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Model Optimization in Deep Learning Based Robot
Control for Autonomous Driving

Sergio Paniego

Abstract—Deep learning (DL) has been successfully used in
robotics for perception tasks and end-to-end robot control. In the
context of autonomous driving, this work explores and compares
a variety of alternatives for model optimization to solve the visual
lane-follow application in urban scenarios with an imitation learn-
ing approach. The optimization techniques include quantization,
pruning, fine-tuning (retraining), and clustering, covering all the
options available at the most common DL frameworks. TensorRT
optimization for specific cutting-edge hardware devices has been
also explored. For the comparison, offline metrics such as mean
squared error and inference time are used. In addition, the op-
timized models have been evaluated in an online fashion using
the autonomous driving state-of-the-art simulator CARLA and an
assessment tool called Behavior Metrics, which provides holistic
quantitative fine-grain data about robot performance. Typically
the performance of robot applications depends both on the quality
of the control decisions and also on their frequency. The studied op-
timized models significantly increase inference frequency without
losing decision quality. The impact of each optimization alone has
also been measured. This speed-up allows us to successfully run DL
robot-control applications even in limited computing hardware. All
the work presented here is open-source, including models, weights,
assessment tool, and dataset, for easy replication and extension.

Index Terms—Imitation learning, machine learning for robot
control, sensorimotor learning.

1. INTRODUCTION

HE autonomous driving field has received an enormous
T amount of attention in recent years. This trend has been
followed in both academia and industry, especially since some
autonomous driving solutions are starting to be deployed in
real-world environments. The autonomy of a vehicle is usually
divided into 5 levels, according to the SAE J3016 Standard [1].
The levels range from no automation in level O to full autonomy
in level 5. The current level of development has generated
solutions that are qualified as level 4 autonomy level. There
is still a need for development in both research and industry
to generate level 5 solutions, where the real benefits would be
higher [2].
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The advancement in the field in recent years is partly thanks
to the progress in deep learning, especially the evolution of
graphical computation units (GPU), the algorithm advance-
ments, the availability of high-quality annotated datasets [3],
and the emergence of high-fidelity autonomous driving sim-
ulators, like CARLA [4] or TORCS [5]. This evolution has
also been endorsed by the emergence of autonomous driving
and robotics competitions, including AWS DeepRacer [6] and
DuckieTown [7].

A prevalent grouping of autonomous driving solutions divides
them into end-to-end and modular. The end-to-end solutions [8],
[9], [10], [11], [12], [13] directly generate outputs from an input
in a one-way direction, with only one module. Alternately, the
modular approaches [14] connect several modules that commu-
nicate with each other and that generate the final commands from
the input involving several computational steps. This division
can also be seen in the number of tasks that the driving procedure
involves, ranging from localization or control to perception or
planning [15].

Recent autonomous driving progress involves diverse sensors
and actuators, especially in vision solutions, utilizing computer
vision algorithms to interpret images for vehicle control. While
initial vision-based autonomous driving solutions were lim-
ited [16], recent strides indicate significant advancements [17].
NVIDIA’s PilotNet [8] notably introduced a deep learning so-
lution using a convolutional neural network (CNN) for feature
extraction and control command translation from visual data.

The vision-based solutions are usually generated using DL
models, which are high-demanding computational solutions.
An important component with them is the available computing
hardware as the performance of robot applications depends not
only on the quality of the control decisions but also on their
frequency, the higher the better. Some autonomous vehicles or
robots are equipped with high-performance hardware, others are
not. Updating to faster-computing hardware is beneficial but it
is not always a real option. A possible solution is to optimize
the DL model with different techniques [18].

There are an extensive number of optimization techniques,
including quantization of the computations [19], [20], prun-
ing of some parts of the model [21], fine-tuning (retrain-
ing) with optimization aware techniques, or clustering some
components. Common DL frameworks like PyTorch [22] and
TensorFlow [23], [24] incorporate these techniques. Some opti-
mizations are hardware-specific and require specialized hard-
ware, such as TensoRT for Nvidia GPUs [25]. These tech-
niques are usually combined in the development of an optimized
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Fig. 1. End-to-end autonomous driving pipeline using Behavior Metrics soft-

ware and a robot controller based on a DL model that drives the vehicle based
on its sensory data.

efficient DL. model, always considering the trade-off between the
optimization percentage and quality of the model outputs.

