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Xii Abstract

Diploma Thesis

Meta Reinforcement Learning in Self Explanatory Neural Networks for

Image Classification

Vasileios Giosis

Abstract

Deep Learning models have excelled in the field of image classification, yet the decision
making process undertaken by the networks has not been easily interpretable by humans. In
particular, image classification is a complex topic as the high dimensionality of image data
further complicates the decision making process. Methods like Quantized Self-Explaining
Neural Networks (Q-SENN) have increased interpretability by utilizing sparse decision lay-
ers, a small number of features to make a class prediction and quantizing feature-class rela-
tionships. In this study, we propose Meta-SENN, a framework integrating Meta Reinforce-
ment Learning (Meta-RL) with Q-SENN to optimize the selected features and improve upon
interpretability, while maintaining or improving accuracy. Meta-SENN formulates feature
optimization as a Markov Decision Process (MDP) where states represent the current model
configuration, actions refer to the sparse quantized features selected and rewards are a balance
between accuracy and interpretability metrics. Our experimental evaluation on four datasets
for Fine-Grained image classification demonstrate that Meta-SENN outperforms Q-SENN
and other baseline methods, achieving small accuracy improvements, while maintaining or
enhancing interpretability. More notably, Meta-SENN achieves improvements on the Diver-
sity of the features for class prediction, as well as evenly distributing the class prediction

between the features.

Keywords:
Meta Reinforcement Learning, Explainable Al Self-Explaining Neural Networks, Interpretabil-

ity in Deep Learning
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Lepiinyn xiil

Authopoatikny Epyacio

Evioyvtikiy MaOnon Avtonpocsortopilopevemv Nevpovik@v AIKTO®V Yo,

Avayvaopron Etkovov

Baoiierog I'oong
Iepiinyn

To Movtéha Babidg pabnong £xovv dtakpifel 6tov Topéa e avayvapiong EiKévev, ®eTOG0
N dwdwacia 1 omoia akoAovBovV Yo va TAGOVY GTNV AYN NG OmOPACNS Yo TV KOTT-
yopromoinon g eikdvog dev eivar e0KoAa Katavontn amd tov avipwmro. To mpofAnua avtd
elvatl akdpa o £VIOVO G€ EIKOVEG e DYNAN AemTopépeio 6oL 1M Aertopépela ot Kahotd
™V OdKacio. oVt oKOUo TTo TeEPImAoKT Kot dvovomtn. Mébodot ommg ta KPavtiopuéva
Avtoemenyovpeva Nevpovikd Aiktva (Q-SENN) £xovv avéncet v eneEnynoydtnTa -
GLOTOIMVTOS SLAPOPES TEXVIKEG OTMS ALPOL CTPDOLOTO ATOPACTG, YAUNAO 0plOUO yopoKT-
PLOTIKAOV Y1, TNV TPOPAeYM Kot KPavTIoUO PETAED TV GYECEMV YOPOUKTNPIOTIKOV-KAAGEDV.
g autn TV SwAopatikn epyacio, tpotetvoope 1o Meta-SENN o apyitektovikn 1 onoio
ouvvovaletl tnv Méta Evioyvtiky Mdbnon (Meta-RL) pe to Q-SENN vyia va fedtiotomomost
T EMAEYUEVO YOPAKTNPLOTIKA Kol v BEATIOGEL TNV EXEENYIGIUATNTO TOL OIKTVLOV, O10TT-
pavtagn Pertidvovtog to enineda akpifetoc. To Meta-SENN povtelomolel v fertiotonoi-
N0 TOV YOPAKTNPIGTIKOV ©G o Atadikacio Amodgacng Markov (MDP), e Tig kataotdoelg
VO OVOPEPOVTAL OTIG TPEXOVGESG TOPOUETPOVS TOL LOVTEAOD, O1 EVEPYELES OVOPEPOVTOL GTNV
EMAOYN TOV KOADTEPOV YOPAUKTNPIOTIKMOV Kot 01 ovTapolBEG ot omoieg AapBdvovy v’ dyv
1660 TV oKpifela 000 kot TG peTpkég eneEnylopdmrag. H nepapatikn pog a&lordynon oe
TE6GEPO GUVOLN OEGOUEVOV TOL OTTOT0L YPNGLOTOIOVVTOL V1ot TOEVOUNGT EIKOVOV LE VYNAY
Aemtopuépela detyvouv O6tL To Meta-SENN Eemepvaet Tig emddoelg tov Q-SENN kot GAA®mv
Baocwmv peboddwv, pe pikpés Pedtiwoelg oty akpifela Kot PeAtinoelg 1 101eg TInéG emeén-
yiowottoc. [dwitepa a&oonueint eivar n feAtioon oty TOKIMA TOV YOPAKTNPICTIKOV
OV YPNCLULOTOOVVTOL Y10l TIG TPOPAEYELS, OGS EMIONG KOl 1] KOAVTEPT] KATAVOUT UETOED
TOV YOPOKTNPIOTIKAOV TOV YPNCUYLOTOL00VTOL Yio KAOE TpOPAey).

