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Abstract

Deep Reinforcement Learning (DRL) has
achieved remarkable results in complex sequen-
tial decision-making tasks, often using very deep
neural networks. However, these architectures
incur substantial computational and energy
costs, and selecting the optimal network depth
in advance remains an open challenge. In this
paper, we introduce SCALE-RL, a self-scaling
DRL framework that dynamically adjusts its
architectural depth during training, allowing the
network to automatically adapt its depth to the
task. Integrated into an AlphaZero-style pipeline
for Othello, our approach matches the playing
strength of the baseline agent while reducing
network depth by 50%. This process not only
translates into substantial savings in computation
and energy but also enhances model inter-
pretability through the additive decomposition of
decision-making across layers. Our results sug-
gest that enabling DRL models to discover the
complexity they require, rather than relying on
fixed, over-parameterized architectures, makes it
possible to develop more efficient, interpretable,
and sustainable DRL agents.

INTRODUCTION

The success of Deep Reinforcement Learning (DRL) re-
lies heavily on the representational power of deep neu-
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ral networks. This has been true from foundational break-
throughs in Atari games and Go (Schrittwieser et al.,2020;
Silver et al, [2016)) to the modern alignment of large lan-
guage models (Christiano et al., [2017; Rafailov et al.
2023)). Across these domains, increasing network scale has
consistently been a key driver of performance improve-
ments. However, this trend toward deeper architectures
comes with significant computational costs and raises ques-
tions about efficiency. Traditional approaches rely on fixed
depths that must handle the most complex cases, resulting
in excessive capacity for simpler sub-tasks or early training
phases. Moreover, selecting this optimal depth typically re-
quires costly hyperparameter or architecture searches.

In this paper, we propose a fundamentally different
approach: SCALE-RL (Self-Scaling Architecture for
Learning Efficiency in Reinforcement Learning), where
the network architecture dynamically adapts its own depth
during training based on task requirements. Our framework
builds upon globally connected neural networks (D1 Cecco
et al., 2024} GloNets), which offer the dual benefits of prin-
cipled self-regulation and inherent interpretability due to
their architectural design. Coupled with a dynamic depth
control algorithm, our framework enables dynamic archi-
tectural scaling: the policy and value networks can grow
by adding layers to handle rising complexity and prune un-
needed ones to increase efficiency.

We validate SCALE-RL on a nontrivial testbed: an
AlphaZero-style agent for the game of Othello. Although
not as computationally intensive as Go or Chess, Othello
remains a combinatorially complex domain with a rich
body of work on learning agents. Moreover, AlphaZero is
a widely adopted and well-established DRL algorithm. We
selected this setting as an accessible benchmark: Othello
strikes a balance between tractable complexity and non-
trivial strategic depth.



Our results show three main contributions. First, SCALE-
RL is efficient, automatically reducing network depth by
about 50% compared to a fixed baseline. Second, it is ef-
fective, maintaining comparable playing strength despite
this reduction. Third, it is interpretable, providing sta-
ble gradient-based explanations revealing a hierarchy of
learned features from local tactics to global strategy.

We emphasize that Othello/AlphaZero is used here
only as an empirical testbed; our goal is not to build
a superhuman Othello agent, but rather to present a
general framework enhancing the efficiency and inter-
pretability of any reinforcement learning pipeline with
deep neural networks for policy-value approximation.

RELATED WORK AND OUR APPROACH

To address the significant computational and data demands
of modern DRL, the literature has explored numerous
strategies for improving architectural efficiency. These ef-
forts can be broadly categorized into three main paradigms:
static compression/scaling, automated architecture search,
and dynamic adaptation.

Static Compression and Scaling This paradigm focuses
on creating fixed, efficient architectures prior to deploy-
ment. Methods like network pruning and knowledge dis-
tillation reduce model size, while scaling approaches such
as Elastic Networks and EfficientNet (Tan and Le, 2019)
systematically scale network width, depth, and resolution.
While effective at producing compact models, these meth-
ods yield static architectures based on predetermined coef-
ficients. This inherent rigidity prevents them from adapting
online to the changing task complexity during DRL train-
ing.