Regarding the assessment of the models, the offfine evalu-
ation compares the model outputs to the supervised data, for
instance, the control outputs generated by an expert agent. The
more similar the better. While these offline metrics are useful
in image classification or object detection tasks, they could
be not enough for evaluating a solution for end-to-end robot
control. A model with good offline metrics may perform poorly
when driving an autonomous vehicle, as more conditions are
involved in successful driving, such as robustness and inference
frequency. That is why we also conducted online evaluation
of the models, measuring the performance of the whole robot
behavior in simulation, with conditions closer to the real-world
environment, when the driving decisions are made by the DL
model.

For training the DL models, the autonomous driving field
already presents varied curated datasets for different tasks, in-
cluding nuScenes [26] or BDD100K [27] for visual perception,
nuPlan [28] for planning or comma Al [29] for lane-following
(lane-keeping) in a real-world scenario.

In this letter, we introduce and discuss several common model
optimization techniques for end-to-end autonomous driving
control, in particular for the visual lane-follow application. We
apply and compare them to a baseline model to understand how
the optimizations impact the system performance and efficiency
using an imitation learning approach [30]. We generate a new
supervised dataset from expert data because the already available
ones are not directly suitable for the lane-follow application.
Some studies have already addressed similar questions [31] but
they do not consider DL models as possible controllers, which
is our focus and part of the innovation. Our study includes two
well-known deep learning frameworks (Tensorflow-Keras and
PyTorch) with their optimizations toolkits (TensorFlow Model
Optimization Toolkit [24]) and the optimizations provided by
NVIDIA’s TensorRT framework [25] for this particular hard-
ware. The research hypothesis is that by including optimization
techniques, configuring and adapting them accordingly to the
DL model and the problem setup, we can obtain similar quality
levels of autonomous driving with smaller and faster models as
compared to the baseline model. We leave outside this study
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the finding of the best expert agent (we use a good-enough
one) for driving and the comparison between classic and neural
control, since the focus is on the implications of the DL model
optimizations alone. We provide a series of experiments that
validate this hypothesis, including both offline and online model
comparisons in test scenarios using the state-of-the-art CARLA
simulator for autonomous driving. The online experimental
validation is conducted using Behavior Metrics (see Fig. 1),
a software tool for the evaluation of end-to-end solutions for
autonomous driving that includes additional evaluation metrics.
We provide all models, architectures, modified software and
datasets as open-source.

II. OPTIMIZING END-TO-END IMITATION LEARNING MODELS
FOR LANE-FOLLOW ROBOT CONTROL

This section outlines the baseline deep learning model for
lane-follow robot control using imitation learning. It incorpo-
rates state-of-the-art optimization techniques prevalent in DL
model development and details the training process.

A. Baseline Architecture

The baseline DL architecture is based on PilotNet end-to-end
model [8], replicating the architecture provided in the letter in
both Tensorflow and PyTorch frameworks. The only difference
in our baseline model, named PilotNet*, is that it provides
three control commands as outputs. Instead of only generating
steering commands, as in the original work, PilotNet* generates
throttle, steering, and brake. Our architecture modifies the base-
line one only on the final part of the former model. In Fig. 2, a
detailed diagram of the modified architecture is provided.

The perception data used as input to the DL model is the bird-
eye view of the vehicle in the scenario (see Fig. 2 for an example).
This bird-eye view simplifies the perception task that the model
has to conduct. Instead of having the immense entropy of a front-
camera image, from which the model has to extract relevant
features, the bird-eye view is a segmented image that includes
only the pertinent classes for this particular problem (vehicles,
pavement, road lanes...), reducing the complexity. Even though
the perception task is simplified, the results and conclusions
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presented here are general, and applicable for more complex
perception setups (frontal camera vision) following the same
ideas. They are simplified only for the sake of the focus on
model optimization.

B. Dataset and Training

Following the imitation learning approach, the dataset used
for training the DL model is extracted from CARLA where an
expert agent drives a car traveling through the scenario (Town
01) keeping the lane. At the same time, the control decisions and
the bird-eye images are recorded. The raw dataset is unbalanced
since the majority of cases involved in autonomous driving are
usually driving straight forward and the amount of other cases,
such as turn situations, remains small. To reduce this bias, some
techniques are already common, such as DAgger [32]. In this
case, we record turns more times to oversample the dataset with
such cases. In addition, we also use common machine learn-
ing training techniques like shuffling, normalization, and data
augmentation (modifications of brightness, contrast, gamma
channel, hue saturation, PCA color augmentation, gaussian
blur, and horizontal affine transformations). Horizontal affine
transformation is really important for this particular problem.
For this transformation, the input visual data is displaced some
points horizontally, generating more examples that could be
found online by the vehicle. Considering this transformation,
the output is also altered accordingly.

