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Abstract

Deep reinforcement learning (DRL) relies on neural networks trained under temporally
correlated experience, evolving replay distributions, and bootstrapped targets, conditions
that can destabilize neural function approximation. This study investigates controllable
orthogonalization as a network-level mechanism for improving training stability. Orthog-
onalization by Newton’s Iteration (ONI) is applied selectively to fully connected layers,
with layer placement and Newton iteration count T controlling the location and strength
of orthogonalization. We first analyze ONI placement and intensity in Deep Q-Network
(DQN), and then evaluate the selected configurations on MinAtar and Atari. The same
design principle is applied to the critic of Data-Regularized Q version 2 (DrQ-v2) on Deep-
Mind Control Suite tasks. DQN-ONI improves aggregate normalized scores and learning
trajectories across the evaluated discrete-control games. On the twelve-task continuous-
control benchmark, Critic-ONI exhibits no learning failures. Learning-rate sweeps and
penultimate-layer activation statistics further show a wider usable optimization range
and more stable intermediate representations. These results show that selective, intensity-
controlled orthogonalization can improve the training stability of DRL neural networks.

Keywords: deep reinforcement learning; neural network architecture; normalization;
orthogonalization; training stability

1. Introduction
Deep reinforcement learning (DRL) combines reinforcement learning with neural func-

tion approximation and has become a general approach to sequential decision making [1,2].
The Deep Q-Network (DQN) demonstrated direct action-value learning from Atari im-
ages [2,3], while deterministic and entropy-regularized actor–critic methods extended deep
learning to high-dimensional continuous control [4–6]. In both settings, training reliability
remains a defining practical concern: learning speed and final behavior can change sharply
with the task, random initialization, and optimization configuration [7].

This instability is rooted partly in the data and target construction used by DRL. Con-
secutive observations are correlated, replay distributions evolve with the behavior policy,
and temporal-difference targets depend on learned value estimates. A change in the func-
tion approximator can therefore alter later targets and, in actor–critic methods, the policy
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update itself. Experience replay, target networks, multi-step returns, entropy regularization,
and image augmentation address important parts of this feedback loop [2,5,8–10]. They
leave open a complementary architectural question: how should the geometry of the neural
transformations be controlled during DRL training?

Normalization and weight constraints provide tools for regulating feature and gradi-
ent propagation. Batch normalization, layer normalization, weight normalization, spectral
normalization, and gradient penalties have each been used to improve neural optimiza-
tion [11–15]. Their behavior in DRL depends strongly on the interaction with non-stationary
data and bootstrapped learning. In particular, batch-dependent statistics can couple nor-
malization to the changing replay distribution, while a fixed spectral constraint controls
only the dominant singular direction. Recent studies increasingly treat normalization and
parameterization as direct controls on DRL optimization: normalization has been connected
to parameter-norm growth and effective learning rates [16]; CrossQ uses Batch Renormaliza-
tion in off-policy actor–critic learning [17]; weight normalization has been used to stabilize
high update-to-data-ratio training [18]; and recent analysis of Batch Normalization modes
relates unstable actor–critic configurations to distribution mismatch and Q-value estima-
tion error [19]. Hyperspherical normalization provides a related geometric approach that
constrains weight and feature norms for scalable DRL optimization [20]. Complementary
stabilization methods target encoder gradients and dormant representations, as illustrated
by A-LIX and ReDo [21,22].

Orthogonal transformations offer a distinct form of control because an orthogonal
matrix has unit singular values and preserves the Euclidean norm of a linear transforma-
tion. Orthogonalization by Newton’s Iteration (ONI) constructs the forward weight by
iteratively approximating inverse-square-root normalization [23,24]. Its iteration count T
determines how closely the nonzero singular values approach one, making the strength of
the constraint explicit.

These considerations motivate controllable rather than indiscriminate orthogonaliza-
tion. Applying an orthogonal constraint too broadly can restrict representational flexibility
in comparatively shallow DRL value networks, particularly when task-specific Q-functions
require nonuniform transformations. We therefore control orthogonalization along two
dimensions: the selected layer determines where the constraint is applied, and T deter-
mines its intensity. The resulting design balances geometric control with task-specific
representation learning.

We evaluate this principle in two complementary architectures. For DQN, ONI is
inserted into selected fully connected layers of the value head and studied on MinAtar and
Atari. For Data-Regularized Q version 2 (DrQ-v2), ONI is inserted into the critic because
the critic participates in both the bootstrapped target and the actor gradient.