Automated Architecture Search (NAS) NAS methods
automate the discovery of optimal network topologies.
Early approaches (Zoph and Le| [2017) were computation-
ally prohibitive. More recent variants like ENAS (Pham
et all [2018) and DARTS (Liu et all [2019) reduced
search costs significantly by using weight-sharing super-
nets. However, the core limitation of NAS remains: it is
an offline search process that produces a single, fixed ar-
chitecture. Consequently, it cannot dynamically adjust the
model’s structure during online DRL training in response
to evolving task demands.

Dynamic Adaptation This class of methods adjusts a
model’s computational graph during inference. Progressive
Networks (Rusu et al,[2016), for example, grow monoton-
ically by adding new network columns for each task, pre-
venting catastrophic forgetting but leading to unbounded
parameter growth and requiring task labels. Early Exit Net-
works (Teerapittayanon et al., |2016) allow inputs to exit

at intermediate classifiers, reducing average inference cost.
However, their base architecture remains fixed, limiting
their adaptability to the model structure itself.

In summary, while existing approaches provide either static
efficiency or limited forms of dynamism (e.g., monotonic
growth or variable inference paths), a framework that en-
ables flexible, bidirectional structural adaptation during
DRL training remains an open challenge.

Our Approach. To address this gap, we propose
SCALE-RL, a novel framework for dynamic adaptation in
DRL that allows a model to both grow and shrink its depth
online. Our method is inspired by GloNet layers (Di Cecco
et al.l [2024), which operate by aggregating feature maps
from multiple depths to form the final output. This mech-
anism, whose implementation is detailed in the Methods
section, allows our framework to adjust its architecture
during training in response to task complexity with mini-
mal overhead. Our approach offers several key advantages
over the methods described above.

Computational Efficiency: Unlike Progressive Networks,
which grow unbounded as they accumulate parameters,
SCALE-RL dynamically expands or prunes network lay-
ers in response to task demands. In contrast to NAS, our
framework adapts online during DRL training.

Dynamic Bidirectional Adaptation: In contrast to the
fixed architectures from NAS or the unbounded growth
of Progressive Networks, our framework enables bidirec-
tional depth adjustment—expanding when task complexity
increases and pruning itself when greater efficiency is suf-
ficient.

Task-Agnostic Operation: Unlike Progressive Networks,
which require task labels to trigger structural changes,
SCALE-RL operates seamlessly within a single DRL task,
adapting to evolving strategic complexity without external
supervision.

Explainability: By aggregating features from multiple
depths and by eliminating the need for batch normaliza-
tion (D1 Cecco et al.l 2024, Section 4), SCALE-RL nat-
urally enhances DRL explainability, because intermediate
representations can be inspected directly and their effect
on the final decision can be interpreted.

METHODS: GENERAL FRAMEWORK

The SCALE-RL framework is based on the simple yet pow-
erful concept of the GloNet layer. Below, we briefly de-
scribe its definition and theoretical foundations, while re-
ferring the reader to the original paper (D1 Cecco et al.|
2024) for a full technical treatment.

In a standard feedforward network, features are processed
sequentially, and the final prediction head only receives the



output of the last block (where “block” denotes a modular
unit such as a residual block or other composite architec-
tural element), potentially losing valuable low-level infor-
mation—a limitation addressed in the literature by various
architectural innovations (He et al., [2016alb; Huang et al.
2017;Metta et al.| 2024, [2025alb; D1 Cecco et al.,[2025blfa)).
A GloNet layer mitigates this by constructing a “global”
feature vector that aggregates (via summation) the interme-
diate representations produced by selected blocks through-
out the network. This vector, which captures information
from multiple semantic levels of abstraction, is then passed
to the prediction head. As a result, the model can exploit
both low- and high-level features simultaneously, enabling
more effective feature utilization, dynamic depth adapta-
tion, and improved explainability.