AéCarc-kAre0nd:

Méta Evioyvtikn Mdébnon, Ereényoduevn tevyvnt) vonuoovvn, Avtonpocdiopilopeva Nev-
povikd Atktva, Ereénynowpodtta oty Babid Mdabnon
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Chapter 1

Introduction

Image classification is one of the tasks in Computer Vision that Deep Learning models
are utilized and has enabled great advancements compared to previous methods [2, 3]. One
drawback of Artificial Intelligence models is the lack of understanding behind the decision-
making process undertaken by each model. This explanation is desired in multiple real-world
applications where Al is present. Fields where an action of an Al agent can have legal impli-
cations, such as autonomous driving, require the decision-making process of Al to be explain-
able [4, §]. Another field is Healthcare, where explainability in Al is of utmost importance

for ensuring transparency, trust and safety in decision-making [6, [7].

However, most architectures lack explainability and their decision-making process is not
easily comprehendible by humans, especially on Computer Vision tasks, where the high di-
mensionality of image data makes it even more complex [8]. Interpretability is the ability of
a model to allow humans to understand how inputs are mathematically or logically mapped
to outputs [9]. To quantify the interpretability of each model as well as the accuracy, Norren-
brock et al. [[1]] introduces Fidelity, Diversity and Grounding. Fidelity refers to the ability of
the model to preserve relevant information to the input data while maintaining high classifica-
tion accuracy. Diversity measures the variety of features utilized by the model for predicting
different classes. Grounding aligns the internal features learned by the model with human

understandable concepts.

One initial approach by Selvaraju et al. [[10] uses gradients in the final convolutional

layer of convolutional neural networks (CNNs) to produce localization heatmaps for impor-

1
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2 Chapter 1. Introduction

tant regions within the image. Another method proposed is Self-Explaining Neural Networks
(SENN) that attempts to solve this problem by utilizing linear combinations of comprehen-
sible concepts extracted from the input but is limited in applications and does not yield great
accuracy [[11]. Several other methods proposed to improve upon this initial approach, mainly
by proposing new mechanisms that enhance both interpretability and classification accuracy
[12]. Protopool proposed by Rymarczyk et al. [[13] introduces a pool of prototypes that are
shared by the classes and class predictions are made by classifying inputs based on their sim-
ilarity to these prototypes. Concept Bottleneck Models (CBM) by Koh et al. [14] tackles the
interpretability issue by enabling human intervention within the model, allowing the intro-

duction of human-understandable concepts.

The aforementioned methods, propose several solutions to introduce interpretability with-
out taking into consideration the human cognitive capability. Miller [[15] states that humans
can effectively process and retain seven plus or minus two discrete items in their short-term
memory. Following this rule, the Sparse Low-Dimensional Decision (SLDD) Model intro-
duces a sparse, low-dimensional decision layer that uses only 5 out of the 50 learned features
per class [[16]. This approach, yields significant improvements in all interpretability metrics,
simultaneously maintaining very similar levels of accuracy compared to a model with 2048

features.

Building on the basis of SLDD, Quantized Self-Explaining Neural Network (Q-SENN)
increases interpretability by quantizing the relationship between features and classes with a
Positive, Negative or Neutral value. This quantization makes the decision-making process of
the model simpler, making the learned features easier for human understanding. Moreover,
Q-SENN goes through a process of finetuning, enabling considerably higher interpretability
with the same or improved accuracy of previous models. Additionally, Q-SENN introduces
a method to automate the task of aligning features with human interpretable concepts based
on CLIP []}, 17]. Finally, Q-SENN introduces a new metric to measure Grounding, called
Dependence which calculates the average dependence of the predicted class on the most im-
portant feature. However, we will show that Q-SENN can be improved by further optimizing

the final decision layer.
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Meanwhile, Reinforcement Learning (RL) has proven to be an effective approach for
classification tasks [|18, 19]. Lagoudakis and Parr [20] introduce a method that leverages mod-
ern classifiers in an approximate policy iteration framework, transforming the RL problem
into a classification task. Similarly, Wiering et al. [21]] introduce the Max-Min Actor-Critic
Learning Automaton algorithm that combines RL with multi-layer percepetrons to solve clas-
sification tasks. In particular, Meta-RL has successfully been implemented for improving
performance in a variety of applications, including Image Classification [22]. Khodadadeh
et al. [23] introduce a Meta-RL framework that improves accuracy on on a variety of few-
shot image classification tasks. Meta-RL has been applied to other domains such as robotics
[24, 25, 26]. Belmonete-Baeza et al. [27] introduce a framework that aids in the design of
Legged Robots with Meta-RL, simultaneously designing the robot hardware with the control-
ling Software. Control Systems is another domain where Meta-RL has excelled in Controller
tuning as well as adaptive control [28, 29, 30, 31]]. Natural Language Processing [32, 33, 34]
and Healthcare Applications [35, 36, 37] are also fields where Meta-RL has enabled advance-
ments. One major advantage of Meta-RL is its ability to enhance performance using a small
amount of data and enables models to adjust to existing tasks by learning from previous ex-

periences [38, 39, 40].