The main contributions are as follows:

• We introduce selective ONI as a controllable network-level intervention for DRL,
using layer placement and Newton iteration count as separate architectural controls.

• We instantiate the method in DQN value heads and DrQ-v2 twin critics and evaluate
it across MinAtar, Atari, and the DeepMind Control Suite (DMC).

• We show that controllable ONI improves discrete-control learning trajectories, acceler-
ates difficult continuous-control tasks, and reduces observed training failures across
challenging DMC tasks.

• We further characterize training stability through random-seed sensitivity, learning-rate
robustness, and the ℓ1 norms of per-dimension activation mean and variance.
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2. Related Work
2.1. Algorithmic Stabilization in Deep Reinforcement Learning

Deep reinforcement learning is sensitive to random seeds, hyperparameters, evalua-
tion protocols, and implementation choices [7]. Value-based algorithms address several
sources of instability through the learning rule and data pipeline. DQN combines experi-
ence replay with a target network [2]; Double DQN reduces overestimation [25]; dueling
networks separate state value and action advantage [26]; prioritized replay changes transi-
tion sampling [27]; and Rainbow combines these ideas with multi-step and distributional
targets [8]. These mechanisms improve target estimation and data use while retaining a
neural value function trained from evolving targets.

In continuous control, deterministic policy gradients and Deep Deterministic Policy
Gradient (DDPG) optimize an actor through a learned critic [4,6]. Soft Actor-Critic (SAC)
adds entropy regularization and stochastic policies [5]. For visual observations, Contrastive
Unsupervised Representations for Reinforcement Learning (CURL), Data-Regularized
Q (DrQ), and DrQ-v2 use contrastive representation learning or image augmentation to
improve sample efficiency [9,10,28]. The critic remains a key feedback component because
it defines both a bootstrap target and the direction used to improve the actor.

These approaches act on target estimation, data reuse, and visual representations.
Amplification and contraction within the learned value function remain a complementary
concern. ONI controls the forward weights while retaining the learning rules of DQN
and DrQ-v2.

2.2. Network-Level Stabilization in Reinforcement Learning

Normalization changes either activation statistics or weight geometry. Batch Normal-
ization and layer normalization operate on intermediate features [11,12]; group normal-
ization removes batch-size dependence; and weight normalization reparameterizes each
weight vector by direction and magnitude [13]. CrossNorm was developed for off-policy
temporal-difference learning by mixing current and replay-state statistics [29]. D2RL (Deep
Dense Architectures in Reinforcement Learning) uses dense input connections to improve
information flow in deeper reinforcement-learning networks [30], while regularization
studies in continuous control show that network design and parameter constraints can
materially affect policy optimization [31].

Recent work has broadened network-level stabilization in actor–critic reinforcement
learning. CrossQ makes careful use of Batch Renormalization in actor and critic networks
and achieves high sample efficiency with a low update-to-data ratio [17]. Palenicek et al.
study the behavior of CrossQ at higher update-to-data ratios and show that weight normal-
ization stabilizes the resulting training dynamics while maintaining the effective learning
rate [18]. Wang et al. systematically analyze Batch Normalization training and evaluation
modes in off-policy actor–critic algorithms, associating unstable configurations with distri-
bution mismatch and inaccurate Q-value estimation and reporting improved learning-rate
robustness with mode-aware normalization [19]. Complementary analyses connect nor-
malization to parameter-norm growth and effective learning-rate schedules [16], while
hyperspherical normalization constrains weight and feature norms for scalable DRL op-
timization [20]. Together, these studies strengthen the view that neural parameterization
and normalization can directly regulate DRL optimization dynamics.

A-LIX regularizes encoder gradients in pixel-based temporal-difference learning [21],
while ReDo recycles dormant neurons to preserve expressivity [22]. Their focus on feature
learning motivates examining representation dynamics alongside return when evaluat-
ing ONI.
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Spectral normalization bounds maximal linear amplification by rescaling the largest
singular value [14,32,33], but preserves the ratios between singular values. ONI pro-
gressively brings nonzero singular values toward a common scale. This stronger geo-
metric constraint motivates examining both its placement and intensity in bootstrapped
value learning.

2.3. Orthogonal Transformations and Controllable ONI

Orthogonal initialization can preserve signals at the start of training [34], while Stiefel-
manifold optimization and orthogonal weight normalization maintain orthogonality dur-
ing training [23,35]. Soft orthogonality penalties encourage, but do not directly construct,
orthogonal forward weights [36]. Parseval networks constrain transformations for robust-
ness [37], and gradient penalties regulate local derivatives [15,38].