C. Deep Learning Optimization Techniques

Several optimizations are applied to this PilotNet* baseline
model, which was implemented and trained in two of the most
common DL frameworks, PyTorch and Tensorflow (TF). The
optimizations used in this work are implemented using the
framework support in which the model architecture is created. In
this case, PyTorch and TensorFlow model optimization toolkits
(TF Lite). In addition, the TensorRT framework for model opti-
mization provided by NVIDIA was also used, since the available
GPU for the experimental validation was from this company and
those optimizations apply only to these architectures.

The optimization techniques used are (for a detailed diagram
of some of them see Fig. 3):

® Quantization: Approximation of neural network inner val-

ues that use floating-point numbers to low bit width num-
bers. This optimization usually changes the floating-point
numbers to float16 or even int8 precision.

® Pruning: Technique based on removing unnecessary con-

nections or parameters of the DL architecture for reducing
the size of a neural network.

® Fine-tuning (retraining): Some techniques also involve a

few fine-tuning steps for generating the optimized model.
This process of fine-tuning is combined with the rest of the
optimizations to generate more precise final results.

® (Clustering: Group similar weights in a neural network.

Similar to pruning but in this case the weights are combined
and represented with a single centroid value.

All these techniques improve the model efficiency, accelerat-
ing computations and reducing the model size. A reduction in
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model size can be critical in computation systems with sharp
memory constraints. The acceleration of computations is also
critical for systems with low computational capacity. From these
base techniques, each DL framework has support for some of
them and their combinations, as detailed in Table I. Applying
each optimization requires tuning for the particular problem and
model.

III. ASSESSMENT OF OPTIMIZED END-TO-END ROBOT
CONTROL MODELS

In this section, we present the assessment software tool,
named Behavior Metrics, and the framework used for experi-
mental evaluation of the optimized deep learning models, includ-
ing CARLA simulator and the custom evaluation metrics created
and used. In a DL research project, there are some common
offline metrics for evaluating the performance of the generated
model, such as mean squared error (MSE) and the inference
time. These standard metrics are usually not enough when
evaluating the performance of a robot controller since there are
more variables involved and needed to understand the model’s
execution. A model with good MSE metrics may perform poorly
in a robot control task such as autonomous driving for visual
lane-follow. An end-to-end model that generates satisfactory
control decisions but at a low pace could lead to dangerous
situations in a real-world scenario, where the vehicle may be
at high speeds, making it useless for real application.

We introduce a software tool, named Behavior Metrics [33],
for the experimental assessment of end-to-end model perfor-
mance of robotic applications (see Fig. 1). It is built on top
of an autonomous driving simulator, CARLA, for running
experiments comparing different robot controllers that drive
the vehicles, inspired by other research projects [34]. It uses
ROS [35] for communicating with the simulator. It supports
all the characteristics provided by CARLA and supports other
virtual sensors, like the bird-eye view. The robot controller is
the master brain of the robot or vehicle, which receives the
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TABLE I
SUMMARY OF OPTIMIZATION CONFIGURATIONS AND THEIR SUPPORTED
TECHNIQUES, INCLUDING THE DEVELOPMENT FRAMEWORK

