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Abstract

Deep reinforcement learning (DRL) methods,
though powerful, often lack transparency, which
limits their adoption in critical domains. We apply
Self-Explaining Neural Networks (SENNs) to RL
by parametrizing the policy of a PPO agent with
a SENN, producing intrinsic local explanations,
and propose a method for aggregating them into
global explanations. We evaluate our approach
on a mobile network resource allocation problem,
our approach performs within a small margin of
the state-of-the-art deep learning method and sig-
nificantly outperforms the best deployed heuristic,
while the extracted global explanations correlate
strongly with DeepLift and InputXGradient, mak-
ing SENNs a promising candidate for high-stakes
RL.

1. Introduction

Although powerful, Artificial Intelligence (AI) models of-
ten operate as black-boxes, making it difficult to interpret
their decisions, leading to a lack of trust among stakeholders
and consequently hindering their applicability. This lack
of transparency of black-box models, such as Deep Neural
Networks (DNNs), limits their applicability in high-stakes
domains (Linardatos et al.). This limited applicability facili-
tates rapid growth in the interest of Explainable Artificial In-
telligence (XAI). XAl is divided into post-hoc interpretabil-
ity methods and intrinsic interpretability methods. Post-hoc
interpretability methods attempt to explain trained black-
box models, by analysing relations between model’s inputs
and outputs. For instance, LIME or SHAP, are post-hoc
perturbation-based methods that compute feature attribu-
tions representing the impact of each feature on the output
of the model (Watson, 2022; Lundberg & Lee, 2017; Ribeiro
et al., 2016). On the other hand, intrinsic interpretability
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means that the Al method is interpretable by design, for
instance, linear regression, where the contribution of each
feature towards the final decision is expressed by the cor-
responding coefficient. Moreover, intrinsic interpretability
methods are considered more robust as they provide ex-
planations derived from the model’s internal mechanism
(Rudin, 2019). XAI methods can be further divided into
local and global methods. Local providing explanations to
individual predictions and global that provide explanations
of the whole model. Extending the prior example, linear
regression models provide global intrinsic explanations.

The intuitions that ground XAl also extend to Reinforcement
Learning (RL) through Explainable Reinforcement Learning
(XRL). To date, many XRL specific techniques have been
proposed, including temporal policy decomposition and
hierarchical skill acquisition (Ruggeri et al., b; Shu et al.).
However, most state-of-the-art RL algorithms are model-
free and rely on DNNs for policy learning and modelling;
because DNNs lack transparency, these algorithms inherit
the same opacity (Qing et al.).

This work focuses on improving the explainability of the
used models within the RL formulation, improving the ex-
plainability of the whole system and introduces a new ap-
proach for XRL. We apply Self-Explaining Neural Networks
(SENNS5) to RL networks that match DNN expressiveness,
while offering adjustable interpretability (Alvarez Melis &
Jaakkola, 2018). The main contributions of the paper are
following:

* Applying and evaluating SENNs on RL problem and
telecom use case.

* Modifying the architecture of SENNs to improve ex-
plainability and robustness.

» Proposing a method to extract global explanations from
the local SENN explanations.

2. Related work

SENNSs are intrinsically interpretable neural networks that
decompose their output as a linear combination of learned in-
put concepts weighted by input-dependent relevance scores
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(Alvarez Melis & Jaakkola, 2018). The most recent work on
SENNS has extended the original formulation in several di-
rections: C-SENN (Sawada & Nakamura, 2022) introduced
contrastive training to improve concept disentanglement,
while Q-SENN (Norrenbrock et al., 2024) applied quantiza-
tion to enforce sparse, binary concept-feature relationships
that improved both accuracy and human interpretability on
complex vision tasks. These studies did not attempt to ex-
tract global explanations from SENNSs or or apply them to
RL setting.