As established in the Introduction, the goal of this paper is
to develop a general and adaptive DRL framework that is
both computationally efficient and interpretable. Our pro-
posal consists of two core components:

1. GloNet-Augmented Policy-Value Network: The
principle of modifying a standard policy-value net-
work to incorporate the GloNet architecture.

2. Dynamic Depth Controller: An algorithm that mon-
itors the augmented network and adapts its depth on
the fly.

GloNet-Augmented Policy-Value Network Any policy
and value network can be modified to include a GloNet
layer immediately before the prediction heads. This ap-
proach is architecture-agnostic: in principle, a GloNet layer
can be incorporated into any network architecture. How-
ever, this modification requires additional changes, such as
removing batch normalization and skip connections when
present, as detailed in (D1 Cecco et al., 2024, Section 4).

Dynamic Depth Controller When adapting the policy
and value networks, the guiding principle is not simply to
prune layers, but to maintain their capacity in a state of
equilibrium, ensuring sufficient redundancy to handle in-
creases in task complexity without becoming inefficient.
We achieve this via a redundancy buffer: a target number
of blocks at the end of the network that can be removed
without causing a significant performance drop. Our algo-
rithm periodically assesses the current size of this buffer
and performs one of two actions:

Pruning: If the current buffer is larger than our target, the
network is unnecessarily deep, and we remove the excess
blocks.

Growing: If the current buffer is smaller than our target,
the network may lack the capacity for future challenges, so
we add new, randomly initialized blocks.

Algorithm formalizes the procedure for dynamic

depth adjustment. First, the network’s deepest blocks
are iteratively shut down. After each shutdown, the
EvaluateNetwork helper function assesses the per-
formance of the now-shortened network on a validation
dataset, D,, . This process continues until the performance
degradation exceeds a predefined threshold, 7. The num-
ber of blocks successfully removed defines the measured
buffer size, which is then compared to a target, Biarger, and
the network’s final depth is adjusted accordingly by either
pruning or adding blocks.

Algorithm 1 Dynamic Depth Controller

Require: Current network with L blocks aggregated in
the GloNet layer, validation dataset D,,, performance
threshold 7, target buffer size Biarget

Ensure: Updated network with adjusted depth

1: {1. Determine the current size of the redundancy
buffer}

2: losspyse <— EvaluateNetwork(L, Dya)

3: buffercymrent < 0

4. fork=1to L — 1do

5 Liemp &~ L -k

6 lossy, < EvaluateNetwork(Liemp, Dyal)

7

8

ossi 1
if (°Ssl’g“h°“""“e) > 7 then

: break {Performance drop exceeds threshold}

9: endif

10:  buffercymen < k

11: end for

12: {2. Adjust network depth to match the target buffer
size}

13: delta < buffercyment —

14: if delta > 0 then

15:  Remove delta deepest blocks from the network

16: else if delta < O then

17:  Add (—delta) new blocks to the network

18: end if

19: return Updated network

Btargel

EXPERIMENTS AND RESULTS

We validate SCALE-RL with an AlphaZero-style agent for
Othello and use its standard terminology, such as Monte
Carlo Tree Search (MCTS) and self-play. For a full review
of the AlphaZero algorithm, we refer interested readers to
the original seminal paper (Silver et al., |2018) and to our
open-source code for implementation details. All experi-
ments were conducted using two NVIDIA RTX Ada Gen-
eration GPUs, and the Othello engine is based on the Leela
Zero engine (Pascutto and contributors} 2023)).

