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Abstract: Neural Networks has different type of attention mechanisms to
improvise the autonomous driving. Due to the existence of various
attention mechanisms, a comprehensive evaluation of the performance of
each model is required to determine their effectiveness. This paper
describes few attention mechanisms and evaluates them based on the loss
function.
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1. Introduction: Autonomous driving is a very actual and important topic
that reforms the car industry. The usage of an increasing number of sensors
and actuators as well as deep neural networks for a car’s automatic action
are necessary to provide safe and stable driving. Classical approaches
cannot capture all possible upcoming events and incidents hence a
promising solution is the use of Neural networks. Neural networks [2]
allow us to train an agent in an efficient manner with a wide variety of its
mechanisms. One of such mechanisms is Attention. Since humans are able
to cope with complex driving scenarios, a human inspired attention
mechanism could improve autonomous driving.
Attention mechanism [7] is an Encoder-Decoder kind of neural network
architecture that allows the model to focus on specific sections of the input
while executing a task. It dynamically assigns weights to different
elements in the input, indicating their relative importance or relevance.
* The encoder processes the input sequence and represents it as a fixed-
length vector (context vector), which is then passed to the decoder.
* The decoder uses this fixed-length context vector to generate the output
sequence.

2. Attention mechanisms: There are various types of attention
mechanisms like Self-attention, scaled dot-product attention and multi-
head attention.
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i) Self-attention: Self-attention is categorised into two types i.e. Single
Head attention and Multi-Head Attention. Self-Attention is a neural
network mechanism that models intra-sequence dependencies by
computing attention weights between all pairs of elements within the same
input sequence using learned Query, Key and Value projections.
For an input matrix M:
Q=MWq, K=MWgk, V=MWy
;G
Attention(Q, K,V) = softmax(QK

\dy
Attention based on Softmax function [1]
ii) Scaled Dot-product attention: In Scaled Dot-Product attention Q, K, V

values can be taken from same input frame or different. It computes
attention scores using a scaled dot product. Scaled Dot-Product Attention
[9] computes attention using Q = K = V without learned projections. It is
included as a lightweight baseline to compare the effect of learnable
attention parameters.
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Figure: Scaled Dot-Product Attention [1]
Scaled dot-product attention is the mathematical method used to compute
attention weights. It defines how similarity between elements is calculated.
It works as follows:
1. The query vector is compared with key vectors using a dot product.
2. The result is divided by the square root of the key dimension(dx) (this is
the “scaling” part).

3. A softmax function [1] converts these scores into probabilities.
4. These probabilities are used to compute a weighted sum of value vectors.
iii) Multi-Head Attention: Multi-Head Attention consists of several
attention layers running in parallel. It is the extension of single Head
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Attention. Single Attention calculates Attention once but Multi-Head
Attention calculates it multiple times based on number of Heads.

The input is projected into multiple sets of heads. Every Head consists of
Queries (Q), Keys (K), Values (V). Each head performs scaled dot-product
attention independently. The outputs of all heads are Concatenated, linearly
transformed, Combined into one final output.

Multi-Head Attention

Scaled Dot-Product
Attention
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Figure: Multi-Head Attention [1]

3. Loss Function: A loss function is a mathematical function which
calculates the deviation between model’s predictions and the actual (true)
values. It is the function used to tell the model how wrong it is. The main
purpose of calculating loss function during training is to minimize this
loss so the model becomes more accurate while predicting something.
Training a Neural Network model is as follows:

1. The model makes a prediction.

2. The loss function compares the prediction with the true label.

3. It produces a numerical error value.

4. This error is used to update the model weights (via back propagation).
Without a loss function, the model would not know how to improve.

Loss function is also used regression related problems. Two widely used
Loss functions are MSE and MAE.

MSE (Mean Squared Error): MSE [16] is the average of the squared
differences between the predicted and actual values. It is calculated with
the following formula.

MSE=2  _ (Va—Vp)?

V. is the Actual value and V, is the Predicted value. The number of
observations used is represented with ‘n’.

MAE (Mean Absolute Error): MAE [17] 1s a Loss function which deals
with absolute values. MAE mathematically represented as follows.

