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ABSTRACT

A robotic agent that continually learns new tasks from pixel-based inputs must
maintain the plasticity of deep neural networks that process high-dimensional
observations. We show that existing methods based on regularizing neural net-
work parameters to mitigate loss of plasticity remain insufficient in the continual
visual-control settings. We show that changing the optimizer from AdamW to
Skewon (Solonko et al., 2026) mitigates the loss of plasticity. The Skewon opti-
mizer constrains the parameter matrices of the deep neural network to the Stiefel
manifold, meaning their columns are orthonormal. We show that this optimizer
by preserving the input–output Jacobian norm alongside sustained learning. We
demonstrate continual learning from images for up to 100 million frames for lo-
comotion tasks using the proximal policy optimization algorithm and Skewon.
We further demonstrate its efficacy in simulated manipulation tasks. We intro-
duce a new optimizer: Gram-Skewon, which preserves pretrained weight Gram
matrices, which is applied to continual behavior cloning for manipulation tasks
using the SO-101 robotic arm in the physical world and outperforms AdamW.
Gram-Skewon achieves 62% success versus 37% for AdamW in the real-world
task chain. We present a new geometric approach that keeps policies plastic and
therefore adaptable.

1 INTRODUCTION

An intelligent agent interacts with an ever-changing world and learns continually from it. Imagine
a robotic arm deployed in a warehouse that learns a stream of manipulation tasks: picking boxes,
placing them on conveyor belts or in containers, and stacking them for storage. Reinforcement learn-
ing (RL) models learning through interaction (Sutton & Barto, 1998), and agents using deep neural
networks (DNNs) have been remarkably successful (Ouyang et al., 2022; Kaufmann et al., 2023). A
robotic deep RL agent must complete such task streams from high-dimensional observations using
its actuators over long time horizons.

The big world hypothesis says that an agent’s capacity is limited relative to the complexity of its
environment (Javed & Sutton, 2024). A warehouse robot must manipulate many different objects
while wear and tear change its movement dynamics. Its success therefore depends on remaining
able to learn as new tasks and conditions arise, making plasticity essential. We study this problem
in online continual learning, where the agent learns from data obtained through current interactions
with the environment.

Deep RL agents lose their ability to learn, which is called loss of plasticity (Dohare et al., 2024).
This phenomenon is observed when the data distribution, from which the agent learns, changes
over time. This has been well studied and documented for robotic control from low-dimensional
proprioceptive states (Dohare et al., 2024; Cisse et al., 2017). This is so because the matrices that
parameterize the DNNs can exhibit pathological behavior that leads to saturation of neuronal acti-
vations. However, loss of plasticity in control from high-dimensional observations, such as images
used for robotic manipulation, remains under-studied. As tasks change, shifts in observation dis-
tributions and control requirements demand continued adaptation of the DNN’s representations and
policy, making plasticity essential.
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(a) Task 1: Pick (b) Task 2: Place (c) Task 3: Stack (d) Task 4: Cup (e) Task 5: Sort

Figure 1: We fine-tune SmolVLA sequentially on these tasks using our optimizer: Gram-Skewon.
Our optimizer achieves a 62% success rate as opposed to a 37% success rate achieved by AdamW
on the last task.
We demonstrate that preserving a property W⊤W = I of a matrix W ∈ Rm×n mitigates the loss
of plasticity. Such matrices are called Stiefel matrices, and their set is denoted by St(m,n). A
deep RL agent learns by taking steps in the direction of solving a task by updating its parameter
matrices using an optimization algorithm. We show that maintaining this property while taking
these steps makes the DNN well-behaved for continual learning. It ensures that there are sufficiently
many directions for the matrices to change in despite the ever-changing and never-ending nature
of the continual learning problem. We apply a new optimizer: Skewon (Solonko et al., 2026) that
constrains the matrices of the DNN to the Stiefel manifold and mitigates the loss of plasticity.

The Skewon optimizer ensures that the DNN remains plastic even after learning from 100 mil-
lion frames in robotic control environments with image observations and changing dynamics when
trained using proximal policy optimization (PPO) (Lillicrap et al., 2015). Furthermore, we show that
it results in continual learning in simulated robotic manipulation tasks, with pixel observations. We
also provide a toy linear-quadratic-regulator experiment showing that Skewon outperforms AdamW
despite hyper-parameter tuning in tasks where the optimal actions fluctuate in magnitude. This also
motivates the connection between input-output Jacobian norm and plasticity. Finally, we introduce
Gram-Skewon, a new optimizer that preserves pretrained weight Gram matrices W⊤W to continu-
ally fine-tune vision-language-action models while maintaining plasticity. Using Gram-Skewon to
continually fine-tune SmolVLA (Shukor et al., 2025), with nearly 100 million tunable parameters,
for the physical SO-101 robotic arm yields significant improvements over AdamW (Figure 1).

2 BACKGROUND

We present technical background for measuring loss of plasticity and its connection to the input-
output Jacobian matrix. Specifically, we define the input-output Jacobian and how it tracks plasticity.
Additionally, we describe the optimizer that takes gradient steps under the constraint W⊤W = I .
We also present related work in Section A.

2.1 MEASURING LOSS OF PLASTICITY

We measure loss of plasticity through declining returns and study the input-output Jacobian norm at
each task’s start. Stiefel constraints fix the weight matrices’ singular values at one, motivating our
study of how this structure affects the Jacobian and plasticity. The Jacobian of a scalar function f :
Rn → R, denoted by ∇f(x)|x=v = ∂f(x)/∂x|x=v = ∇xf(x)

⊤ ∈ R1×n, is a vector that captures
how the function changes along different dimensions in the neighborhood of the input vector v.
For a function with a vector output of m dimensions, the Jacobian is an m × n matrix. We define
it for a simple feed-forward network, without biases. It has parameter matrices W1,W2, . . .WL

and the following parameterization: F (x,W1,W2, . . .WL) = WLΦ(WL−1 . . .Φ(W1x)) where
Φ is a non-linearity applied element-wise. A neuron’s activation at index i for layer l is ϕi,l(x) =
Φ(Wl . . .Φ(W1x))[i]. The feature vector at layer l for data point x is the concatenation of activations
ϕi,l(x) across all i and is denoted by ϕl(x). Define ϕ0(x) = x. The diagonal matrix of activation
derivatives at layer l is

Dl(x) = diag(Φ′(Wlϕl−1(x))) , l = 1, . . . , L− 1,

where Φ′ is applied element-wise to the pre-activation vector Wlϕl−1(x). Thus, the Jacobian is
defined as: ∂F (x;W1, . . . ,WL)/∂x = WLDL−1(x)WL−1 · · ·D1(x)W1. Xiao et al. (2018) con-
dition the Jacobian singular values to improve image classification accuracy using DNNs. Rosseau
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et al. (2026) apply this to continual learning to provide further theoretical analysis. Intuitively, a
larger norm of the input-output Jacobian matrix for a DNN means that the function output changes
significantly with perturbations of its input and therefore the agent can use rewards from the envi-
ronment along with these perturbations to learn. In contrast, a DNN whose outputs do not change
much across perturbations cannot obtain this reward-based feedback. Further, restricting the pa-
rameter matrices to the Stiefel manifold fixes their singular values at unity, preventing the linear
transformations from introducing ill-conditioning and potentially improving the conditioning of the
input-output Jacobian, although its spectrum also depends on the activation derivatives Dl(x).