Orthogonal initialization specifies the starting weights, and soft penalties encourage
a constraint through the training loss. ONI instead constructs the forward weight from a
trainable proxy at each use [24]. Its finite Newton iteration count controls the strength of
orthogonalization, while layer selection determines where the constraint acts. These two
controls allow the network to balance propagation control with the flexibility required for
value estimation.

3. Materials and Methods
3.1. Problem Setting and Neural Function Approximation

We consider a Markov decision process (MDP)M = (S ,A, r, P), where S is the state
space, A is the action space, r is the reward function, and P is the transition kernel. At time
t, the agent observes st, selects at, receives rt, and transitions to st+1. The objective is to
maximize the expected discounted return

Gt =
∞

∑
i=t

γi−tri, (1)

where Gt is the return from time t, ri is the reward at time i, and γ ∈ [0, 1] is the discount
factor. A value-based agent estimates the action value Q(s, a), the expected discounted
return for state s and action a, and selects actions from those estimates. An actor–critic agent
represents the policy explicitly and uses one or more critics to evaluate actions. In both
cases, the value estimate is trained against a bootstrapped target that contains another
learned value. The combination of function approximation, bootstrapping, and an evolving
data distribution creates a feedback path through which representation changes affect
future targets.

Consider a K-layer neural function Fθ : Rdin → Rdout with

hk = Wkxk−1, xk = ϕ(hk), k = 1, . . . , K, (2)

where K is the number of layers, din and dout are the input and output dimensions, x0 = x
is the input, and θ = {Wk}K

k=1 collects the layer weights. At layer k, hk is the preactivation,
xk is the activation, and ϕ is the elementwise activation function. Forward activations and
backward gradients pass through products of these layer matrices. Singular values sub-
stantially above or below one can amplify or attenuate particular directions across repeated
transformations. Controlling the nonzero singular values regulates propagation along
the represented directions; for a rectangular layer, the relevant orthogonality condition
depends on the matrix orientation.
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3.2. Orthogonal Reparameterization

For a weight matrix Wk ∈ Rdk×dk−1 , where dk and dk−1 are the output and input widths
of layer k, the corresponding row-orthogonal set is

Ok =
{︂

Wk : WkWT
k = I

}︂
, (3)

where I is the identity matrix and a superscript T denotes transpose. Row orthogonality
requires dk ≤ dk−1; the column condition WT

k Wk = I is used for the opposite matrix
orientation. Direct manifold optimization is possible [35], but it couples the optimizer to
the constraint. ONI instead retains an unconstrained proxy parameter V and constructs
the forward weight as W = ΦT(V), where ΦT denotes the ONI reparameterization with T
Newton steps. Standard optimization updates V through the gradient propagated across
this reparameterization, while the network forward pass uses W.

3.3. Controllable Orthogonalization by Newton’s Iteration

Let V ∈ Rdo×di denote the proxy weight matrix of a fully connected layer, with do

output units and di input units. Following ONI, the parameter matrix is centered and
spectrum normalized:

Vc = V− 1
di

V11T , Z =
Vc√︁
∥VcVT

c ∥F
. (4)

Here, 1 ∈ Rdi is the all-ones vector, Vc is the row-centered proxy, Z is its normalized form,
and ∥ · ∥F is the Frobenius norm. The covariance-like matrix is then

S = ZZT . (5)

For a full-row-rank centered matrix, the normalization places the spectrum in the
convergence region ∥I− S∥2 < 1, where ∥ · ∥2 is the matrix spectral norm. The iteration
operates on the nonzero singular directions in the rank-deficient case [24]. ONI then
approximates S−1/2 through Newton’s Iteration:

B0 = I, Bt =
1
2
(3Bt−1 − B3

t−1S), t = 1, 2, . . . , T. (6)

Here, Bt is the inverse-square-root approximation after Newton step t; the iteration index
is local to this construction. The orthogonalized weight is

W = BTZ. (7)

Increasing T progressively moves the nonzero singular values toward one [24]. Small T
retains a broader singular spectrum, while larger T imposes a stronger constraint. Selecting
the layer determines where this transformation acts in the value network.

Algorithm 1 gives the forward construction used by each ONI layer. The proxy V
remains the trainable parameter, and gradients are propagated through the centering,
normalization, Newton updates, and final matrix product by the chain rule.

