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Motivation: Combining two emerging technologies

Internet of Things / Embedded Devices

- Abundance of IoT & embedded devices in 
everyday settings

- Gathering data with a wide variety of 
sensors about their physical environment
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Machine Learning 
on the Edge

Machine Learning

- State-of-the-art algorithms which achieve best 
classification results in a range of 
applications

- Automated & highly-accurate data 
classification



Achieving better results in new application fields

• Reduced latency 
• Elimination of communication need increases energy efficiency and 

increases the autonomy of devices.

• Local analysis preserves the privacy of personal data by design.

• -> Enables new application domains in the field of IoT. 
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Central Edge



The edge: Sometimes a rural disconnected but also private place
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Reduced Latency Autonomy Privacy



Compute requirements double every 4 months
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Goal: Gathering first-hand experience

• Possibility of on-device inference on resource-constrained devices
- What are the different software requirements?
- Can existing neural networks be deployed?

• Explore the optimization space
- Techniques and algorithms to enable an efficient deployment
- Evaluate those distinctly but also combined by the usage of metrics

• Enable it in an automated and accessible manner
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How can we enable Machine Learning on Embedded Systems?
What are the limiting deployment factors?

Make state-of-the-art ML models available on much broader set of mobile devices. 



Contributions

• Developed a lightweight and portable toolchain to quantify, optimize and analyze neural networks

• Through the combination of optimizations we enable the deployment and accelerate it significantly

• Deployed and evaluated two representative networks on three MCUs (ARM Cortex-M4 and –M7)

• We show that empirical investigations are indispensable and cost-effective
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Design: Evaluation must cover a broad set of metrics

• Metrics

1. Classification Accuracy [%]

2. Required Storage Space [Byte]

3. Inference Latency [ms]

4. Energy Consumption [J]

• Objectives

1. Scalability

2. Flexibility
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MCU analysis demonstrates current deployment opportunities

We focused on ARM Cortex-M Microcontroller Units (MCU)

• Why focus CPUs? 
- One reason: Availability (commercial off-the shelf (COTS))
- 11 % of the surveyed Android smartphones have a powerful GPU [19]
- Number for embedded devices, especially for MCUs, way lower

• Already available systems and even more upcoming ones can be targeted
- Bringing it now using over-the-air (OTA) device firmware upgrades (DFU)
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Toolchain Architecture: From Python models to running on an embedded 
system
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LeNet5 on MNIST: A minimal neural network (NN)
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[7]



ResNet-20 on CIFAR-10: A more complex NN for challenging tasks
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[4, 5]
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LeNet ResNet

parameters 81,194 274,442
trainable parameters 81,194 273,066

input dimension 32 ⇥ 32 ⇥ 1 ⇥ 1 32 ⇥ 32 ⇥ 3 ⇥ 1
input type float32 float32

output dimension 10 ⇥ 1 10 ⇥ 1
output type float32 float32

MACC operations 290,840 41,092,646

Table 5.2: ResNet features 3.4⇥ more parameters as the LeNet, and remarkably 141.3⇥
more MACC operations.

5.1.2 Model Architectures and Datasets

As previously outlined, we selected and trained two well known NN architectures on
two popular datasets:

• LeNet5 [81] on MNIST [83]

• ResNet20 [11] on CIFAR-10 [84]

The training parameters are presented in Appendix Table A.1. Additionally, data
augmentation and a learning rate schedule were used for training the ResNet, which
is also presented in Appendix Listing 1.

5.1.2.1 Model Complexity

The selected NNs significantly differ in their computational complexity. This is high-
lighted by comparing the parameters and amount of MACC operations of the two
models. While the number of parameters increase by 3.4⇥, the MACC operations
increase by 141.3⇥ (Table 5.2). The reason for this is the increased usage of convolu-
tional layers in ResNet. As discussed in Section 2.1.3, convolutional layers use fewer
parameters, but the relative amount of computation is increased. From an interfacing
perspective, the discussed models are similar regarding their input and output; while
the LeNet uses grayscale images from MNIST as an input, the ResNet is trained on
RGB images of the CIFAR-10 dataset.