2.2 GRADIENT UPDATES WITH RETRACTION TO STIEFEL MANIFOLD

Our parameter-based approach to mitigating loss of plasticity introduces two key perspectives: treat-
ing matrices as operators rather than vectors and imposing a strict constraint rather than regularizing
the matrices. At their core, deep neural networks are a composition of matrix multiplications in-
terposed by non-linearities. A deep RL agent learns by updating its parameters, the weights of the
matrices, by taking gradient ascent steps in the direction of its objective. The Muon optimizer (Jor-
dan et al., 2024), which treats these matrices as operators rather than a flattened vector, has shown
improved empirical performance over AdamW in supervised learning settings. Another relevant
extension of this approach is to restrict the matrices to the Stiefel manifold (Absil et al., 2008; Wen
& Yin, 2013; Bernstein, 2025a), the set of matrices in Rd×k with orthonormal columns:

St(d, k) := X ∈ Rd×k : X⊤X = Ik, d ≥ k.

A standard Euclidean gradient update generally does not preserve this constraint. Optimization on
the Stiefel manifold therefore constructs an update direction in the tangent space,

TX St(d, k) = Z ∈ Rd×k : X⊤Z + Z⊤X = 0,

and applies a retraction to map the resulting step back onto the manifold (Absil et al., 2008).

Let X ∈ Rd×d be a square parameter matrix constrained to the Stiefel manifold, and let DX de-
note the Euclidean gradient of the objective being maximized. One such update uses the Cayley
retraction:

ΩX := DXX⊤ −XD⊤
X , X+ =

(︂
Id −

η

2
ΩX

)︂−1 (︂
Id +

η

2
ΩX

)︂
X, (1)

where η is the learning rate, ΩX is skew-symmetric, and ΩXX is a tangent ascent direction. The
superscript + denotes the updated parameter matrix after one step. This update preserves orthogo-
nality, ensuring that the constrained parameter matrices remain on the Stiefel manifold throughout
training, provided they are initialized on the manifold (Absil et al., 2008; Wen & Yin, 2013). This
line of work has recently been applied to optimization of large language models (Bernstein, 2025b;a;
Thinking Machines Lab, 2026).

Figure 2: Vanilla gradient steps
can move the matrix off the
manifold; the retraction pulls it
back.

In practice, directly evaluating the Cayley update requires a ma-
trix equation to be solved with O(d3) cost, which can be expen-
sive for large parameter matrices of the DNNs. For our empirical
analysis, we use Skewon (Solonko et al., 2026), which provides
a closed-form solution for the spectral-norm-constrained tangent
update underlying Stiefel Muon. Given a gradient or momentum
matrix MX oriented toward ascent, its update takes the form

NX :=
1

2

(︁
MXX⊤ −XM⊤

X

)︁
, Ξopt = polar0(NX)X,

X+ = RX (ηΞopt),

where polar0(NX) = UV ⊤ for the compact SVD NX =
UΣV ⊤, with zero mapped to zero. Here, RX denotes a retraction.
Skewon eliminates the iterative optimization previously used to
determine the tangent direction; its practical implementation eval-
uates the polar factor using Newton-Schulz iterations (Solonko et al., 2026). Using a QR or polar
retraction also avoids the explicit Cayley solve, although this does not remove all cubic-cost ma-
trix operations for square matrices. While our theoretical analysis uses the Cayley retraction for its
concise mathematical form, our empirical analysis uses Skewon with retraction. We combine these
insights, having structured parameter matrices and an optimizer effective in gradient-based learning,
with the underlying low-dimensional structure in RL problems with high-dimensional observations.
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3 ENVIRONMENT DESIGN FOR CONTINUAL REINFORCEMENT LEARNING

We establish how AdamW (Kingma & Ba, 2015; Loshchilov & Hutter, 2017) can lead to loss of
plasticity for control from high-dimensional observations. We first introduce a general multi-task
reinforcement learning setting. Each task, indexed by τ , is defined by the tuple

Mτ = ⟨Rds ,Rda , (fτ
s ,Στ ), (Rdo , fτ

o , ϵ), rτ , γ, s0⟩,

where Rds , Rda , and Rdo are the shared Euclidean state, action, and observation spaces, respectively,
γ ∈ [0, 1) is the discount factor, and s0 ∈ Rds is the start state. The state transition and observation
functions, fτ

s : Rds × Rda → Rds , fτ
o : Rds → Rdo , may be nonlinear and determine the dynamics

and observations through

st+1 = fτ
s (st, at) + ΣτXt, Xt ∼ N (0, Ids

), ot = fτ
o (st) + ϵYt, Yt ∼ N (0, Ido

).

where Στ ∈ Rds×ds and ϵ ≥ 0 determine the process and observation noise, respectively, and the
noise variables are independent across time and of one another. The reward function rτ : Rds ×
Rda → R specifies the reward for taking action at in state st.

This setting models control from high-dimensional observations, with do ≫ ds. For example, the
state of a humanoid robot walking forward can be described by its joint positions, joint velocities,
and location, whereas an image of the robot contains thousands or tens of thousands of pixels (Fig-
ure 3). The first description is the underlying state, while the second is the observation available to
the agent. We consider policies that select actions from the current observation, at ∼ π(· | ot); a
deterministic policy is a map π : Rdo → Rda .

Figure 3: Suppose the agent’s goal
is to control a humanoid to walk.
Top: a picture of the humanoid
robot (high-dimensional). Bot-
tom: a schematic of its pose denot-
ing the underlying structure (low-
dimensional) 1.

For each task, the agent seeks a policy that maximizes the ex-
pected cumulative discounted reward:

Jτ (π) = E

[︄ ∞∑︂
t=0

γtrτ (St, At)
⃓⃓⃓
S0 = s0

]︄
,

where the expectation is over trajectories generated by π in
Mτ . The corresponding state-value function is V π

τ (s) =

E
[︂∑︁∞

t=0 γ
trτ (St, At)

⃓⃓⃓
S0 = s

]︂
. In our deep RL setting, the

agent uses the on-policy PPO algorithm (Schulman et al.,
2017), with a DNN policy and a DNN critic that estimates dis-
counted returns from the agent’s observations. In the contin-
ual learning setup, the agent encounters the tasksM1,M2, . . .
sequentially and carries its learned parameters across task
changes. We refer to a sequence of tasks as a chain. Tasks may
differ in their transition dynamics, observation maps, noise,
or rewards, while sharing the same state, action, and obser-
vation spaces. This construction follows the rich-observation
control perspective, in which low-dimensional latent dynamics
are accessed through high-dimensional nonlinear observations
(Mhammedi et al., 2020).

3.1 ADAMW CAUSES LOSS OF PLASTICITY

We specialize the above multi-task setting to LQR tasks (An-
derson & Moore, 2007; Fazel et al., 2018) by choosing linear state transitions and negative quadratic
rewards:

fτ
s (s, a) = Gτs+Hτa, rτ (s, a) = −

(︁
s⊤Qτs+ a⊤Rτa

)︁
,

where Gτ ∈ Rds×ds , Hτ ∈ Rds×da , Qτ ∈ Rds×ds is symmetric positive semidefinite, and
Rτ ∈ Rda×da is symmetric positive definite. The observation map fτ

o remains potentially non-
linear, allowing the agent to control the underlying LQR system from images.