Existing XRL methods approach explainability from two an-
gles (Milani et al.). The first angle focuses on explaining RL
components such as states, rewards, or trajectories. Some
of the well-known methods within this approach include re-
ward decomposition and Shapley values calculated on states
(Beechey et al., 2023; Juozapaitis et al., 2019; Ruggeri et al.,
a). The second angle instead addresses the dominant source
of opacity in state-of-the-art RL algorithms that stems the
deep neural networks — such as those used in DQN or PPO
— that parametrize policy or value functions (Qing et al.;
Schulman et al., 2017; Mnih et al.).Within this approach
the main line of research use more explainable models or
explain model’s decisions through popular model agnostic
methods such as SHAP, DeepLift or InputxGradient, which
estimate input feature attribution towards model’s final de-
cision (Shrikumar et al., 2017a;b; Lundberg & Lee, 2017;
Atrey et al.; Liu et al.; Ruggeri et al., ¢). In this work, we
follow the line of research on intrinsic explainability by
applying SENNs to RL policies. Unlike previous work,
which focuses on replacing deep models with less expres-
sive tree-based and linear models, SENNSs have the potential
to be as performant as ordinary deep models while bringing
enhanced explainability.

Proposed methods are evaluated using mobile-env a simula-
tion environment introduced in (Schneider et al., 2022) that
simulates a resource allocation problem in mobile networks.
Currently the optimal solution for mobile-env is based on
PPO algorithm where actor and critic are parametrized us-
ing DNNs. RL, despite its proven superior performance, to
heuristics-based solutions, is not yet widely used in the Co-
ordinated Multipoint problem and, to the best of our knowl-
edge most infrastructure still relies on heuristics (Schneider
et al., 2023b). Most likely due to their reliability and trans-
parency, despite their poor scaling and poorer performance
in longer time-horizons (Schneider et al., 2023b).

3. Self-explaining reinforcement learning

SENNSs consist of three modules: conceptizer, parametrizer,
and aggregator. The conceptizer extracts features, providing
the concept vector h, the parametrizer produces a relevance
score vector R. Lastly, the aggregator aggregates the con-
cept vector and relevance score matrix, and is implemented

through dot product. Final output, is expressed as:
f(z) = 0(2)" h(z) = Roxm - hmxa (1

where, R are relevance scores matrix, h is concept vector,
C and m are number of classes and number of concepts
respectively.

The explainability of SENNSs originates from the relevance
scores R and local stability of its relevance scores with
regard to the concept vector. Each concept is weighted by
the corresponding relevance score, providing us with the
attribution of each feature towards the final output. Local
stability forces similar attributions for samples with similar
concept values. To measure the stability of explanations,
Lipschitz continuity is leveraged with Lipschitz constant,
defined as:
L @) = fo)l

= 1 \h(z) — hao)|| @

where f(z) is a SENN model, h(z) is a conceptizer.

Due to the computational complexity of calculating the
exact value of L, authors of (Alvarez Melis & Jaakkola,
2018), use stochastic gradient descent to estimate it. To en-
sure explainability, SENNSs are trained with a loss function,
Ly,(f(x),y) + ALo(f) + £ELp(x, &), that allows to influ-
ence the local stability of the model through adjustment of
A. Lo(f) is a robustness loss, £, (f(x),y) is a classifica-
tion loss, the last term is conceptizer’s reconstruction loss
(Alvarez Melis & Jaakkola, 2018).

3.1. Modifications

In this work, we consider low-dimensional, non-visual do-
main where the input dimensions are interpretable. Moti-
vated by this setting, we adopt an identity conceptizer that
uses the input features directly as concepts for the explana-
tions. Beyond this, we introduce a trainable bias vector in
the aggregator. We hypothesize that the bias term can ab-
sorb the state-independent component of the policy’s action
preferences, allowing the relevance scores 6(s) to represent
state-specific deviations from the baseline rather than en-
coding both signals jointly, which could result in noisier
explanations.