While prior works have utilized Meta-RL in a plethora of domains, its application to self-
explaining neural networks remains unexplored. Q-SENN advances interpretability through
quantized sparse decision layers and automated concept alignment, yet the feature selection
process relies on static optimization techniques such as glm-saga [41]. These methods, while
effective lack adaptability to refine feature subsets and do not rely on interpretability and
accuracy to optimize the decision layers. Meta-RL addresses these shortcomings by formu-
lating the feature optimization process as a Markov Decision Process (MDP) [42], where an
agent learns to adjust the sparse decision layer parameters based on a reward function that
takes into consideration classification accuracy as well as interpretability. Utilizing Meta-RL
in Q-SENN enables improvements both in accuracy as well interpretability, which is critical
for real-world applications requiring both transparency and reliability such as medical diag-

nostics [6] and autonomous systems [4].

In this study, we present Meta-SENN a method for enhancing the Q-SENN Model by
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4 Chapter 1. Introduction

integrating it with a Meta-RL Framework. Considering that Q-SENN utilizes a very small
set of features to make predictions, we take advantage of the adaptability and the efficiency
of Meta-RL to improve the accuracy of a model when working with a small amount of data.

In particular our contribution is summarized as follows:

* We formulate the selection of Q-SENN parameters as an MDP, enabling us to cal-
culate the best features. The RL agent takes into account classification accuracy and
interpretability, striking a balance between performance and transparency by optimiz-

ing a custom reward function.

* We introduce a policy network to finetune the best set of Q-SENN parameters lever-
aging Meta-RL and a custom reward function to improve interpretability and maintain

or improve accuracy.

In Section 2 of the thesis an overview of related work is provided. Section [ presents
the architecture of the proposed framework. Section §f presents the experimental results and

Section [ concludes the work.
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Chapter 2

Related Work

2.1 Interpretability in Machine Learning for Computer Vi-

sion

Interpretability in Deep learning-based image classification has made advancements through
architectures that have improved interpretability while simultaneously maintaining good lev-
els of accuracy [43, 44, 45]. One early approach such as SENN by Alvarez-Melis and Jaakkola
[11], introduces a simple framework where the models decompose their decisions into simple
linear combinations of humanly understandable concepts, such as edges or different textures.
Even though this approach is effective for simple tasks, it struggled in complex images due to
the constraints arising from the use of linear combinations. ProtoPool addresses these short-
comings by creating a humanly understandable feature set that is learned by the model during
training. To make a class prediction the model compares the similarity to these features, which

are designed to be semantically meaningful and visually interpretable [[13].

Concept Bottleneck Models (CBM) introduces interpretability into existing models. It
achieves this by resizing an intermediate layer, where human-defined concepts can be intro-
duced, allowing direct intervention in the model during inference [[14]. In contrast, the Sparse
Low-Dimensional Decision (SLDD) model takes another approach by limiting the number
of features during detection to five and utilizing other methods such as glm-saga and a novel
Feature Diversity Loss function to increase sparsity while, simultaneously achieving very

high levels of accuracy. This approach greatly increases interpretability as the small number

5
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6 Chapter 2. Related Work

of features is in a range which is humanly comprehensible while also maintaining high accu-

racy [16, 41}, 15].

Q-SENN builds upon the foundation of the SLDD Model and further improves accuracy
and interpretability by quantizing the parameters in the Sparse Decision layers, proposed on
SLDD, into discrete Positive (+1), Negative (—1) or Neutral values (0). This method, greatly
simplifies the human understanding of the model’s decision-making process. Additionally,
Q-SENN automates the aligning of features with human interpretable concepts with the help
of CLIP, simplifying a very labor-intensive task of manually assassinating model-generated
features with human-defined concepts [|l, 17]. However, the sparsification methods for the
final layer of Q-SENN do not take interpretability into consideration. This limitation arises
because glm-saga, used for feature selection, prioritizes sparsity and classification accuracy
alone neglecting interpretability metrics. Consequently, the selected features may rely on re-

dundant or class-specific attributes, undermining the interpretability of the model.

2.2 Meta-Reinforcement Learning in Neural Networks

Meta-Learning has successfully been used for adapting Neural Networks to tasks as pro-
posed by Finn and Abbeel [4(0]. More specifically, Meta-RL enables models to learn the task
at hand with increased efficiency from the amount of data provided, thus improving already
existing architectures without the need to obtain more data [46]. Moreover, Meta-RL has
successfully been used in environments with sparse rewards as proposed by Humplik and
Galashov [47], where the proposed method leads to an increase in performance in a wide

range of environments [29, 31, 27].

