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Abstract

Deep neural networks (DNNs) have recently become increasingly popular due to
their impressive performance in various tasks. However, their “black box" nature
can lead to unexpected behaviors, contradicting task-specific background knowledge.
To address this, researchers introduced ROAD-R, a dataset containing videos for
road event detection in the context of autonomous driving, coupled with a set of
requirements expressed as logical constraints. It was shown that exploiting these
constraints enables the improvement of deep learning models’ performance while
ensuring compliance with the requirements. This master’s thesis then has two
objectives. Firstly, we investigate the feasibility of improving a pre-trained model’s
performance by fine-tuning it using the set of requirements, without the need for
a complete re-training in order to save time in the process. Second, we want to
improve post-processing methods that enforce the constraints to the predictions.
Subsequent experiments involved training baseline models, fine-tuning them, and
applying our post-processings to them using constrained loss and output techniques
from the ROAD-R paper. Our results showed that while fine-tuning pre-trained
models using the set of constraints did not provide significant improvements, our
proposed post-processing methods, based on the model’s confidence in its pre-
dictions, consistently outperformed the ones presented in the ROAD-R paper.
Nonetheless, a more in-depth study of fine-tuning will have to be carried out in
future work, as well as other uncovered aspects.

Keywords Deep learning, convolutional neural networks, logic, requirements,
logical constraints, object detection, ROAD-R.
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Chapter 1

Introduction

In recent years, deep neural networks (DNNs) have become more and more popular
for all kinds of tasks, from simple ones like classification or regression of tabular
data to more complex ones like text and speech recognition and understanding, or
even like object detection. Their popularity is explained by the fact that they are
very powerful at extracting features in big amounts of data [21], leading them to
produce impressive results, never achieved before.

However, DNNs are often described as “black box” models, meaning that while
they can produce accurate predictions, it is very difficult to understand how they
actually arrive at their conclusions, unlike simpler models like rule-based ones for
which you can follow their logic step by step. Indeed, the way a DNN processes the
data is hidden in many layers of complex calculations between thousands, or even
millions of weights. This can lead to unexpected behaviors, where DNNs contradict
known requirements that express background knowledge, which in turn can lead to
serious consequences, particularly in applications where safety is a critical matter,
such as autonomous driving.

To address this problem, researchers introduced the ROad event Awareness Dataset
with logical Requirements, abbreviated as ROAD-R. This dataset is composed
of videos for autonomous driving, on which we can perform object detection and
multi-label classification, and is equipped with a set of requirements expressed as
logical constraints [13]. In the associated paper, the researchers showed that it is
possible to exploit them to improve the performance of models and to guarantee
that their predictions are compliant with the requirements themselves. They then
hosted the (now closed) ROAD-R 2023 Challengdl} in which participants were
asked to develop the best possible models exploiting the requirements.

'https://sites.google.com/view/road-r/home
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In the context of this challenge, but without taking part in it, the objectives of
this work are twofold. Firstly, we want to see if it is possible to improve the
performance of an existing trained model by using the requirements, but without
completely re-training the model in order to save time. Indeed, training such
models is very time-consuming, and if we see that it is possible to improve them in
a short amount of time thanks to a set of requirements, this could be transferred
to other applications where models sometimes take weeks or even months to be
trained. Secondly, we will try to improve the process of making the predictions of
a model compliant with the requirements, which has already been introduced in
the ROAD-R paper.

This master’s thesis is structured as follows. Chapter [2| contains the theoretical
background needed to understand this work, introducing and explaining the con-
cepts of logic and deep learning. Chapter [3] then describes the ROAD-R Challenge
framework in detail. It first gives a more formal definition of the multi-label
classification problem with requirements. It also describes ROAD-R in more detail
and explains how to perform road-events detection on it. Next, it explains how
requirements are exploited to improve base models, and it ends by presenting
some state-of-the-art methods to achieve that, which participants to the challenge
used. After that, chapter [ presents our proposed contributions to achieve the
objectives set out above, and chapter |o| presents the experiments we carried out as
well as their results, which are of course analyzed and discussed. Finally, chapter
[6] concludes this work by summarizing the results obtained, the limitations and
difficulties encountered, and by providing leads for future work.



Chapter 2

Theoretical Background

We will start by explaining the concepts needed to understand this work. The two
main topics covered in the context of the ROAD-R challenge are logic and deep
learning. Of course, as these are vast topics, we will stay on the surface and only
focus on what is needed for this work.

2.1 Logic

In general, logic is the study of reasoning, through sentences representing knowledge.
It is used in several domains, like mathematics or computer science for example.
There are multiple types of logic, each defined by a syntax, expressing the allowed
structures of sentences, and by semantics, expressing the meaning of the sentences.
Here, we will describe propositional logic and fuzzy logic.

2.1.1 Propositional Logic

Propositional logic is the simplest type of logic, where sentences are propositions
that may either be true or false. We will first describe its syntax and semantics
before discussing the satisfiability of sentences and their conjunctive normal form.
This section was inspired by [37].

Syntax

There are three types of symbols in propositional logic: first, the logical constants,
true and false, the two only values that a proposition can take; second, propositional
symbols, representing propositions and usually written with a capital letter or a word
beginning with a capital letter; third, parentheses and logical connectives, acting
as operators between propositional symbols. The five most used logical connectives
are the negation (-, also called “not”), the conjunction (A, also called “and”),



the disjunction (V, also called “or”), the implication (=), and the equivalence
(&). Sentences are then built using logical connectives and parentheses between
propositional symbols and logical constants. For example, ~A V (B A C) is a valid
sentence, where A, B, and C' can be any proposition, like “the water is hot”.

Semantics

Table [2.1] below shows the truth table of the five most common logical connectives,
that allows to determine the truth value (¢rue or false) of a sentence, given the
truth values of its propositional symbols.

P Q -P PANQ PVQ P=0Q P<&Q
true  true | false true true true true
true  false | false false  true false false
false true | true  false  true true false
false false | true  false  false true true

Table 2.1: truth table for the most common logical connectives.

There is also an operator precedence: (),—,A,V,=-, < (from highest to lowest
precedence). Using the same example as above, AV (B A C) is true if and only if
A'is false, or B and C' are true.

Moreover, we say that two sentences are logically equivalent if they have the same
truth value for each combination of truth values of their propositional symbols.
We denote logical equivalence between sentences by the symbol =. Even though
the two concepts are intrinsically related, logical equivalence between sentences is
different from the equivalence connective (<), as it acts between sentences and
not between propositional symbols. Here are some known logical equivalences:

o Commutativity of A (idem for V): PAQ = Q A P.

o Associativity of A (idem for V): PAQAR=(PAQ)ANR=PAN(QAR).
e De Morgan’s law (idem by inverting A and V): =(P A Q) = -P V =Q.

o Implication elimination: P = Q) = =P V Q.

Still using the same example, we can write: AV (BAC)= A= (BAC).



Satisfiability

A sentence is satisfiable if it is true for (or satisfied by) at least one assignment of
truth values for its propositional symbols. For example, =A V (B A C) is satisfi-
able, as it is satisfied by the assignment {A = false, B = true, C' = false}. A simple
example of an unsatisfiable sentence is A A —A, as it will always be false no matter
the value of A.

The problem of verifying the satisfiability of a sentence is called the SAT problem.
It can be solved by enumerating all the possible assignments, but it is very costly
as the number of possible assignments is exponential. Actually, the SAT problem is
NP-complete, meaning that we don’t know any algorithm able to solve all instances
of the problem in polynomial time. However, there exist SAT solvers that are
efficient and usable for relatively large instances, like MiniSat [10] and Chaff [32].

Conjunctive Normal Form

Before explaining what the conjunctive normal (CNF) form is, we have to introduce
literals and clauses. A literal is simply a propositional symbol or its negation, and a
clause is a disjunction of literals. Then, a sentence is in CNF if it is expressed as a
conjunction of clauses. Thanks to some standard equivalence rules, every sentence
can be converted into an equivalent CNF, which is the form used by most SAT
solvers. For example, by distributing V over A, =A V (B A C) is equivalent to the
(mAV B) A (mAV () CNF.

2.1.2 Fuzzy Logic

In fuzzy logic, the truth values are no longer limited to true or false but are real
numbers. Consequently, logical connectives in fuzzy logic are real functions on real
numbers. Working with real values instead of binary values allows to introduce
the notion of vagueness, i.e. a proposition may be true or false to a certain degree.
There are several forms of fuzzy logic, but here we will only deal with the t-norm-
based one, where the truth values are comprised in the real unit interval [0, 1], with
0 corresponding to false and 1 corresponding to true. The syntax of such logic is
essentially the same as for propositional logic, with propositional symbols that can
be linked with connectives and parentheses. The semantics, however, are different
and use triangular norms (t-norms) as a base for connectives. This section was
inspired by [28].

T-norm

A t-norm is a function * : [0, 1)> — [0, 1] that is:



o commutative: xxy =yxx Vr,y € [0,1],
o associative: (z*xy)*xz=1xx*(y*xz) Vr,y,z€[0,1],
o monotonic: z <y=axx2z<yx*xz Vz,y,ze|0,1],

and that admits 1 as neutral element, i.c. 1*xz =2%1=x, Vx € [0,1]. From this
last property and the monotonicity one, we can easily derive that 0 is an absorbing
element, i.e. 0xx =20 =0, Vo € [0,1]. Hence, with all these properties, we can
see a t-norm as the fuzzy logic equivalent of the conjunction in propositional logic.
There are many t-norms, that can be continuous or not, but we will only describe
the three fundamental ones, that are continuous:

o Lukasiewicz t-norm: x %,y = max (0,x +y —1) Vaz,y € [0,1].
« Godel t-norm: z *gy = min (z,y) Vaz,y € [0,1].
« Product t-norm: x*gy =2 -y Vr,y € [0,1].

These functions can be visualized in figure below. Although they have different
shapes, we can see that their values are high when both x and y are high, and
low when either x or y is low, which is the same behavior of a conjunction in
propositional logic.

1.0
0.8
0.6 xx
0.4
0.2
0.0

1.0
0.8
0.6
04
0.2
0.8

10 00

0.0
0.2

0.4
0.6

(a) Lukasiewicz t-norm. (b) Godel t-norm. (c) Product t-norm.

Figure 2.1: The three fundamental t-norms.

T-conorm

A t-conorm is a function o : [0,1]*> — [0,1] that also has the properties of com-
mutativity, associativity, and monotonicity, but that differs from the t-norm by
admitting 0 as neutral element instead of 1, i.e. Oox =200 = z, Vo € [0, 1].
Combining this with the monotonicity property, we can now derive that 1 is an
absorbing element, i.e. lox =x01 =1, Yz € [0,1]. Hence, we can see a t-conorm
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as the fuzzy logic equivalent of the disjunction in propositional logic.

In the latter, we have the following equivalence:
AV B < =(=AAN-B)

and in fuzzy logic, we can naturally define the negation as =z 2 1 — z, Vo € [0, 1].
Combining these two formulas, we can now derive a t-conorm from its corresponding
t-norm:

zoy=1-(1-2)*(1-y)).
Applying this last formula to the three fundamental t-norms, we finally obtain
their corresponding fundamental t-conorms:
« Bounded sum: zogy = min (1,7 +y) Va,y € [0,1].
o Maximum: z ogy = max (z,y) Va,y € [0,1].

o Probabilistic sum: zogy 2z +y—x-y Va,y € [0,1].

These functions can be visualized in figure below. Although they once again
have different shapes, we can see that their values are high when either x or y
is high, and low when both x and y are low, which is the same behavior as a
disjunction in propositional logic.

(a) Bounded sum. (b) Maximum. (c) Probabilistic sum.

Figure 2.2: The three fundamental t-conorms.

2.2 Deep Learning

Deep Learning (DL) is a subset of Machine Learning (ML), which is itself a field
of Artificial Intelligence (AI). While the latter refers to the simulation of human
intelligence processed by machines in general, ML focuses on algorithms that

7



learn and make predictions from data in order to perform tasks for which they
have not been explicitly programmed. Then, DL is a subset of ML using artificial
neural networks with many layers (see section [2.2.4)), which is why it is called “deep”.

There are many types of ML (and thus DL) paradigms, we will however focus on
supervised learning, which is the one of interest for this work. In this type of ML,
a model is trained on labeled data, i.e. each training example has a label and
the goal for the model is to learn a mapping from data to labels so that it can
predict the label of new, unseen data. There are two kinds of tasks: classification
tasks where the labels are discrete and represent classes, and regression tasks
where the labels are continuous values. Two other well-known ML paradigms are
unsupervised learning where the goal is to train a model able to extract knowledge
from unlabeled data, and reinforcement learning where an agent learns to make
decisions in an environment to maximize its reward, by performing certain actions
and receiving feedback.

While classical supervised ML algorithms use “handcrafted” features of the data
to learn and make predictions, DL algorithms are able to extract multiple levels
of features by themselves to form a hierarchical and hidden representation of the
data. This makes DL particularly efficient in many tasks, like object recognition,
outperforming many other ML algorithms. [33]

In the following sections, we will first introduce the general training process of a
supervised ML algorithm and its performance evaluation, before presenting different
types of neural networks that will be useful to understand for this work.