With these modifications we can rewrite Equation (1) as
follows:
(@) =0(x) 2+, 3)

where b stands for the bias term. We aim to obtain an
explainable policy learned by the actor, leaving value pre-
diction uninterpretable as it is not used during inference.
Thus, the actor, policy is implemented via SENN and critic,
the value function via DNN. Fig. 1 presents the SENNs’
architecture and the Proximal Policy Optimization (PPO)’s
diagram.
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Figure 1. Overview of the method, the SENN is an actor and
models the policy. Critic, evaluating actor decision is implemented
via the DNN (Schulman et al., 2017). The environment takes in
the actor’s action and returns the state and reward.

3.2. Local explanations

SENNSs provides local intrinsic explanations, which are
sourced from the parametrizer’s relevance score. Relevance
scores weigh the input features, providing a numerical mea-
sure of the feature’s contribution towards the final deci-
sion, similar to linear models. For each decision, the lo-
cal explanation consists of the relevance scores 6(x) and
the effect scores. The effect scores are defined as follows,
inspired by linear models’ explanations (Molnar, 2025):
E; =0(z;) ©x, Vie{l,...,m}, where § € R™*"
and x € R™*1, n is input size and m is number of output
classes and © is the Hadamard product. The effects are
relevance scores scaled by the feature values incorporat-
ing information of direct feature’s contribution. Relevance
scores reflect feature importance, while effects capture their
direct contribution to the predictions, together they offer a
more complete explanation of model’s decision. Further-
more, the lack of black-box conceptizer improves the clarity
of the explanations, discarding the need for often dubious
concept explanations (Sawada & Nakamura, 2022).

3.3. Global explanations

While local explanations can clarify individual decisions
made by the model, they do not capture the model’s gen-
eral behaviour like global explanations do. We therefore
propose a novel clustering-based method for extrapolating
global explanations based on the local explanations natu-
rally provided by SENNs. To create global explanations
we first collect set of decisions for which we extract local
explanations, then we aggregate those explanations creating
more general, global explanations. Then, we calculate sway
scores, defined as follows:

*

si(x) =07

K2

“hi(z) — n;ag(eg . hl(x)) 4

A sway score expresses a decision margin of the i-th concept
i.e., how much concept i-th argues for action a* in compar-
ison to the highest i-th concept value from the remaining
actions. Unlike relevance scores, sway scores aim to capture
the impact on the decision itself, relative to other actions,
rather than the magnitude of concept activation. Finally, we
cluster sway scores via k-means and average within each
cluster, this preserves the structure that would be lost when
averaging across all samples of an action. Additionally,
we can aggregate the clustering results to create attribu-
tion scores (see section 4.3). This allows us to validate our
method by comparing it against state-of-the-art post-hoc
techniques.

4. Experimental setup
4.1. Mobile-env

We apply our method to mobile-env, a simulator that im-
plements a resource allocation problem in mobile networks
(Schneider et al., 2022). In this environment, base stations
(BSs) are distributed over an area and provide mobile con-
nectivity to, randomly moving, user equipment (UE), which
rely on the BSs to maintain network access. The goal is
to determine a sequence of BS—UE assignments that maxi-
mizes the overall utility, defined as the cumulative Quality of
Experience (QoE) across all UEs. Finding the exact solution
to this problem is a challenge even for the small instance;
thus, existing solutions rely on simple heuristics or deep
reinforcement learning (Schneider et al., 2023a). Following
centralized training with decentralized execution, we train a
single model on data aggregated from all UEs, then deploy
a copy to each UE independently. We approach a small
instance of the problem with three UEs and three BSs. Each
UE observes a 13-element vector comprising connection
statuses, SNR values, its own utility, and the load and util-
ity of each BS. The reward is QoE, a logarithmic score in
(—10, 10), and the single action available to each UE is to
connect to or disconnect from a chosen BS.