Frameworks such as Meta-Q-Learning by Fakkor et al. [24] optimize movement by en-
abling agents to adapt rapidly to new tasks utilizing prior experience. Meta-Q-Learning (MQL)
is an off-policy Meta-RL algorithm by Hausknecht and Stone that extends Q-Learning [48].
The proposed method uses Meta-RL to maximize the average reward across all meta-training
tasks and adapts to new tasks by employing a context variable representing past trajectories.

MQL demonstrates that Meta-RL is a viable approach to enhancing existing models in a va-
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2.2 Meta-Reinforcement Learning in Neural Networks 7

riety of applications.

Integrating Meta-RL on Model Predictive Control (MPC) as proposed by Shin et. al [30]
showcases the ability of Meta-RL to improve a control system for vehicle control by using
Probabilistic Embeddings for Actor-Critic RL (PEARL) introduced by Rakelly et al. [49]. The
proposed method MPC-PEARL employs an off-policy Meta-RL algorithm, training policies
using transition samples generated by the MPC controller. This method addresses the draw-
backs of MPC to handle obstacle navigation and even allowing the deactivation of the MPC

during meta-testing, relying solely on PEARL.

Enhanced Meta RL using Demonstrations (EMRLD) by Rengarajan et al. [50] introduces
a Meta-RL framework that tackles sparse-reward environments. The proposed method uti-
lizes demonstration data potentially from sub-optimal policies and from environments where
the rewards are only given upon task completion or near-completion for learning. To address
this, EMRLD combines RL with behavior cloning to direct the policy towards high-reward
regions. RL then optimizes this policy to work with sparse reward signals, demonstrating that

Meta-RL can be utilized in sparse environments.

The attributes of Meta-RL described above can greatly benefit architectures such as Q-
SENN by enabling further fine-tuning to the existing network. The sparse decision layers
within Q-SENN can be Meta-Trained using RL to improve accuracy and interpretability by

adapting these parameters to the given data.

Institutional Repository - Library & Information Centre - University of Thessaly
02/09/2026 18:29:35 EEST - 216.73.216.156



Institutional Repository - Library & Information Centre - University of Thessaly
02/09/2026 18:29:35 EEST - 216.73.216.156



Chapter 3

The Proposed Meta-SENN Model

In the proposed Meta-SENN model, we improve upon the base Q-SENN model with a
RL agent that selects the best features calculated from each Q-SENN finetuning iteration and

finetunes the non-zero values.

3.1 Q-SENN Architecture

Figure 3.1: Q-SENN Pipeline [|1]

3.1.1 Q-SENN Model Training

The Quantized Self-Explaining Neuran Network (Q-SENN) architecture is comprised of
two core components as can be seen in Figure B. 1|, the backbone Dense model and the Feature
selector and the sparse, quantized final layer for classification. The input image I € R3*w*"
is passed through a deep feature extractor, in our case ResNet50 [51], which generates spatial
feature maps M € R"s*wm>hy This model is trained with Feature Diversity Loss function

L4y as introduced by Norrenbrock et al.[[16] in SLDD which penalizes highly overlapping

9
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10 Chapter 3. The Proposed Meta-SENN Model

feature activations. The final loss function is defined as Lgng = Lcg + 6Lgiv, Where Log
denotes the standard cross-entropy loss as introduced by Mao et al. [52] and [ is a weighting
coefficient controlling the contribution of the diversity term. Once the dense model is trained,
a subset of n}; features is selected based on their activation diversity and relevance, following

the SLDD framework.

3.1.2 Q-SENN Feature Selection

Using the glm-saga algorithm as introduced by Wong et al. [41]], a sparse final classifi-
cation layer is computed by selecting on average five features per class. These features are
then quantized to form a ternary sparse matrix W% € {—a,0, a}”cxnf‘ or matrix of ones
wle {-1,0, 1}"CX"7 , where n. denotes the number of classes and « is the average magni-
tude of all retained weights. This structure enforces interpretability by encoding each feature-
class relation as positively correlated (+1), negatively correlated (—1), or neutral (0). The
sparse matrix Wy, is fixed, and the model is finetuned iteratively to adapt the feature extractor

to the sparse decision layer. This iterative optimization loop is repeated N epochs.

3.2 Feature Selection using Reinforcement Learning

Following the finetuning of Q-SENN over multiple epochs several feature subsets are
generated. We model the task of selecting the most effective features as a Markov Decision
Process (MDP) (S, A, R) with S, A, R being the state, action and reward sets respectively.
S is the state space, with each step ¢ representing the current Q-SENN metrics and config-
uration. This includes the current testing loss L;, Accuracy A; and the number of features
ny . A is the action space, comprising all candidate feature subsets obtained from previous
iterations as described in B.1.2. Reward R : S x A — R, is calculated by evaluating the

feature candidate set on test data. It is calculated as:

R = ClAt + 02D - CgDe (31)

with A; being Accuracy, D being Diversity and De being Dependence. We select a value of

c1 = 0.5, co = 0.3 and c3 = 0.2. We choose an even split between accuracy and two met-
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3.2 Feature Selection using Reinforcement Learning 11

rics that indicate interpretability, to strike a balance between the two main aspects we look
to improve upon and not be overly reliant only on one aspect, worsening the performance
on the other metrics. Dependence is negative since we want to punish high values. A lower
Dependence value indicates that the model uses the features more evenly during detections
and does not create a feature that is a single-class detector without any alignment to a human
concept. We have decided not to use Alignment, as is introduced in Q-SENN for the reward

function, since not all attributes are available on the evaluation datasets.