2.2.1 General ML Training Process

Mathematically speaking, in supervised learning, we estimate a function f : X — Y,
where X is the space of input data, and Y is the space of output labels [16]. This
function is unknown and often very complex, which makes it nearly impossible
to find exactly. However, thanks to a finite training set of input data (X,y) =
{(x1,y1), (X2,42), - - -, (Xn,yn)} for which the labels are known, it is possible to
produce an estimate f : X — Y of f by minimizing a function measuring the
discrepancy between the model’s predicted labels on training data and their true
labels. Such a function is called a loss function, and we can use the gradient descent
algorithm to update the model’s parameters so that the loss function decreases
towards its minimum.



Loss Function

As said just before, a loss function [ : Y? — R measures the discrepancy between
the model’s predicted labels ¢; = f (x;) on training data and their true labels
y; = f(x;). Actually, it is not the loss function itself that we want to minimize. Let
0 be the set of parameters of the model fg, we then want to minimize the expected
loss L(0) instead, that can be estimated by:

S L) (2.1)

where L;(#) is the loss component associated with the i'" data point [27]. For
practical reasons, we will also call L(f) a loss function, without loss of meaning.

Those functions have several desirable properties, including convexity and differen-
tiability. A loss function is convex if it admits a unique global minimum, and is
differentiable if its derivative with respect to the model parameters exists and is
continuous. Differentiability allows the use of the gradient descent algorithm (see
next section) while convexity makes the latter more efficient [42]. Moreover, most
loss functions are non-negative, ensuring that they give a meaningful measure of
the discrepancy between the predicted labels and the true labels. Indeed, a high
loss indicates significant errors, while a low loss indicates close alignment with the
actual values, 0 being the perfect match.

A well-known example of such a loss function for a regression task is the Mean
Squared Error (MSE), simply measuring the square of the difference between the
predicted value and the ground truth:

Luse (@i yi) = (G — vi)*.

It is indeed convex, differentiable, and non-negative. Then, a well-known example
of such loss function for a classification task is the Binary Cross-Entropy (BCE),
measuring the dissimilarity between the predicted probability of a class and its
true class label:

Ipee(9iyi) = —(yilog(Fs) + (1 — y;) log(1 — 4;)).

Note that BCE loss is used for binary classification tasks, so y; € {0, 1} corresponds
to a class, and §; € [0, 1] corresponds to a probability. It is also convex, differentiable,
and non-negative.



Gradient Descent Algorithm

The gradient descent algorithm allows to iteratively update the parameters 6 of a
model so that the loss function decreases until there is convergence to a minimum.
It works by moving step by step the parameters in the opposite direction of the
gradient of the loss with respect to the parameters, indicating the direction of the
steepest ascent of the loss function. This naturally makes the loss decrease, if the
steps are not too large, until reaching a minimum. The gradient descent algorithm
is thus the following:

1. Pick some intial parameters 6, and a sequence of stepsizes {10, 71, ..., M, - - - }-

2. Repeat until convergence: 0y1 < 0 — e VoL(6).

Convergence is reached when the values of the parameters “no longer change”,
i.e. when their differences in values between two successive iterations are below
a certain threshold. We can also set a maximum number of iterations at which
the algorithm automatically stops. The stepsizes 7, are also called learning rates
because they determine the “speed” at which the parameters are moving. In theory,
they must satisfy some conditions to guarantee convergence. However, most of
the time in practice, we use a constant learning rate and it gives good results:
MN=1mn =-+=n,=---=17. We must be careful while tuning this parameter: if it
is too small, the convergence will be too slow, but if it is too high, there could be no
convergence at all. Figure below illustrates the gradient descent algorithm for
the hypothetic loss function L(f) = (§ — 3)?, with 6 a one-dimensional parameter.
We used 6y = 0 as the initial value, n = 0.1 as the learning rate, and we performed
the algorithm for 25 iterations. We can see that the parameter effectively converges
towards the value that minimizes the loss function.

Gradient Descent Optimization

161 — L(6)=(6-3)2
141 ---- Gradient Descent Path
121 Initial Value
10+
e g
~
6,
44
2,
0,
-1 0 1 2 3 4 5
7]

Figure 2.3: Hlustration of the gradient descent algorithm.
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The issue with this algorithm is that it requires to compute the gradient of the
loss function at each iteration. As its computational cost is proportional to the
number of data points, it can become very expensive for some models, like deep
neural networks which have a lot of parameters. To overcome this issue, we use
the stochastic gradient descent algorithm (SGD) in which we estimate the gradient
by computing it over a mini-batch of training data points.

2.2.2 Performance Evaluation

When a model is trained, we naturally have to assess its performance. As the goal
of a model is to generalize well on new unseen data, we evaluate its performance
on a set of labeled data that was not part of the training. It is called the test set.
There are different metrics, depending on whether it is a classification or regression
model.

Regression

A common choice for regression tasks is the Root Mean Squared Error (RMSE):

n

1

i=1

It is simply the square root of the average of the squared differences between the
predictions of the test data and their true labels. There are also many other metrics
for regression, which often have in common that they are based on the differences
between the true and predicted labels.

Classification

For a binary classification task with classes 1 (positive) and 0 (negative), we have to
introduce the confusion matrix categorizing the predictions on the test set among
4 types:

o True positives (TP): the true and predicted labels are positive.

« False positives (FP): the true label is negative but the predicted label is
positive.

 False negatives (FN): the true label is positive but the predicted label is
negative.

o True negatives (TN): the true and predicted labels are negative.

11



The representation of the confusion matrix in figure below summarizes well
these 4 categories.

Actual Values
Positive  Negative

TP FP

Positive

FN TN

Predicted Values

Negative

Figure 2.4: Confusion matrix.

From this confusion matrix, we can compute common performance metrics such as
accuracy, precision, and recall:

o Accuracy: it is the ratio of correct predictions to the total number of predic-

tions:
TP+TN

TP+FP+FN+TN
It is quite simple and intuitive but does not assess well when the class

distribution is imbalanced, leading to naive classifiers having a good accuracy.
Therefore, we would rather use precision and recall, described just below.

Accuracy =

o Precision: it is the ratio of correct positive predictions to the total number of

positive predictions:
TP

TP+ FP
A high precision means that there are few false positives, meaning that
positive predictions are likely to be correct.

Precision =

o Recall: it is the ratio of correct positive predictions to the total number of
predictions whose ground-truth values are positive:

TP

Recall = m .

A high recall means that there are few false negatives, meaning that ground-
truth positive data are likely to be predicted as positive.

12



Note that those measures depend on the probability threshold at which the positive
class is predicted. However, there exists a metric that summarizes the trade-
off between precision and recall, independently of a threshold. It is called the
Area Under the Precision-Recall Curve (AUC-PR). To obtain it, we first have to
determine the precision-recall (PR) curve. To do so, we need to compute precision
and recall for different prediction thresholds from 0 to 1, and then plot a curve with
recall and precision on the x- and y-axis respectively. After that, the AUC-PR is
simply the area under the obtained curve. Figure below illustrates that process.

Precision-Recall Curve

1.01

0.8

o
o
L

AUC-PR = 0.94

Precision

=}
'S
L

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 2.5: Example of AUC-PR.

Other Considerations

Other important considerations in the performance evaluation of models are over-
fitting and underfitting, as well as cross-validation. However, we will not go into
too much detail about these notions, as we will not really need them to understand
the rest of the work.

Overfitting happens when a model fits too well the training data, leading to poor
performance on new unseen data. It often happens when the model is too complex
for the task. Conversely, underfitting happens when a model is too simple for the
task, leading to poor performance during the training and test phases. We can
limit them by making a good choice of hyperparameters, i.e. parameters that are
not the weights to optimize. There also exist other techniques to limit overfit-
ting, like regularization where a weight-dependent term is added to the loss function.

13



Cross-validation is a technique used to assess the performance and generalizability
of a model. The training set is divided into several folds, and the model is then
trained on some folds and validated on others, using some performance metric. This
process is repeated several times, with different validation folds each time. The final
performance result is the average of the obtained performances on each validation
phase. A common technique is the k-fold cross-validation, where the training set is
divided into k folds, using each time k — 1 folds for training and 1 fold for valida-
tion. The process is thus repeated k times here to use all folds as a validation fold
once. Such techniques can help in hyperparameter tuning while avoiding overfitting.

Now that we have introduced the general training process of ML algorithms as
well as performance evaluation for ML models, let us dive into neural networks,
beginning with the perceptron.

2.2.3 Perceptron

The perceptron, also called neuron because of its biological neuron’s inspiration,
is the simplest form of a neural network and thus constitutes a building block of
many modern neural networks.

Structure

Its general structure is represented in figure below.

Weights
Bias unit
Activation
function
a J} o g Output
Input vector
Input Layer Output Layer

Figure 2.6: Perceptron.
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It receives a d-dimensional input vector x = [x1, s, ..., 24| and processes it to
produce an output signal §. This processing consists of a weighted sum of each
feature x; of x, to which we also add a bias term represented by the special weight
b. This bias allows the weighted sum to be shifted vertically. The result is called
the activation value a, as it then passes through an activation function o to give
the final output . The whole process can be described by the following equation
[6]:
y= Z w;z; +b).
7j=1

Here, the weights w = [wy, ..., wy] and the bias b are the parameters of the model.

The activation function o determines the output ¢ of the perceptron. Initially, a
Heaviside step function was used as the perceptron was used as a classifier:

1 ifa>0
0 ifa<0.

However, other continuous activation functions can be used to perform a regres-
sion. We can also perform a regression that outputs values in [0, 1] representing
probabilities, and then use a threshold for classification.

Training

After choosing an appropriate loss function L, a learning rate n, and initial weights
wy, we can write the update rule of the weights for the perceptron:

W w — 1V L(w,b)

OL(w,b)
b+—b—n—>——=
VT
or element-wise for the classical weights:
J J awj '

Then, by using the chain rule and equation [2.1], the element-wise update rule
becomes:

1 & 8[ a7 oa
w; — wj — g; 9 (Uiryi) - aa(ai) : %(Xi,w,b)

J

1 Kol a7 da
b<b—n- ZaA( myi)'%(ai)'%(xhwab)
where we have gy(al) o'(a;), 8‘9“ (xi, w,b) = [x;]; = 25, and %2(x;, w,b) = 1.
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Limitation

The layer containing the bias unit and the input vector is called the input layer,
while the one computing the weighted sum and passing it in the activation function
is called the output layer. As only one layer performs the computations (the
output layer), the perceptron can be seen as a single-layer neural network. Due
to this structure, the perceptron can perfectly solve linearly separable problems,
i.e. problems where the two classes can be separated by a hyperplane. However,
this is not the case for problems that are not linearly separable. Fortunately, this
limitation can be overcome by using multiple layers of several perceptrons, forming
a Multilayer Perceptron (MLP).

2.2.4 Multilayer Perceptron

The MLP is the generalization of the perceptron, obtained by stacking up one or
multiple layers of interconnected neurons, and with possibly multiple outputs.

Structure

Its general structure is represented on figure below:

n
02
Yar
Input Layer Hidden Layers Output Layer
Figure 2.7: Multilayer perceptron.
It also receives a d’-dimensional input vector x = [z1, Zo, ..., ], but this time

it will be processed through L layers to produce the outputs ¥ = [§1, G, - - - , Jqr |-
Each neuron of each layer works like the perceptron: it performs a weighted sum
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of the outputs of the neurons on the previous layer, to which we add a bias term,
forming an activation value that passes through an activation function. This output
is then used by the neurons on the next layer. W' is the matrix of weights between
neurons of layer [ — 1 and neurons of layer [, with [Wl]ij = wﬁj the weight that
goes from " neuron of layer [ — 1 to the j™ neuron of layer . Besides, b' is the
bias vector of layer [, with [b']; = bé- the bias term of the j®* neuron of layer {. The

whole process can then be described by the following equations, in matrix form:
h’ =x
a' = Wh' '+ b
h' = ¢'(a’)
§ =ht
with a’ the activation of layer I, and h' the hidden unit of layer [, i.e. the result of
the activation function o' of layer [ on its activation (acting element-wise). There

are multiple common choices for the activation and loss functions, that will be
discussed just after.

Training

As the weight matrixes and bias vectors are the parameters of the model, we can
write the set of parameters of an MLP as § = [W' b', W? b? ..., W’ b”|. Then,
after choosing a learning rate n and initial parameters 6y, we can use the general
gradient descent update rule of parameters:

0+ 60— nVoL(0).

However, it can become costly to compute for MLPs with many layers of many
neurons, resulting in a large amount of parameters. Consequently, it is often
SGD that is used for MLP instead of classical gradient descent. Even with SGD,
computing the gradient remains costly for the biggest models. So, to address this
issue, we use the backpropagation algorithm.

In a nutshell, we can notice that there are a lot of redundant computations when
using the chain rule for the partial derivatives of the loss function with respect to
the weights and biases. Indeed, the partial derivatives associated with a layer need
the partial derivatives associated with the next layer. Therefore, after a forward
pass of the data through the network to compute the outputs, we proceed to a
backward pass where we compute all the partial derivatives from end to beginning,
so that a layer can use the values of the partial derivatives of the next layer to
compute efficiently its own partial derivatives. All the computed partial derivatives
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are stored along the way so that they can be reused to compute all the new weights
at the end thanks to the update rule.

There are also many other ways to improve the training of an MLP, like using
custom parameter initializations, regularization, normalization, etc. There also
exists SGD variants using multiple optimizations like adaptative stepsizes, scaling,
etc.