1
MAE == _ |V, —Vp|
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4. Evaluation: To assess the best Attention mechanism some simulation
software must be used. One of the best Simulation software available as
open source is CARLA [2]. The environment of CARLA should be
captured to evaluate the three attention mechanisms (Self-Attention, Scaled

Dot-Product attention and Multi-Head attention) so that the trained model

can react to the upcoming events in effective manner.

Loss function can be categorised into two types based on the dataset on

which it is calculated.

a. Train Loss: The difference between the actual value and the expected
value that is calculated on the training dataset during training session is
called Train loss.

Train Loss=MSEsecca +MSEwmronie +MSEbrake
The sum of errors of speed, throttle and brake gives train loss. The
model tries to reduce this loss.

b. Validation Loss: The value of the loss function calculated on validation
dataset during validation is called as Validation loss.

Validation Loss=MSEpeca +MSEmome +MSEprake

The validation loss is the sum of errors of speed, throttle and brake during

validation session.

While calculating Train loss and validation loss the following cases may

arise.

I. Underfitting: In this case both the train and validation loss will be high
which says that the model is not properly trained and not working well
on new data.

I1. Generalized: When the model gives minimal train loss and minimal
validation loss then the model is said as generalised model (robust or
best model).

IIL. Overfitting: It is the case which gives lesser train loss and high
validation loss. Overfitting means model trained properly but not
working well on unseen data.

Autopilot is a built-in feature of CARLA [15] which acts as an expert
driver and it can be used for research-oriented activities.

When autopilot is enabled, the vehicle can:

« Follow lanes

« Obey traffic lights

« Avoid collisions

« Navigate through roads

« Interact with other vehicles and pedestrians

The following code is used to enable autopilot mode.

ISSN :2394-2231 http://www.ijctjournal.org Page 406



https://ijctjournal.org/
https://ijctjournal.org/
http://www.ijctjournal.org

International Journal of Computer Techniques—IJCT Volume 13 Issue 2, March-April - 2026

Open Access and Peer Review Journal ISSN 2394-2231 https://ijctjournal.org/

vehicle.set autopilot(True)
The images captured from CARLA are split into two parts. One is for
training and another is used for evaluation. From CARLA environment by
using RGB camera 8000 images are captured from which 6400(80%) are
used for training and remaining 1600(20%) are used to evaluation.

Sample images captured from CARLA environment.

For every attention mechanism 20 epochs are done. The best model is
saved whenever the validation loss is lesser than the train loss or whenever
the present epoch’s validation loss is lesser than the previous epoch’s
validation loss. By doing this the best model of every attention mechanism

1s saved.
Model evaluated evaluated for MSE MAE
Steer 0.0008  0.0154
Self-Attention Throttle 0.0038  0.0318
Brake 0.0027 0.0161
Steer 0.0008 0.0136
Multi-Head Attention Throttle 0.0078 0.0453
Brake 0.0041 0.0215
Steer 0.0008 0.0174
Scaled Dot-Product Attention Throttle 0.0052 0.0362
Brake 0.0046  0.0283

Table: Observed MSE, MAE values
The above values are obtained after performing 20 epoches for every
attention model and evaluating them. Multi-Head attention has higher error
values compared with the remaining mechanisms. Especially the throttle of
Multi-Head attention has highest error as 0.0078. The steering MSE is
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almost same for all the mechanisms. Self-Attention showed very less error
values in predicting steering, Throttle and Brake when compared with
Multi-Head and Scaled Dot-Product Attention. So the Self-
Attention(Learned Q,K,V) is the best model in terms of Steer, Throttle and
Brake.
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Chart: Graphical representation of Loss Function values
5. Conclusion: Attention based Neural Networks is an efficient approach
to conduct autonomous driving. Amongst all attention Neural Network
models Self-Attention with learned Q, K, V projections [1] show relatively
good performance. It possesses less error values (MSE and MAE values)
while predicting the upcoming events.
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