\ Optimization type \ Framework Quantization Pruning  Fine-tuning  Clustering \
Tensorflow
Baseline
(No optimizations) Tensorflow X X X X
TensorFlow Model Optimi: Toolkit (TF Lite)
Bascline in TI Lite TF Lite x x x x
(No )
Oynariic Range TF Lite In8+Float16 X X X
Integer Q i TF Lite Int8 X X X
megc_r (@oat fallback) TF Lite Int§+Floatl6 x x x
Floatl6 Q TF Lite Float16 X X X
Quantization Aware TF Lite Ini8 x v x
Training
(Ranflom sparse) Weight TF Lite x v % %
pruning
(Random sparse) Weight TF Lite Int8 v X X
pruning
Cluster preserving TF Lite Int8 X v v
aware
Pruning preserving TF Lite Int8 v v X
aware
Sparsity and cluster
preserving quantization TF Lite Int8 v v v
aware training (PCQAT)
TensorFlow TensorRT
g“‘“’.‘ RT) Float32 TF TensorRT Float32 X v X
ge"s".r RT) Float16 TF TensorRT Floatl6 X v x
genso‘r R'l:) Int§ TF TensorRT Int8 X v X
PyTorch
Baseline
(No ey PyTorch X X X X
PyTorch Model Optimi: Toolkit
R”"“".“c Range PyTorch Int8+Float16 X X X
Static Q PyTorch Int8 X X X
Quantization Aware PyTorch Inis X v x
raining
Local Prune PyTorch X 4 4 X
Global Prune PyTorch X [4 [4 X
Prune+Qi i PyTorch Int8 [4 4 X
PyTorch TensorRT
ge“s".' RT) Float32 PyTorch TensorRT Float32 X X
{TensorKT) Float16 PyTorch TensorRT ~ Float16 X v X
(Tcnsof RT) Int§ PyTorch TensorRT Int8 X (4 X
Quantization

v: Supported. x: Unsupported

input data, performs some computations, and generates the final
control commands that are sent to the vehicle actuators (throttle,
steer, and brake) on an end-to-end basis. The robot controller
can house a DL model, reinforcement learning policy [12], or
explicitly programmed approach. Behavior Metrics conducts
batch experiments, facilitating easy performance measurement
across various models in different settings.

The CARLA Autonomous Driving Leaderboard ! is a com-
mon evaluation framework used by the community for research
purposes. Our work is inspired by CARLA’s evaluation metrics
and procedures, but as they do not fit our objectives completely,
we have extended Behavior Metrics to generate additional eval-
uation metrics for a full understanding of the performance. They
both provide an online and deeper evaluation of model perfor-
mance when driving a car in the visual lane-follow application.

CARLA’s metrics like collisions and lane invasions are taken
into account. In addition, these four additional metrics, specifi-
cally developed for this project and added to Behavior Metrics,
are also considered. They are the following, and are contributions
of this letter:

e Controller frequency: Iterations completed by the con-

troller in one second. Measured in Hz.

Thttps://leaderboard.carla.org/
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® GPU inferences frequency: Inference iterations completed
by the GPU in generating control commands from the input
visual data. Measured in Hz.

® Position deviation mean per km: Positional deviation from
the middle of the lane during experimental validation per
kilometer.

® Successful runs: Combination of some already included
metrics and the most informative metric. We consider a
run as successful when it ends without collisions and lane
invasions while the average speed is close (5 km/h) to the
expert agent (25 km/h) and the position deviation is close
to 0 (<1.5 m).

IV. EXPERIMENTS

This section presents the experiments conducted for the eval-
uation of the differences between non-optimized and optimized
DL models. The baseline model, PilotNet*, has been imple-
mented in two of the most popular deep learning frameworks,
Tensorflow and PyTorch, to also understand their differences.
With these two models, we applied a series of framework-level
optimizations and their combinations, tuning each of them ap-
propriately to gain insight into each optimization’s advantages.
In addition, hardware-level optimizations were also explored
using the NVIDIA TensorRT framework that enhances model
performance for NVIDIA GPUs. We do not include a compari-
son with prior baseline methods since to the best of our knowl-
edge this is the first work that compares different optimization
techniques for end-to-end control in autonomous driving based
on visual perception.

The hardware used for this experimental validation includes
2 NVIDIA GeForce RTX 3090 GPUs. All the presented experi-
ments are easily reproducible, with all the components released
open-source [36], including the models’ weights, architectures
and dataset, software comparison tool, and simulator. Since the
optimizations are state-of-the-art and build the enhancements on
some precise components of the models, the results may vary
depending on how modern and powerful the test hardware is,
but the ideas described here are general and applicable to any
type of hardware and software setup.

Experiments were conducted to gauge the impact of optimized
models in robot control and assess how control decision quality
and frequency influence vehicle behavior. Various optimizations
were compared individually to determine their significance in
performance. The experiments focused on visual lane-following
in urban scenarios without traffic or obstacles, emphasizing
model optimization importance. For clarity, only one CARLA
scenario with random starting positions was used although the
results are applicable to similar DL end-to-end control tasks.