4.2. Experiments

We trained a biased SENN model, a SENN model, and
a DNN model, using the PPO algorithm with training of
400,000 timesteps across 2 parallel, randomly seeded simu-
lations each consisting of 3 UEs and 3 BSs we decided on
episode length of 1200 timesteps. We trained models us-
ing PPO and hyperparameters reported by (Schneider et al.,
2023b) except: entropy coefficient of 0.001 and GAE-X\ of
0.99. DNN-based policy was modeled by 3-layer, 256 hid-
den units each, neural network, SENN-based policies had
parametrizer network of the same size and identity concep-
tizer. Value network for all cases was modeled by 4-layer,
256 hidden units each DNN.
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Table 1. Comparison of mean and median episodic return from 15
episodes each 1200 timesteps.

MODEL MEAN RETURN  MEDIAN RETURN
DNN 1.803 4+ 0.247 1.890
SENN 1.805 £ 0.200 1.807
BIASED SENN 1.780 4+ 0.239 1.799
DYNAMIC SELECTION  1.428 +£0.219 1.456

4.3. Evaluation

To evaluate performance of trained models on the resource
allocation task we evaluated it over 18,000 timesteps. This
evaluation was run on fifteen differently seeded episodes
each of 1200 timesteps. Furthermore, to compare effect of
local stability and robustness factor on the predictive perfor-
mance we ran training with different A values and estimated
Lipschitz constant for each model using gradient descent,
in accordance with (Alvarez Melis & Jaakkola, 2018). Tra-
jectories collected during performance evaluation were first
filtered, we removed toggle actions that were not applied
to the environment due to User Equipment (UE) being out
of range of the Base Station (BS) range, and used them to
generate explanations. Local explanations were taken from
randomly chosen timestep. To generate global explanations
we calculated sway scores for each decision in filtered trajec-
tories and clustered sway scores using K-means algorithm
on the arbitrarily chosen range of k = {2,3,4,5,6}. For
each action we selected number of clusters with the highest
silhouette score. After clustering to have more quantifiable
measure of explanations faithfulness we decided to compare
explanations with well-established existing post-hoc meth-
ods: GradSHAP, DeepLift and InputXgradient (Lundberg
& Lee, 2017; Shrikumar et al., 2017a;b). We generated
clustering-based attributions by averaging sway scores over
clusters for each action.

5. Results and discussion

In this section we present the performance results of SENN
and biased SENN against baselines, the stability—accuracy
trade-off, and exemplary local and global explanations.

5.1. Performance comparison

We first benchmark SENNs against DNN and heuristic base-
lines to confirm predictive performance worth explaining.
We trained all deep models with PPO. For a faithful com-
parison we first tried to match the episodic return reported
in (Schneider et al., 2023b), using DNNs. Then with the
same hyperparameters we trained SENNs variants. Lastly,
we also compared obtained results with currently used and
best performing heuristic, Dynamic Selection (Schneider
et al., 2023b).

Tab. 1 shows results of the performance evaluation over
15 episodes. DNN model is performing the best, all deep
models significantly outperform Dynamic Selection(e =
0.5) and biased SENN and SENN have similar performance.
Small performance gap between DNN and SENNS, is most
likely a result of the stability imposed on the SENNs through
the robustness loss. For this experiment robustness loss
factor was set to A = 0.001.

Local stability forces SENNS to learn relevance scores con-
sistent with concept values, but enforcing it introduces the
robustness loss, a strong regularizer. Understanding the
relation between episodic reward and local stability (esti-
mated via L, Eq. (2)) is a key to selecting an appropriate A
and assessing the cost of explainability on predictive perfor-
mance. Fig. 2 presents, the relation between stability and
episodic rewards. Each, biased SENN model was trained
with different \ and evaluated on 3600 timesteps, estimation
of L is calculated based on the trajectories collected during
the evaluation. It shows trade-off between local stability
and performance, episodic returns drop with an increasing
Lipschitz constant and \. The relation appears to be linear
in nature; however, its character can be problem dependent
as hinted by (Alvarez Melis & Jaakkola, 2018).
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Figure 2. Relation between, different A values, Lipschitz constant
and episodic return (averaged over 3600 timesteps).