Activation Functions and Universal Approximation Theorem

The MLP also has an input and an output layer. The hidden layers between these
two are what makes it a multilayer neural network. An MLP is called deep when
it has many hidden layers. There is still one important point to be made about
activation functions: they must be non-linear. Indeed, there exists a theorem called
the “Universal approximation theorem” that can be described as: “Multilayer
perceptrons, with at least one hidden layer and a variety of non-linear activation
functions (sigmoid, tanh, ReLU, ...) can approximate any continuous function
f: X — Y from a finite-dimensional space X to another one Y, with any desired
precision given enough hidden units” [16]. In contrast to the single-layer perceptron
that is limited to linearly separable problems, an MLP can thus in theory solve any
continuous non-linear problem. It could not be possible if the activation functions
were linear, since successively applying linear transformations on linear weighted
sums would result in linear outputs.

Here are some common choices of non-linear activation functions:

1

o Sigmoid: o(7) = =

 Rectified Linear Unit (ReLU): o(z) = max(0, z).

o Leaky ReLU (with parameter 0 < a < 1): o(2) = max(azx, z).

ef—e™ %

er+e %"

« Hyperbolic tangent: o(z) = tanh(x) =
« Hard hyperbolic tangent: o(z) = htanh(z) = max(min(z, 1), —1).

And they are represented in figure [2.8) below:
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Figure 2.8: Common choices of non-linear activation functions.

One of the most popular choices for hidden layers is the ReLLU activation function,
because its derivative is equal to 1 whenever the neuron is active, i.e. its activation
is greater than 0. This limits the vanishing gradient phenomenon, that the sigmoid
and hyperbolic tangent activation functions suffer from because of their derivatives
being significant only near 0. Also, a popular choice to perform a multi-class
classification with d* = C classes is to use the softmax activation function on the
output layer, combined with the categorical cross-entropy loss (CCE) [2]. The
softmax function does the following:

ex
Jr = hf = softmax,(a’) = ——.

C a:
Zj:1€ J

So, we have ¢, € [0,1] Vk € 1,2,...,C, and ¢ ,9» = 1. We notice that
each output g is thus a probability, corresponding to the probability of the
input belonging to class k € 1,2,...,C. The corresponding CCE loss, for the 7
datapoint, is then the following:

c
lec(Jisvi) = = D i 10g(i5)
j=1
where y;; equals 1 if the ith datapoint is of class j, and 1;; is the output probability
of the i** datapoint being of class j. CCE loss is thus the generalization of the
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BCE loss with more than 2 classes.

Now that we have explained the basis of deep neural networks with the MLP, let
us introduce new types of deep neural networks that will be used in the context
of our work: convolutional neural networks (CNN) and feature pyramid networks
(FPN). As they use the same principles as for MLPs, we will not go deep into the
details but rather describe them on the surface and discuss their benefits.

2.2.5 Convolutional Neural Networks

Unlike MLPs where the order and structure of inputs do not matter, CNNs are
a type of neural network specialized in processing data with a grid-like topology.
For example, an image can be seen as a 2-dimensional grid of pixels, each pixel
having a certain value. They are therefore widely used in computer vision tasks
like object recognition, showing good performance. They take their name from the
fact that they use a particular mathematical operation: convolution. According
to |14], “convolutional networks are simply neural networks that use convolution
in place of general matrix multiplication in at least one of their layers”. Let us
describe the structure of a CNN and how it works, before explaining why such
networks are so efficient in computer vision.

Convolutional Layer

The convolution used in ML applications differs a bit from the one used in mathe-
matical or signal processing applications but keeps the same principle of applying a
sliding filter to a function. Let us describe a convolutional layer for 2-dimensional
data. A 2-dimensional convolutional layer takes as input a 2-dimensional grid of val-
ues and applies a sliding 2-dimensional filter to it to produce another 2-dimensional
grid of values as output. Let I be the input grid, K be the filter, also called kernel,
and S be the output grid, also called feature map. Then, the value at position
(i,7) of the output feature map S is computed by:

M:

S(i,j) = (I * K)(i Z (i +m,j+n)K(m,n)

1n

m

where M and N are the dimensions of the kernel, and % denotes the 2-dimensional
convolution operator. In reality, the operation performed here is called the cross-
correlation, but it is commonly called convolution in the context of ML. We can
find a simple example of this operation in figure below, with a 3x4 input grid
and a 2x2 kernel, producing a 2x3 feature map.
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Figure 2.9: Simple example of a 2-dimensional convolutional layer.

This is the base case of a convolution in a CNN, but in reality there are multiple
hyperparameters that define a convolutional layer. To get an overview, three im-
portant of them are the kernel size defining the dimensions of the kernel, the stride
defining the number of units between each shift of the kernel, and the padding
allowing to add pixels on the borders of the input. Moreover, as for MLP, a bias
term can be added to each computation.

Another important consideration is that values on a grid can be vectors. For
example, a pixel in a color image is defined by a vector of three RGB values,
representing its intensity in red, green, and blue respectively. In this case, the
initial vector grid is separated into several scalar grids; one for each component.
Each scalar grid is called a channel. In a convolution, the input and the output can
have channels. In that case, each pair of input and output channels has its own
kernel. Still in the 2-dimensional case, let I, be the k' channel of the input, and
S; be the (" channel of the output. Then, K}, is the kernel associated with these
channels, and the value at position (i,7) of the I output channel S; is computed

by:
Si(i, ) = Ek:([k « Ki)(i,7) = ;ZZ I.(i +m, j +n)Ky(m,n).

Figure below shows such a multi-channel convolution with 3 input channels
and 4 output channels.
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Figure 2.10: Multi-channel convolution (image taken from )

So far, we only covered the 2-dimensional case. However, all this can be extended
to the 3-dimensional case, with 3-dimensional grids and kernels. For example, a
color video can be seen as the concatenation of 2-dimensional grids of RGB pixels,
representing successive color images separated by a timestep. This concatenation
thus forms a 3-dimensional grid of RGB pixels, that can be separated in three
channels of 3-dimensional grids.

CNN Architecture

In a typical CNN, convolutional layers are combined with other types of layers.
First, as convolution is a linear operation, non-linear activation function layers
are used after convolutional layers to introduce non-linearities in the network,
which is essential as explained in section [2.2.4] Then, we also use what we call
pooling layers. This type of layer allows to summarize the information contained
in neighborhoods of the grids. A popular choice is to use max pooling layers,
outputting the maximum value of a neighborhood, as shown in figure below
with a 2x2 max pooling layer. There exist other types of pooling layers, like the
average pooling layers which output the average value of a neighborhood.
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Figure 2.11: Simple example of a 2-dimensional max pooling layer.

As will be developed after, convolutional layers act as feature extractors. So, to
perform tasks like classification, they are often combined with fully connected layers
(the same layers as in MLPs). To do so, feature maps of the last convolutional
layer pass through a flatten layer to flatten all values of all feature maps in a single
1-dimensional vector. Then, it works like an MLP until classification. Figure [2.12
below shows a representation of such a network.

Input

Output
Pooling Pooling Pooling

Convglution Convolution Convglution
+
Kernel RelU RelU RelU

SoftMax
Activation
Function

Fully
L———Connected
Layer

I | |

Feature Extraction Classification Probabilistic
Distribution

J

Feature Maps

Figure 2.12: A basic CNN architecture (image taken from )

Training

The parameters to train in convolutional layers are the weights of the kernels, as
well as biases, if any. In general, SGD is used with an adapted version of the
backpropagation algorithm for CNNs. Also, to stabilize and speed up the training
of CNNs, batch normalization layers are often used after convolutional layers .
Such a layer normalizes its input with respect to its mean and standard deviation
in the mini-batch and is also trainable.
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Benefits

CNNs offer many advantages over conventional MLPs. First, convolutional layers
induce sparse interactions and parameter sharing. Sparse interactions (or sparse
connectivity) means that each output unit interacts only with a (small) part of the
input units. Indeed, if the kernel is of size k, each output unit of a feature map
interacts with k input units. Parameter sharing refers to using the same parameter
in more than one computation. In a convolutional layer, the same kernel is used at
every position of the input to produce the output, sharing its k parameters with
each output unit.

These two properties result in a great gain of performance compared to a fully
connected layer, as it reduces the number of computations and parameters. There-
fore, it leads to better computational and memory efficiency. Let us consider
an input layer of size m and an output layer of size n. For a fully connected
layer, this would result in mn computations and mn parameters, whereas for
a convolutional layer with a kernel of size k& < m,n, it would result in only
kn computations and k parameters, which is considerably better. This reduced
number of parameters and computations also makes a CNN less prone to overfitting.

Also, the form of parameter sharing in a convolutional layer induces a property
called equivariance to translation. It means that if we translate a part of the input
in a certain way, its representation will be translated the same way in the output.
Therefore, we can see kernels as filters that will be applied to each location of the
input to detect specific patterns or features anywhere in the input.

Moreover, since each unit interacts with multiple previous units which themselves
interact with multiple previous units, even though direct interactions in a CNN
are sparse, deeper units may indirectly interact with a larger portion of the input.
Complex interactions between many variables can thus be efficiently captured by
CNNs. Besides, they are capable of learning hierarchical representations of the
input. For example in the 2-dimensional case, early layers tend to learn detecting
low-level features such as edges and textures, while deeper layers tend to learn
detecting higher-level features such as shapes and objects |[46]. That is why we say
that CNNs are powerful feature extractors.

Finally, in addition to reducing computational costs as they reduce the dimensions
of feature maps, pooling layers help to introduce a sort of local invariance to small
translations. That means that a small translation of the input should not change
most of the pooled values. It can be useful if we care more about the presence of
a feature than about its location, and can make the model more robust to small
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translations of the input.

Now that we have introduced CNNs as powerful feature extractors, let us introduce
even better feature extractors specialized in object detection: feature pyramid
networks (FPNs).

2.2.6 Feature Pyramid Networks

As a reminder, object detection includes their localization and classification.
Whereas classical CNNs perform well at recognizing single objects, detecting
multiple objects on the same image is often challenging, especially if they have
different scales. In particular, they often struggle to detect small objects. To ad-
dress this issue, FPNs were created, taking advantage of CNNs’ inherent capability
of learning hierarchical representations of the input [24]. Let us describe their
structure as well as their benefits.

Structure

An FPN is composed of two stages:

o Bottom-up pathway: it is the standard feedforward computation of a
backbone CNN that generates a feature hierarchy with layers of increasing
semantic value but decreasing spatial resolution, as each successive feature
map is downscaled with a scaling factor of 2 using stride.

o« Top-down pathway and lateral connections: the top-down pathway
upsamples higher-level feature maps, with higher semantic but lower spatial
value (resolution), by a factor of 2 using a simple nearest neighbor upsampling.
Then, lateral connections merge these upsampled feature maps with the
ones from the bottom-up pathway, which have lower semantic but higher
spatial value. The feature maps from the bottom-up pathway undergo a 1x1
convolution before being added to the ones of the top-down pathway, in order
to adjust channel dimensions. Finally, each merged map undergoes a 3x3
convolution in order to reduce the aliasing effect due to upsampling.

For greater clarity, figure below shows these two pathways.
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Figure 2.13: FPN architecture (image taken from [18]).

Benefits

The key of FPNs is that the constructed feature pyramid combines both high-level,
semantically strong features from deeper layers and low-level, spatially strong
features from lower layers. So, it will increase a detector’s capacity to predict object
locations. Moreover, by combining different feature maps of different scales and
resolutions, FPNs enable better handling of objects of different sizes, especially

small ones. All that without much computational overhead compared to conven-
tional CNNs.

Note that FPNs are only feature extractors. In order to detect objects, a detector
must be added, that will use the produced feature maps at each level of the feature
pyramid to make its predictions, as depicted in figure below.
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Figure 2.14: A detector uses feature maps of all levels to make its predictions
(image taken from )
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Chapter 3
ROAD-R Challenge Framework

Now that we have explained the theoretical background needed to understand
this work, let us dive into the ROAD-R dataset and its associated challenge. The
goal here is to increase the performance of state-of-the-art models for road event
detection by making them able to learn from requirements expressed as logical
constraints, representing background knowledge about the problem, and by making
their predictions compliant with the requirements. In this chapter, we will first
formally define the problem, then describe the ROAD-R dataset, containing road
events videos and equipped with with a set of requirements expressed as logical
constraints. We will continue by explaining how the authors of the ROAD-R paper
[13] performed the baseline road event detection, and then how they took advantage
of the requirements to increase the performance of their models. We will finish by
briefly presenting some other state-of-the-art methods to achieve the same goal.
Naturally, a lot of information in this chapter comes from the ROAD-R paper.

3.1 Formal Definition of the Problem

Road event detection takes place in 2 stages: first predict bounding boxes, giving
the locations of the events on the images, and then predict their associated sets of
labels for classification. Focussing on the second stage, we can formulate it as a
multi-label classification (MC) problem with requirements.

An MC problem is a problem P = (C,X,)), where C is the set of all possible
labels, denoted by A;, Ay, ..., X is a set of bounding boxes z € R? (a bounding
box can be entirely described by 4 coordinates), and ) is the associated set of
ground truth values y C C for each bounding box. Let a model m be a func-
tion m : C x X — [0,1] : (A,z) - m(A,z). A bounding box z is predicted
by a model m to have label A if m(A,z) > 0, with § € [0,1] a user-defined
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threshold. Then, the prediction p of model m for bounding box x is the set
p={A]AecCm(Az) >0 U{-A|AecC m(A x) <0} Therefore, VA € C,
either A € p or =A € p. A bounding box is then labeled only with the positive
labels in its prediction.