With this MDP formulation a decaying e-greedy policy is employed [53]. The agent main-
tains an estimate of cumulative reward for each candidate. At each iteration, with probability
¢ a random candidate is chosen, and with probability 1 — € the candidate with the highest
accumulated reward is selected. After each action, the corresponding reward is observed and
accumulated. The exploration rate € is decayed gradually to favor exploitation in later itera-
tions. This process prioritizes feature subsets that consistently yield high rewards, allowing

the agent to focus on the best-performing subsets.

The feature selection RL loop is summarized in Algorithm [I. Over many iterations, this
procedure converges to the feature subset that maximizes the model performance both in

accuracy and interpretability.
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12 Chapter 3. The Proposed Meta-SENN Model

Algorithm 1 Q-SENN Feature Selection with e-Greedy Policy

Require: Candidate subsets { f;} X |, total iterations T’
Require: Evaluation interval e, initial €, decay rate, minimum €,,;,
Ensure: Best feature subset index ¢

1: Initialize cumulative rewards R[i] <~ O fori =1,..., K

2: Set € < initial value

3: fort =1to 7T do

4: Sample action a; <

random index in {1,..., K}, w.p.e

arg max; RJ[i], wp.1l—e¢
5: Update € <— max(€epin, € - decay)

6: Apply feature set f,, to model

7: Evaluate model to compute reward R > see Eq.
8:  Update reward: R[a;] < Rla¢] + R:

9: if t mod e = 0 then

10: for; =1to K do

11: Apply f; and evaluate test reward R;
12: end for

13: Let j < argmax; R;

14: if R; is best so far then

15: 147

16: end if

17: end if

18: end for

19: return ?

3.3 Sparse Decision Layer Optimization using Meta-RL

Once the optimal feature set 7 has been calculated through the process described in section
B.2, we proceed with tuning the non-zero weights of the sparse decision layer using Meta-RL.
We define an MDP (S, A, R), where state S is the current weight vector W; € R”, contain-

ing only the non-zero parameters of the decision layer. An action .A; corresponds to sampling
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3.3 Sparse Decision Layer Optimization using Meta-RL 13

a new weight vector W, ; from stochastic policy mg(W¢;1|Wy) which we implement as a
Gaussian distribution N (119(W,), 02I) whose mean 119(W,) is produced by a policy network

mo. After applying Wy, to the model we calculate the reward using the following function:

Ri = ctA(Wip1) + 2D(Wiy1) — csDe(Wiy1), (3.2)

where A is accuracy, D being Diversity and De being Dependence. The policy network 7y is
a feed-forward model mapping RY — R¥, where N is the number of nonzero weights. Our

objective is to learn policy parameters ) that maximize the return

J(0) = E[Z Rt] (3.3)

We perform gradient ascent on 6 by using the sampled reward and the log-likelihood

gradient of the policy:

0 < 0 + OéRtVIOgﬂ'g(WtJrl ‘ Wt>, (34)

with learning rate o > 0. In practice, mo(W’ | W) is implemented as a Gaussian N (j19(w), 021 ),
with mean iy produced by a small feed-forward network and fixed covariance o%1. Ex-
ploratory noise of scale o encourages coverage of the weight space. After 1" iterations, the
weights of the sparse decision layer are set to the candidate subset with the highest reward.

The process is summarized in algorithm .
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Chapter 3. The Proposed Meta-SENN Model

Algorithm 2 Sparse Layer Weight Tuning with Meta-RL

Require: RL iterations 7, learning rate o

1: Extract nonzero weight vector Wy

2: best reward < —o0

3: best_weights <+ W,

4. fort =1toT do

5 Sample W' using 7y (W'|W)
6: Apply W' to sparse layer

7: Evaluate to obtain reward R,
8: if R, > best _reward then

9: best reward < R;

10: best_weights < W’

11: end if

12: Compute gradient 0

13: Backpropagate gradient ¢

14: Update optimizer

15: end for

16: Set model weights <— best weights

17: return updated model

> using Eq.

> using Eq. B.4
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Chapter 4

Experimental Results

4.1 Datasets

For the evaluation of our model, four datasets for Fine-Grained Image Classification tasks

were employed.

The Caltech CUB-200-2011 is a dataset containing 11,788 images of birds, spread across
200 classes, with 5,994 samples for training and 5,774 samples for testing [54]. The dataset
also contains annotations relevant to our task such as specific body parts of the bird (e.g.,
beak, wing, tail) and 312 Binary Attributes and attribute groupings which mostly comprise
of a color, pattern, or shape of a particular part. TravellingBirds is another version of the
dataset, introduced by Koh in CBM, which comprises of cropped bird classes being ran-
domly assigned to different backgrounds. This assignment is different on the Train and Test
parts of the dataset, meaning that the model is measured only on the classification of the ob-

ject without having the ability to extract irrelevant background features [[14].

