNet v2. When compared with TFLM, our
optimizations for MobileNet v2 resulted in significant
improvements in speed and memory utilization, with
runtime memory usage in SRAM reduced by 51% to 57%
and flash memory savings ranging from 17% to 62%,
alongside a reduction in inference speed by approxi-
mately 1.55 times. These results demonstrate that our
optimization approach is highly effective in MCU envi-
ronments, enhancing both computational efficiency and
resource utilization.

The study’s outcomes show promising directions for
embedded AI, thus suggesting their potential for real-
world applications and increased usage efficiencies. Our
future goal will be the extension of this research to a
broader array of neural network architectures. This
expansion aims to validate our methods across various
scenarios and contribute meaningfully to the field of
deep-learning model optimization in embedded Al, par-
ticularly for MCUs. Additionally, acknowledging and
addressing the challenges faced during this research will
refine our approaches and strategies in future work.
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