An MC problem with propositional logic requirements is a problem (P, 1I), where
P =(C,X,Y) is an MC problem and II is a set of propositional logic constraints r
on C. A prediction p is admissible if it satisfies each constraint r € II. A model m
satisfies II on a bounding box x € X if its prediction for x is admissible. Therefore,
if m satisfies II on all the bounding boxes, the set of all possible predictions is
restricted to only the admissible ones with respect to II.

Let us now introduce the ROAD-R dataset, which will be used to train a model
capable of performing road event detection while taking advantage of logical
requirements, giving rise to an MC problem with requirements.

3.2 ROAD-R Dataset

ROAD-R, standing for ROad event Awareness Dataset with logical Requirements,
“is the first publicly available dataset for autonomous driving with requirements
expressed as logical constraints” according to the paper. It extends the ROAD [41]
video dataset by adding the set of requirements to it.

3.2.1 Videos

The ROAD-R dataset is made up of 22 videos, each about 8 minutes long, where
we have the point of view of a vehicle driving on the road, in the manner of an
autonomous vehicle. These videos are annotated with road events, i.e. sequences
of frame-wise labeled bounding boxes linked in time whose labels correspond to
subsets of a set C of 41 labels, divided into three main categories: agents, actions,
and locations. To be processed, each video is converted to images, at a rate of 12
images per second, and with a width and height of 1280 and 960 pixels respectively.
Figure below shows an example of such an annotated image. We structured the
labels so that a line corresponds to a label category, in the same order as presented
just before. Note that there can be multiple labels of the same category for the
same bounding box and that a bounding box does not necessarily have a label in
every category.
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Figure 3.1: An example of an annotated image from the ROAD-R dataset.

3.2.2 Requirements

As said before, the video dataset is completed by a set of requirements II expressed
as logical constraints r € II. In total, there are |II| = 243 constraints limiting the
number of admissible combinations of labels. Together, all these constraints form a
big logic formula in CNF, where each clause corresponds to a constraint. A SAT
solver was used to verify that the whole formula was satisfiable, and it was also
verified that all ground-truth annotations respected the constraints. There are
different types of constraints in this set:

o First, the more common ones are constraints with only two negative labels,
which express mutual exclusion between the two labels. Indeed, they have
the general form —L; V =Ly, which is equivalent to =(L; A L) expressing
that we cannot have L; and L, being true at the same time, or which is even
equivalent to Ly = =Ly (or Ly = —L1) expressing that if Ly is true, Ly must
be false (or conversely). Note that all combinations of two agent labels are
used in these constraints, so an admissible prediction has at most one agent
label.

e Then, there are constraints with one negative label and with the remaining
labels being positive. They have the form —L; V Ly V ---V L,, which is
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equivalent to Ly = (Lg V - -+ V L,,) expressing that if Ly is true, at least one
label among Lo, ..., L, must be true.

o Finally, the least common ones are constraints with only positive labels,
expressing that at least one of their labels must be true. There are exactly
two of these: one stating that a bounding box must have at least one agent
label and the other stating that it must have at least one location label except
for traffic lights. Consequently, by combining these constraints with those
of mutual exclusion, we can notice that an admissible prediction must have
exactly one agent label, and at least one location label except for traffic lights.

An example of constraint r € II is “a traffic light cannot be red and green at the
same time”, which is thus expressed as —Red V =Green, and can also be noted as
r = {-Red, =Green}. From now on, we will always use this set notation for the
constraints. Figure [3.2] below shows an example of a violation of this constraint.
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Figure 3.2: Example of violation of the constraint {—Red, -Green}.

Now that we have described the problem and the dataset that will be used, we can
explain how to perform road event detection and some related concepts.
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3.3 road event detection

Now that the problem has been formulated and that we know what the ROAD-
R dataset looks like, we will explain how the authors of the ROAD-R paper
performed and evaluated their baseline predictions, before taking advantage of
the requirements. But first, let us explain some notions about object detection in
general.

3.3.1 General Notions of Object Detection

Three important notions that are very useful to understand how object detection
works in general are the intersection over union metric, the concept of anchor boxes,
and the non-maximum suppression algorithm.

Intersection over Union

Intersection over Union (IoU), also called Jaccard index, is a metric used to measure
the similarity between two shapes (or volumes) A, B C R™ [36]. It is computed by:
|AN B

|AU B[’

IoU =

For two bounding boxes A, B C R?, this amounts to compute the ratio between
their area of intersection and their area of union, as shown in figure below.

B
]OU:L
A O+ 0+

Figure 3.3: ToU between two bounding boxes A and B.

We always have loU € [0, 1], with 0 obtained when the bounding boxes do not
intersect and 1 obtained when they perfectly overlap.

Anchor Boxes

The concept of anchor boxes, first introduced by [35], is very useful in object
detection, especially to predict the locations of bounding boxes. They correspond
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to a set of predefined boxes of various sizes (scales) and shapes (aspect ratios), that
are centered at each location of a feature map. Figure below shows a set of
three anchor boxes with different scales and aspect ratios, centered at each location
of a 4x4 feature map obtained from a 16x16 image by a CNN. Note that although
the feature map has a lower resolution than the image (i.e. has fewer pixels), the
anchor boxes are scaled according to the image (and not according to the feature
map).

CNN

Image Feature map

Figure 3.4: Set of 3 anchor boxes centered at each location of a feature map.

They act as reference points for the object detector to predict bounding boxes.
Therefore, it is important to choose their sizes and shapes so that they could match
with the possible objects to predict. Then, for each anchor box, the model predicts
4 offsets, refining the base location of the anchor box to a more precise one for
the prediction, and a classification score for each possible class in C. Hence, for
a feature map of size W x H with k anchor boxes per location, a model outputs
W x H x k predictions (one per anchor box), and thus W x H x k x (|C| + 4)
values (|C| 4 4 per anchor box).

During training, we assign each anchor box to a ground-truth bounding box, or
not, based on two IoU thresholds ¢ty and ¢, with tg > t;. If an anchor box has
an loU with a ground-truth bounding box higher than ¢, then it is assigned to
the ground-truth bounding box with which it has the highest IoU. In this case,
its ground-truth labels are the ones of the ground-truth bounding box, and its
ground-truth offsets are the ones between it and the ground-truth bounding box.
If an anchor box has an IoU with every ground-truth bounding box lower than %,
then it is considered as background, which can be seen as a label only useful for
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training, and its ground-truth offsets are omitted. Finally, if an anchor box has an
[oU with a ground-truth bounding box between ¢, and ¢y, then it is ignored as it
is ambiguous. After that, the discrepancy between the predicted labels and offsets
of each anchor box and their ground-truth labels and offsets is measured thanks to
an appropriate loss function.

Non-Maximum Suppression

As a consequence of the anchor boxes method, a typical object detector outputs
many detections for a same ground-truth object, with overlapping but slightly
offset bounding boxes. Naturally, many of these detections are superfluous, and we
only want to keep the best one. A first step is then to discard all detections with a
very small confidence on their predicted labels. It does not suppress all superfluous
detections, but it makes a good first selection.

Now, let us consider the case of binary classification, where the detector only
detects one class of objects with a confidence between 0 and 1. Then, the goal of
non-maximum suppression (NMS) is to only keep the most confident bounding
box for a same ground-truth object. The principle of NMS is to consider that two
bounding boxes that largely overlap correspond to the same ground-truth object.
We can measure this overlap with the IoU metric presented just before, and if two
bounding boxes have an IoU that exceeds a given threshold, then we only keep
the most confident bounding box. Figure [3.5 below illustrates this with a simple
example of three overlapping boxes with confidences of 0.6, 0.8, and 0.7. After
NMS, only the box with a confidence of 0.8 is kept.

0.6

Suppressed boxes

0.7
Figure 3.5: Example of NMS.

[3] gives a simple algorithm to perform NMS given a set of bounding boxes along
with their confidences, and an IoU threshold. In brief, first select the bounding
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box having the highest confidence and suppress all other bounding boxes for which
the ToU with the selected box exceeds the threshold. Then, select the bounding
box with the second highest confidence among the remaining ones and do the
same. Repeat by selecting the third-best remaining bounding box, then the fourth-
best,. .. until all bounding boxes have been processed.

We can extend NMS to the case where a same bounding box can have multiple
labels, either by summarizing each of its classification scores into one global score
(for example by taking the mean, or the maximum), or by performing NMS for
each class separately and then merging the results.

We can now introduce the model that the authors of the ROAD-R paper used to
perform road event detection: 3D-RetinaNet.

3.3.2 3D-RetinalNet

3D-RetinaNet is the 3-dimensional version of RetinaNet . It is a state-of-
the-art model for object detection, that is built around the FPN concept. We will
describe its structure as well as its training and inference (detection) steps.

Structure

Figure [3.6] below shows the structure of the 3D-RetinaNet architecture.

133 3

Conv Conv
III 133 333*@

spatial Conv
[avgpooll_»| Tx1x1x256 |—> 3l

9 C - number of all classes
< :'_'.~ 3xTxWxH - input sequence of frames A - number of anchors
% Ca - number of AV action classes

Figure 3.6: 3D-RetinaNet architecture (image taken from )
It is composed of a 3-dimensional FPN with a 3-dimensional backbone CNN, thus
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outputting a feature pyramid of 3-dimensional feature maps. The input of the
backbone CNN is a sequence of T' successive RGB frames of size W x H (repre-
senting a color video), resulting in 3 input channels of 3-dimensional feature maps
of size T' x W x H. At the end, each level of the feature pyramid has 256 channels
of 3-dimensional feature maps, whose spatial resolution decreases the higher the
level is. Note that in figure [3.6, the dimensions of 7" x W x H were kept for these
feature maps, but that in reality their W and H are smaller than those of the input
image for higher levels in the feature pyramid, as their spatial resolution decreases.
So, we will denote the width and height of the feature map at level [ by W, and
H, respectively. The authors of the ROAD-R paper considered 6 state-of-the-art
3-dimensional backbone CNNs based on a ResNet-50 architecture [15]: 2D-ConvNet
(C2D) [44], Inflated 3D-ConvNet (I3D) [4], Recurrent Convolutional Network (RCN)
[40], Random Connectivity Long Short-Term Memory (RCLSTM) [17], Random
Connectivity Gated Recurrent Unit (RCGRU) [17], and SlowFast [11]. We will
not detail them here, but these models have been shown to perform well for object
detection in videos.

Then, at each level of the feature pyramid, two sub-networks are attached: one to
perform object classification and the other to perform object regression. They have
the same structure: they consist of successive convolutional layers with 256 kernels
of size 1 x 3 x 3 followed by ReLU activation functions, and of a last convolutional
layer with kernels of size 3 x 3 x 3 to produce the output feature maps. This is where
anchor boxes come into play. At each level, we will use a set of A anchor boxes per
location on the feature map, with scales and aspect ratios varying across the levels.
Therefore, the last convolutional layer of the object classification sub-network will
have |C| x A kernels of size 3 x 3 x 3 and will be followed by a sigmoid activation
function (not softmax as a bounding box can have multiple labels here) to produce
classification scores between 0 and 1 for each class in C and for each anchor box,
on each location of the feature map. The same goes for the last convolutional layer
of the box regression sub-network that will have 4 x A kernels of size 3 x 3 x 3
to produce 4 offsets for each anchor box, on each location of the feature map.
This layer does not have any activation function. Consequently, the classification
and regression sub-networks at level [ will output 7" x W; x H; x |C| x A and
T x W; x H; x 4 x A values respectively. Note that these two sub-networks do not
share parameters between them, but that they share their parameters between levels.

Training

As a reminder, when we introduced the anchor boxes method we said that, for
training, some anchor boxes were assigned to ground-truth boxes while some other
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ones were assigned to background. Well, during training, we will consider the
background as a label. Indeed, it allows to penalize background anchor boxes for
which other labels than background were predicted. We will assign the 0** label to
the background class; there are thus |C| + 1 labels during training.

The loss function that they used for 3D-RetinaNet is a combination of the focal
loss for classification [25] and the smooth L1 loss for box regression [12]. Let
y € {0,1}°I*1 be the ground-truth labels of an anchor box and § € [0, 1]€*! be its
classification scores. Let also o € R* be its ground-truth offsets and 6 € R* be its
predicted offsets. Then, the loss term associated with this anchor box is computed
by:

l(@? Y, 0, 0) = lFL(Q? y) + )‘(1 - yO)ZSLl (67 O)

where [r;, is the focal loss term, and lg;; is the smooth L1 loss term. Parameter
A is a weight factor balancing these two loss terms, and factor (1 — yg) allows to
ignore the smooth L1 loss term for background anchor boxes, for which yy = 1, as
they are not assigned to any ground-truth bounding box. Focal loss is a variant of
the standard cross entropy loss presented before, that address class imbalance. Its
loss term is computed by:

c|
lrr(9, ) Zyj (1 —g;)"1og(7;) + (1 —y;)(1 — @)g; log(1 — ;)

where « € [0,1] and v > 0 are tunable parameters. We see that the background
label is taken into account in the focal loss as the sum starts at j = 0. Smooth L1
loss is a combination of L1 loss, which uses absolute differences, and L2 loss, which
uses squared differences. It is less sensitive to outliers than L2 loss, and in some
cases prevents exploding gradients [9]. For an anchor box that is not assigned to
background, its loss term is computed by:

4
ls21(0,0) = smoothy (64 — 0q)
d=1
with )
0.5z
if || <
smooth(z) =¢ f ifle] <8

|z| —0.58 otherwise

where (3 is the threshold from which we switch from an L2 loss to an L1 loss.