1Image generated by ChatGPT.
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Figure 4: The agent has to move the 8 light blobs to
perfectly and simultaneously align with their associ-
ated red cross marks with correlated 8-dimensional
actions. We vary how the agent is rewarded and how
the correlated actions affect the state (Hτ ) at each
step in the chain.
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Figure 5: Mean return against the
mean input–output Jacobian norm
for 24 chains. We see that AdamW
has lower performance on average
while Skewon (all 24 overlapping)
performs near optimally.

To compare AdamW and Skewon in this simplified continual learning setting, we use an environ-
ment with eight tiles, each containing a blob that the agent must bring to the target marked by
an X (Figure 4). The two-dimensional displacements of the eight blobs from their targets form a
16-dimensional state, while the action space is 8-dimensional, so a single action component can
influence multiple blobs. The matrices Gτ and Hτ determine how the blob positions and actions
influence subsequent movement, analogous to strings coupling the blobs. The agent receives a flat-
tened image of this state with observation dimension do = 213. For each task τ , we randomly
sample the matrices determining the underlying dynamics while ensuring that the LQR problem
remains solvable.

Choosing a simple LQR testbed allows us to simulate in JAX (Bradbury et al., 2018; McInroe &
Garcin, 2025) and present comprehensive hyper-parameter sweeps to compare AdamW and Skewon
optimizers. We train Skewon and AdamW agents across 24 chains of 21 tasks, selecting the best
hyper-parameter configuration for each optimizer and chain from 12 settings evaluated across 3
seeds. Figure 5 plots mean return against the input-output Jacobian norm (Section 2.1): Skewon
maintains plasticity and a large Jacobian norm across all chains, while AdamW exhibits a log-linear
relationship between the norm and mean task return.

4 SKEWON MITIGATES LOSS OF PLASTICITY

Despite hyper-parameter tuning and the use of layer normalization, reward normalization, L2 regu-
larization, and Swish activations, AdamW still loses plasticity. Skewon sustains learning and outper-
forms both AdamW and Parseval across all four continual locomotion variants (Figure 6), demon-
strating gains beyond the standard plasticity-preserving interventions evaluated here. We present
two examples of deep RL agents learning in simulation: locomotion tasks in MuJoCo environments
(Todorov et al., 2012) and manipulation tasks using robotic arms simulated using the ManiSkill
framework (Tao et al., 2024; Xiang et al., 2020). In both these scenarios the Skewon optimizer
outperforms AdamW.

4.1 MUJOCO LOCOMOTION TASKS

We compare Skewon with AdamW (Loshchilov & Hutter, 2017) and Parseval (Chung et al., 2024)
across four continual locomotion variants with changing dynamics.

1. Ant-Friction: task sequences for the ant environment with 15 tasks with varying friction coeffi-
cients which govern the contact forces between the ant legs and the floor. The friction coefficients
are sampled from a bimodal distribution (similar to (Dohare et al., 2024)).

2. Ant-Fluid: task sequences for the ant environment with 10 tasks in which the ant is immersed in
a fluid, with density sampled uniformly from [0.5, 1.0] while the friction coefficient continues to
vary bimodally as above.

5
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3. Humanoid-Actuator: task sequences of the humanoid environment with 20 tasks with varying
actuator gear scales, which multiply the torque each motor delivers for a given control signal.
The scale is sampled from a bimodal distribution with bands [0.2, 0.3] ∪ [2.4, 2.5].

4. Humanoid-Joint-Damping: task sequences of the humanoid environment with 20 tasks with
varying joint damping coefficients, which govern how strongly rotation about each joint is re-
sisted. The coefficient is sampled from a bimodal distribution with bands [2, 8] ∪ [40, 80].

We train on ten sampled task sequences per variant and report mean returns across sequences. Each
task lasts 5 million frames, and the agent is trained using PPO. All methods use a CNN-based en-
coder with separate actor and critic heads. We provide further implementation and hyper-parameter
details in Section C. The CNN encoder ends with a feedforward layer followed by a tanh activa-
tion. Training uses the standard PPO objective, including entropy regularization, together with the
evaluated regularizers and no additional auxiliary objectives.

Hyper-parameters for Skewon, Parseval, and AdamW are tuned separately for Ant and Humanoid.
For AdamW, we tune weight decay, the entropy coefficient, the number of mini-batches, and the
learning rate. We also vary the encoder width. We apply the recommended interventions for pre-
serving plasticity from past work (Dohare et al., 2024; Lyle et al., 2024; Prakash et al., 2026): layer
normalization, L2 regularization, reward normalization, and Swish activation (Ramachandran et al.,
2017; Elfwing et al., 2018). Following these recommendations, AdamW and Skewon share the
architecture, layer normalization, reward normalization, and activation function.

Skewon’s advantage persists despite tuning AdamW and applying the listed plasticity interventions
(Figure 6). Across all four variants, Skewon pulls ahead of both baselines early in the chain and
sustains its relative performance as tasks accumulate. The separation is clearest on Ant-Fluid:
AdamW’s normalized return declines to near the pooled minimum (0.010 ± 0.003 by the end of
the chain), while Skewon maintains higher returns than both AdamW and Parseval. On both hu-
manoid variants, Skewon maintains its advantage at 95–100M frames after 19 dynamics changes,
whereas AdamW and Parseval plateau or decline in normalized return. This sustained performance
is accompanied by stable Jacobian norms for Skewon and declining norms for AdamW and Parseval
in the environments shown in Figure 7, supporting the connection between Jacobian behavior and
plasticity studied in prior work (Hu et al., 2020; Chung et al., 2024; Rosseau et al., 2026).

4.2 MANISKILL

We evaluate Skewon and AdamW on continual manipulation with the SO-100 and Franka Panda
arms, trained using PPO in ManiSkill (Tao et al., 2024).

The SO-100 arm learns five tasks sequentially: Grasp, establishing a stable grasp on a cube; Place,
carrying and releasing it at a sampled table target; Stack, placing it on another cube; Cup-Align,
depositing it inside a walled bin; and Sort, placing a cube or ball in its shape-assigned bin. Sort
requires identifying the held object from camera images, as its identity is excluded from the propri-
oceptive state. The Franka Panda arm learns four tasks sequentially: Grasp, grasping and lifting
a cube from the table; Place, carrying it to a sampled goal above the table and holding it there;
Stack, releasing it onto another cube; and Pyramid, balancing it atop two adjacent base cubes. For
both arms, only Grasp begins with an empty gripper; subsequent tasks begin with the object held.
AdamW initially performs better on Grasp for both arms, but Skewon achieves higher success on the
final task of each chain: 63% versus 23% on SO-100 Sort and 94% versus 58% on Panda Pyramid.
This reversal highlights Skewon’s advantage in sustaining learning as the agent progresses through
successive tasks. Further task details are in Section D.1.