The third Dataset is the FGVC Aircraft dataset introduced in the paper Fine-Grained
Visual Classification of Aircraft by Maji [55]. It comprises of 10,000 images of 100 distinct
aircraft models split 70-30% between Training and Testing sets. The final dataset is Stanford-
Cars, introduced by in the paper 3-D Object Representations for Fine-Grained Categorization
by Krause [56]. This dataset contains 196 classes of Cars with 8,144 used for Training and

8,041 for Testing. As no annotations are provided, no Alignment values can be calculated.

15
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16 Chapter 4. Experimental Results

4.2 Evaluation Metrics

To evaluate the model Fidelity, Diversity, Dependence and Alignment are utilized, with
3 of them concerning Interpretability. Fidelity refers to the ability of the model to retain rel-

evant information about the input and is directly connected to the Accuracy of the model.

Out of the 3 metrics to evaluate the model on interpretability, each one tackles a different
aspect that is required for a concept to be humanly understandable. Diversity measures the
ability to make a prediction using features that are non-overlapping.edw na valw k Consid-
ering that 5 features are used to make a prediction, diversity@5 is obtained by applying a
softmax function to the 5 highest weighted feature Maps M5 which yields S5. Diversity is
calculated as follows:

Zh}\{ Z;ﬂj\[l maX(Sl 52 .. ,SZ)

diversity@5 = = AR 4.1

Dependence 7y € [0, 1] measures the model’s reliance on using the most prominent feature
for the classification, in other words, how class-specific is a feature. A low dependence value
means that the model bases the class prediction more evenly among the selected features,
which in our case are 5, which also indicates that the model has not created some features
that are strictly used as class predictors. It is calculated by taking the maximum value from
a vector ¢;, which contains the weight W, ; each feature j has on the prediction of class ¢,
multiplied by the output f; of the feature j for that sample. We take the absolute value of
each dot product, since we are interested in how each feature impacts the prediction and not
if it is positive or negative. Equation {.3 is the formula of Dependence, with n; being the
number of samples in the Testing set, n; the total number of features used by the model and

e;J measures the importance of feature 5 on sample .

€= {|W570 ’ fO’? |Wé,1 : fl‘, ey

W, fu,|} (4.2)

max 6Z
(4.3)
Z Z] 1 Gij

Finally, Alignment p is measured, which is an index of how well the features learned by

the model match human-interpretable concepts. For a given attribute a, there are two sets p;,

samples where attribute a is present and p, which contains samples without the attribute a.
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4.3 Compared Methods 17

The attribute alignment score affj for an attribute @ and feature j is calculated as the difference

in average activations between the two groups:

1 . 1 ‘
a’cgtfj = m Z F;Ff;,‘m . H Z Fit?m (44)
pa zEp;r pa ’Lep;

with F'in ¢ R"X%s being the features belonging to the training set. The average maximum
alignment p per feature is calculated as follows:

ny

1 un

r= max a?" (4.5)

% nt train __ : train %)

where n} is the number of features considered, n, is the number of features on the training
set, Y 4 Efr;‘i“ is the total activation of feature j across the n; samples and min; Flt’rj'f‘i“ is the
smallest activation value that feature j takes throughout all the n; samples. A higher value of

p means that the features learned by the model are more correlated to human concepts.

4.3 Compared Methods

« Densel is a ResNet-50 network which is conventionally trained with a fully connected

final layer. [51]

. glm-sagaE is a feature selection algorithm to a conventionally trained dense model

constrained to 5 features per class. [41]
« SLDD8isa Sparse Low-Dimensional Decision Model with 5 features per class. [16]

« Q-SENN is the Quantized Self-Explaining Neural Network Model with 5 features per
class. [[1]

« Meta-SENNS is the proposed model.

For all baselines, we used the publicly available implementation and kept the parameter tun-

ing as reported. For the rest of baselines, the proposed Meta-SENN model is fixed at 100

'"https://github.com/Sudhandar/ResNet-50-model
https://github.com/MadryLab/glm saga
Shttps://github.com/ThomasNorr/Q-SENN
“https://github.com/ThomasNorr/Q-SENN
‘https://github.com/BillGiosis/Meta-SENN
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18 Chapter 4. Experimental Results

epochs for the feature selection and the parameter optimization. For the feature optimiza-
tion part, the AdamW optimizer [57] is used with varying learning rates as described in
Section #.5. The policy network consists of three linear layers with LeakyReLu activation
functions [58] and varying Dropout configurations which is also described in Section §.3.
All experiments were conducted on a machine equipped with an NVIDIA RTX 3070 GPU
(8GB VRAM), AMD Ryzen 5 5600X CPU and 32GB of RAM. The operating system used
is Ubuntu 22.04 LTS with Python 3.10, PyTorch 2.5.1 and CUDA 12.8.