Finally, the parameters of the model are trained using SGD with backpropagation,
using some SGD optimizers to speed up the process.
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Inference

Inference is the process after which detections are produced on input images. It is
separated into three steps. The first one is the production of raw detections, the
second one is their filtering, and the third one is their thresholding. Raw detections
are produced simply by forwarding a sequence of images to the network, thus
producing a detection per anchor box. The problem is that there are too many
anchor boxes compared to the number of objects to detect, as explained before.
Therefore, we have to filter the raw detections in order to only keep the best one
for each potential object. This is done by first deleting the raw detections with
very low classification scores, and then by applying the NMS algorithm presented
before. Finally, we only keep the filtered detections that have classification scores
above the threshold 6 as final detections.

3.3.3 Evaluation

A common evaluation metric for object detection is the mean average precision
(mAP). It combines loU with AUC-PR to provide a measure taking both location
and classification into account. To compute mAP, we first need to redefine the
confusion matrix introduced in section [2.2.2] and then explain what is average
precision (AP) for a given class. This section is inspired by [34] and [39].

Confusion Matrix for Object Detection

In the object detection context, we have to introduce IoU in the confusion matrix.
Indeed, the AP of a model for a given class is computed with respect to an
IoU threshold, that will impact the number of detections in each category of the
confusion matrix, allowing to take the locations of the detections into account. For
a single class object detection task, given an IoU threshold 7 and a classification
threshold 6, we define the following detection categories:

 True positives (TP): predicted classification probability greater than 6 and
IoU between the predicted and the ground-truth bounding boxes greater than
T.

o False positives (FP): predicted classification probability greater than 6 and
IoU between the predicted and the ground-truth bounding boxes lower than
T.

 False negatives (FN): ground-truth detections that the model could not
correctly detect.

Note that we did not define the true negatives (TN), since they will not be required
to compute the AP for a given class, as we will see now.
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Average Precision

The AP at a given IoU threshold 7 for a given class is a particular case of the
AUC-PR, explained in section where we simply use the confusion matrix
adapted for object detection just above instead of the classical confusion matrix for
classification, to compute precision and recall at different classification thresholds
and obtain the PR curve.

Besides, there exists a way to construct a PR curve without computing the entire
confusion matrix, for all detections, at each classification threshold. Indeed, we
will first sort all detections, across all images, by descending classification scores.
Then, we will iterate through the detections in this order and each time consider
their classification score as the current classification threshold. By doing so, we
can simply classify the current detection as TP if the IoU between its predicted
bounding box and a ground-truth bounding box is greater than 7, or as FP if it is
not the case. We can then compute the corresponding cumulative precision and
recall, that will correspond to a point on the PR curve. In particular, for the i
most confident detection, with corresponding classification threshold 6;, we can
compute:

Recall; = Th
" #(Ground-truth detections)
Precision; = TiPz
TP+ FP

where T'P; and F'P; are the numbers of TP and FP respectively among the ¢ most
confident detections, thus at classification threshold 6;, incremented through the
iterations. So, (Recall;, Precision;) is the i*" point of the PR curve, and the whole
PR curve is plotted when all the detections have been processed.

The PR curve obtained with this method has the typical characteristics of PR
curves. Indeed, on its left side, precision is typically higher and recall lower, as
there are typically more TP than FP for high classification thresholds, but still not
many compared to the number of ground-truth detections. On its right side, recall
increases but precision might drop as the number of TP increases but more FP are
included for low classification thresholds.

Finally, the AP at a given IoU threshold 7 for a given class is the area under
the obtained PR curve, that can be computed by a simple numerical integration
scheme like the trapezoidal rule. [34] also explains a way of computing the AP
more accurately by interpolating points on the PR curve, but a simple numerical
integration is generally sufficiently accurate and easier to implement.
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Mean Average Precision

We just explained how to compute the AP at a given IoU threshold 7 for a single
class object detection task. However, in the ROAD-R Challenge, we face a multi-
labeled object detection task, where a single bounding box can have multiple labels
among a set of classes. Hence, we can compute the AP at IoU threshold 7 for each
class separately. To compute the AP for a single class only, we can consider only
its classification score for each detection and ignore the scores for the other classes.
Then, we can compute the mAP at IoU threshold 7 by taking the mean over all
the single-class AP at IoU threshold 7:

IC]
mAPQT = |Cl| Z AP,Qr
i=1

where AP,@r is the AP at IoU threshold 7 for class i.

3.4 Learning with Requirements

We explained the baseline model used to perform road event detection, as well as
the method to evaluate such a model. We will now explain how to take advantage
of the set of requirements to improve the model. The authors of the ROAD-R
paper presented two ways of doing so. The first one is to modify the loss function of
the model so that it learns from the requirements during training. The second one
is to add a post-processing step to the detections, enforcing the requirements on
them. They called them constrained loss (CL) and constrained output (CO) models
respectively. They also combined these methods to build models with constrained
loss and constrained output (CLCO).

3.4.1 Constrained Loss

Integrating the requirements in the loss function allows the model to take them
into account directly during training. Indeed, as they represent prior knowledge
with respect to the detections, it should normally increase the model’s performance.
To integrate the requirements into the loss function, we add a regularization term
representing the degree of satisfaction of the constraints in II for the classification
scores 7 of a detection:

||

m(g) = ad (1 —t(7))

i=1
where t; represents the fuzzy logic relaxation of the i** constraint in II, using t-norms
and t-conorms as logic connectors between the scores as introduced in section 2.1.2]
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If the scores reflect compliance with the " constraint, then t;(§) will be close to 1
and will therefore have little impact on loss. On the contrary, if the scores reflect
non-compliance with the 7" constraint, then ¢;(¢) will be close to 0 and will there-
fore have a greater impact on the loss. The hyperparameter a allows to control the
weight and thus the importance of this regularization term in the total loss function.

There are several choices of t-norm that we can use. The authors of the ROAD-R
paper chose to use the three fundamental t-norms (along with their corresponding
t-conorms) presented in section [2.1.2} Lukasiewicz, Godel, and Product t-norms.

3.4.2 Constrained Output

This method is a post-processing step, that is applied after the generation of the
detections. It aims to correct predictions that do not respect the constraints so
that they become compliant with the requirements, while trying to improve the
performance of the model or at least not reduce it. This problem can be formulated
as a weighted partial maximum satisfiability (PMaxSAT) problem, that we will
introduce now.

Weighted PMaxSAT Problem

The weighted PMaxSAT problem is a generalization of the SAT problem [1]. Let
us consider a logic formula in CNF, where each of its clauses corresponds to a
constraint. Whereas the SAT problem consists of finding an assignment of the
propositional variables that satisfies all the constraints, in the weighted PMaxSAT
problem we assume that not all constraints can always be satisfied. So, we divide
them into two groups: hard and soft constraints. Hard constraints must be satis-
fied, while soft constraints may be satisfied or not. We also add a weight to each
soft constraint, representing a penalty if it is not satisfied. Then, the weighted
PMaxSAT problem consists in finding the assignment that satisfies all the hard
constraints, while minimizing the sum of the weights of the falsified soft constraints.

As it is a generalization of the SAT problem which is NP-complete, the weighted
PMaxSAT problem is naturally also NP-complete. Therefore, no algorithm solves
this problem in polynomial time. However, as for the SAT problem, there exists
efficient solvers for it. For example, the authors of the ROAD-R paper used the
publicly available solver MaxHS [8] [7].
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Application of the Weighted PMaxSAT Problem to Post-processing

To model the post-processing step as a weighted PMaxSAT problem, we have to
define what will be the hard constraints, and what will be the soft constraints. Let
p be a prediction of the labels of a bounding box. As we want p to be compliant
with all requirements, each constraint r € II will naturally be a hard constraint.
Then, as stated in section [3.1, VA € C, either A € p or =A € p. It means that
the prediction p contains all possible labels either in positive or negative form,
depending on whether they were predicted or not by the model. So, each positive
or negative label in p will be a soft constraint, forming a unit clause containing a
single literal. If soft constraints are falsified in the solution of the problem, simply
flip the corresponding labels to make the corrected prediction compliant with the
requirements. Indeed, the flipped labels will now result to true with the same
assignment. Let us illustrate this with the simple example of traffic lights.

Let p = {Red, Green} (meaning Red = true and Green = true) be a prediction
saying that a traffic light is red and green at the same time. Obviously, it cannot
be true, as stated by the requirement r = {—=Red, =Green} (equivalent to =Red V
—Green) already presented before. Therefore, we want to correct p so that it
becomes compliant with r. By formulating this as a weighted PMaxSAT problem,
r will be a hard constraint, while “Red” and “Green” will be soft constraints, giving
the following CNF formula:

(=Red V =Green) A Red A Green.

We can notice that the solution of this weighted PMaxSAT problem will have an
unsatisfied soft constraint, as the only way for the hard constraint to be satisfied
is to have at least “Red” or “Green” to be false. Let us assume that the soft
constraint “Red” has a greater weight than the soft constraint “Green”. Then, the
solution of this weighted PMaxSAT problem will be {Red = true, Green = false}.
Indeed, with this assignment, the hard constraint is satisfied, and the weight of the
falsified soft constraint is minimal. Finally, since the soft constraint “Green” is not
satisfied in the solution, we flip the label “Green” to “—Green”, and we obtain the
corrected prediction p’ = {Red, ~Green} which is now compliant with r.

To flip the i*" label, we change its output classification score ¢; as follows:

f@z) =

0+e if gz <6
0 — e otherwise

with € a small value, e.g. 1073, and 6 the classification threshold, so that it reflects
the fact that a flipped label is close to the limit of being predicted or not. Indeed,
we expect that a label that was flipped from negative to positive has a lower
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classification score than the labels that were initially predicted positive, and vice
versa for the labels that were flipped from positive to negative. Now, there is a last
point to discuss: the choice of the weights of the soft constraints.

Weights of the Soft Constraints

As the soft constraints of our applied weighted PMaxSAT problem correspond to
positive and negative labels that will be flipped if they are falsified in the solution
of the problem, the weights associated with them will correspond to the penalties
of flipping them in order to correct the prediction. Let w; be the weight associated
with the i soft constraint, and thus the i** label. The authors of the ROAD-R
paper considered three choices of these weights:

o Minimal Distance (MD): all weights are unitary:

This simple choice implies that the solution will give as few labels to flip as
possible. However, it does not take any confidence or performance factors
into account, and therefore often leads to poor results.

o Average Precision (AP): the weights are the average precisions of the labels:

It allows to take into account the performance of the model for each label. In
this way, labels with higher average precisions will have fewer chances to be
flipped, as they are more likely to be correctly predicted compared to labels
with lower average precisions.

» Average Precision and Output (AP xO): average precisions are now multiplied
by the output scores of the model:

AP; - i if g; >0
w; =
AP; - (1 —7;) otherwise.

This allows to combine both the model’s global performance and its confidence
in the current prediction, for each label.

3.4.3 Constrained Loss and Output

CL and CO models can be combined to produce CLCO models. These models
thus use both a constrained loss, allowing to learn from the requirements during
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training, and a constrained output, enforcing the requirements to the predictions.
The predictions of such a model are thus compliant with the requirements, and
we could expect a better performance since the requirements, representing prior
knowledge, are taken into account during training. Different CLCO models can be
considered by combining different t-norms for the constrained loss with different
weights of the soft constraints for the constrained output.

3.5 State of the Art

There exist other methods to tackle the ROAD-R Challenge. We will here present
some techniques used by the Challenge winners.

YQQL Team separated their model training into two stages. In the first stage,
after a first preprocessing of the data, they used the YOLOvS8 model by Ultralytics
[20], a state-of-the-art object detection model showing good performance, to detect
the bounding boxes and the types of agents only. In the second stage, after a
second preprocessing of the data, they extracted regional image sequences of agents
and predicted their action(s) and location(s) using the AIM ViT-L model [45],
specialized in video action recognition. Also, they took the requirements into
account by adding a post-processing step that downweights the classification scores
of actions violating constraints. More information can be found on their GitHub [26].

MWIT Team also used YOLOvVS, but they modified it to support multiple labels
per bounding box by using n-hot vectors as ground-truth values instead of one-hot
vectors, allowing multiple labels to have high confidence scores at the same time.
They also added the constrained loss discussed before to it. Moreover, they designed
a custom NMS algorithm specifically for the ROAD-R dataset, which focuses on
the agent labels only. They also showed how to take advantage of unlabelled data
with two models that together extend YOLOvVS, refining its output scores thanks
to the constrained loss applied to unlabelled data. See their GitHub [30] and their
associated paper [31] for more information.