Each task starts from the preceding task’s final checkpoint, and Table 1 compares this sequential
training with independent training from scratch. Skewon achieves higher success than AdamW on
every task from Stack onward in both chains. On SO-100 Cup-Align, both optimizers achieve 0.81
from scratch, but AdamW reaches only 0.03 in the chain compared with Skewon’s 0.92, support-
ing better preservation of adaptability under sequential training. Panda Pyramid provides comple-
mentary evidence of beneficial transfer: both scratch runs score zero, whereas sequential training
achieves 0.94 with Skewon and 0.58 with AdamW. All training details can be found in Section D.
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(a) Ant-Friction, 15 tasks (b) Ant-Fluid, 10 tasks

(c) Humanoid-Actuator, 20 tasks (d) Humanoid-Joint-Damping, 20 tasks

Skewon Parseval AdamW

Figure 6: Mean normalized return across ten task sequences for each continual locomotion variant.
Within each task, returns are rescaled to [0, 1] using the pooled minimum and maximum attained by
the three methods, measuring relative performance on that task.

Chain Scratch

Task AdamW Skewon AdamW Skewon

Grasp .70±.05 .64±.05 .88 .75
Place .75±.08 .92±.04 .88 .94
Stack .31±.11 .47±.07 .56 .69
Cup-Align .03±.02 .92±.04 .81 .81
Sort .23±.14 .63±.15 .88 1.00

(a) SO-100, five tasks.

Chain Scratch

Task AdamW Skewon AdamW Skewon

Grasp .92±.04 .73±.04 1.00 1.00
Place 1.00±.00 .96±.04 1.00 1.00
Stack .75±.06 .96±.02 .81 .69
Pyramid .58±.08 .94±.04 .00 .00

(b) Franka Panda, four tasks.

Table 1: Success rates on two manipulation task chains. Chain: each task starts from the preceding
task’s final checkpoint (mean ± standard error over seeds). Scratch: each task is trained indepen-
dently from random initialisation (single seed). Bold indicates the higher observed success rate
within each comparison.
5 GRAM-PRESERVING SKEWON FOR CONTINUAL VLA FINE-TUNING

We next demonstrate that the benefits of constraining parameter matrices extend from simulated
reinforcement learning to continual fine-tuning of pretrained vision-language-action (VLA) models
on a physical robot. VLAs use images and natural language instructions for robotic control (Kim
et al., 2024; Intelligence et al., 2025; Shukor et al., 2025; NVIDIA et al., 2025) and are commonly
fine-tuned for specific tasks and embodiments (Kim et al., 2025). Pretrained weights need not satisfy
W⊤W = I , so imposing orthonormality would alter the learned model. We instead introduce
Gram-Skewon, which preserves each weight matrix’s initial Gram matrix G0 = W⊤W and hence
its singular values during adaptation. We demonstrate its effectiveness by continually fine-tuning
SmolVLA (Shukor et al., 2025) on a chain of five physical manipulation tasks.

5.1 GRAM-PRESERVING SKEWON

Let W ∈ Rm×n with m ≥ n denote one trainable weight matrix of the pretrained model, written
in tall form (wide matrices are transposed, as in our Stiefel implementation). Write skew(X) =

7
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Table 2: Real-world success rates across the five tasks. Each policy is the final checkpoint of its
five-stage continual-learning chain. Best success rate per task in bold.

AdamW Gram–Skewon

Task Trials Success Rate Trials Success Rate

Pick 50 23 46.0% 50 25 50.0%
Place 40 39 97.5% 40 36 90.0%
Stack 50 6 12.0% 40 15 37.5%
Cup Align 40 32 80.0% 40 38 95.0%
Sort 60 22 36.7% 60 37 61.7%
Overall 240 122 50.8% 230 151 65.7%

1
2 (X −X⊤), let Skew(m) be the skew-symmetric m×m matrices, and let msign(X) = UV ⊤ for
the SVD X = UΣV ⊤ be the matrix sign (orthogonal polar factor), computed by a Polar-Express
iteration (Amsel et al., 2026) so that no inverse or eigendecomposition is ever formed. We extend
the Stiefel constraint used by Skewon (Solonko et al., 2026) to the Gram-preserving manifold:

MG0
=

{︁
W ∈ Rm×n : W⊤W = G0

}︁
, G0 ≻ 0 (n× n), (2)

with G0 derived once from the pretrained weight. Stiefel is the special case G0 = I . Therefore,
given the Euclidean gradient direction G, our goal is to solve the following problem:

Y ⋆ = argmin
Y ∈Skew(m), ∥Y ∥2≤1

⟨G, Y W ⟩ = − msign
(︁
skew(GW⊤)

)︁
, ∆W = η Y ⋆W. (3)

To this effect we introduce Algorithm 1, which is similar to Algorithm 1 by Solonko et al. (2026)
for the Stiefel constraint. The derivation is provided in Section E.

5.2 REAL-WORLD EXPERIMENTS

We continually fine-tune SmolVLA, with nearly 100 million tunable parameters, on five manipula-
tion tasks using the physical SO-101 arm. Unlike the preceding RL experiments, adaptation uses
demonstrations collected with a teleoperator leader arm through behavior cloning. The tasks are:
Pick, grasping and lifting a cube; Place, releasing it on a black target disc; Stack, placing it on a
blue cube; Cup, depositing it inside a blue cup; and Sort, placing a specified coloured cube into a
red or green cup according to the language instruction. Only Pick begins without a grasped cube.
Sort introduces six combinations of cube colour and destination, requiring language to disambiguate
the goal for the same visual scene. These tasks are illustrated in Figure 1. Gram-Skewon outper-
forms AdamW on Stack, Cup Align, and Sort, with final-task success increasing from 36.7% to
61.7% (Table 2), extending the empirical benefits of matrix-constrained optimization to pretrained
VLA adaptation on physical hardware. Gram-Skewon takes 2.03× as much training time per task
on average.

6 DISCUSSION

Our results highlight the importance of preserving plasticity as robotic policies continually adapt to
new tasks. AdamW can lose plasticity in continual visual control despite the normalization and reg-
ularization interventions recommended in prior work (Dohare et al., 2024; Lyle et al., 2024; Chung
et al., 2024). Replacing AdamW with Skewon (Solonko et al., 2026) sustains learning across chang-
ing locomotion dynamics for up to 100 million frames and improves success on later manipulation
tasks, without introducing auxiliary losses or additional regularization coefficients. Our geometric
approach extends beyond learning policies from scratch to continually adapting a pretrained VLA.
Building on Stiefel-constrained continual learning (Chaudhry et al., 2020), we introduce Gram-
Skewon to preserve pretrained weight Gram matrices during adaptation. On the physical SO-101
arm, Gram-Skewon improves SmolVLA’s final-task success from 36.7% to 61.7%. This result sug-
gests that the geometry maintained during fine-tuning is an important consideration for sustaining
a pretrained policy’s ability to learn across successive tasks. More broadly, our findings motivate
evaluating pretrained robotic policies by their ability to sustain adaptation across a task sequence,
alongside their performance on individual downstream tasks.
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help write and debug parts of the code for our experiments. Second, we used them to improve the
grammar, clarity, and readability of the manuscript. Third, we used them to check our mathematical
proofs for errors. Fourth, we used them to poulate the hyper-parameters we swept over. All research
ideas, the methodology, the experimental design, the analysis, and the conclusions are entirely the
authors’ own. Every piece of LLM-assisted content, including code, text, and proof feedback, was
reviewed and verified by the authors. The authors take full responsibility for the content of this
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A RELATED WORK

Continual learning has been an active area of research for decades (Ring, 1994; 2005; Carlson et al.,
2010; Nguyen et al., 2017; Baker et al., 2023; Abel et al., 2023). Dohare et al. (2024) systemat-
ically study loss of plasticity in deep RL agents. Dormant neurons exhibit low average absolute
activation relative to other neurons in the same layer over the input distribution (Sokar et al., 2023).
They show that resetting the parameters associated with the neurons and bringing them back from
dormancy mitigates loss of plasticity. This is a data-based approach: the neuron activations are mea-
sured for varying data input (Sokar et al., 2023; Ceron et al., 2024). A similar data-based approach
uses the effective feature rank, which is a proxy for the rank of features of a DNN (Kumar et al.,
2020). Prakash et al. (2026) propose to regularize the effective rank to maintain plasticity. Similarly,
Lewandowski et al. (2025) regularize layer-wise Jacobians, which are data-dependent. Estimating
data-dependent statistics can introduce additional computational overhead and sampling variance.