5.1.2.2 Classification Accuracy

Before investigating the impact of optimizations and conversions on the NNs, we
investigate their accuracy. Both models achieve state-of-the-art accuracy, similar to
the results of the work which introduced those networks (Table 5.3) [11, 20].1

5.2 PRE-DEPLOYMENT EVALUATION

An evaluation prior to the deployment on the MCU can already give us insights into
essential metrics. This section covers the conversion and quantization process and

1When we refer to loss, it is the categorical cross-entropy loss of the TF implementation [105].

LeNet and ResNet: Computational complexity comparison
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*A multiply-accumulate (MACC) computes the product of two numbers and accumulates the result: 
a ← a + (b · c). 

*

3.4×

141.3×
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STM
NUCLEO-L496ZG [101]

STM
DISCO-F469NI [102]

STM
NUCLEO-F767ZI [103]

MCU STM32L496ZG STM32F469NIH6 STM32F767ZI
Architec-

ture
ARM 32-bit Cortex M4
CPU with FPU

ARM 32-bit Cortex M4
CPU with FPU

ARM 32-bit Cortex-M7
with DPFPU

CPU fre-
quency

80 MHz 180 MHz 216 MHz

RAM 320 KiB 384 KiB 512 KiB
Flash 1 MiB 2 MiB 2 MiB

Table 5.1: All MCU architectures are based on the ARM Cortex-M architecture.
Nonetheless, they vary in their computing capabilities in terms of CPU frequency,
available SRAM and Flash.

(a)
(b)

Figure 5.1: The RocketLogger interfaces with the L4 by using the GPIOs. An exposed
interface allows to measure the current and voltage of the MCU’s processor directly.

are included in the plot; “/” indicates that the configuration is either color-coded or
represented on the axis.

5.1.1 Microcontroller Units

For the selection of our MCUs, we focus on testing a diverse set of capabilities and
available commercial off-the-shelf (COTS) units. To do so, the development boards
STM NUCLEO L496ZG [101], DISCO-F496NI [102], and NUCLEO F767ZI [103] are
selected. Table 5.1 lists the details of these development boards and their respective
microcontroller and architecture. As outlined in the previous Chapter 4, we selected
the Cortex-M series because of their low power characteristics and popularity. Conse-
quently, the presented MCUs are cheap. The cheapest integrated circuit (IC) is already
available at 2.3 USD [104] and becomes significantly cheaper at production scale.

By using development boards, we can trace the GPIOs, which are used by the
benchmarking firmware for indicating the current inference status. Additionally, the
MCU’s supply voltage and current can be directly measured [101–103]. Figure 5.1
presents the setup of the RocketLogger interfacing with the L4 development board.
During the remainder of the thesis, we will refer to the development boards as L4, F4,
and F7.

Deployment targets: ARM-Cortex-M4 MCUs
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L4 F7F4

[13, 14, 15]

ultra-low power MCU
performant MCU with more 
powerful architecture



Available and evaluated optimizations

Quantization
• Mapping a set of 

values to a smaller set 
of values
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cmsis-nn
• Software library for 

Cortex-M processors

• Accelerates the 
underlying 
computation for neural 
networks

• Only fixed point (as 
FPU independent)

FPU
• Accelerates floating 

point computation

• Floating Point Units 
are only available on 
some MCUs

Compiler optimization
• -Ofast increases 

speed at all costs
• -Os for a compromise 

out of speed and code 
size

float32

int8

FPU



Quantization reduces the memory footprint by up to 73%
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int8

Weights
int8
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Figure 5.2: The mixed and full quantization results in a 73 % reduction of the memory
footprint for the LeNet. (float32 refers to the unoptimized, float32;int8 to the
mixed and int8 to the fully quantized model.) (LeNet).

5.2.3.1 LeNet

The model size can be decreased by up to 73 % while only losing 0.05 % in accuracy.
This is expected, as we quantize the weights from float32 to int8. Instead of using
32 bit, we use 8 bit, a quarter, to store the weights. Only a minimal difference between
the full and mixed quantized model is observed, as the model only stores the weights,
which make up the majority of the model memory footprint. For both quantizations,
the weights are quantized to int8 (Figure 5.2).