A. Model Performance Offline Evaluation Table

Offline evaluation of the models gives a general idea of how
the model performs. In Table II, we present the offline evaluation
results for each of the optimized models. This evaluation is
conducted using batches of 64 images. During online testing,
for each inference, only one image is used as input. Considering
the use of a GPU for inference, the maximum gain in inference
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TABLE II
OFFLINE EVALUATION OF BASELINE MODELS AND THEIR OPTIMIZED
'VERSIONS

GPU inferences

Optimization type Model size (MB) MSE test frequency (Hz)
Tensorflow
Baseline (No optimizations) I 18.35 0.015 22.38
TensorFlow Model Optimization Toolkit (TF Lite)
Bascline in TF Lite 6.09 0.01590 610.91
(No optimizations)
Dynamic Range Quantization 1.54 0.01593 764.11
Integer Quantization 1.54 0.01591 1104.86
Integer (float fallback) 1.54 0.01588 1216.82
Quantization
Floatl6 Quantization 3.05 0.015902 614.68
Quantization Aware Training 1.54 0.01317 1181.89
(Random sparse) Weight 6.09 0.00919 609.92
pruning
(Random sparse) Weight 1.53 0.00911 755.86
pruning quantization
Cluster preserving 1.54 0.01202 1195.73
quantization aware
Pruning preserving 1.54 0.00932 1179.22
quantization aware
Sparsity and cluster
preserving quantization 1.54 0.00859 1182.76
aware training (PCQAT)
TensorFlow TensorRT
(TensorRT) Float32 Quantization 6.29 0.01079 2579.90
(TensorRT) Floatl6 Quantization 6.29 0.01079 2368.63
(TensorRT) Int8 Quantization 6.35 0.04791 2954.75
PyTorch
Baseline (No optimizations) ‘ 6.09 0.00435 229.83
PyTorch Model Optimization Toolkit
Dynamic Range Quantization 1.94 0.01206 675.54
Static Quantization 1.61 0.01207 1367.17
Quantization Aware Training 1.61 0.01109 853.94
Local Prune 6.12 0.01085 695.05
Global Prune 6.12 0.01096 705.23
Prune+Quantization 1.61 0.01094 852.60
PyTorch TensorRT
(TensorRT) Float32 Quantization 6.12 0.00957 4377.41
(TensorRT) Floatl6 Quantization 6.12 0.00957 3986.85
(TensorRT) Int8 Quantization 6.18 0.00969 4058.54

time is expected to be achieved with batches of several images
instead of only using one image for each timestamp because of
the parallelism of the GPUs.

In general, the model size is reduced when optimizing (com-
pressed). The explanation for this fact is that the optimizations
reduce the complexity of the model, hence reducing the space
that it needs for storage. The optimization that causes the most
reduction is found for the models using int8 quantization (see
Table I for details), due to the lower precision of the numbers
in the network, they need less memory space. For each op-
timization, we fine-tune its parameters to their utmost limits,
carefully balancing them on the threshold just before anoticeable
decline in quality occurs. For example, adjusting aggressively
clustering and pruning parameters to their maximum settings.
The precise parameter values are contingent upon each specific
optimization and combination (comprehensively documented in
the accompanying open-source code).

Looking at the GPU inferences frequency, optimized models
generate much better results than models without optimizations
with a maximum gain of 135 times of improvement (Baseline
TF compared to (TensorRT) int8 quantization, which is the best
result for Tensorflow framework). If we do not consider Ten-
sorRT framework, models with int8 quantization (see Table I for
details) generate the best results in terms of GPU inferences fre-
quency with 50 times faster results at best. Other combinations
of optimizations do not improve the frequency further. Since
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the operations are conducted with a lower precision because
it uses int8, the calculations are much faster and require less
memory. If we consider TensorRT, the frequency increases to
the highest point (135 times faster at best). It is due to the
hardware-level optimizations of TensorRT, which are specific for
certain hardware combinations and include the already presented
optimization techniques with fine-grained adjustments for the
hardware. Similarly to considering model size, the introduction
of clustering or pruning is ineffective in increasing further the
GPU inference frequency when quantization is involved.