3.4. Backpropagation Through ONI

The ONI transformation is differentiable, so the proxy parameter V is updated by
propagating the loss gradient through the centering, spectrum normalization, Newton
iterations, and final matrix product. Given ∂L/∂W and the forward-pass quantities Vc,
Z, S, and {Bt}T

t=1, Algorithm 2 gives the backward computation used to obtain ∂L/∂V.
The operator tr(·) denotes the matrix trace.
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Algorithm 1 Forward controllable orthogonalization by Newton’s iteration

Input: proxy matrix V ∈ Rdo×di ; iteration count T
1 Vc ← V− 1

di
V11T

2 Z← Vc/
√︁
∥VcVT

c ∥F
3 S← ZZT

4 B0 ← I
5 for t = 1 to T do
6 Bt ← 3

2 Bt−1 − 1
2 B3

t−1S
7 end for
8 W← BTZ
Output: forward weight W ∈ Rdo×di

Algorithm 2 Backpropagation through controllable orthogonalization

Input: ∂L/∂W and saved forward quantities Vc, Z, S, {Bt}T
t=1

1 ∂L
∂BT

← ∂L
∂W

ZT

2 for t = T down to 1 do

3
∂L

∂Bt−1
← 3

2
∂L
∂Bt
− 1

2

[︃
∂L
∂Bt

(B2
t−1S)T

+ (B2
t−1)

T ∂L
∂Bt

ST + BT
t−1

∂L
∂Bt

(Bt−1S)T
]︃

4 end for

5 ∂L
∂S
← −1

2

T

∑
t=1

(B3
t−1)

T ∂L
∂Bt

6 ∂L
∂Z
← BT

T
∂L
∂W

+

(︄
∂L
∂S

+

(︃
∂L
∂S

)︃T
)︄

Z

7 ∂L
∂Vc

← 1√︁
∥VcVT

c ∥F

(︄
∂L
∂Z
− tr

[︄(︃
∂L
∂Z

)︃T
Z

]︄
ZZTZ

)︄
8 ∂L

∂V
← ∂L

∂Vc
− 1

di

∂L
∂Vc

11T

Output: proxy-parameter gradient ∂L/∂V ∈ Rdo×di

3.5. ONI in DQN

For DQN, the baseline agent contains a convolutional encoder followed by fully
connected layers that predict one Q value per action. Its temporal-difference loss is

L(θ) = E(s,a,r,s′)∼D

[︄(︃
Qθ(s, a)−

(︃
r + γ max

a′
Qθ′(s

′, a′)
)︃)︃2

]︄
, (8)

where θ denotes the online Q-network parameters, θ′ denotes the target Q-network param-
eters, and D is the replay buffer.

The target network and replay buffer address target drift and temporal correlation,
respectively, while the value head transforms encoded features into Q values. Learnable
layers are indexed backward from the output, excluding flattening and activations. DQN-
ONI[−2] applies ONI to the hidden fully connected layer; DQN-ONI[−3] applies it to the
preceding learnable layer, the final convolution in Figure 1; DQN-ONI[−2&−3] constrains
both. The benchmark configuration uses position −2, with T controlling the strength.

Figure 1 shows the DQN-ONI[−2] architecture used in the study. Four stacked
input frames are processed by three convolutional layers, followed by a 3136-dimensional
flattened representation and a 512-unit hidden layer. ONI is attached to the penultimate
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fully connected transformation before the action-value output, where |A| is the number of
discrete actions.

Input
4×84×84

32×20² 64×9² 64×7²

8×8 4×4 3×3

3136 512 |A|

a

ONI[-2] Backward
W = Φ

T
(V) G

W
 → G

V

Figure 1. DQN-ONI[−2] architecture. Feature-map labels give channels and spatial dimensions;
the squared spatial term denotes equal height and width. The convolution kernels are 8× 8, 4× 4,
and 3× 3. The value head maps 3136 features through 512 hidden units to |A| action values, which
determine the selected action. ONI acts on the 3136-to-512 transformation; the inset links its forward
and backward computations, with GW = ∂L/∂W and GV = ∂L/∂V.

3.6. ONI in DrQ-v2

DrQ-v2 is an image-based actor–critic agent that combines data augmentation, n-step
returns, and deterministic continuous-control learning [10]. Its encoder supplies a compact
feature vector to the actor and twin critics. The two critics are denoted Q1 and Q2 and
share the same architecture; the equations below use Q to denote a generic critic. The critic
update is based on a temporal-difference objective:

L(θQ) =
1
N ∑

i

[︂
ri + γQ′(si+1, µ′(si+1 | θµ′) | θQ′)−Q(si, ai | θQ)

]︂2
. (9)

Here, N is the mini-batch size; Q and Q′ denote the online and target critics; µ and µ′ denote
the online and target actors; and θQ, θQ′ , θµ, and θµ′ are their corresponding parameter sets.