Parallelly, there are parameter-based interventions which do not use data samples to maintain plas-
ticity. The simplest intervention is to regularize with the L2-norm, which prevents the parameters
from approaching very high magnitudes and has the downstream effect of keeping the data-based
measures such as neuron activation, effective rank and layer-wise Jacobian spectra well behaved
(Lyle et al., 2024; Prakash et al., 2026). Lyle et al. (2024) demonstrate how a combination of layer-
norm, reward normalization, and L2 regularization mitigates loss of plasticity. Prakash et al. (2026)
also combine parameter-based L2-regularization with data-dependent effective rank regularization
to demonstrate state-of-the-art performance for toy image classification tasks such as CIFAR and
ImageNet. Prakash et al. (2026) also show that parameter-based methods are 55.04% faster than
their method even in a toy setting. Ash & Adams (2020) reset weights and add random noise in a
method named Shrink & Perturb, which is also data-dependent. Chaudhry et al. (2020) show that
retracting the parameter matrices to the Stiefel manifold enables continual learning in image classi-
fication. Similarly, Chung et al. (2024) regularize the network by penalizing its squared L2-distance,
or distance under the Frobenius norm, to the Stiefel manifold: ||WW⊤ − I||F which they call Par-
seval regularization. They present empirical results in the low-dimensional RL setting. Chung et al.
(2024) also show that the Parseval regularization method outperforms Layernorm, Shrink & Perturb
(Ash & Adams, 2020), and regenerative regularization (Kumar et al., 2023). Recently Rosseau et al.
(2026) have also shown the efficacy of Parseval-like regularization for continual RL. They achieve
this by ensuring that the input-output Jacobian remains well conditioned.

Our work also introduces and evaluates a parameter-based intervention: constraining the matrices to
the Stiefel manifold. Gram-Skewon preserves the pretrained weight geometry without requiring an
initial projection onto the Stiefel manifold, allowing adaptation to begin from the original pretrained
model. We move the intervention of constraining the parameter matrices from the loss function, via
a regularizing term, to the optimizer and see significantly improved returns. Most previous work on
the preservation of plasticity in RL for robotic control shows results in the setting where the agent has
access to low-dimensional proprioceptive states (Dohare et al., 2024; Chung et al., 2024) and, to the
best of our knowledge, we are the first to conduct experiments in such a setting. We first show that
deep RL agents in environments with high-dimensional observations face a challenge maintaining
plasticity under all the popular interventions (Lyle et al., 2022; Chung et al., 2024; Prakash et al.,
2026). We then show the efficacy of the Skewon optimizer for pixel-based control environments
(Todorov et al., 2012; McInroe & Garcin, 2025; Tao et al., 2024).

B EXPERIMENTAL DETAILS OF LQR EXPERIMENTS

This appendix specifies how the LQR tasks of Section 2.1 are constructed, how they vary along a
chain, and the training protocol behind Figure 5. Throughout, ds = 16, da = 8, do = 213, γ = 0.99,
and every episode lasts 100 steps.
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B.1 DYNAMICS

Each task uses the linear transition fτ
s (s, a) = Gτs + Hτa with process noise ΣτXt. The

transition matrix is the discretization Gτ = exp(Aτ δ), δ = 0.1, of a continuous-time drift
Aτ = VτBlock Diagonal(B1, . . . , Bds/2)V

⊤
τ , where Vτ is a random orthogonal matrix and each

2 × 2 block Bi = ( σi ωi
−ωi σi

) has eigenvalues σi ± iωi with ωi ∼ U [0.5, 5]. Since Aτ is a normal
matrix, its spectrum is exactly the set of block eigenvalues, so stability is controlled directly by
the decay rates σi. The actuation matrix Hτ is a random point on St(ds, da), so the eight action
components push along eight orthonormal state directions, each of which moves several blobs at
once. Therefore, we refer to this as the blobs being attached by “strings”. The process noise is
Στ = 0.1U diag(λ)U⊤ with U random orthogonal and eigenvalues λi log-uniform on [1/4, 4]; the
observation noise is ϵ = 0. The state is confined to the ball ∥s − s⋆τ∥ ≤ 10 about the task goal
s⋆τ defined below, by rescaling any state that leaves it, so the cost of an uncontrolled unstable mode
remains bounded.

B.2 REWARDS AND GOALS

Each task has a goal state s⋆τ and a feed-forward action vτ , and the reward is the negative quadratic
cost in the error coordinates,

rτ (s, a) = −
(︂
(s− s⋆τ )

⊤Qτ (s− s⋆τ ) + (a− vτ )
⊤Rτ (a− vτ )

)︂
,

with Qτ = U diag(q)U⊤ and Rτ = 0.1 ρτU
′ diag(ϱ)U ′⊤ for random orthogonal U,U ′, eigenvalues

qi, ϱi log-uniform on [1/4, 4], and a task-type dependent effort-price multiplier ρτ . The goal is
always reachable: given vτ we set s⋆τ = (I − Gτ )

−1Hτvτ , the state that the constant action vτ
holds in equilibrium, so that (I − Gτ )s

⋆
τ = Hτvτ exactly. In error coordinates the problem is

the original LQR problem, so the optimal policy is a = vτ − Kτ (s − s⋆τ ) with Kτ the gain of
the discounted discrete-time algebraic Riccati equation for (Gτ , Hτ , Qτ , Rτ ), which we use as the
reference in all normalized returns (Bertsekas, 2017). Every episode starts from s0 ∼ N (s⋆τ , Ids),
drawn independently for each of the 512 parallel environments.

Despite being a fairly complex definition of an environment it has two benefits: 1 it is solvable
analytically and we can obtain the optimum returns analytically as well, 2) the dynamics are stable
meaning that the state does not appraoch very large values in finite time. This is so because it is a
long studied model in control theory (Anderson & Moore, 2007).