5.2.3.2 ResNet

Identical to the LeNet, we achieve a relative reduction of the model memory footprint
by 72 % for the ResNet. Without quantizing the model, it has a size above 1 MiB which
makes it unsuitable for the deployment on the L4 because the Flash is limited to 1 MiB
(Figure 5.3).

5.2.4 Summary Quantization

The effects of the quantization can already be evaluated on the host. To summarize,
we achieve a reduction of the memory footprint of the models by maximal 73 % while
only losing 0.18 % of accuracy in the worst case. Consequently, when the loss in
accuracy is tolerable, quantizations can reduce the memory footprint significantly.
However, as discussed, this has to be empirically investigated by quantization of
the network and verifying the new accuracy. The effects of the inference latency and
energy efficiency will be discussed in the next Section 5.3.

73% reduction



Without quantization, the ResNet does not fit on the L4
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Figure 5.3: Quantizing the weights of the ResNet from float32 to int8 results in a
72 % reduction of the memory footprint. Without quantization, a deployment on the
L4 would not be possible. (ResNet).

5.2.5 Compiler Optimization

Another effect one can evaluate before we investigate the results of the actual de-
ployment is the effect of compiler optimizations in regards to the size of the binary3.
Figures 5.4 and 5.5 present the size of the compiled binaries using the compiler op-
timizations -Os and -Ofast. Using -Os results in a smaller binary size across both
model types. This is expected as -Os is a compiler optimization that optimizes for
size, while -Ofast optimizes for speed, at the cost of code size [106]. For both mod-
els, across both types of quantizations, the usage of compiler optimizations does not
shrink the models’ size. Compiler optimizations only reduce the size of the program,
not the data. The program includes the whole framework: TFLu and used mbed-os
libraries. A reduction of 115 KiB is achieved by using the -Os optimization. For the
LeNet, this is a relatively bigger improvement than for the ResNet due to its smaller
model size. Consequently, compiler optimizations, at least in regards to the binary
size, get less valuable if the model’s memory footprint makes up the majority of the
binary.

Needless to say, compiler optimizations also affect the inference latency and en-
ergy efficiency, which we will present in Section 5.3.2.3.

3Binary refers to the compiled executable, which will be flashed on the MCU.

Flash size of L4



Quantization has minimal effect on accuracy

18

(float32)
(float32;int8)

(int8)

(float32)
(float32;int8)

(int8)
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Accuracy Accuracy � Loss

unoptimized 98.79% 0.00% 0.041262
mixed quantization 98.77% – 0.02% 0.041296

full quantization 98.74% – 0.05% 0.047195

Table 5.5: The quantization process for the LeNet only results in a minimal loss of
accuracy.

Accuracy Accuracy � Loss

unoptimized 91.85% 0.00% 0.31073
mixed quantization 91.67% – 0.18% 0.31606

full quantization 91.79% – 0.06% 0.40206

Table 5.6: Surprisingly, for the ResNet, the fully quantized model achieves a greater
accuracy than the mixed quantized model. However, this is most likely a random
effect that one has to observe empirically.

quantized classifies 2 additional images wrongly (increase by 1.7 %), and the fully
quantized 5 additional images (increase by 4.1 %). We see similar results for the
categorical cross-entropy loss – it is increased for the quantized models (Table 5.5).

5.2.2.2 ResNet

Overall, we observe equivalent results for the ResNet – quantizations leads to a de-
crease in the accuracy. However, the mixed quantization diminishes performance by
0.18 %, whereas the full quantized model only affects accuracy by 0.06 %. The fact
that the fully quantized model has a smaller decrease in accuracy than the mixed
model is an unusual observation but not unlikely. In this case, the quantization of
the weights leads – due to randomly distributed effects on the NN – in an increase
in accuracy. Despite that, we see the expected increased loss for the fully quantized
model (Table 5.6).