Baseline and Datasets We first trained a standard Al-
phaZero agent for Othello, using the widely adopted
configuration of a shared 40-layer convolutional ResNet
backbone for the policy and value networks. This agent



served as our fixed-depth baseline throughout all experi-
ments. The self-play process produced a large dataset of
games, providing labeled positions of progressively in-
creasing difficulty. For final evaluation, we also employed
WTHOR (Fédération Francaise d’Othellol 2024)), a canon-
ical dataset containing 7,544,559 positions from 130,000
professional Othello games.

Evaluation Metrics To validate the claim that SCALE-
RL enables more efficient and sustainable DRL agents, we
measured five metrics:

 Architectural Efficiency: The number of active lay-
ers during training and the L; norms of layer outputs,
to confirm that pruned layers contributed negligibly.

¢ Game-Playing Strength: Performance in head-to-
head matches against Edax (Coudrain} 2024), a strong
Othello engine, and accuracy in predicting game out-
comes from WTHOR professional games.

* Computational Cost: The total number of floating-
point operations (FLOPs) saved by our framework
compared to the baseline.

* Environmental Impact: Estimated energy consump-
tion and associated CO, emissions, derived from
measured FLOPs and established energy-per-FLOP
benchmarks.

* Interpretability: Exploratory analysis of layer activa-
tions to assess the interpretability of the learned rep-
resentations.

Experiment 1: Supervised Off-Policy Validation Our
first experiment evaluates SCALE-RL in a controlled, off-
policy supervised setting. We modified the baseline 40-
layer ResNet tower by removing all skip connections and
batch normalization layers and inserting a GloNet layer be-
fore the policy and value heads. The model receives, for
each player, an 8-timestep history of the Othello board as
input, with the policy head outputting a probability distri-
bution over 65 moves and the value head predicting a scalar
in [—1, 1] indicating the winner. The network was trained
on the dataset of self-play games generated by the base-
line AlphaZero agent, with the convolutional tower’s depth
fixed at 40 layers.

After training, we evaluated performance while progres-
sively deactivating layers from the top of the tower, measur-
ing policy loss, value loss, and the L; norm of intermedi-
ate representations. The results are shown in Figure[I] This
post-hoc ablation assesses how many layers the trained
agent effectively relies upon. SCALE-RL effectively uti-
lizes a substantially smaller subset of the available layers:
the first 18-20 layers are sufficient for accurate predictions,

while deeper layers provide minimal or even negative con-
tributions. This supports our claim that SCALE-RL can
self-adapt its effective depth.
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Figure 1: Supervised Learning Ablation Study. Layer uti-
lization after training on Othello self-play data. Top: The
L1 norm of the output for each of the 40 layers, showing
diminishing contributions from deeper layers. Middle: Pol-
icy loss as layers are cumulatively deactivated from the top
(layer 40) down. The loss plateaus after the first 18 lay-
ers, indicating the remaining 22 layers are redundant for
the policy head. Bottom: Value loss, calculated similarly.
Performance is optimal with the first 18 layers, while in-
cluding deeper layers increases the loss.

Experiment 2: On-Policy Self-Play Training Building
on these results, we assessed SCALE-RL in a full on-
policy DRL setting where the agent improves by generat-
ing its own experience. The agent was trained from scratch
via AlphaZero-style self-play, iterating between generating
new games (3,200 per generation) and performing super-
vised updates on this data, with MCTS guiding both pro-
cesses. The Dynamic Depth Controller (Algorithm [T)) with
parameters 7 = 1% and Biager = 5 was active through-
out, allowing the network to both prune and grow its layers.
7 = 1% and Biager = 5 were selected through a prelimi-
nary grid search as the best-performing configuration. This
setup challenges the agent to adapt its policy and architec-
ture simultaneously.