Lastly, PCIE-LR Team used an ensemble technique that combines the outputs of 6
models from the baseline (used by the ROAD-R paper authors) and one model from
MDMdetection [5][29] by OpenMMLab, a good-performing state-of-the-art object
detection toolbox based on PyTorch. They modified some code of MMDetection to
allow it to deal with multi-label data and pre-processed the data to convert it into
a supported format. With MMDetection, they trained a Faster-RCNN [35] first
only for the agent labels, and then they added the action and location labels to the
training of the agent-only model. For further information, see their GitHub [23].
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Chapter 4

Proposed Contributions

Now that we have explained the ROAD-R Challenge’s aim of improving a deep
learning model using a set of requirements expressed as logical constraints, as well
as the concepts and methods used in this context, we will detail the objectives of
our work and the different contributions we will make to help us achieve them.

4.1 Objectives

In addition to what has already been done in the ROAD-R Challenge paper [13],
our objectives are twofold.

Firstly, training such a big model for object detection on such a big dataset is
quite computationally expensive and can thus take much time. Therefore, we will
explore whether it is possible to easily integrate a set of logical constraints into an
existing model to improve it without having to re-train it entirely, with the aim
of saving time in the process. This could be achieved by fine-tuning, using the
requirements, already trained models that did not use them.

Secondly, the authors of the ROAD-R paper showed that, although the post-
processing step makes the predictions compliant with the requirements, the gain in
performance is usually limited, or even negative for some configurations. Therefore,
we will explore new ways of performing the post-processing with the aim of making
it more performant.

We will later analyze the performances obtained using different metrics, notably the
mAP score, as well as the number of predictions that do not respect the constraints
and need to be corrected. We will also discuss the time taken, as well as trade-offs
between these metrics.
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4.2 Fine-tuning

As said before, fine-tuning consists of the integration of the set of logical require-
ments into an already trained model that did not use them in its training. To
achieve that, we can simply resume the training of such a model but with the
constrained loss regularization term added to the total loss, as explained in section
[3.4.1] As the purpose of this method is to save time by not re-training a model
entirely, the number of fine-tuning iterations should be low compared to the number
of iterations for which the model was initially trained. This would allow to integrate
the additional knowledge contained in the requirements for a few iterations so that
the model could adapt to them for a short time. The value of the hyperparameter
a can be varied to produce fine-tuned models with different importances of the
constrained loss regularization term, which thus take the requirements into account
during the fine-tuning at different degrees.

4.3 Post-processing

We saw that the post-processing to make the predictions compliant with the
requirements was based on the solving of a weighted PMaxSAT problem whose
hard constraints were the requirements, and soft constraints were the predicted
labels. As the predictions are corrected by flipping the labels of the falsified soft
constraints in the solution of the problem, the key to having a performant post-
processing relies on the choice of the weights of these soft constraints. The authors
of the ROAD-R paper already presented some of them (see section , and we
will explore new post-processing methods by proposing new weight choices for the
soft constraints, essentially based on the prediction scores.

4.3.1 Pred-based Post-processing

In the ROAD-R paper, they proposed a post-processing that uses the labels” APs
and confidence scores for the weights of the soft constraints, as well as one that
only uses the labels’” APs for the weights. However, they did not try to only use the
confidence scores. So, for our first post-processing, we propose to set the weights of
the soft constraints to the confidences of the model in predicting the labels or not:

Yi if g; > 0
w; = .
1 —4; otherwise.

Of course, in the case where ¢; < 0, the i label is not predicted, and so 1 — ¢;
corresponds to the probability that the i label is not predicted. Hence, a label with
low output probability is confident in being unpredicted. With this post-processing,
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more confident predictions according to the model have a higher weight and have
thus fewer chances to be flipped. In other words, this post-processing tends to flip
the labels that are the closest to the classification threshold 6. We will call this
post-processing pred-based. Unlike the AP and AP xO post-processing described in
section [3.4.2] which are based on a global score reflecting the model’s performance
for each label, this pred-based post-processing is based solely on a local score for
each label, specific to each prediction, reflecting the model’s confidence in the
current prediction. It can be beneficial in cases where the APs of some labels are
so low that, after the post-processing, they become predicted almost by default in
raw predictions that have missing labels.

Let us analyze such a case. Figure below shows a ground truth annotation of
an image along with the raw detections of a model on this image (with a confidence
threshold # = 0.5). We can see that the model did not detect the truck, probably
because of the light conditions, but that is not what we are interested in here. Let
us look at the pedestrian detection instead; we can notice that it detected only
its action of moving away. However, we saw in section that there are two
particular requirements stating that every bounding box must have an agent label
and that every agent except traffic lights must have a location label, which is not
the case here. Therefore, the post-processing step will correct this prediction so
that it has an agent label and a (or several) location label(s).

Ground truth

MedVeh
Stop
VehLane

800 1000 1200 800 1000 1200

Figure 4.1: Example of ground truth annotations on an image (left) and raw
detections from a model on the same image (right).

We thus applied the AP and APxO post-processings on that non-compliant pre-
diction. We decided not to apply the MD post-processing, as it would have been
essentially a random selection of an agent and a location label from the combina-
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tions of labels that respect the constraints. Figure below shows the results of
these post-processings. We can notice that they both produced the same result:
emergency vehicle and parking as agent and location labels respectively. These
labels are obviously wrong compared to the ground truth, which says that it is
a pedestrian on the left pavement. To understand these results, let us have a
look at the class APs of these labels with the used model: APg,,ven = 0% and
AP, urking = 0.03%. These class APs are by far the two worst of all. They are so
low that if there is a missing agent or location label, these labels will automatically
be predicted after these post-processings as long as they are compliant with the
other labels of the prediction. Indeed, for the emergency vehicle agent label, it
is not even a penalty to flip it after solving the weighted PMaxSAT problem, as
it has a zero AP. Moreover, even with the AP xO post-processing, no confidence
score can be big enough to compensate for such low APs at threshold 8 = 0.5.

APxO

600 800 1000 1200 600 800 1000 1200

Figure 4.2: AP and AP xO post-processings applied on the raw prediction of the
previous example.

Let us now see how the proposed pred-based post-processing deals with this example.
As shown in figure below, the post-processed prediction now aligns with the
ground truth. We can explain this result by analyzing the confidence scores
produced by the model. Indeed, we find that §p.q = 0.48, which is the highest
agent label score but still under the threshold # = 0.5, thus unpredicted. Therefore,
it is also the closest score to the threshold, and we have wpe.g = 1 — §peq = 0.52
which is the lowest weight for the agent labels soft constraints. Similarly, we have
UrftPav = 0.25 as the highest location label score, and thus wg ftpe, = 0.75 as the
lowest weight for the location labels soft constraints. Since they have the lowest
weights in their respective label categories, the pred-based post-processing will flip
the pedestrian and left pavement labels to be positive on this prediction, which is
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what we want.

Pred-based

0 200 400 600 800 1000 1200

Figure 4.3: pred-based post-processing applied on the raw prediction of the
previous example.

Let us now introduce another choice of weights for the post-processing that also
relies on the confidence scores of the model, but with an extra twist.

4.3.2 Log-pred-based Post-processing

It often happens that instead of working with probabilities, we work with their
logarithms. So, for our second post-processing, we will use the same idea as
for the pred-based post-processing, except that we now use the logarithm of the
probabilities. However, we must be careful with the fact that the MaxHS solver
only works with positive weights. So, to have positive weights and still keep an
increasing function, we will take the negation of the inverse of the logarithm of the
probabilities:

-1
log ()
—1
log(1 — 7;)
where log(-) is the natural logarithm function (base e). We will call this post-
processing log-pred-based. Figure [£.4|below shows this function for confidence scores

if 9, > 0

otherwise
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ranging from 0 to 1. Note that the function is undefined on g; = 0 and ¢; = 1,

with limg, o @ = 0 and limg, @ = +4o00. Nevertheless, these two values

are never output by any model since the output activation functions are sigmoids,
whose values range from 0 to 1 excluded.

20.0

0.0 011 0f2 013 0f4 015 Or6 0t7 018 0f9 1.0
Vi
Figure 4.4: Plot of the function used for the log-pred-based post-processing,
between 0 and 1.

The plot shows that the function is convex almost everywhere between 0 and 1.
Therefore, compared to the pred-based post-processing, this method gives even more
weight to more confident predictions than to less confident ones. The phenomenon
is all the more significant as the confidence scores approach 1, where the function
tends to positive infinity. This can be beneficial in some cases, for example when a
label has a so high confidence score that we do not want to flip it, but prefer to
flip several other labels with lower confidence scores instead.

Let us analyze such a case. Figure below shows a new example of a ground
truth annotation of an image along with the raw detections of a model on the
same image (still with a confidence threshold 6 = 0.5). We can see that the model
detected the car correctly, but that it has trouble with the cyclists. Indeed, the
location labels are missing for both cyclists, and the cyclist on the left has wrong
agent and action labels. Moreover, two other constraints are violated for the cyclist
on the left: a cyclist cannot be a pedestrian, and a cyclist cannot push an object.
We will now see how the different post-processings will correct these predictions.
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Figure 4.5: New example of ground truth annotations on an image (left) and raw
detections from a model on the same image (right).

Again, we first applied the AP and AP x O post-processings on these detections, and
we reported their results in figure below. We can observe the same phenomenon
as explained before: on both cyclists, both post-processings set the missing location
label to a parking, which is wrong. This is still due to the fact that it is the
location label with the lowest AP. However, for the cyclist on the left, the two
post-processings produced different results for the agent and action labels. Before
analyzing these results, let us take a look at the different possible combinations
that a post-processing could produce in this case. Since a cyclist cannot be a
pedestrian, one of these two labels will be flipped to negative. If the pedestrian
label is flipped, then the constraint that a cyclist cannot push an object is still not
respected. As a result, the pushing object label would also be flipped. If the cyclist
label is flipped, then the two constraints are now respected. We see that the AP
post-processing led to the second case, while the AP xO post-processing led to the
first case. The APs and classification scores of the pedestrian, cyclist and pushing
object labels are the following: APpeq = 69.66%, §peq = 0.56, APcy. = 70.81%,
Uoye = 0.79, APpysnon; = 5.17% and §pushon; = 0.52. For the AP post-processing,
as APpeq + APpyshon; = 74.83% > 70.81% = APcy., the cyclist label is flipped.
For the AP xO post-processing, as APpeq - Uped + APpushob; * Yrushow; = 41.70% <
55.94% = APcyc- Joye, the pedestrian and pushing object labels are flipped. Overall,
we see that these post-processings are not very efficient for this example, but that
the AP xO one is better than the AP one here as it at least found that the cyclist
on the left was indeed a cyclist.

23



0 200 400 600 800 1000 1200 0 200 400 600 800 1000 1200

Figure 4.6: AP and AP xO post-processings applied on the raw prediction of the
new example.

Let us now have a look at the pred-based and the new log-pred-based post-processings
for this example. Figure [£.7 below shows their results. The first thing we can
notice is that now for both cyclists, both post-processings set the missing location
labels to the correct labels. This is because, as explained before, they were the
unpredicted location labels with the highest confidence scores, which were thus the
closest to the threshold and had the lowest weights. Thanks to that, the cyclist on
the right is now correctly classified with respect to the ground truth. Then, for
the cyclist on the left, we can notice that the pred-based post-processing chose to
only flip the cyclist label to negative, while the log-pred-based one chose to flip the
pedestrian and pushing object labels to negative. Obviously, even if the action label
of moving toward remains incorrect in both cases, saying that the cyclist is indeed
a cyclist is better than saying that it is a pedestrian that pushes an object. The
log-pred-based is thus better in this case, but let us analyze why. For the pred-based
post-processing, we have §Jpeq + Jpushon; = 1.08 > 0.79 = gy, so the cyclist label
is flipped to negative. For the log-pred-based post-processing, let f(g;) = 1og_(17i)'
We then have f(§pea) + f(Upushonj) = 3.25 < 4.24 = f(Ycye), so the pedestrian
and pushing object labels are flipped negative this time. Thus we see that in some
cases, the log-pred-based post-processing prefers flipping several lower confidence
labels than a high confidence label, whereas the sum of the lower confidences would
basically have been higher than the high confidence as it is the case here with the
pred-based post-processing.
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Figure 4.7: pred-based and log-pred-based post-processings applied on the raw
prediction of the new example.
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Chapter 5

Experiments and Analysis

We will now describe the experiments we carried out for the various contributions
proposed in the previous chapter. For each experiment, we will give the parameters
used and show the results obtained for each set of parameters, using different
metrics like the mAP score and the number of predictions that are not compliant
with the requirements. Of course, we will also analyze and discuss our results. But
before presenting the results of interest, we will first present our setup and baseline.

5.1 Setup

From now on, all the models that we will train will have the same base parameters,
which are basically almost the same as the ones the authors of the ROAD-R paper
used. In particular, they will have a batch size equal to 4 and a sequence length
equal to 8 frames. They will all be initialized with the Kinetics—40(ﬂ pre-trained
weights, and they will use an SGD optimizer [22] with step learning rate, starting
from 0.0041. They will be trained for 30 epochs (without fine-tuning), during which
the learning rate will drop by a factor of 10 after the 20" and 25" epochs. Training
a 3D-RetinaNet on the ROAD-R dataset is computationally very expensive, and
my own computer was not powerful enough to support the training of such models.
Therefore, we used the Manneback cluster from the CISM, the UCLouvain platform
for supercomputing which is part of the CECI consortium. In particular, we used
a node with 96 CPUs, and 4 GeForce RTX3090 GPUs having 24GB of VRAM
each. Even with this equipment, training a 3D-RetinaNet model on the ROAD-R
dataset for one epoch takes around one hour. So, a complete training for 30 epochs
takes about 30 hours, which is quite long. Therefore, we will limit ourselves only to
3D-RetinaNet models using an RCGRU backbone CNN, and a Lukasiewicz
t-norm for the constrained loss, which were the configurations giving the best

"https://deepmind.google/
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results in the ROAD-R paper.