For both models, the quantization process only brings a minimal accuracy loss.
Nonetheless, this does not necessarily have to be the case for every NN. The effects
strongly depend on the type of quantization and the architecture. If the trained NN
requires a wide dynamic range for weights, biases, or activations, quantization can
result in a significant accuracy decrease. However, empirical investigations have
shown that this is usually not the case (discussed in Section 2.5.1). For our models,
a dynamic range from �127 to 126, so a total of 28 bit = 256 bins, is sufficient.

5.2.3 Quantization Effect on the Memory Footprint

Despite the adverse effects on the accuracy, one of the reasons for quantization is the
resulting reduced memory footprint of the NN.
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resulting reduced memory footprint of the NN.

LeNet
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cmsis-
nn

TFL Ac-
curacy

TFLu
Accu-
racy

Accuracy � TFL Loss TFLu Loss

unoptimized 7 98.79% 98.79% 0.00% 0.04126 0.04126
3 98.79% 98.79% 0.00% 0.04126 0.04126

mixed
quantization

7 98.77% 10.03% –88.74% 0.04130 2.38636
3 98.77% 10.03% –88.74% 0.04130 2.38636

full
quantization

7 98.74% 98.74% 0.00% 0.04719 0.04719
3 98.74% 98.76% 0.02% 0.04719 0.04717

Table 5.7: The unoptimized and full quantized model perform as expected and achieve
the same accuracy. This was already evaluated before by using the TFL interpreter.
However, the mixed model is not supported by TFLu and therefore achieves the same
accuracy as a random computation. (M: LeNet — MCU: L4 — Q: / — CO: ? — cmsis-nn:
/ — FPU: ?).
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Figure 5.6: The fully quantized model has a minimal increased inference latency
compared to the unoptimized if the FPU is enabled. As the L4, and all other MCUs
hold an FPU, the processing of floating point operations is accelerated. (M: LeNet —
MCU: L4 — Q: / — CO: -Ofast — cmsis-nn: 7— FPU: 3).

5.3.2.1 Quantization

We observe no acceleration for the fully quantized model during the deployment. In
contrast, it has a minimal slower latency than the unoptimized model (Figure 5.6).

However, all of the evaluated MCUs hold an FPU, which can significantly acceler-
ate the floating point computation. Using compiler flags, one can enable and disable
the FPU. This is crucial to investigate, as all of our tested architecture do have an FPU.

On-device verification is indispensable due to optimization’s effects
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(float32)

(float32;int8)

(int8)

*A software library to maximize the performance of neural networks on Cortex-M processor cores.

*



The unoptimized model performs slightly better …
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(M: LeNet — MCU: L4 — Q: / — CO: -Ofast — cmsis-nn: ✗ — FPU: ✓) 
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Figure 5.6: The fully quantized model has a minimal increased inference latency
compared to the unoptimized if the FPU is enabled. As the L4, and all other MCUs
hold an FPU, the processing of floating point operations is accelerated. (M: LeNet —
MCU: L4 — Q: / — CO: -Ofast — cmsis-nn: 7— FPU: 3).

5.3.2.1 Quantization

We observe no acceleration for the fully quantized model during the deployment. In
contrast, it has a minimal slower latency than the unoptimized model (Figure 5.6).

However, all of the evaluated MCUs hold an FPU, which can significantly acceler-
ate the floating point computation. Using compiler flags, one can enable and disable
the FPU. This is crucial to investigate, as all of our tested architecture do have an FPU.

10ms



… but only when an FPU is available
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(M: LeNet — MCU: L4 — Q: / — CO: -Ofast — cmsis-nn: ✗ — FPU: /) 

FPU off
FPU on

3.6×



The combination of quantization and cmsis-nn is superior 
– independent of the availability of an FPU
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(M: LeNet — MCU: L4 — Q: / — CO: -Ofast — cmsis-nn: / — FPU: ✓) 

none

cmsis-nn

3.3× speedup
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LeNet ResNet

cmsis-nn Latency [ms] none cmsis�nn
cmsis�nn Latency [ms] none cmsis�nn

cmsis�nn

L4 7 120.7
3.3⇥ 12088.46

5.5⇥
3 36.4 2217.0

F4 7 65.6
4.1⇥ 6506.3

6.6⇥
3 16.1 984.3

F7 7 17.9
2.2⇥ 1119.8

2.5⇥
3 8.1 449.30

Table 5.8: cmsis-nn results in different speedups across the MCUs and models.
Deeper networks benefit more significantly from cmsis-nn and the F7 gains the least.
(M: / — MCU: / — Q: int8 — CO: -Ofast — cmsis-nn: / — FPU: 3).