4.4 Performance Evaluation

In Tables [.1|, B.2, §.3 and B4, the experimental results on the four metrics are pre-
sented, respectively. Alignment is calculated only for the CUB-200-2011 and TravelingBirds
Datasets since not all attributes are available on the evaluation datasets. The proposed model
outperforms the baseline models on most of the datasets and metrics, with only few occasions

where the performance is preserved or underperforms.

Table 4.1: Average Accuracy (%). Bold values indicate the best method.

glm- Meta-
Dataset Dense saga SLDD QSENN SENN
CUB2011 8581 +£03 79.65+0.16 8423 £0.17 84.52+0.17 85363 +0.316

FGVC Aircraft 823 +0.14 77.72+£0.16 81.56+0.14 81.45+0.23 82.861 £ 0.282
Stanford Cars ~ 93.05 £ 0.43 8829 £0.06 92.9+0.04 92.54 £0.12 92.469 £ 0.269
TravelingBirds 44.5+1.18 3943 £1.14 68.86 £0.25 69.35+0.45 70.259 £ 0.407

Table 4.2: Average Diversity@5 (%). Bold values indicate the best method.

glm- Meta-
Dataset Dense saga SLDD QSENN SENN
CUB2011 4933 £0.28 45.11 £0.14 73.86+£0.19 8553 +0.3 88.833 + 0.655

FGVC Aircraft 51.02£0.39 4931+0.78 729+0.14 83.07 £ 1 88.153 + 0.695
Stanford Cars  47.52 +0.34 45.73 £0.07 76.63 £0.07 88.89 £0.44 89.172 + 0.943
TravelingBirds 49.6 £1.57 50.54+0.73 7029 £033 85.15+0.46 87.764 £ 0.597
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4.4 Performance Evaluation 19

Table 4.3: Average Dependence (%). Bold values indicate the best method.

glm- Meta-
Dataset Dense saga SLDD QSENN SENN
CUB2011 12.79 £ 0.76  42.1 £0.01 4232 4+0.03 2621 £0.14 26.187 £0.123

FGVC Aircraft 24.76 = 0.53 44.19 £0.04 47.42+0.02 29.77+04 28.063 £ 0.097
Stanford Cars 22.6 £ 0.7 415+£0.02 41.6£0.02 26.19+£0.24 25221 £0.175
TravelingBirds 16 £0.59 4328 £0.22 4341 +0.03 2676 +£0.12 26470 £0.197

Table 4.4: Average Alignment. Bold values indicate the best method.

glm- Meta-
Dataset Dense saga SLDD QSENN SENN
CUB2011 1.12£0.042 1.19£0.003 2.35£0.058 2.38+0.047 2.402+ 0.043

TravelingBirds 1.04 £0.047 1.17 £0.026 2.23 +£0.027 2.17 +£0.037 2.217 £0.043

As shown in Table 4.1, Meta-SENN marignally outperforms Q-SENN with 0.8-1 %
improvements in three out of the four datasets. Meta-SENN maintains competitive accu-
racy compared to the Dense, non-interpretable, model with significant accuracy gains in one
dataset. We observe that Meta-SENN can improve upon the accuracy of the most competitive
interpretable model, simultaneously yielding accuracy comparable to the non-interpretable

Dense model.

In Table §.2, it is shown that Meta-SENN consistently outperforms all other baselines on
all datasets. In particular, Meta-SENN yields improvements of 2-7% compared to the second
best method (Q-SENN) on three out of four datasets and far surpassing the other two inter-
pretable models glm-saga and SLDD. We observe that most interpretable models outperform
the non-interpretable Dense model on diversity. These gains demonstrate that apart from
achieving similar accuracy as the Dense model, Meta-SENN bases prediction on a greater

variety of features compared to all other models, enhancing interpretability.

As observed in Table #.3], the Dense model outperforms all interpretable models with up
to 50% better performance. This result is expected because Dense uses a very large number

of features to make a prediction compared to all interpretable models, meaning that it does
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20 Chapter 4. Experimental Results

not require to base the prediction on one or two main features but uses multiple features to
make the class prediction. Out of the interpretable models that use a small number of features,
Meta-SENN outperforms the next best baseline (Q-SENN) on three out of the four datasets.
This demonstrates that Meta-SENN can distribute the class prediction more evenly across

features and does not tend to create features that works as class predictors.

On inspection of Table §.4, Alignment shows how well the model predictions align with
human concepts. Meta-SENN achieves the highest alignment score, outperforming all base-
lines on CUB2011. On TravelingBirds, SLDD is the leading method with Meta-SENN be-
ing competitive with a difference of 0.06. Overall, Meta-SENN enhances interpretability by
achieving similar performance or improving the performance of other interpretable baseline
models in the three interpretability metrics considered. Moreover, Meta-SENN maintains
competitive accuracy with the performance of the Dense model and slightly improves the

accuracy of the baseline interpretable models.
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4.5 Parameter Tuning 21

4.5 Parameter Tuning

Figure 4.1: Performance evaluation on the CUB2011 dataset when varying the Learning

Rates.