B.3 HOW TASKS VARY ALONG A CHAIN

A chain alternates two task types,M1,M2, . . . = F,H,F,H, . . ., chosen so that the optimal input-
output gain of the policy is driven down and back up at every hop. This also mimics a bimodal
distribution of task parameters (Dohare et al., 2024). H-tasks (“must control”) have one unstable
block, σi = +0.3 for a randomly chosen i (doubling time of about 23 steps) and σj ∼ −U [0.05, 1.5]
for the others, effort price ρτ = 0.1, and vτ = 0, so s⋆τ = 0. Feedback is essential: the optimal cost
is about 2% of that of a constant policy, ∥Kτ∥ ≈ 3.1, and the closed-loop spectral radius is 0.82–
0.92. F-tasks (“fluid”) have a heavily damped plant, σj ∼ −U [20, 30] for every block (spectral
radius 0.12), nominal effort price ρτ = 1, and a feed-forward action vτ = |v|uτ with uτ a random
unit vector. Because the state decays by itself, feedback buys almost nothing (∥Kτ∥ ≈ 0.2) while
holding the goal against the damping requires a constant output of magnitude |v|: a task of low input
sensitivity and large output magnitude, the regime of a legged robot pushing through drag. The H-
task that follows is the opposite regime, and a policy that arrives still emitting the F-task’s constant
drives the unstable plant into the boundary of the state ball, where the return no longer depends on
the action. Within a chain the H-plant and the F-plant are each drawn once and reused, so the only
quantity that changes from one F-task to the next is the push vτ ; this isolates the magnitude |v| as
the single knob that sets the difficulty of the hop.

We vary |v| in two ways. In the fixed chains every F-task uses the same magnitude, |v| ∈
{2.75, 3, 3.25, 3.5, 3.75, 4}. In the random chains the magnitude of each F-task is drawn indepen-
dently as |v| ∼ U [0.5 v̄, 1.5 v̄] around a nominal v̄ ∈ {1.25, 1.5, . . . , 4} with spacing 0.25, refined
to spacing 0.125 over [2.125, 3.375] where AdamW transitions from recovering to trapped. This
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gives 6+ 18 = 24 chains per optimizer, and 3 seeds per chain; Figure 5 shows one point per chain
averaged over 3 seeds.

B.4 OBSERVATIONS

The observation map fτ
o renders the state as a flat vector of 213 pixels. The 16 state coordinates are

paired into 8 tiles of 8 × 8 pixels; tile j contains a Gaussian blob of width 0.3 (in tile coordinates
[−1, 1]2) centred at

(︁
0.7 tanh((s − s⋆τ )2j/2), 0.7 tanh((s − s⋆τ )2j+1/2)

)︁
, so the goal is the centre

of every tile and the tanh keeps the blob inside the tile at the boundary of the state ball. The
512 foreground pixels are repeated under a fixed 4-block Hadamard sign code, giving 2048 signal
pixels, and the remaining 6144 pixels (75% of the input) are background at value 0.5 + 0.2 zt
with one zt ∼ U [−

√
3,
√
3] per frame shared by all background pixels. The network receives the

flattened vector with no spatial structure. Rendering the blobs relative to the goal matters: in absolute
coordinates the tanh saturates at typical goals (∥s⋆τ∥ ≈ 3–10) and the state becomes unobservable
exactly where it must be regulated.

B.5 TRAINING PROTOCOL

Both agents are two-hidden-layer MLPs of width 128 with LayerNorm and swish after each hidden
layer, separate actor and critic, and a linear output head; the actor’s log standard deviation is a
bounded global parameter. PPO uses 600 iterations per task with 512 environments, 4 epochs of 16
minibatches, clip 0.2, GAE λ = 0.95, value coefficient 0.5, entropy coefficient 0.01, and per-group
gradient clipping. All mitigations are on for both optimizers: reward normalization by the running
standard deviation of the discounted return, a regenerative ℓ2 penalty pulling the LayerNorm affine
parameters to their initialization, ℓ2 of 10−2 on both output heads, decoupled weight decay, and
a floor of −2 on the log standard deviation. Under Skewon the hidden weight matrices of both
networks are constrained to the Stiefel manifold while biases, LayerNorm parameters, output heads
and the log standard deviation are trained with AdamW.

Hyper-parameters are chosen per chain. For each nominal |v| we run a 10-task sweep (5 hops, 3
seeds) and select the configuration with the fewest hops on which the training score fails to reach
0.8, breaking ties by mean H-task score and then by iterations to reach 0.8. The AdamW grid
is learning rate {3 · 10−5, 10−4, 3 · 10−4}× weight decay {10−4, 10−2} × β1 ∈ {0.9, 0.5} (12
configurations; extended to 54 with weight decay 10−3, β1 = 0.75 and LayerNorm penalty 10−3

for the fixed chains), and the Skewon grid is manifold learning rate {10−3, 3 · 10−3}× momentum
{0.5, 0.9} (4 configurations). For the random chains the sweep is run on seeds 3–5 and the chain
on seeds 0–2, so the winner is selected on different draws of |v| than it is evaluated on. AdamW’s
winner was learning rate 10−4 with β1 = 0.5 in 18 of the 24 cells; Skewon’s was learning rate 10−3

with momentum 0.9 in every cell.

The normalized return (R − R0)/(R⋆ − R0), where R⋆ is the return of the Riccati policy and
R0 that of the feed-forward action with no feedback, evaluated on 256 deterministic episodes at
the end of the task; under ths sclaing 1 is optimal and 0 is the constant policy. The input-output
Jacobian norm is ∥∂π(o)/∂o∥F of the actor mean, averaged over 32 observations from the policy’s
own rollout for 3 seeds of the chain.

C EXPERIMENTAL DETAILS OF MUJOCO-CONTINUAL EXPERIMENTS

All four variants share one architecture, one PPO configuration and one task schedule; the three
methods differ only in which matrices are constrained and in how those matrices are updated. Ob-
servations are 84× 84 RGB renders of the MuJoCo scene, simulated with the spring backend, with
an action repeat of 4 and the last 4 frames stacked channel-wise, so the policy input is 84× 84× 12.
The encoder is a convolutional trunk followed by a CRATE feed-forward block of width 512 (Yu
et al., 2023; Tiwari & Konidaris, 2022), a linear projection and a tanh output scaled by 0.5; actor
and critic are separate two-hidden-layer heads of the same CRATE form. There is LayerNorm af-
ter every feedforward layer. Pixels are normalised inside the network, and the actor’s log standard
deviation is a state-dependent parameter initialised at −2 and clamped to [−5,−1.4].
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Each task runs for 5 million frames and a chain segment for 25 million, so the Ant-Fluid chains are 10
tasks over 50 million frames, Ant-Friction 15 tasks over 75 million, and the two humanoid variants
20 tasks over 100 million. PPO collects 10 steps from each of 128 environments per iteration, giving
a batch of 1280 transitions split into 32 minibatches of 40 for each of 4 epochs, with clip 0.1, GAE
λ = 0.95, discount 0.99, value coefficient 0.5, entropy coefficient 0, and gradient clipping at 0.05.
Learning rates are constant; no annealing is used anywhere. Every chain warm-starts each segment
from the final checkpoint of the previous one, and each chain is warm-started from a base trained
with its own optimizer.

The three methods are distinguished by their treatment of six matrices: the encoder’s CRATE block
and its linear projection, both 512×512, and the hidden matrices of the actor and critic heads. Under
Skewon these six are constrained to the Stiefel manifold and updated by the closed-form retraction
of Section 2.2, while biases, LayerNorm parameters and the output heads are trained with AdamW.
Under Parseval the same six matrices are left unconstrained but carry the orthogonality penalty of
Chung et al. (2024), with the output heads excluded as in that work; the penalty is width-normalised
against a reference width of 64. Under AdamW all matrices including those six are trained with de-
coupled weight decay and no constraint. In all three cases the encoder and the remaining parameters
are trained with AdamW at the base learning rate, so the comparison isolates the treatment of the six
matrices rather than the optimizer as a whole.