Worst Performing Model Best Performing Model

Quant. FPU Compiler cmsis-nn Quant. FPU Compiler cmsis-nn

none 7 -Os 7 fully 3 -Ofast 3

MCU Latency [ms] Latency[ms] speedup

LeNet
L4 470.54 36.39 12.9⇥
F4 227.60 16.11 14.1⇥
F7 126.42 8.05 15.7⇥

ResNet
L4 — 2217.01 —
F4 28817.51 984.32 29.3⇥
F7 15565.85 449.30 34.6⇥

Table 5.9: Across all models and MCUs, the fastest and slowest model is the same. For
smaller architectures like the LeNet, we observe a speedup that is half as big compared
to the ResNet. Consequently, optimizations have a substantial effect in general and a
stronger one on more complex architectures.

the MCUs. On the other hand, for the ResNet, we achieve a speedup from 29⇥ to
34.6⇥. The exact reasons for the increased speedup can only be hypothesized. This
could be due to the ResNet’s increased depth, which reduces the influence of model
initialization. Additionally, the layer composition might play a significant role, as the
ResNet mainly consists of successive convolutional layers that benefit significantly
from the acceleration.

On the whole, we learn that the usage of various optimizations can greatly accel-
erate inference from up to 12.9⇥ to 34⇥ while also decreasing the memory footprint
by approximately 70 %. We therefore strongly recommend the increased effort of
optimizing before and during the deployment.

5.3.3 Energy Efficiency

This section presents the evaluation of the energy measurements. As before, we will
evaluate the effects of optimizations on the energy efficiency, and thereafter, compare
the energy efficiency of the MCUs. All energy evaluations are conducted with the

More powerful MCUs & deeper networks show an increased acceleration
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Energy-efficiency: Latency is a perfect proxy
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(M: * — MCU: / — Q: * — CO: -Ofast — cmsis-nn: * — FPU: ✓) 



The selection of the MCU depends on the requirements
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0.02 0.04 0.06 0.08 0.10 0.12
Inference Latency [s]

2

4

6

8

10

12

14

In
fe

re
nc

e 
En

er
gy

 C
on

su
m

pt
io

n 
[m

J]

Pareto Frontier
MCU
L4
F4
F7



0 100 200 300 400 500 600 700

Latency of the Layer [ms]

0_QUANTIZE

1_CONV_2D

2_CONV_2D

3_CONV_2D

4_ADD

14_ADD

15_CONV_2D

16_CONV_2D

27_ADD

28_CONV_2D

29_CONV_2D

30_ADD

31_AVERAGE_POOL_2D

32_RESHAPE

34_SOFTMAX

35_DEQUANTIZE

Se
le

ct
ed

 L
ay

er
s

none
cmsis-nn

Layer-Granularity: Optimizations affect layers differently
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Also per-layer, latency and energy consumption have a linear relation
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ML on the edge saves energy if no local network is available
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Findings

• A lightweight and portable toolchain allows us to systematically quantify, optimize and analyze NNs 

(at layer granularity)

• By using a combination of quantization and software acceleration library we achieved:

- 73% reduction in NN memory footprint

- 34× speedup of inference latency

- 34× increase in lifetime

• Combined optimizations’ effect is non-uniform and therefore hard to predict

• Choice of MCU: it is a trade-off between energy consumption and inference latency
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Conclusions

• State-of-the-art NNs can be deployed on resource-constrained devices

- Usage of combined optimizations 

• Empirical investigations are indispensable and cost-effective

• Upcoming hardware trends will decrease the latency and energy consumption further [1, 3]