Results, in line with (Alvarez Melis & Jaakkola, 2018),
confirm that SENN-based models almost match the perfor-
mance of similarly sized DNNs, and thus (Schneider et al.,
2023b), demonstrating successful application to resource
allocation in mobile networks and RL more broadly. They
additionally offer adjustable explainability via local stability
and \. The bias term, in biased SENNS, has negligible effect
on the performance. Overall, SENNs-based models seem to
be a good alternative to DNNs, even though they perform
slightly worse than DNNS, they offer intrinsic explainability.



Submission for AI4NextG 2026

T
@® Good QoE Time Step: 59

100 Avg. QoE: 1.84

Medium QoE
@ Bad QoE

§O)

0 20 40 60 80 100 120

Figure 3. Visualization of the environment, timestep 59.
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Figure 4. Relevance scores, effect scores and observations corre-
sponding to the timestep 59, UE1 and action toggle BS1, see Fig.
3.

5.2. Local explanations

SENNs-based models’ explainability mainly stems from
exposing the relevance scores, a set of input-dependent co-
efficients that weigh concepts. Visualizing relevance scores
shows direct contribution of concepts for each individual
decision.

We present observations for a randomly chosen timestep and
UE in Fig. 4 and their visualization in Fig. 3. Chosen UE 1
is connected to base BSs A (1) and B (2), in that timestep it
made a decision to disconnect from BS B. Relevance scores
and effect scores for that particular decision are presented in
Fig. 4, effects are concepts scaled by the relevance scores,
see Eq. (3.2). Fig. 4, shows concepts that contributed
strongly positive (connection with BS1, connection with
BS2, SNR of BS1, SNR of BS3, UE’s utility, number of

UEs at BS2 , Utility at BS1) and concepts that contributed
negatively (SNR of BS2, number of UEs at BS1). These
relevance scores provide a fairly clear idea of how concepts
participated in making a decision at a given timestep. Lastly,
contribution of each concept does not seem to be surprising
and corresponding relevance scores seem reasonable, hypo-
thetical an interpretation of the reason behind this action
is that, UE disconnected from the BS2 due to stronger sig-
nal of BS1 and its higher utility as well as low own utility,
despite strong signal from BS2.

SENNSs-based models provide understandable, intrinsic ex-
planations that can be accessed for every individual decision.
Even though SENNs are deep models, due to the local stabil-
ity, relevance scores are forced to behave linearly locally in
respect to concepts. In conclusion SENNs provide intrinsic,
per-decision understandable explanations with locally linear
relevance scores.

5.3. Global explanations

Local explanations, while highly useful, do not provide
insights into the model’s general behavior that global expla-
nations offer. In this section, we present results of applying
the proposed clustering-based method of aggregating con-
cept sways, see Eq. (4), across multiple runs to explain the
general behavior of SENNS.

Cluster 0
866 samples (85%)

Cluster 1
149 samples (15%)
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Figure 5. Mean sway scores per concept for the toggle BS3 action,
obtained by clustering sways collected over 18 000 evaluation
timesteps and averaging within each cluster.

We used biased SENN trained with A = 0.001. After col-
lecting the data we clustered sway scores by action. We then
averaged sway scores within the resulting clusters to obtain
typical concept sways for each action. Fig. 5 presents two
clusters with typical sways for the toggle BS3 action. In
Cluster 1, the SNR strongly sways the model toward chang-
ing the connection status with BS2, while the SNR of BS2
and the number of UEs at BS3 sway against the action. In
cluster 0, however, the average sway scores are considerably
more surprising, with no significant contributions except
from the SNR of BS1 and the connection status to BS1.
Given a Silhouette score of 0.433, this most likely indicates
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Figure 6. Silhouette score averaged over all actions, plotted against
the robustness loss factor.

Furthermore, we tested how the quality of clustering
changes under different local stability constraints, for this
purpose 5 different models were trained with different ro-
bustness losses. We averaged the silhouette score over ac-
tions, for each A. Results of this experiment are presented
in Fig. 6. It appears that for higher A values the silhouette
score significantly improves.