The actor is updated through the critic gradient:

∇θµ J ≈ 1
N ∑

i
∇aQ(s, a | θQ)|s=si ,a=µ(si)

∇θµ µ(s | θµ)|si . (10)

where J denotes the actor objective and the gradient is evaluated through the online critic Q.
The critic occupies two feedback paths: it participates in the bootstrapped target

and supplies the gradient used to update the actor. Its representation therefore affects
value learning and the direction passed to the policy. ONI is applied to the penultimate
transformation in each critic, while the encoder, augmentation, target update, and actor
structure retain the DrQ-v2 design. We denote this variant Critic-ONI[−2].

Figure 2 shows the shared image encoder and separate actor and critic projections to
50 features. Each critic concatenates its projected representation with the action. Critic-
ONI[−2] constrains the penultimate, 1024→ 1024 transformation of both critics.

https://doi.org/10.3390/informatics13100162
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Input
9×84×84

32×41² 32×39² 32×37² 32×35²

3×3 3×3 3×3 3×3

Encoder

Actor

Critics

39,200 50 1024 1024 |A|

39,200 50 1024 1024 1

a

Q

Concatenate

ONI[-2]

Figure 2. DrQ-v2 architecture with Critic-ONI[−2]. The encoder feeds separate actor and critic
projections from 39,200 to 50 features. The action is concatenated with the projected critic features;
it is sampled from replay for critic fitting and generated by the actor for policy optimization. One
of the two identically structured critics is shown. The outlined connection marks the penultimate,
1024-to-1024 ONI transformation in each critic. Feature-map dimensions use the notation of Figure 1;
all convolution kernels are 3× 3.

4. Experimental Setup
4.1. Evaluation Design and Environments

The experiments cover three groups of environments:

• MinAtar tasks for compact value-based evaluation [39].
• Atari games for image-based DQN evaluation.
• DeepMind Control Suite tasks for continuous-control DrQ-v2 evaluation [40].

The evaluation follows three stages. First, the design stage varies ONI placement and
Newton iteration count on MinAtar-asterix and Atari-asterix to identify the configurations
used in subsequent experiments. Second, the benchmark stage evaluates the selected con-
figurations across three MinAtar games, eight Atari games, and DMC continuous-control
tasks. Third, stability analyses examine sensitivity to random initialization on challenging
DMC tasks, learning-rate robustness, and penultimate-layer activation statistics. Episode
return is plotted against environment frames; cross-game performance uses the mean
MinAtar normalized score (MNS) for MinAtar and the mean human-normalized score for
Atari, and the challenging DMC evaluation uses the observed training failure rate.

For MinAtar, the normalization follows Gogianu et al. [32]:

MNSg = 100
sg − sg,random

sg,max − sg,random
, (11)

where g indexes the game, sg is the evaluated agent’s episode-return score, sg,random is
the random-policy reference, and sg,max is the largest baseline-agent score recorded in the
reference study. The fixed pairs (sg,max, sg,random) are (78.90, 0.49) for Asterix, (360.92, 2.86)
for Space Invaders, and (93.91, 0.09) for Seaquest. We report their mean normalized score.
Atari human normalization instead uses human performance as the upper reference.

Episode return measures policy quality. To assess training stability, we also examine
learning failures across DMC initializations, return across learning rates on MinAtar-
seaquest, and the l1 norms of per-dimension activation means and variances. These diag-
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nostics characterize learning reliability, optimizer sensitivity, and representation-statistic
drift, respectively.

Within each baseline–ONI pair, the optimizer, replay mechanism, target update,
and evaluation settings are held fixed. ONI placement and T are the controlled architec-
tural changes. The DQN experiments use a Python 3.10 implementation of the architecture
shown in Figure 1; the continuous-control experiments follow the published DrQ-v2 agent
and training protocol [10].

4.2. DQN Configuration

The DQN ablation evaluates ONI at learnable-layer positions −2, −3, and both posi-
tions, using the indexing defined in Section 3.5. It also varies T from 1 to 5. The benchmark
configuration fixes DQN-ONI[−2] with T = 1 across the MinAtar games and T = 2 across
the Atari games, following the representative-task ablations. The plain DQN uses the same
encoder, value head, optimizer, replay buffer, and target-network schedule without the
ONI reparameterization.

The main DQN hyperparameters are summarized in Table 1.

Table 1. Main DQN hyperparameters used in the experiments.