Hyper-parameters were selected on the two Ant variants and transferred unchanged to the humanoid
variants, with the single exception of the base learning rate, which is lowered from 5 · 10−5 to
3 · 10−5 for the humanoid because the higher value is unstable there. For the two ant variants we
ablate the frame stack: {2, 3, 4}, action repeats: {4, 5, 8}, Gradient clipping: {0.01, 0.02, 0.05}.
For the AdamW variant we tried different weight decays: {10−5, 10−3, 5 × 10−4, 10−4}. Table 3
lists the values that matter for the comparison; every entry is identical across all ten sequences of a
variant.

Skewon Parseval AdamW

Shared
Frame stack 4
Action repeat 4
Parallel environments 128
Rollout length 10
Batch size 1280
Minibatch size (32 minibatches) 40
Update epochs 4
Gradient clipping 0.05
Base learning rate (ant) 5 · 10−5

Base learning rate (humanoid) 3 · 10−5

Method-specific
Constrained-matrix learning rate 10−3 — —
Encoder manifold learning rate 5 · 10−4 5 · 10−4 —
Momentum 0 β1 = 0.9 β1 = 0.9
Weight decay 10−4 † 10−4 10−4

Parseval penalty coefficient — 10−3 —
Penalty target scale — 2.0 —
Penalty reference width — True (64 base) —

Table 3: Hyper-parameters for the MuJoCo-continual experiments. Entries above the rule are shared
by all three methods and all four variants; entries below it apply only to the method that uses them.
† it applies only to the unconstrained parameters, since the constrained matrices are on the Stiefel
manifold by the retraction and are not decayed.
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Variant Method SPS Wall-clock (h) Slowdown

Ant-Friction
AdamW 1699 4.10 1.00×
Parseval 1664 4.19 1.02×
Skewon 842 8.26 2.02×

Humanoid-Joint-Damping
AdamW 1618 4.31 1.00×
Parseval 1397 5.25 1.16×
Skewon 1185 5.88 1.37×

Table 4: Training throughput, measured on a single H100 over one 25 million frame chain segment
and averaged over all runs of each variant. SPS is environment steps per second; slowdown is
relative to AdamW on the same variant. The constrained update costs one matrix sign evaluation per
constrained matrix per iteration, which is more expensive on the ant, where rendering and physics
are cheaper and the optimizer is a larger share of the step.

(a) Ant-Friction, 15 tasks (b) Ant-Fluid, 10 tasks

Skewon Parseval AdamW

Figure 7: Frobenius norm of the input–output Jacobian ∥J∥F = ∥∂F/∂x∥F of the policy, measured
at the start of every task from on-policy rollouts under that task’s own dynamics coefficients (256
samples per checkpoint, five sequences per method, mean ± one standard error). Dashed vertical
lines mark the 25M-frame training segments. Skewon is the only method whose Jacobian norm does
not contract over the chain, retaining 0.91× its initial value on Ant-Friction and growing to 1.11×
on Ant-Fluid, against 0.70× / 0.99× for Parseval and 0.62× / 0.84× for AdamW. The ordering here
matches the ordering of retained return in Figure 6 on an independently measured quantity.
D EXPERIMENTAL DETAILS OF MANISKILL EXPERIMENTS

Both manipulation chains are simulated in ManiSkill 3 (Tao et al., 2024) on the SAPIEN engine
(Xiang et al., 2020) and trained with the same PPO implementation and the same network form
as the locomotion experiments, so the only differences from Section C are the observation space,
the control mode and the task schedule. The policy sees rendered camera images together with a
purely proprioceptive state vector; no privileged information about object or goal position enters
the state, so every quantity the policy conditions on is available on a real arm. For the SO-100
the observation is two camera views, one fixed and one wrist-mounted, in rgb+segmentation
mode alongside the six joint encoders, and control is joint-target delta position. For the Panda the
observation is a single base camera in rgb mode alongside an eighteen-dimensional proprioceptive
state, and control is joint delta position. The encoder is the same convolutional trunk with a CRATE
block, a linear projection and a tanh output scaled by 0.5; the image and state branches are fused
by concatenation, and actor and critic are separate CRATE heads.

Each rung of a chain is trained for 10 million frames and warm-started from the final policy of the
previous rung, so the observation and action interfaces are identical along a chain and a checkpoint
loads without modification. The SO-100 chain is five tasks, grasp, place, stack, cup-align and sort,
and the Panda chain is four, grasp, place, stack and pyramid. We report four seeds per method on
the SO-100 chain and three on the Panda chain, and success is the fraction of evaluation episodes in
which the task is completed at any point in the episode. The from-scratch controls in Table 1 use an
identical configuration but train each task from random initialisation with no warm start.
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(a) Grasp (b) Place (c) Stack (d) Cup-Align (e) Sort

Figure 8: The five tasks of the SO-100 manipulation chain, shown at the start of an episode. Each
task is warm-started from the policy of the task before it, and every task after the first begins with
the object already held, so the observation and action interfaces are identical along the chain. In Sort
the object is a cube or a ball with equal probability and its identity is withheld from the state vector,
so the arm must infer which bin to use from the camera alone.

As in the locomotion experiments the methods differ only in the treatment of the encoder’s CRATE
block and projection and the hidden matrices of the two heads. Under Skewon these are con-
strained to the Stiefel manifold and updated by the closed-form retraction; under AdamW they
are unconstrained and trained with decoupled weight decay. The remaining parameters are trained
with AdamW at the base learning rate in both cases. One task-level exception is made to the shared
configuration: the entropy coefficient is lowered from 0.01 to 0.003 on the Panda pyramid task for
both methods, because at 0.01 the policy entropy diverges on that task and neither method learns it.
Table 5 lists the values that matter for the comparison.

D.1 TASK DESCRIPTIONS

The five tasks with the SO 100 arm are described in detail below:

1. Grasp: the arm must reach a cube resting on the table and close its gripper on it, succeeding
when a stable grasp is established. This is the only task in the chain that begins with an
empty gripper.

2. Place: the episode begins with the cube already grasped, and a goal marker is sampled at
a random position on the table. The arm must carry the cube to the marker and release it
there, succeeding when the cube comes to rest within a small distance of the goal.

3. Stack: a second cube is placed on the table at the sampled target and the arm must stack
the carried cube on top of it. Success requires both precision, since the supporting surface
is small, and stability, since the tower must not topple after release. The base cube is visible
only in the camera images and is not included in the proprioceptive state.

4. Cup-align: the flat goal marker of the place task is replaced by a walled bin, and the arm
must deposit the grasped cube inside it. Success requires the cube to lie within the opening
and below the rim once released, so the arm must clear the walls rather than approach the
goal along the table surface.

5. Sort: each episode presents either a cube or a ball, held at the start, and two fixed bins of
different colours are placed on the table, one assigned to each shape. The identity of the
held object is withheld from the state vector, so the policy must infer which object it is
holding from the camera images alone and carry it to the matching bin.