With the MSE, we can check whether the model generated
results are close to the supervised examples or not. Looking
at the MSE evaluation results, the values remain close to the
baseline model, improving the results for certain optimizations.
This is important since we can generate models of a similar
quality in terms of MSE with lower size and more GPU inference
frequency. In this case, the best results appear when combining
several optimizations or all available options, e.g., PCQAT (see
Table II for detailed values). The only outlier appears in the
TensoRT Tensorflow int8 quantization, which generates worse
MSE values. An explanation for this is that the model optimiza-
tion limit has been surpassed, causing the final performance to
drop significantly.

To summarize, the offline evaluation results show that opti-
mizations provide more efficient models and the combination of
all the optimizations generates the best results when considering
model size, MSE, and GPU inference frequency. These results
are repeated for both PyTorch and Tensorflow DL frameworks
and their combinations with TensorRT. It is also important to
point out that by comparing the TensorRT framework with
DL framework-level optimizations, TensorRT generates the best
results, although it is hardware-specific and more complicated
to apply for different hardware combinations.

B. Robot Control Online Evaluation Table

In this experiment, we evaluate the baseline and each op-
timized model while driving a car on an urban test scenario
inside the CARLA simulator in regular conditions and generate
evaluation metrics with Behavior Metrics. Each model runs
inside a vehicle controller, driving for two minutes, five times,
and starting from a random position in the map, which allows the
agent to drive that amount of time without encountering junc-
tions or other unconsidered scenarios in that run. An illustrative
video with the baseline model driving is available at [37]. In
Table III, we can see a summary of the results for each model.
We select only the most informative evaluation metrics retrieved
from Behavior Metrics for this particular experiment.

The controller frequency is always lower than the GPU infer-
ence frequency. The controller is the core computational system
that drives the vehicle and performs several operations at each
iteration. It receives the bird-eye image and transforms it before
giving it to the model for inference. Since the DL model is inside
the controller, the GPU inference frequency (model inferences
alone) will always be higher than the controller frequency. We
can see that the number for GPU inference frequency is similar to
the ones obtained in the offline evaluation but slightly lower. This
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TABLE IIT
COMPARISON OF MODELS AND THEIR OPTIMIZED VERSIONS IN A TEST
ENVIRONMENT CONSIDERING SOME MEASURED METRICS PROVIDED BY
BEHAVIOR METRICS

GPU Position

Controller . o Average
Model frequency :.nferences deviation speed Successful
(Hz) requency  mean per o runs
(Hz) km (m)
Tensorflow
Baseline (No optimizations) I 15.94 20.25 0.33 20.5 100%
TensorFlow Model Optimi Toolkit (TF Lite)

Baseline TF Lite 70.36 438.30 0.25 235 100%
Dynamic Range Qudntlzdtlon 74.65 568.24 0.24 24.3 100%
Integer Q i 75.43 771.83 0.24 23.1 100%
Integer (float fallback) 76.49 868.64 0.26 23.1 100%
Floatlﬁ Quantization 69.63 432.42 0.26 22.8 100%

Aware Training 77.17 823.85 0.25 - 100%
(Random sparse) Weight 70.03 437.44 0.25 23.0 100%
pruning
(Random sparsc) Weight 7427 575.97 0.26 27.1 100%
pruning quantization
Cluster preserving 75.46 850.83 0.24 242 100%

aware
Pruning preserving 76.27 837.16 0.24 265 100%

aware
Sparsity and cluster
preserving quantization 79.50 867.15 0.24 24.2 100%
aware training (PCQAT)

TensorFlow TensorRT
(TensorRT) Float32 Qi 79.10 1067.79 0.44 22.6 100%
(TensorRT) Float16 Q 62.03 967.09 0.49 22.9 100%
(TensorRT) Int8 Qi 39.89 874.78 - 22.0 0%
PyTorch
Baseline (No optimizations) [ 69.92 437.93 1.41 20.9 100%
PyTorch Model Optimi Toolkit

Dynamic Range Quantization 72.28 579.97 0.24 23.1 100%
Static Quantlzatlon 71.74 1020.53 0.26 21.6 100%

Aware Training 76.37 1022.46 0.29 214 100%
Local Prune 70.43 474.88 0.28 24.1 100%
Global Prune 70.80 47553 0.26 232 100%
Prune+Q 78.07 1014.47 0.26 25.8 100%

PyTorch TensorRT

(TensorRT) Float32 ( 67.78 1030.00 0.45 20.1 100%
(TensorRT) Floatl6 Q 68.94 1036.99 0.43 21.2 100%
(TensorRT) Int8 Quantization 76.11 1496.99 4.76 20.1 20%

difference comes from the introduction of other computational
loads like the simulator and the number of images used as input
batch.