Before moving on to the experiments, we have a last issue to address. As already
said in section there are normally 22 annotated videos in the ROAD-R
dataset. The authors of the ROAD-R paper thus separated this dataset into 18
training videos, and 4 test videos. However, they did not make their annotations
on the test videos publicly available. Therefore, if we want to be able to evaluate
our models, we will have to split the annotated training set of 18 videos into a new
smaller training set, and a new test set. Our new training set is now composed
of 15 videos, while the test set is made up of the 3 remaining annotated videos.
This could lead to small differences in the results obtained, compared with those
obtained in the ROAD-R paper.

5.2 Baseline

First and foremost, we need baseline results with which we can compare all our
future experimental results. To do so, we will re-train models by picking among
those already discussed in the ROAD-R paper. We will train a baseline model that
does not take the requirements into account, and we will also train baseline models
that take them into account either with a constrained loss, a constrained output,
or even both. We will compare their results with the ones in the paper, and then
they will then serve as a basis against which to compare our new models.

5.2.1 Configurations

Our most basic baseline model will thus be a 3D-RetinaNet model with RCGRU
backbone, without constrained loss or output. Then, we will train baseline CL
models, using the Lukasiewicz t-norm, with different values for the a hyperpa-
rameter: o = 1.0, @ = 5.0 and a = 10.0. Finally, we will also develop CO and
CLCO models by applying the post-processings presented in the ROAD-R paper
(MD, AP, and AP xO) to all trained baseline models, with different values for the
classification threshold # ranging from 0.1 to 0.9 with steps of 0.1.

5.2.2 Results
Basic and CL models

Figure[5.1]below shows the percentage of predictions violating at least one constraint
for our basic (o = 0.0) and CL (a > 0.0) baseline models, with respect to the
classification threshold 6. We computed these values only for bounding boxes that
had at least one predicted label, i.e. at least one label score above 6, since we do
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not consider the bounding boxes without any predicted label in the final outputs
of the models. We can observe U-shaped curves, with minimal percentages around
0 = 0.3 and 0 = 0.4. We can explain these curve shapes by the fact that at a
smaller threshold 6, more labels are predicted per bounding box, and therefore
more constraints such as those of mutual exclusion are not respected. Furthermore,
at a higher threshold @, fewer labels are predicted per bounding box, and so more
constraints such as those requiring each bounding box to have at least one agent
label and one location label (except for traffic lights) are not respected. We can
thus conclude that around 8 = 0.3 and 6 = 0.4, a trade-off is found between the
non-respect of these different types of constraints.
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Figure 5.1: Percentage of predictions violating at least one constraint for baseline
basic and CL models, with respect to the classification threshold.

A surprising fact, but that was also observed in the ROAD-R paper, is that inte-
grating the constrained loss does not seem to reduce the percentage of predictions
violating at least one constraint, compared to the basic model. Even more surpris-
ing, we can observe that the curve of the basic model is almost always under the
other three (except for § = 0.3). However, since taking into account the degree
of constraints non-compliance in the loss allows background knowledge associated
with these constraints to be integrated into the model, we might have expected CL
models to have lower percentages of predictions violating at least one constraint
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than the basic model. We might also have expected that the higher the «, the
lower the percentages would be, since the constrained loss regularization term, and
thus the degree of respect of the constraints, would then have more importance
in the loss and therefore in the training process. Nonetheless, we can see that
this is not the case here. Note that our results differ from the ones presented in
the ROAD-R paper in one aspect. Indeed, in the latter, we can observe curves
with percentages that evolve almost linearly with 6, from about 90% at 8 = 0.1
to almost 100% at 8 = 0.9. We do not have access to their code for this metric,
but a possible explanation could be that, unlike us, they used all the predictions in
their computations, including the ones where all label scores were below 6 and thus
where nothing was predicted, of which there are many. Since there exist constraints
that prohibit bounding boxes without any predicted label, this would explain the
large number of predictions violating at least one constraint, as well as the linear
and increasing shape of the curves, as the number of bounding boxes without any
predicted label naturally increases with 6.

Table (.1l below shows the mAP@50 scores of the basic and CL baseline models.
We can see that only the CL model with o = 1.0 increased the performance of the
basic model, raising the mAP@50 score from 33.03% to 33.86%, which represents a
significant improvement. However, CL. models with a = 5.0 and o = 10.0 induced
a drop in performance compared to the basic model. This may be due to the
fact that, with these values of «, the constrained loss regularization term had
too much weight compared to the focal loss terms, which did not give enough
importance to the loss terms related to the regression of the bounding boxes and
their classification, which are the two main ingredients to compute the mAP score
of a model.

a 0.0 1.0 5.0  10.0
mAP@50 [%] | 33.03 33.86 32.73 32.55

Table 5.1: mAP@50 scores of basic and CL baseline models.

The scores obtained here are overall slightly higher than in the ROAD-R paper but
remain within the same ranges. This small difference is probably due to the fact
that we did not use exactly the same training and test sets as they did. However,
we can also observe in the ROAD-R paper that the different CL models can have
both a positive as well as a negative impact on the performance. In our case, as in
the paper, our best CL model outperforms our basic model by a good margin.
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CO and CLCO models

Table |5.2| below reports the different mAP@50 scores (in [%]) of our baseline CO
models, obtained by applying different post-processings on the basic model. The
best score(s) with respect to 6 for each type of post-processing is (are) put in bold
for greater clarity. We notice that none of these post-processings improved the
performance of the basic model.

a=0.0
post-processing
MD AP  APxO
0.1 27.75 29.86 31.46
0.2 3093 31.74 32.18
0.3 | 32.18 3243  32.57
0.4 ] 32.67 3283 32.83
0 053269 32.86 32.86
0.6 | 32.59 32.86 32.84
0.7] 3237 3273 32.71
0.8 32.19 3279  32.79
0.9 | 31.98 32.77  32.87

Table 5.2: mAP@S50 scores of baseline CO models.

For the MD post-processing, it seems normal as it is a very naive post-processing
that just seeks to make a prediction compliant with the requirements by flipping as
few labels as possible, without taking the context or the performance of the model
into account. We also observed this decrease in performance in the ROAD-R paper.
However, in the paper, the performances of the best AP and AP xO post-processings
were always better than for the basic model, which is not the case here. A possible
explanation of this difference is that in our case, as illustrated in the examples of
section [4.3] certain labels have a very low AP compared to the other labels, which
means that they have a very low weight in the weighted PMaxSAT problem. They
are therefore very often flipped “by default” in predictions where agent or location
labels are missing to meet the constraints, leading to wrong predictions and thus to
a negative impact on the performance. We can then assume that in the ROAD-R
paper, due to the fact that they used different training and test sets, the APs of
these labels were surely higher than in our case, which limited this phenomenon
of “flipped by default” labels, especially in the case of the APxO post-processing
which also takes the model confidence into account. Note that at least, despite a
slight loss of performance, we can be sure that all predictions are compliant with
the requirements.
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Let us now look at table below. This one now reports the mAP@50 scores (in
[%]) of our baseline CLCO models, obtained by applying different post-processings
on each of the baseline CL models. Once again, we notice that none of these
post-processings improved the performance of the baseline CL. models and that,
in each case, the MD post-processing has the worst performance. The loss of
performance of the AP and APxO post-processings can be explained the same
way as just before.

a=1.0 a=25.0 a=10.0
post-processing post-processing post-processing
MD AP APxO | MD AP APxO | MD AP APxO
0.1 | 28.24 30.52 32.67 | 25.98 28.10 3094 | 25.77 28.32  30.87
0.2 | 31.85 33.01 33.31 | 30.22 31.16 31.92 | 30.66 31.33 31.81
0.3 33.25 33.59 33.56 | 32.11 3225 32.37 | 32.35 3234  32.38
04| 33.59 33.76 33.70 | 32.44 32.63 32.63 | 32.32 32.44 32.43
6 0.5 | 33.45 33.77 33.64 | 32.27 32.61 32.61 | 31.99 3242 32.34
0.6 | 33.30 33.73 33.64 | 32.01 32.61 32.61 | 31.74 3245 32.38
0.7 ] 33.11 33.74 33.66 | 31.79 32.60 32.60 | 31.49 32.46 32.38
0.8 | 32.72 33.71 33.61 | 31.55 32.60 32.62 | 31.01 32.46 32.36
0.9 | 32,53 33.72 33.67 | 31.22 32.61 32.61 | 31.20 3244  32.39

Table 5.3: mAP@50 scores of baseline CLCO models.

Again, despite slight losses of performance compared to their respective CL models,
we can at least be sure that all predictions of these CLCO models are compliant
with the requirements. Moreover, the CLCO model with o = 1.0 for the constrained
loss shows greater mAP@50 scores than the baseline basic model. It means that, in
addition to having all its predictions compliant with the requirement, it also had a
better performance than the basic model, which is a great improvement. However,
it is still not the best model in terms of pure performance since the CL model with
a = 1.0 without post-processing achieves a greater mAP@50 score.

Now that we presented all our baseline experiments and analyzed their results, let
us do the same with the experiments featuring our proposed contributions.

5.3 New post-processings
We will begin with the experiments using our proposed pred-based and Log-pred-
based post-processings on the baseline models. The objective of these experiments is

to see if our new post-processings could give better results than the ones presented
in the ROAD-R paper, that form our baseline.
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5.3.1 Configurations

In these experiments, we will create new CO and CLCO models by applying our
proposed pred-based (P) and Log-pred-based (LP) post-processings to all trained
basic (v = 0.0) and CL (a € {1.0,5.0,10.0}) baseline models, with different values
for the classification threshold # ranging from 0.1 to 0.9 with steps of 0.1.

5.3.2 Results

Table £.4] below shows the mAP@50 scores of all our new CO and CLCO models.
In addition to bolding the best score(s) of each post-processing with respect to 6,
we colored in green the scores that are greater than their corresponding baseline
scores, without post-processing. A first thing we can notice is that, for each
a € {0.0,1.0,5.0,10.0}, P and LP post-processings’ best scores are greater than the
best scores of the other baseline post-processings presented just before. Secondly,
unlike just before, we can now observe performance improvements compared with
the basic and CL baseline models, as shown by the mAP@50 scores highlighted in
green, for each o except for a = 1.0. These two observations mean two things: in
our case, our proposed post-processings seem better than the ones proposed in the
ROAD-R paper, and for each a except 1.0, we improved the model’s performance
while having all predictions compliant with the requirements.

a=0.0 a=1.0 a=25.0 a =10.0
post-processing | post-processing | post-processing | post-processing
P LP P LP P LP P LP

0.1] 31.92 31.89 | 3270 3270 | 31.54 3148 | 3149 31.37
0.2 3242 3249 | 3347 3344 | 32.36 3236 | 32.30  32.29
0.3 ] 32.63 3286 | 33.70 33.73 | 32.66 32.69 | 32.56 32.60
0.41] 32.78 33.03 | 33.82 33.83 | 32.70 32.75 | 3247  32.56
0 0.5|32.88 33.10 | 33.76 33.82 | 3244 3246 | 32.26  32.37
0.6 | 32.74 3297 | 3341 3346 | 32.30 3240 | 32.06 32.16
0.7] 3248 32.62 | 33.28 33.31 | 32.16 3222 | 31.82 3191
0.8 3237 3236 | 3279 3281 | 32.32 3241 | 31.74  31.78
0.9 | 3248 3245 | 3274 32774 | 3247 3248 | 3226  32.28

Table 5.4: mAP@50 scores of CL and CLCO models with our proposed
post-processings.

Unfortunately, the baseline CL model with o = 1.0 was precisely the most perfor-
mant one, and our new post-processings did not improve it. This means that, for
the moment, our best model in terms of pure performance is not a model whose
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predictions are always compliant with the requirements. However, still for a = 1.0,
we can see that the difference between the best score of the LP post-processing and
the score of the baseline CL model is very small, amounting to just 0.03%. So, if we
absolutely want to have only predictions that respect all the constraints, it should
not be too big deal to use the CLCO model with o = 1.0 and an LP post-processing
with a threshold 6 = 0.4, instead of the very slightly most performant CL model
with @ = 1.0 which does not ensure that all constraints are respected for each
prediction.

5.4 Fine-tuning

We will now present the experiments using fine-tuning. As a reminder, this consists
of resuming the training of an already trained (and thus functional) model that
does not take constraints into account, this time integrating the constrained loss
to it for just a few iterations. The objective of the following experiments is thus
to see if it is possible to increase the performance of an existing model, thanks
to this fine-tuning that allows the model to adapt to the requirements for a few
iterations. If so, this would allow to save great amounts of time, as we would not
have to re-train a model entirely.