Figure 4.2: Performance evaluation on the FGVC Aircraft dataset when varying Learning

Rates.
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22 Chapter 4. Experimental Results

Figure 4.3: Performance evaluation on the Stanford Cars dataset when varying Learning

Rates.

Figure 4.4: Performance evaluation on the Travelling Birds when varying Learning Rates.

To examine the impact of learning rate on our model, four learning rates have been ex-
amined (1073, 5 x 10™*,10~%, 5 x 105). As can be observed in Figures .1, ¢.2, 4.3 and 4.4,
lower learning rates indicate that the Meta-SENN policy network struggles to adapt the sparse

decision layer. When the learning rate is set to 5 x 107>, all four datasets exhibit relatively
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4.5 Parameter Tuning 23

low classification accuracy with Diversity, Dependence and Alignment considerably under-
perfoming. As the learning rate increases to 10~%, the model performance improves slightly
but still struggles to reach higher classification accuracy and Diversity while Dependence

and Alignment have marginal improvements.

When the learning rate is further increased to 5 x 107*, all four datasets demonstrate a
clear uplift across all metrics. Accuracy rises noticeably with improvements ranging from
8-20%, depending on the dataset. Diversity also follows with improvements of 9-23% and
Dependence is almost halved in three out of the four datasets. Alignment is also greatly im-
proved with the performance on the CUB2011 Dataset surpassing all other learning rates.
The highest rate of 1072 outperforms all other rates across all of the metrics with the excep-
tion of Alignment in CUB2011. The performance of Meta-SENN across these learning rates
indicates that higher learning rates enable the Meta-RL policy network to adapt its sparse

layer more effectively.

Figure 4.5: Performance evaluation on the CUB2011 dataset when varying the Dropout Rates.
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Figure 4.6: Performance evaluation on the FGVC Aircraft dataset when varying the Dropout

Rates.

Figure 4.7: Performance evaluation on the Stanford Cars dataset when varying the Dropout

Rates.
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Figure 4.8: Performance evaluation on the Traveling Birds dataset when varying the Dropout

Rates.

To examine the impact of dropout probability on our model, four dropout rates have been
examined (0.0, 0.1, 0.2, 0.4). As can be observed in Figures §.5, 4.6, .7 and 4.8, the highest
value of dropout examined underperforms on most metrics. This result can be attributed to
the fact that there is a high number of randomly deactivated neurons, which hinders the abil-
ity of the Meta-RL policy network to learn from the sparse layer parameters. At a dropout
rate of 0.1, the Meta-RL policy network improves on the classification accuracy compared to
the highest Dropout rate as well as increasing diversity. Dependence is also reduced with the
exception of CUB2011 where it is increased compared to 0.4 Dropout rate. Alignment is also
improved on the CUB2011 while being almost identical on the TravelingBirds dataset. This
indicates that a Dropout of 0.4 is a rate that causes great information loss during training,

while 0.1 incurs only a minor negative impact on accuracy and interpretability.

When not using Dropout, the Meta-RL policy network produces high accuracy, even sur-

passing the best rate on the Stanford Cars dataset. Interpretability is also improved, with lower
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26 Chapter 4. Experimental Results

Dependence compared to the two previous rates examined as well as improved Diversity and
Alignment. With a dropout rate of 0.2, the policy network outperforms all the other examined
rates with some cases where the network without dropout achieves similar or higher classifi-
cation accuracy and interpretability metrics. Overall, a learning rate of 102 is chosen and a

dropout rate of 0.2, which yields the best performance across the examined metrics.
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Chapter 5

Conclusion

In this study, we presented Meta-SENN, a Meta-RL framework to enhance Quantized
Self Explaining Neural Networks. The key idea is to select and optimize the best features
and quantized sparse decision layers of Q-SENN using a RL framework. By formulating
the Meta-RL task as an MDP, Meta-SENN optimizes the features, increasing both inter-
pretability metrics and accuracy. Our experimental evaluation on four datasets demonstrated

Meta-SENN’s effectiveness:

* Accuracy: Meta-SENN achieved modest but consistent improvements over Q-SENN,

with gains of +0.84% on CUB-2011 and +0.91% on Traveling Birds.

* Interpretability: The framework enhanced Diversity@?5 by 2-7% on all datasets and
reduced Dependence by up to 2.7% compared to other interpretable models, indicating

more balanced feature utilization.

+ Alignment: On datasets with attribute annotations, alignment with human-understandable
concepts improved by 1.8%, proving the ability of the model to make features more

relevant to human concepts.

By embedding Meta-RL in Self-Explaining Neural Networks, we can further improve
upon interpretability, a feature which is desired on a variety of applications such as the med-
ical field. This work shows that Meta-RL is not only useful for achieving higher accuracy

metrics but also it can help make Al more humanly understandable.

27
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