As shown in Figure SCALE-RL quickly recognized
that a much shallower architecture was sufficient, reduc-
ing the initial 40-layer network to a stable range of 20-23
layers for most of the 300-generation run. The slightly
higher number of active layers compared to Experiment 1
(20-23 vs. 18-20) likely reflects the increased complexity
of the on-policy learning task. This confirms that SCALE-
RL can automatically discover a problem’s intrinsic com-
plexity and reduce its computational footprint accordingly.
The training and validation learning curves for the policy
and value heads are shown in Figure

Figure ] shows how SCALE-RL responds to layer pruning
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Figure 2: a. Number of active layers in the tower for each
generation. b. Baseline vs our agent GFLOPs.

changes over training. For any given generation, both the
policy and value losses increase as more layers are removed
from the top of the tower. This indicates that SCALE-RL
concentrates most of the important feature extraction in the
earlier layers, making the deeper layers less critical. In con-
trast, the L; norms of the layer outputs at the end of training
display a non-monotonic pattern. This suggests that, while
the initial layers are crucial for learning, certain deeper lay-
ers become important as well, possibly because they cap-
ture more global, board-wide patterns that are essential for
Othello.

Game-Playing Strength To ensure that improved archi-
tectural efficiency did not come at the expense of play-
ing strength, we evaluated our agent against the fixed-
size ResNet baseline on two complementary benchmarks.
The first is the winner-prediction accuracy on the WTHOR
dataset: in Figure [5a] we report the MSE between the
agent’s value prediction and the true game outcome, nor-
malized to the [0, 1] range (lower is better). The second is
head-to-head performance against Edax, a strong Othello
engine configured to a search depth of 5: in Figure [5b we
report the winrate averaged over 100 games.

Results show that, despite the gap in the figure, both agents
achieve a superhuman level of play. Thus, a substantial gain
in efficiency is achieved at the cost of a small, measurable
decrease in asymptotic performance.
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Figure 3: Self-Play Training Performance over 300 Gen-
erations. (a) Total loss on the training and validation sets,
combining the policy, value, and regularization terms. (b)
Accuracy of the policy head against the MCTS target move.
(c) Policy loss for training and validation. The curves
closely track each other, indicating robust generalization
for the move prediction task. (d) Value loss for training
and validation. The persistent gap suggests that generaliz-
ing game outcome predictions is more difficult.
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Figure 4: Layer Adaptation Metrics Over Generations.
Top and middle: Policy and value loss (y-axis) as a func-
tion of network depth. On the x-axis the number of active
layers after Algorithm [I] truncates the tower. Bottom: L;
norm of each layer’s output.

Relative FLOPs Savings via Depth Adaptation Since
both models were trained under identical protocols, any
computational-efficiency gap depends directly on network
depth: it is linear in the baseline ResNet depth and in the
dynamically adapting depth of our agent. Thus, by reducing
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Figure 5: Game-Playing Strength. On the z-axis, the gen-
eration. (a) Best (minimum) MSE up to each generation
between the agent’s value prediction and the true outcome
from the WTHOR dataset. The raw MSE is normalized by
0.25 to yield a more interpretable [0, 1] metric (lower is
better). (b) Best (maximum) win rate up to each generation
against Edax (search depth 5), averaged over 100 games.

its depth from 40 to 20-23 layers, our agent achieves an ap-
proximately 50% reduction in GFLOPs, see Figure [2b] We
stress that this relative saving is contingent on the baseline’s
depth (here, 40 layers, as in AlphaZero’s architecture). Had
the baseline been shallower (e.g., 20 layers), our dynamic
agent would likely have expanded its architecture to reach
a similar size, possibly outperforming a static model thanks
to its ability to self-adjust. This supports the claim that
SCALE-RL can mitigate suboptimal architectural choices.

Computational Overhead The dynamic nature of
SCALE-RL makes a precise a priori estimation of compu-
tational overhead challenging. Nevertheless, its dominant
costs can be identified by examining the supervised train-
ing phase. The primary source of overhead arises from the
initial layer-depth evaluation procedure (Algorithm ] lines
4-11), whereas the primary savings stem from reduced in-
ference during large-scale self-play.