5.4.1 Configurations

We will fine-tune the basic baseline model, that was trained without constrained loss
for 30 epochs. To achieve that, we will resume its training for 5 additional epochs,
during which we will this time use a constrained loss with the Lukasiewicz t-norm.
As training a model for one epoch takes around one hour, each fine-tuning takes
about 5 hours, which is not much compared to the 30 hours of training for a fully
trained model. Once again, we will use different values for the o hyperparameter:
a = 1.0, « = 5.0, and a = 10.0. Finally, we will apply all the previous post-
processings to these fine-tuned models, including those in the ROAD-R paper and
those proposed by us, with different values for the classification threshold 6 ranging
from 0.1 to 0.9 with steps of 0.1.

5.4.2 Results

Figure[5.2 below shows the percentage of predictions violating at least one constraint
for our different fine-tuned models, with respect to the classification threshold 6.
We also included the curve of the baseline basic model back in the graph for easier
comparison. We can observe U-shaped curves similar to those observed previously,
which is logical as we saw that there was not much difference between CL and
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non-CL models in this regard. It therefore seems normal that partial CL models
have similar behaviors and values. The same explanations and analyses as before
thus still apply to these curves.
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Figure 5.2: Percentage of predictions violating at least one constraint for
fine-tuned models, with respect to the classification threshold.

However, we can see that the curve for the fine-tuned model with o = 1.0 almost
confuses itself with the curve for the basic model. It could suggest that this
fine-tuning may not have had a great impact on the original model. This could be
understandable, given that this is the smallest value of a that we use, and that
the fine-tuning only lasted for 5 more epochs on the basic model. Let us now thus
analyze their performances.

Table [5.5] below shows the mAP@50 scores of the fine-tuned models. Unfortunately,
we can notice that all three have had a detrimental effect on the performance of
the basic model, which initially had a mAP@50 score of 30.03%. However, we can
observe that the larger « is, the higher the performance of the fine-tuned model.
Besides, the mAP@50 score for a = 10.0 is close to the score of the basic model. We
can therefore believe that certain values of o that we did not test, possibly coupled
with different numbers of additional epochs (other than 5), could potentially have
produced fine-tuned models with an improved performance compared to the basic
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model. Nonetheless, we certainly cannot state this with certainty, as we did not
observe it in our results. We were indeed limited in computational and storage
resources, which is why we were not able to go much further in these fine-tuning
experiments.

a 1.0 50 100
mAP@50 [%] | 32.55 32.79 32.91

Table 5.5: mAP@50 scores of fine-tuned models.

Let us now see the results of applying all post-processings to these fine-tuned models.
Tables [5.6] and below show the mAP@50 scores of each post-processed
fine-tuned model, for each value of «, each type of post-processing and each value
of #. We can observe some results similar to those obtained before. In particular,
we can again see that our proposed post-processings always perform better than
those presented in the ROAD-R paper, as their best scores in function of 0 (still
indicated in bold) are always greater than the best scores of those of the ROAD-R
paper. Furthermore, we see that our LP post-processing increases the performance
of fine-tuned models with o = 1.0 and a = 5.0. However, it does not increase the
performance of the fine-tuned model with a = 10.0.

a=1.0
post-processing
MD AP APxO P LP
0.1 2711 2947 31.31 31.81 31.76
0.2 3043 3149 32.09 3228 32.29
0.3 ] 31.70 32.19 32.35 3248 32.52
0.4 ]32.24 3246 32.48 32.53 32.58
0 05| 3220 32.47 3245 32,50 32.58
0.6 | 32.13 3245 3242 3243 3248
0.7 | 31.87 3239 3237 3193 32.00
0.8 31.71 32.39 3238 31.83 3191
0.9 ] 31.51 3237 3235 31.84 31.85

Table 5.6: mAP@50 scores of post-processed fine-tuned models with o = 1.0.
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a=95.0
post-processing

MD AP APxO P LP
0.1 26.08 28.71 31.12 31.83 31.78
0.2 30.30 3149 3217 3245 3241
0.3 | 3226 3253 32.65 32.78 32.76
0.4 |32.54 32.74 32.75 32.78 32.81

6 053244 3271 3272 3269 32.73
0.6 | 32.25 32.68 32.68 3234 3243
0.7] 32.07 32,66 32.65 3199 32.06
0.8 ] 31.85 32.64 3263 31.89 3191
0.9 ] 3156 32.64 32.64 3212 32.12

Table 5.7: mAP@50 scores of post-processed fine-tuned models with o = 5.0.

a=10.0
post-processing

MD AP APxO P LP
0.1 25.04 2785 3089 31.77 31.69
0.2 | 30.08 31.35 32.07 3251 3246
0.3 | 3241 32.67 3276 32.87 32.85
0.4 |32.66 32.85 32.86 32.87 32.90

6 05| 3254 3282 3283 32.76 32.78
0.6 | 32.31 32.79 32.77 32.29 3240
0.7 3207 3279 3277 3211 3217
0.8 | 31.66 32.77 3276 3198 31.99
0.9 | 31.73 3279 3278 3252 32.54

Table 5.8: mAP@50 scores of post-processed fine-tuned models with a = 10.0.

Overall, whether with or without post-processing, the performance of our fine-tuned
models does not reach the performance of the baseline basic model and even less
the one of the baseline CL. model with o = 1.0. For the latter, it is not a very
big deal since it is not the one that was fine-tuned; it was therefore not really the
reference for this experiment. However, we hoped and expected an increase in
performance compared to the basic model before fine-tuning since, in our opinion,
the fine-tuning should have produced almost the same model but improved by the
integration of additional background knowledge thanks to the consideration of the
degree of compliance with the requirements in the training.

67



5.5 Discussion

Before discussing our results, here is a summary of them:

First of all, our most basic baseline model (without CL and CO) obtained a
mAP@50 score of 33.03%.

Concerning our baseline CL models, we observed that they did not reduce
the number of predictions violating at least one constraint, compared to the
basic model. Furthermore, only the CL model with o = 1.0 scored better
than the basic model, achieving a mAP@50 score of 33.86%.

None of our baseline CO and CLCO models improved the performance of
the corresponding baseline basic and CL models without post-processing.

For each model, our P and LP post-processings always gave better results
than the baseline post-processings (MD, AP, and APxO, presented in the
ROAD-R paper). In addition, we observed performance improvements for
the baseline basic model, rising to a mAP@50 score of 33.10% with the LP
post-processing with # = 0.5, as well as for the baseline CL models with
a = 5.0 and a = 10.0. However, this was not the case for the baseline CL
model with o« = 1.0, for which we were still able to obtain a map@50 score of
33.83% with the LP post-processing with 6§ = 0.4.

Finally, none of our fine-tuned models was able to reduce the number of
predictions violating at least one constraint and, whether with or without
post-processing, none of them improved the performance of the basic baseline
model from which they were created. By applying all post-processings to them,
however, we were able to make observations similar to the previous point:
our proposed post-processings obtained better scores than those presented in
the ROAD-R paper, and some LP post-processings were able to improve the
score compared with no post-processing.

In our case, there are therefore two possible choices for the final model, depending
on the main objective sought. If we want to have the best possible model in terms
of pure performance (reflected by the mAP@50 score) without having the certainty
that all its predictions will be compliant with the requirements, we will choose
the CL model with o = 1.0. On the other hand, if we want to have the assurance
that all the predictions always respect all the constraints, we will prefer to use
the CLCO model with o = 1.0 and the LP post-processing with § = 0.4, which
has a slightly lower performance but remains the best-performing model with a
constrained output.
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To return to the comparison with the results obtained in the ROAD-R paper
concerning post-processings, they always observed an increase in performance by
applying AP and AP xO post-processings to a non-CO model, which was not the
case at all here. However, our P and LP post-processings always showed better
performance than the AP and AP xO post-processings, and in most cases, they
were even able to increase the performance of models without post-processing,
especially for the LP one (which was by the way always better than the P one).
The results of our proposed post-processings were therefore conclusive here, and we
thus believe that they could be reused in other deep learning applications where
compliance with the requirements is critical.

Finally, regarding fine-tuning, our results were unfortunately not positive, since none
of our fine-tunings improved the performance of the baseline basic model. However,
due to the fact that we had limited computational and storage resources, we were not
able to test many different configurations. Indeed, it could have been interesting
to perform fine-tuning with other values of a, or other numbers of additional
epochs. We cannot say with certainty that other new configurations would improve
performance. However, if this was the case, this method would constitute a good
way to improve existing deep learning models for other applications, in a short time
compared to completely re-training a model (especially for bigger ones). This would
involve the creation of a set of requirements expressing background knowledge
specific to the application, and then resuming the training of the model with added
constrained loss regarding these new requirements.
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Chapter 6

Conclusion

As stated in our introduction, DNNs are nowadays widely used for various tasks,
of various degrees of complexity. However, despite their impressive performance,
they can act against requirements expressing background knowledge, which can
be critical in certain sensitive contexts. Researchers then created ROAD-R, a
video dataset for autonomous driving equipped with a set of requirements in the
form of logical constraints. They showed that it was possible to exploit these
requirements in order to improve a road event detection model and to guarantee
compliance with themselves. This master’s thesis was quite inspired by their work
and its main objectives also went in this direction, but with different new approaches.

After having introduced the theoretical notions needed to understand this work,
covering the topics of logic and deep learning with a focus on CNNs, we went
more deeply into the understanding of ROAD-R and the methods used to perform
road event detection as well as exploit the requirements in this regard. Indeed,
we first explained how the 3D-RetinaNet model works, combining an FPN acting
as a feature extractor with two CNNs specialized respectively in bounding box
regression and classification, and how to evaluate it using the mAP metric. Then,
we explained the two ways in which the authors of the ROAD-R paper integrated
the set of requirements into the model.

The first one, called constrained loss (CL), consisted of adding a term to the loss
function, representing the degree of violation of the constraints by the predictions,
which allowed to take the requirements into account during training. This allowed
to integration of background knowledge into the model, which could lead to a
greater or lesser performance gain, depending on the case. The second one, called
constrained output (CO), consisted of applying a post-processing step to the pre-
dictions, by solving a weighted PMaxSAT problem with the requirements as hard
constraints and the predicted labels as soft constraints. This allowed to make the
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predictions compliant with the requirements and could bring a small performance
gain depending on the weights chosen for the soft constraints. These two methods
could also be combined to form CLCO models which, in addition to producing
predictions compliant with the requirements, often showed the best performance.

The positive results of these methods inspired us to set ourselves two objectives.
The first was to investigate whether it is possible to improve an already trained
model using the requirements, without having to completely re-train it to save
time. The second objective was to improve the post-processing step that makes the
predictions compliant with the requirements. Before carrying out the experiments
associated with these two objectives, we trained some basic (i.e. without CL or
CO), CL, CO, and CLCO models as in the ROAD-R paper, serving as a baseline
against which to compare our future results. At that point, we observed some
dissimilarities with the ROAD-R paper, notably in the CO and CLCO models
which never improved performance in our case, unlike in the paper.

Next, in an attempt to achieve the first objective, we resumed the training of the
basic model, adding the constrained loss term to the total loss for a small number of
epochs compared with their initial number. We performed this fine-tuning process
with different weights for the constrained loss term. However, our results were not
very conclusive as they degraded the performance of the initial model.

In an attempt to achieve the second objective, we proposed two new choices of
weights for the soft constraints of the weighted PMaxSAT problem, based on the
model’s confidence in its predictions, and we applied them to the different baseline
(non-CO) models. They were called P and LP post-processings, and were applied
for different classification thresholds. Despite the aforementioned dissimilarities
between the results of the ROAD-R paper and our baseline results, we observed
that our proposed P and LP post-processings were still always better than those
of the ROAD-R paper, and that the LP one was itself always better than the P
one. We also observed that they often led to a performance gain compared to
the models on which they were applied, except in certain cases like for one of the
baseline CLL models, which was eventually the best-performing model in terms of
mAP. Nonetheless, the difference with its LP-post-processed version was very small,
and we can be sure that the latter always respects the constraints.

For these reasons, we consider that the second objective has been achieved as
well and that the new post-processings that we have proposed could be used in
other deep learning applications where the respect of certain constraints is primary.
However, we were surprised by our fine-tuning results, and believe that experiments
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should be carried out to a greater extent, with several parameter configurations
notably in terms of the weight given to the constrained loss term and the number
of additional training epochs. Unfortunately, we were not able to do this because
we were limited in computational and storage resources. Nonetheless, if the results
prove positive, this would be a good way of improving, in a relatively small amount
of time, models of other applications that would otherwise take a long time to
train entirely, by creating a set of requirements expressing application-specific
background knowledge. We will thus leave this for future work.

Finally, concerning post-processing, we limited ourselves to simple functions for the
weights of the soft constraints in the weighted PMaxSAT problem. We can then
imagine that more complex functions, for example taking into account the different
labels and their different types, could achieve better performances if they were well
designed. Moreover, during our work, we noticed that some specific constraints
were more often violated than others. As a result, we could imagine post-processing
that adapts to such constraints to give better results. Concerning the constraints
themselves, we saw that in our case they were expressed in propositional logic.
However, there are other, more complete types of logic, such as first-order logic. It
might therefore be interesting to see whether it would be possible to generalize the
methods used here to these other, more complete types of logic, which would make
it possible to model a wider variety of constraints. All these ideas could then be
explored in future work.

In conclusion, this master’s thesis proposed some methods to improve deep learning
models thanks to requirements expressed as logical constraints. Although some
challenges remain such as optimizing the fine-tuning process, it demonstrated the
good performance of new promising post-processing methods ensuring compliance
with the requirements, and provided valuable insights for future work in the field.
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