Hyperparameter Value

Discount factor γ 0.99
Update frequency 4
Target update frequency 8000
Starting exploration rate 1.0
Final exploration rate 0.01
Exploration decay steps 250,000
Exploration schedule Linear
Warm-up steps 20,000
Replay size 106

Batch size 32
History length 4
Loss function Mean squared error (MSE)
Optimizer Adam
Learning rate η 0.00025
Adam damping term ϵAdam 0.0003125
Adam coefficients (β1, β2) (0.9, 0.999)
Validation steps 125,000
Validation exploration rate 0.001

4.3. DrQ-v2 Configuration

The continuous-control configuration transfers the selected layer position and T = 2
from DQN to the penultimate fully connected transformation of both DrQ-v2 critics. This
setting is held fixed across the DMC tasks. The actor and encoder retain their original
parameterization. The baseline is the corresponding plain DrQ-v2 agent with the same
augmentation, replay, update, and exploration settings.

The twelve-task evaluation uses the medium benchmark of DrQ-v2 [10]: acrobot-
swingup, cartpole-swingup-sparse, cheetah-run, finger-turn-easy, finger-turn-hard, hopper-
hop, quadruped-run, quadruped-walk, reach-duplo, reacher-easy, reacher-hard, and walker-
run. Each agent is trained with three random seeds per task, giving 36 runs per agent.
A run is classified as a learning failure when its return remains near the initial low level
throughout the training horizon, with no sustained improvement. This trajectory-based
criterion distinguishes failure to learn from a temporary performance drop. The humanoid
experiments provide additional task-level comparisons.

https://doi.org/10.3390/informatics13100162
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The main DrQ-v2 hyperparameters are summarized in Table 2.

Table 2. Main DrQ-v2 hyperparameters used in the experiments.

Hyperparameter Value

Replay buffer capacity 106

Action repeat 2
Seed frames 4000
Exploration steps 2000
n-step returns 3
Mini-batch size 256
Discount factor γ 0.99
Optimizer Adam
Learning rate 10−4

Agent update frequency 2
Target critic soft-update rate τ 0.01
Feature dimension 50
Hidden dimension 1024
Exploration standard-deviation clip 0.3

5. Results
5.1. Layer Placement and Orthogonalization Intensity

Figure 3 compares ONI placement and strength on MinAtar-asterix. At T = 1 and
T = 2, the penultimate-layer and two-layer variants finish above plain DQN. The intensity
sweep favors T = 1, selected for the subsequent MinAtar evaluation.
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(a) Layer placement, T = 1
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(b) Layer placement, T = 2
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(c) Iteration count, ONI[−2]

Figure 3. Layer-position and intensity analysis on MinAtar-asterix. Panels (a,b) compare ONI
placement at T = 1 and T = 2; panel (c) varies T from 1 to 5 for ONI on the penultimate layer.
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The Atari-asterix ablation in Figure 4 shows the same design pattern. DQN-ONI[−2]
with T = 2 achieves the strongest later learning trajectory among the displayed placement
variants, while the intensity sweep again favors a tuned value of T. Across the two ablations,
the penultimate value-head layer provides the effective placement. Layer location and
iteration count therefore function as complementary controls over ONI.
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(a) Layer placement, T = 2
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Figure 4. ONI placement and iteration-count ablation on Atari-asterix. Panel (a) compares layer
positions at T = 2; panel (b) compares T = 1, . . . , 5 for DQN-ONI[−2].

5.2. DQN Evaluation on MinAtar and Atari

Figure 5 provides the aggregate view. DQN-ONI[−2] achieves a higher mean MNS
for the three-game MinAtar group and a higher mean human-normalized score for the
eight-game Atari group throughout most of training. The per-task curves in Figures 6–8
show how this aggregate gain develops across different learning profiles.
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Figure 5. Aggregate DQN performance. Panel (a) reports the mean MinAtar normalized score over
three games using DQN-ONI[−2], T = 1; panel (b) reports the mean human-normalized score over
eight Atari games using DQN-ONI[−2], T = 2.

Across the three MinAtar tasks in Figure 6, DQN-ONI[−2] with T = 1 finishes above
plain DQN. The difference is largest in asterix and remains visible in invaders and seaquest,
showing that the selected configuration transfers from the ablation game to the other
MinAtar tasks.
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Figure 6. DQN and DQN-ONI[−2], T = 1, on MinAtar: (a) asterix, (b) invaders, and (c) seaquest.