The controller frequency is always better for optimized mod-
els. Having more GPU inference frequency is an indicator of
possible higher controller frequencies. We can observe that the
numbers are better but considering the GPU inference frequen-
cies, we could expect even better controller frequency results.
This situation occurs due to the initialization times of the DL
model. When using optimized models, in the first iteration the
DL model is loaded into the GPU so it is much slower than all
other iterations. Considering the big difference in GPU inference
frequency, we canignore this difference, since it is expected to be
negligible in the long term, for instance in longer experiments.

Both baseline models generate excellent results for the num-
ber of successful runs, completing all of them. The important
point here is that the optimized models retrieve similar results,
finishing the experimental evaluations with efficient results too,
but with a higher model inference frequency. Looking at the
number of GPU inference frequencies, similarly, as we have
observed in the previous experiment, int8 quantized models (see
Table I for details) are faster for both frameworks (see Fig. 4),
generating 47 times faster inferences for Tensorflow and 2.3
times faster at best for PyTorch. Looking at the results of the
position deviation and average speed metrics, they are similar
to those obtained using the baseline models. The rest of the
insights for the optimization’s selection described in the previous
experiment are also applicable in the online setting.
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Fig. 4. Detail of each model’s GPU inference frequency.

We have proved that the optimized models drive properly in
an online test evaluation, without a reduction in the quality of
the decisions and increasing their pace. The optimized models
have the same overall behavior quality and are faster and smaller.
The results are similar for PyToch and Tensorflow, which proves
that the ideas are applicable to several configurations. If we
consider TensorRT framework optimizations, they achieve the
best number considering GPU inference frequency while main-
taining the overall behavior quality, measured as successful runs.
Considering int8 TensorRT optimizations, neither of them works
correctly, which can again be explained because of trying to
improve the model too much and reaching its optimization limit,
which reduces the final online performance.

A summary of the results is shown in Table IV, including
the improvement rate observed over the baseline model. We
select the best-optimized models for each DL framework as the
model that combines the majority of optimization techniques
(quantization, pruning, fine-tuning, and/or clustering) since we
have proved that t is the best-performing one. We observe im-
provement for each optimized option compared to the baseline,
obtaining a gaining of a maximum of 47 times improvement
in an online evaluation of inference frequency and 5 times of
controller frequency. We have proved that optimizing the model
is key for robot control efficiency.

C. Inference Frequency and Quality of Decisions in Robot
Control Performance

Most successful robots in real world have an important reac-
tive part, which usually has one main control loop. This loop runs
iterations at a given frequency, reading sensor measurements
and commanding low-level decisions to the actuators on each
iteration. For instance, in autonomous driving, there is usually
a reactive local navigation controller. When following an end-
to-end approach, on each iteration, the sensor data are provided
as the input of the DL model, it is called for inference, and its
outputs are commanded to the vehicle actuators. The overall
quality of the robot’s behavior depends both on the quality of
the control decisions at each iteration and on the frequency of
those iterations.
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TABLE IV
COMPARISON SUMMARY OF BEST MODELS PERFORMANCE WITH THE IMPROVEMENT RATE OBSERVER

Offline GPU Controller Online GPU Successful
Model Optimization Model size (MB) MSE test inferences freq y (Hz) freq y (Hz) inferences frequency (Hz) runs

(improvement) (improvement) (improvement)

Tensorflow
Baseline - 18.35 0.015 22.38 15.94 20.25 100%
Best optimized Sparsity and cluster
F Lit"e preserving quantization 1.54 0.00859 1182.76 (x52) 79.50 (x5) 867.15 (x42) 100%
aware training (PCQAT)
Best optimized (TensorRT) Float16
TF TensorRT Quantization 6.29 0.01079 2368.75 (x100) 62.03 (x3) 967.09 (x47) 100%
PyTorch

Baseli - 6.09 0.00435 229.83 69.92 437.93 100%
l'f;sTtO;’fl:‘m‘zed Prune+Quantization 1.61 0.01094 852.60 (x3) 78.07 (x1.2) 1014.47 (x2.3) 100%
Best optimized (TensorRT) Float16
PyTorch TensorRT Quantization 6.12 0.00957 3986.85 (x17) 68.94 (x1) 1036.99 (x2.3) 100%

Controller
turning point

Baseline model
maximum frequency

Optimized model
maximum frequency

100 %

437.93its 1014.17its
Controller iterations
frequency

Increasing controller
iterations frequency

Fig. 5. Quality of the robot behavior (measured as % of successful runs) vs
the frequency of the control decisions.