This procedure iteratively assesses the performance im-
pact of removing successive layers. All reported measure-
ments correspond to a single training generation (super-
vised training plus self-plays). For an initial network with
Linit layers, it computes the validation loss, over ny, sam-

ples, after removing one, two, and so on, up to Liemoved 1ay-
ers, until the loss increases by at least 7. The computational
complexity of this search is O(7yar - Linit - Lremoved - Clayer)s
where Clayer denotes the GFLOPs associated with a single
layer. Once the optimal depth is identified, a buffer of Biareet
layers is preserved to define the final architecture.

Compared with the inference cost required to generate self-
play trajectories in the AlphaZero algorithm, this overhead
is relatively minor. In AlphaZero, the network must per-
form inference on the order of O(neifplay * Mvisits * Tmoves)»
where, in our case, Ngeiplay = 3200, nyisiis = 400, and
Nmoves 1S Variable but typically around 60.

Consequently, the ~ 7.68 x 107 forward passes per gen-
eration required by AlphaZero make the depth evaluation
overhead practically negligible.

Energy Efficiency and Environmental Impact The dy-
namic depth adaptation achieved by SCALE-RL translates
into substantial energy savings during training. Empiri-
cal measurements reveal that each training generation re-
quires approximately 1.5 GFLOPs for the ResNet baseline
compared to 0.8 GFLOPs for SCALE-RL, representing a
46.7% reduction in computational load per generation.

To quantify the environmental implications of this effi-
ciency gain, we analyze the energy consumption across
the complete 300-generation training cycle. The total com-
putational savings amount to (1.5 — 0.8) x 300 = 210
GFLOPs over the entire training process. When accounting
for forward and backward passes during training, the ef-
fective computational reduction increases to approximately
630 GFLOPs total. Modern GPU hardware achieves energy
efficiency ratings in the range of 10~1* to 10~*2 Joules per
FLOP (Strubell et al.,2019)). Using a conservative estimate
of 1.5 x 10~*! J/FLOP for contemporary training infras-
tructure (Patterson et al., [2021)), the energy savings from
our approach translate to:

AE =0.63x1012 x1.5x 107 =9457 (1)

While this represents the energy consumption for our spe-
cific Othello benchmark, the scaling properties of SCALE-
RL suggest proportionally larger savings for more com-
putationally intensive RL applications. For training regi-
mens comparable to those employed in modern large-scale
DRL systems, where computational requirements can ex-
ceed 10%° FLOPs (Brown et al.| 2020), our 46.7% effi-
ciency improvement would yield energy reductions mea-
sured in megawatt-hours.

The carbon footprint reduction depends on the electrical
grid’s carbon intensity, which varies significantly by geo-
graphic region from 0.1 to 1.0 kg CO3-eq/kWh (Moro and
Lonza, 2018). For training conducted on typical computa-
tional infrastructure with a carbon intensity of 0.5 kg CO-



eq/kWh, SCALE-RL efficiency gains directly translate to
reduced greenhouse gas emissions proportional to the com-
putational savings achieved.

Beyond the immediate environmental benefits, the consis-
tent computational efficiency demonstrated across our 300-
generation training cycle suggests that SCALE-RL offers
a promising pathway toward sustainable DRL. The abil-
ity to automatically discover and maintain optimal network
complexity eliminates the computational waste inherent in
fixed over-parameterized architectures, addressing grow-
ing concerns about the environmental cost of Al research

(Schwartz et al., 2020) while maintaining competitive per-
formance through principled architectural adaptation.

ANALYSIS OF INTERPRETABILITY

In addition to computational efficiency and performance,
SCALE-RL offers inherent interpretability. This property
arises directly from the GloNet architecture’s connection
to Generalized Additive Models (GAMs)
and Neural Additive Models (NAMs)
2021)), enabling a deeper understanding of the

agent’s decision-making process without the need for com-
plex post-hoc analysis tools. In this section, we provide
both theoretical and empirical perspectives, showing how
the additive structure allows for both attention visualization
and counterfactual analysis.