Lastly, to evaluate accuracy of global explanations and val-
idate the approach we decided to extract attributions of
each concept and compare it with well-established post-
hoc methods: GradientSHAP, DeepLift and InputXGradient
(Lundberg & Lee, 2017; Shrikumar et al., 2017a;b). We
calculated the attributions by averaging sway scores over
concepts, then plot Spearman correlation of obtained attri-
butions scores with attributions from other methods, see
Fig. 7. Fig. 7, shows that DeepLift and InputXGradient
are strongly correlated with our attributions, while Grad-
SHAP shows weak correlation at best. The key advantage
of clustering over simple averaging is that it preserves the
diversity of the model’s behaviour, rather than collapsing all
decisions into a single mean that may average out opposing
values, clustering separates them into distinct typical sway
profiles. Furthermore, the improvement in silhouette score
with higher A values (Fig. 7) hints at relation between en-
forcing local stability and preserving cluster structure within
the relevance scores space.

Regarding the comparison with gradient-based methods,
while clustering attributions correlate with DeepLift and
InputXGradient, an important distinction must be noted:
relevance scores explain the final decision of the model di-
rectly, not the internal computation of the parametrizer. This
makes them more immediately interpretable, as they quan-
tify each concept’s direct contribution to the output rather
than propagating gradients through opaque intermediate lay-
ers, however it also introduces an element of uncertainty
coming from opaqueness of the parametrizer. Lastly, in
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Figure 7. Spearman correlation per action, of clustering derived
attributions and other attributive XAI methods.

our experiments we visualized the learned bias, it provides
a useful indication of which actions the policy will take
more frequently; however, its effects on decontamination
of the relevance scores are insignificant. In conclusion the
proposed methods enable SENNs to provide both local and
global intrinsic explanations, which constitute the main in-
terpretability advantage of the approach.

6. Conclusions

This work is the first to apply SENN-based models to an
RL problem, demonstrating that SENNs trained with PPO
achieve performance close to state-of-the-art DNN-based
methods while significantly outperforming the best heuris-
tics. Beyond predictive performance, SENNs provide in-
trinsic local explanations for individual decisions, and the
proposed clustering-based method successfully aggregates
these into global explanations, validated through strong cor-
relation with established gradient-based post-hoc methods.
This combination of competitive performance with both lo-
cal and global explanations grounded in the model’s actual
decision mechanism makes SENNs a promising candidate
for high-stakes domains where transparency is a prerequisite
and input features are understandable.

The primary limitation is that explanation quality is sensitive
to the choice of A\, which currently requires empirical tuning.
For future work, one natural direction is an adaptive local
stability mechanism, where the Lipschitz constraint varies
with concept space density, reducing the performance cost
of explainability. Additionally, further investigation into
how local stability shapes the relevance score space could
deepen theoretical understanding and guide deployment
across broader RL settings.
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7. Impact Statement

Our results suggest that SENNs can be applied to a broad
range of RL problems, offering strong predictive perfor-
mance alongside intrinsic explainability grounded in the
model’s internal mechanism. In practice, SENN-based RL
systems could provide reliable per-timestep explanations of
agent decisions and help diagnose biases in learned policies,
contributing positively to safety and fairness - particularly
in sensitive applications.

However, the approach carries risks that should be acknowl-
edged. The choice of robustness loss factor strongly influ-
ences explanation quality, and no universal value guaran-
tees consistent explanations across problems. Additionally,
SENNs-based models provide per timestep decisions and do
not capture the temporal aspect, which may be important for
understanding long-term strategies. Lastly, our solution, in
general, depends on interpretable input features or concepts
that could be extracted from the input data. Lack of such
could be detrimental towards understandability of provided
explanations.

Overall, SENN-based RL methods represent a meaningful
step toward more transparent and trustworthy reinforcement
learning, but their responsible deployment requires careful
tuning and awareness.
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