- However, already now available CPUs are a worthwhile target 
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Quantization has an influence on the acceleration between MCUs
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(M: LeNet — MCU: / — Q: / — CO: -Ofast — cmsis-nn: ✓ — FPU: ✓) 



The F7 requires less energy than the F4
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(M: LeNet — MCU: / — Q: / — CO: -Ofast — cmsis-nn: ✓ — FPU: ✓) 



Pruning: theoretically promising, however not exploited yet
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MCU’s energy and latency scale differently
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(M: / — MCU: / — Q: int8 — CO: -Ofast — cmsis-nn: ✓ — FPU: ✓) 



NN metrics lose their predictive value when optimizations are used
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MCU ResNet
LeNet Ratio Best latency [ms] Worst latency [ms]

# Params. MACC Ops. LeNet ResNet ResNet
LeNet LeNet ResNet ResNet

LeNet

L4
3.4⇥ 141.3⇥

36.3 2217.0 60.9⇥ 470.5 — —
F4 16.1 984.3 61.1⇥ 227.6 28817.5 126.6⇥
F7 8.0 449.3 55.8⇥ 126.4 15565.9 123.1⇥

Table 5.11: The relative difference in the number of MACC operations has limited
predictive quality regarding the inference latency when optimizations are used.

5.4.1 LeNet Versus ResNet

The number of parameters is the indicator for the model memory footprint. Therefore,
we see that the ResNet is exactly 3.4⇥ bigger in size than the LeNet (see Section 5.2.3).
However, the number of parameters is not a good indicator of the computational
complexity of a model, as discussed in Chapter 2.

The ResNet has 141⇥ more MACC operations than the LeNet. A similar relative
difference is observed for the worst performing model regarding the latency where
the ratio ranges from 123⇥ to 126⇥. If we include optimizations, the best performing
models only demonstrate a relative difference from 55⇥ to 61⇥ (Table 5.11). We learn
that MACC operations lose their predictive power when optimizations are used. A
discussion and its implication can be found in the following chapter in Section 6.1.2.

5.4.2 Layer Complexity Analysis

A similar analysis can investigate the relationship between the metrics with layer
granularity. This analysis brings valuable lessons for the architecture design of NNs.

The number of layer parameters (weights and biases) does neither hold predictive
value for the energy consumption nor inference time. The dense layers make up
the majority of the parameters (more than 90 %), while the total amount of MACC
operations is less than 30 %. It is noteworthy that the relative inference and energy
consumption for the dense layers – with a total of 13 % – is significantly smaller than
both of these previous metrics would suggest (Figure 5.17). Hence, we learn that
dense layers come at the costs of an increased memory footprint due to the number of
parameters. However, their inference latency and energy consumption are dispropor-
tional to the relative number of MACC operations, highlighting their computational
efficiency or memory inefficiency.

Convolutional layers make up the majority of the MACC operations (⇡ 72 %) and
of the inference time/energy consumption (⇡ 87 %) (Figure 5.17). For the fully quan-
tized model with cmsis-nn (Figure 5.17a), we observe that the first convolutional
layer (00_Conv2D) shows a higher latency than the second (02_Conv2D). However,
the first convolutional layer only contains a third of the MACC operations of the entire
model, while the second makes up more than half of the MACC operations. We do not
observe the same relation for the unoptimized or quantized model without cmsis-
nn (Figure 5.17b). This highlights that optimizations decrease the predictive value of
MACC operations and do not affect layers of the same type uniformly. We will discuss
this observation more detailed in Chapter 6.



cmsis-nn accelerates layers non-uniformly – also same types
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Neither #parameters nor MACC ops have a strong predictive value
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Outlook: dedicated hardware accelerators will enable more efficient and 
faster inference 

• Increased interest in hardware accelerators for 

embedded systems

- Google Coral, Intel Movidius

• ARM’s upcoming Cortex-M55

- microNPU

• Dedicated processor on SoC has been a trend for 

years on smartphones

- Qualcomm Snapdragon SoC

- Apple’s Neural Engine on their SoC

• -> similar trend for embedded systems expected
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ARM’s upcoming Cortex-M55 + Ethos-U55
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