Theoretical Analysis: NAMs for Reinforcement Learn-
ing The explainability of SCALE-RL is mathematically
grounded in the structure of GloNet, which can be viewed
as a specialized Neural Additive Model (NAM) adapted for
sequential decision making. In contrast to traditional deep
networks, where decisions result from complex nonlinear
compositions, f(s) = fr o fr_10...0 fi(s), the GloNet
architecture aggregates intermediate representations of the
input s through summation. This additive aggregation ef-
fectively decomposes the value function into interpretable
components, each corresponding to a distinct depth in the
network:

v(s)=H (Z Gé(3)> =H (Z ¢e(8)> 2
=1 =1

where each G (s) = ¢¢(s) represents a learned basis func-
tion operating at depth ¢, analogous to the feature networks
in NAMs but adapted for hierarchical spatial reasoning, and
H is the value head.

This connection to GAMs provides theoretical guarantees
about the model’s interpretability. The additive structure
ensures that each layer’s contribution can be analyzed in-
dependently while maintaining the global decision con-
text, enabling two complementary forms of analysis. First,
we can examine the attention patterns by visualizing the

magnitude of activations |Gy(s)| at each layer, revealing
what the network focuses on at different levels of ab-
straction. Second, we can perform counterfactual analysis
through gradient computation, showing how policy proba-
bilities would change with respect to input modifications.

The gradient of the value with respect to the input state
provides direct insight into the decision-making process:

du(s)  OH = 0Gy(s) 3
ds 0xr4+1 0s

{=1

Here, 2141 = Zle Gy(s) is the sum of the GloNet block
outputs before the prediction head. Thus, the gradient de-
composes into a weighted sum of the contributions from
each block, illustrating how each network depth influences
the value’s sensitivity to changes in the input state.

Empirical Analysis Following established practices in
gradient-based attribution (Sundararajan et all, [2017), we
apply min-max scaling to map gradient values to the range
[0,1], where darker blue regions indicate positions the
model considers disadvantageous for the current player.
This provides a counterfactual interpretation: “how would
the policy change if we could modify this board position?”.

Our analysis reveals distinct patterns in how the network
processes strategic information across different layers.
Figure [6] demonstrates this hierarchical structure through
three complementary visualizations, while Figure [7] shows
the gradient-based counterfactual analysis revealing the
model’s learned strategic principles.

(a) Conv8 Layer

(b) Global Attention (c) Game Position

Figure 6: Interpretability Analysis of Decision Making.
(a) Early layer attention patterns showing focus on board
edges and corners, demonstrating the network’s awareness
of positionally important regions even at shallow depths.
(b) Global attention patterns aggregated across all layers,
revealing the network’s overall strategic focus. (¢) Specific
game position where the agent (playing as white) incor-
rectly chooses b5 instead of stronger moves like c3, 3, c5,
or d6, illustrating how gradient analysis can identify the
source of strategic errors.

The attention visualizations reveal a clear hierarchical pat-
tern consistent with the additive model framework:

Early Layers (1-8) exhibit strong attention to board edges
and corners, consistent with fundamental Othello strategy



Figure 7: Gradient Analysis Reveals Strategic Under-
standing. Gradient magnitude visualization showing the
model’s learned preference to avoid positions adjacent to
the h1 corner (marked in darker blue). The white player’s
actual move b5 is overlaid on the gradient map showing
the value head’s what-if analysis. Positions g1 and h2 show
negligible gradients since these squares are strategically
unfavorable for both players according to fundamental Oth-
ello principles. This counterfactual analysis demonstrates
that the network has internalized corner-adjacency avoid-
ance and confirms alignment between learned strategy and
established game theory.

where controlling these positions provides significant ad-
vantages. This demonstrates that even shallow layers cap-
ture essential strategic concepts.