The first four Atari curves are shown in Figure 7. DQN-ONI[−2] with T = 2 ends
above the baseline in asterix, battle zone, boxing, and breakout. Battle zone exhibits
a temporal crossover in which the ONI curve overtakes the baseline during training,
illustrating an improvement in both the attained return and the timing of learning.

Figure 8 contains the remaining games. The ONI curve ends higher in gopher, name
this game, robotank, and seaquest. In gopher, the ONI trajectory overtakes the baseline
later in training and finishes higher, illustrating a complementary late-stage gain.

Overall, the selected DQN-ONI configurations improve aggregate normalized scores
and final learning trajectories across the evaluated MinAtar and Atari games. The per-
task curves show complementary gains in learning speed and final return across the
evaluated games.

5.3. DrQ-v2 Evaluation and Training Stability on DeepMind Control Suite

The continuous-control experiment transfers the intervention from a DQN value
head to the twin critics of DrQ-v2. Figure 9 shows three difficult humanoid tasks. In
humanoid-stand and humanoid-run, Critic-ONI[−2] begins sustained learning substan-
tially earlier. In humanoid-walk, the ONI critic rises earlier and finishes higher. Across
these tasks, ONI primarily changes the onset and continuity of successful learning.

The additional tasks in Figure 10 separate failure recovery from ordinary acceleration.
In cartpole-swingup-sparse and hopper-hop, plain DrQ-v2 remains near its initial return
while the ONI variant reaches a sustained positive trajectory. In quadruped-run and reach-
duplo, both agents learn and Critic-ONI[−2] improves learning speed or the attained return.
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(a) Asterix (b) Battle zone

(c) Boxing (d) Breakout

Figure 7. DQN and DQN-ONI[−2], T = 2, on Atari: (a) asterix, (b) battle zone, (c) boxing, and
(d) breakout. Red curves denote DQN-ONI[−2]; blue curves denote plain DQN.

(a) Gopher (b) Name this game

(c) Robotank (d) Seaquest

Figure 8. DQN and DQN-ONI[−2], T = 2, on Atari: (a) gopher, (b) name this game, (c) robotank,
and (d) seaquest. Red curves denote DQN-ONI[−2]; blue curves denote plain DQN.
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(a) Humanoid stand (b) Humanoid walk

(c) Humanoid run

Figure 9. DrQ-v2 with and without Critic-ONI[−2], T = 2, on (a) humanoid-stand, (b) humanoid-
walk, and (c) humanoid-run. The ONI agent is denoted DrQ-v2-ONI[−2] in the legends.

(a) Cartpole swingup sparse (b) Hopper hop

(c) Quadruped run (d) Reach duplo

Figure 10. Selected challenging DMC tasks using T = 2: (a) cartpole-swingup-sparse, (b) hopper-hop,
(c) quadruped-run, and (d) reach-duplo. Red curves denote DrQ-v2 with Critic-ONI[−2]; blue curves
denote plain DrQ-v2.
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Critic-ONI[−2] exhibits no learning failures in the 36 runs of the twelve-task bench-
mark. Plain DrQ-v2 exhibits failed-learning trajectories on cartpole-swingup-sparse and
hopper-hop (Figure 10). These outcomes support improved training reliability under the
evaluated initializations.

5.4. Learning-Rate Robustness and Activation Statistics

The two diagnostics in Figure 11 address optimizer robustness and internal rep-
resentation dynamics. The learning rates are logarithmically spaced from 1.0 × 10−5

to 2.1544 × 10−3. DQN-ONI[−2] achieves a higher average episode return over most
tested rates and retains effective learning at the largest rate, widening the usable optimiza-
tion range.

For the activation analysis, let µt and νt denote the vectors of per-dimension mean
and variance, respectively, for the penultimate-layer output at training step t. The right
panel plots ∥µt∥1 and ∥νt∥1. Here, ∥ · ∥1 denotes the sum of absolute vector components.
Both quantities grow rapidly for plain DQN, while DQN-ONI[−2] with T = 2 keeps them
lower and closely aligned. Together, the learning-rate and activation-statistic analyses show
a wider usable optimization range and more stable intermediate feature statistics with
controllable ONI.
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Figure 11. Diagnostic stability analysis. (Left): DQN learning-rate sensitivity on MinAtar-seaquest
using logarithmically spaced rates and DQN-ONI[−2], T = 1. (Right): l1 norms of the per-dimension
activation mean (solid) and variance (dashed) at the penultimate layer, using DQN-ONI[−2], T = 2.