In this experiment, the visual lane-follow driving was the
robotics application and the robot controller was the baseline
DL model PilotNet*, as it is a successful one. All the control
decisions were taken with that DL model and their quality is
assumed to be good. The settings, worlds, starting points, etc.
were exactly the same as in the previous experiment, but many
different frequencies of the controller were enforced, and the
corresponding overall quality of the lane-follow application was
measured, in terms of successful runs.

To enforce different low controller frequencies, extra dummy
computation loads were introduced on each iteration. To enforce
high controller frequencies, the simulator itself was stopped and
resumed so more controller iterations took place at each second
of simulated time.

The results of this experiment are shown in Fig. 5. For that
lane-follow application, we found a lower limit of 10 Hz for the
controller frequency, a turning point in the robot’s performance.
Below that frequency threshold, the robot simply fails. Above it,
the performance is pretty much the same. It is important to note
that the only difference is the frequency of the decisions, their
quality is always good as they come from the same DL model.
The particular number of the frequency threshold for other
applications and scenarios may depend on many factors, such as
the car speed (faster cars will require a higher control frequency
threshold), the complexity of the robot, and the dynamism of the
environment, but this profile seems to appear in many robotics
contexts. For this experiment, a simulated Tesla Model 3 with
stable speed of 30 km/h driving in scenario Town02 is used.

The results in Fig. 5 also show the potential benefit of optimiz-
ing the DL models. For a given computing hardware, achieving
faster models may increase the robot controller frequency, and so
increase the robot application performance. In limited hardware,
it may be even critical when regular models fall below the
frequency threshold and optimized ones may be above it.

Finally, with the available hardware GPUs already used in all
the previous experiments, we measured the performance at the
maximum inference frequency of both the baseline PilotNet*
and of the best-optimized model from it. The baseline model
reached 437 Hz with PyTorch, far from the minimum 10 Hz.
Best optimized model reaches 1014 Hz. They are shown as
vertical dotted lines in Fig. 5. Similar increments were obtained
with Tensorflow. The particular values are not relevant, but they
illustrate the advantage of optimizing the DL model. In this
particular visual lane-follow application, with the autonomous
car moving slowly, are not critical, but in more demanding
applications, higher car speeds, or even this one running on
limited computing hardware, may make the difference.

V. CONCLUSION

In this letter, we have presented and studied several optimiza-
tion techniques for deep learning models and applied them for
the end-to-end visual control of an autonomous vehicle based
on imitation learning. The particular application is lane-follow
driving in urban scenarios. We have used optimized models
and proved experimentally that optimizations improve the final
system performance thanks to the speed-up in controller iteration
frequency without losing quality on the control decisions. We
have applied these optimizations individually and combined,
implementing all variants in two different DL frameworks (Py-
Torch and Tensorflow). Hardware-specific optimizations (Ten-
sorRT) were applied too.

These models have been tested and validated offline and
online in a state-of-the-art simulator for autonomous driving,
CARLA. The experimental results show the impact of each opti-
mization on the final robot application performance. Combining
all the optimization techniques and tuning them in consonance
with the baseline model, the optimized DL models drive with
a similar quality of the control decisions but much faster. The
inference frequency of the best-optimized DL model is 47 times
faster than the baseline model in the online evaluation. And the
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robot controller with it runs 3 times faster, so the optimizations
have proven its relevance. The optimized models can be used
in a broader variety of hardware, especially low-resource and
edge devices. This adaptability extends beyond the conventional
scope of autonomous driving research, constituting a significant
aspect of our innovation. We have proved these premises exper-
imentally using a comparison software tool, Behavior Metrics,
and the evaluation metrics that we have specifically developed,
which are also a contribution of the present work. These metrics
complement the common MSE on the supervised dataset and
those directly provided by CARLA. Altogether they provide a
more informative description of the performance of the system.

The dataset, models’ weights and architectures, and compari-
son software tools are provided as open-source materials for the
research community, which makes easy the replication of the
presented results.

For future work, the ideas presented and proved here should be
experimentally validated in a physical vehicle with low hardware
resources.
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