Middle and Deep Layers show more diffuse, global at-
tention patterns that integrate information across the entire
board state. These layers appear responsible for evaluat-
ing complex positional relationships and long-term strate-
gic implications.

To illustrate the practical value of this interpretability, we
analyzed a specific position from early training (epoch
200), see Figure where the agent makes a suboptimal
move. Playing as white, the network chooses b5 despite
stronger alternatives like ¢3, e3, ¢5, and d6 being available.
Notably, the value head rates these positions as approx-
imately equivalent, suggesting the error originates in the
policy head’s move selection rather than positional evalua-
tion.

Our gradient analysis reveals the source of this error: while
early convolutional layers correctly identify the superior
moves, only at deeper layers does the weaker move b5 gain
preference. This indicates that the network’s long-range
strategic reasoning has not yet stabilized during early train-
ing phases. Such insights demonstrate how the GloNet ar-
chitecture enables practitioners to identify specific aspects
of strategic reasoning that require additional training or ar-
chitectural adjustment.

Counterfactual Analysis and Strategic Preferences
The gradient-based visualization (Figure [7) provides evi-
dence that our model has discovered fundamental Othello
principles through self-play. The analysis shows the white
player’s actual move b5 overlaid on the gradient map, re-
vealing the value head’s what-if assessment of potential po-
sition changes.

The visualization demonstrates the model’s learned strate-
gic understanding: hl appears as a high-magnitude neg-
ative gradient (the darkest blue region, representing the
minimum value), while corner-adjacent squares gl and h2
show near-zero gradients, indicating neutral strategic value.
This pattern reveals that the network has internalized the
fundamental Othello principle that corners are highly valu-
able (hence hl’s negative gradient when occupied by the
opponent) while adjacent squares offer no strategic advan-
tage to either player.

The overlay of move b5 with gradient analysis proves valu-
able for debugging agent behavior, allowing verification
that learned strategies align with established game theory.
The zero gradients at gl and h2 demonstrate that the model
correctly recognizes when positions offer no strategic value
to either player, while the strong negative signal at h1 con-
firms proper valuation of corner control.

LIMITATIONS AND FUTURE WORK

While the SCALE-RL framework demonstrates promis-
ing results in Othello, its generality beyond this setting
remains to be established. Future work should extend
empirical validation to other games like Go
let all, 2020} 2019), and to more diverse RL domains, in-
cluding continuous control (Lillicrap et al.| [2015)), multi-
agent (Herndndez-Leal et al.} [2019)), pseudo-random num-
bers (Pasqualini and Parton, 2020alb; [Pasqualini et al.,
2022), Wagner’s framework (Angileri et all [2025alb),
biomedical domains (Marchetti et al [2025), and partially
observable environments (Liu and Zhang| 2023} [Parton|

2024).

The dynamic depth controller introduces computational
overhead due to periodic validation evaluations. This may
become prohibitive in large-scale settings or when valida-
tion data is expensive to generate. Distributed implemen-
tations and integration with efficiency techniques such as
model distillation and quantization could mitigate this is-
sue and improve scalability.

Our current approach relies on tuning the hyperparam-
eters 7 and By by hand, and focuses exclusively on
depth adaptation. Extending the framework to simultane-
ously adapt network width, connectivity patterns, or atten-
tion mechanisms is a natural next step, but requires novel
theoretical insights to handle more complex architectural
adjustments.



Interpretability in our analysis benefits from the addi-
tive model structure but is most informative in environ-
ments where strategic concepts are interpretable. In higher-
dimensional or less intuitive domains, new causal or trans-
ferable analysis tools may be necessary.

Finally, while SCALE-RL yields substantial energy sav-
ings in a modest benchmark, its impact and overhead in
large-scale neural network settings remain to be fully as-
sessed. Advances in principled task complexity metrics
could further enable more targeted and efficient adaptation
without costly empirical validation.
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