6. Discussion
6.1. From Geometric Control to Stable Learning

The results reveal a consistent pattern across the two architectures. In DQN, place-
ment and intensity ablations show that selective orthogonalization of a late value-head
transformation provides an effective balance between geometric control and representation
flexibility. The selected configurations improve aggregate and task-level learning trajecto-
ries. Applying the same design principle to the DrQ-v2 critics produces earlier learning and
a lower observed failure rate on difficult continuous-control tasks. The learning-rate sweep
and activation statistics further connect these task-level effects to optimization robustness
and intermediate feature stability.

Orthogonalization constrains directional amplification because the singular values of
the selected transformation move toward one. For a feed-forward network, this geometric
property is compatible with smoother propagation through the value head. In DQN, it can
regulate how changes in encoded states affect Q values and subsequent temporal-difference
targets. In DrQ-v2, the corresponding control in the critic also influences the gradient
delivered to the actor.
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The activation-statistic analysis provides the clearest empirical connection to the
internal representation. DRL continually changes both the replay distribution and its
bootstrapped targets, so stable hidden statistics can reduce repeated adaptation to a moving
feature distribution. The ℓ1-norm trajectories in Figure 11 show lower growth of the per-
dimension activation mean and variance with ONI. Together with the learning-rate sweep,
this behavior supports the interpretation that controllable orthogonalization stabilizes
intermediate feature distributions during DRL training.

Activation variance in this analysis concerns features within one network. Learning
outcomes across initializations, reported in Section 5.3, provide the separate evidence on
across-run reliability.

6.2. Comparison with Recent Normalization Methods

Compared with individual-vector weight normalization or hyperspherical norm con-
straints, ONI also regulates relationships between weight directions through the Gram
matrix. This matrix-level control provides a way to influence the representation dynamics
observed here. Unlike the batch-statistic and target-network changes in CrossQ [17,18],
or the distributional-value and reward-scale design in SimbaV2 [20], selective ONI re-
tains the baseline replay and target-update mechanisms. It is computed from weights
independently of batch activation statistics.

6.3. Practical Implications and Design Guidance

The ablations favor finite, small iteration counts rather than the strongest constraint.
They suggest starting with T ∈ {1, 2} at the penultimate value or critic layer and comparing
learning on a representative task at a matched training budget. When performance is
comparable, smaller T reduces computation.

Matrix conditioning governs the change produced by each Newton step [24]; width
affects cost, while depth and the number of constrained layers affect how constraints accu-
mulate. Task type and complexity enter through the value function’s required flexibility.

The selected fully connected layers directly affect value prediction and the critic
gradient while limiting the number of constrained matrices. Leaving the visual encoder
unconstrained preserves its flexibility but also leaves its weight conditioning unchanged.
The position ablations include the preceding convolutional layer, so the head-only configu-
ration reflects the placement comparison.

For convolutional extension, a kernel of size co × ci × kh × kw can be reshaped into a
co × (cikhkw) matrix [24], where co, ci are output and input channels and kh, kw are kernel
height and width. Orthogonality of flattened filters differs from orthogonality of the full
convolution operator because of spatial overlap, stride, and padding [41]; kernel and
channel dimensions also determine the added matrix cost.

6.4. Computational Cost

For an m × n weight matrix, where m and n are its row and column dimensions,
Gram-matrix formation and weight reconstruction each require O(m2n) operations. Each
Newton step uses a constant number of m × m matrix products, giving an additional
forward cost of O(m2n + Tm3) per reconstruction; O(·) denotes asymptotic operation
count. Back-propagation has the same asymptotic dependence, with O(Tm2) interme-
diate matrix storage in a direct implementation. Thus, iteration-dependent work and
storage increase linearly with T at fixed dimensions. Total training time also includes
network evaluation, replay sampling, and environment interaction. In the displayed ar-
chitectures, (m, n) = (512, 3136) for DQN and (1024, 1024) for each of the two DrQ-v2
critic transformations.
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7. Conclusions
This study presents controllable orthogonalization as a network-level mechanism

for stabilizing neural network training in DRL. ONI is inserted selectively into DQN
value heads and DrQ-v2 critics, with layer placement controlling where the intervention
acts and Newton iteration count controlling its strength. The selected configurations
improve aggregate and task-level DQN learning, produce earlier learning on difficult
continuous-control tasks, and reduce observed training failures across the challenging
DMC evaluation. The learning-rate sweep and activation-statistic analysis further show a
wider usable optimization range and more stable intermediate feature statistics. Together,
these results provide a concrete way to regulate neural weight geometry while retaining
the algorithmic structure of value-based and actor–critic learning.
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