The four tasks with the Franka Panda arm are described in detail below:

1. Grasp: the arm must reach the cube resting on the table and close its gripper on it, suc-
ceeding once the cube is grasped and lifted clear of the surface. As with the SO-100, this
is the only task that begins with an empty gripper, and it is given a shorter horizon than the
tasks that follow.

2. Place: the episode begins with the cube already held at the gripper, and a goal position is
sampled in the air above the table. The arm must transport the cube to the goal and hold it
there, so the task rewards carrying and maintaining the grasp rather than releasing.
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(a) Grasp (b) Place (c) Stack (d) Pyramid

Figure 9: The four tasks of the Franka Panda manipulation chain, shown at the start of an episode.
As in the SO-100 chain each task is warm-started from the policy of the task before it, and every
task after the first begins with the object already held. In Stack the base cube is enlarged relative to
the carried cube to give a more forgiving landing surface; in Pyramid two cubes are pre-placed side
by side and the held cube must be set down on the seam between them.

3. Stack: a second cube is placed on the table within reach and the arm, starting from the
grasped pose, must stack the carried cube on top of it. Success requires the arm to lower
the cube onto the base, release it, and leave it at rest, so unlike the place task the grasp must
eventually be given up at the right moment.

4. Pyramid: two cubes are pre-placed side by side on the table to form a base pair, and the
episode begins with a third cube held at the gripper. The arm must stack the held cube
on the apex formed between the two, which requires finer positioning than the single-cube
stack because the supporting surface is the seam between two objects.

SO-100 Panda

Skewon AdamW Skewon AdamW

Parallel environments 128 256
Rollout length 50 64
Batch size 6400 16384
Minibatch size (32 minibatches) 200 512
Update epochs 4
Frames per task 10 · 106
Base learning rate 3 · 10−4

Discount γ 0.95 0.8
GAE λ 0.9
Clip 0.2
Entropy coefficient 0.01 0.01 †

Gradient clipping 0.5

Constrained-matrix learning rate 10−3 — 10−3 —
Encoder manifold learning rate 5 · 10−4 — 5 · 10−4 —
Weight decay — — 0 10−4

Table 5: Hyper-parameters for the ManiSkill manipulation chains. Learning rates are constant, with
no annealing. †The entropy coefficient is 0.003 rather than 0.01 on the Panda pyramid task, for both
methods, this change was the only effective change in making it approach a satisfactory success rate.

E GRAM SKEWON DERIVATION

Here we derive the algorithm presented above step by step.
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Algorithm 1 Gram-Skewon (one weight matrix; NSk = k Newton–Schulz / Polar-Express steps)

Require: initial weight W0 ∈ Rm×n of full column rank; iterations T ; step size η > 0; momentum
β; conditioning cap κmax; sign iterations k

Ensure: iterates Wt with W⊤
t Wt = G0 for every t

1: U diag(s)Q⊤ ← svd(W0) ▷ once; O(mn2)
2: s← max

(︁
s, smax/κmax

)︁
▷ spectrum floor, Eq. equation 10

3: V0 ← UQ⊤, P ← Q diag(s)Q⊤, G0 ← P 2, M−1 ← 0
4: for t = 0, 1, . . . , T − 1 do
5: Gt ← ∇WL(VtP ) ▷ Euclidean gradient, tall form
6: Mt ← βMt−1 + Gt, ˜︁Gt ← Gt + βMt ▷ ambient Nesterov momentum
7: Nt ← skew

(︁ ˜︁GtPV ⊤
t

)︁
▷ = skew(˜︁GtW⊤

t ); O(m2n)

8: Yt ← − skew
(︁
NSk(Nt)

)︁
▷ ≈ −msign(Nt), the LMO solution; O(km3)

9: Bt ← YtVt ▷ update direction, ∥Bt∥rot ≤ 1; O(m2n)
10: Vt+1 ← qr

(︁
Vt + η Bt

)︁
▷ retraction onto St(m,n); O(mn2)

11: Wt+1 ← Vt+1P ▷ W⊤
t+1Wt+1 = PV ⊤

t+1Vt+1P = G0

12: end for

The tangent space is unchanged. Differentiating the constraint in equation 2 gives A⊤W +
W⊤A = 0 — the same equation as for Stiefel, with no dependence on G0. This yields the fact
the method rests on.
Lemma 1. For any W of full column rank, TWMG0

= {YW : Y ∈ Skew(m) }.

Proof. Throughout, let Ψ : Skew(m) → Rm×n, Ψ(Y ) = YW , which is linear, and let
h : Rm×n → Sym(n), h(W ) = W⊤W − G0, so that MG0

= h−1(0). Note first that every
W ∈ MG0

automatically has full column rank: W⊤W = G0 ≻ 0 is invertible, so Wz = 0
forces G0z = 0 and hence z = 0. We prove the two sets are equal by showing (i) the inclusion
Ψ(Skew(m)) ⊆ TWMG0

, and (ii) that both are linear subspaces of Rm×n of the same finite dimen-
sion. Since a subspace of a finite-dimensional space that is not the whole space has strictly smaller
dimension, (i) and (ii) together give equality; neither alone would suffice.

Step 1: MG0
is an embedded submanifold and TWMG0

= kerDh(W ). The differential of h at
W is Dh(W )[A] = A⊤W +W⊤A, which indeed lands in Sym(n) because (A⊤W +W⊤A)⊤ =
W⊤A + A⊤W . It is surjective onto Sym(n): given any S ∈ Sym(n), put A = 1

2WG−1
0 S, which

is well defined since G0 is invertible. Using S⊤ = S and G−⊤
0 = G−1

0 ,

A⊤W = 1
2S

⊤G−⊤
0 W⊤W = 1

2SG
−1
0 G0 = 1

2S, W⊤A = 1
2W

⊤WG−1
0 S = 1

2G0G
−1
0 S = 1

2S,

so Dh(W )[A] = S. Hence 0 is a regular value of h,MG0
is an embedded submanifold, its tangent

space at W is the kernel of the differential, and

dimTWMG0
= dimRm×n − dimSym(n) = mn− n(n+ 1)

2
. (4)

Step 2: the inclusion. Let Y ∈ Skew(m). Then

Dh(W )[YW ] = (YW )⊤W +W⊤(YW ) = W⊤Y ⊤W +W⊤YW = W⊤(Y ⊤+Y )W = 0,

since Y ⊤ = −Y . So Ψ(Y ) ∈ kerDh(W ) = TWMG0
.

Step 3: the kernel of Ψ. Write R = range(W ), which has dimR = n by full column rank, and
let E ∈ St(m,n) and E⊥ ∈ St(m,m − n) be orthonormal bases of R and R⊥, so [E | E⊥ ] is
orthogonal. Suppose YW = 0 with Y skew. The columns of W span R, so Y v = 0 for all v ∈ R;
and then for arbitrary u ∈ Rm and v ∈ R,

⟨Y u, v⟩ = −⟨u, Y v⟩ = 0,

so range(Y ) ⊆ R⊥ as well. In the block form induced by [E | E⊥ ], these two statements say
exactly that the first block column of Y vanishes, E⊤Y E = 0 and E⊤

⊥Y E = 0; skewness then
forces the first block row to vanish too, E⊤Y E⊥ = −(E⊤

⊥Y E)⊤ = 0. Hence

Y = [E | E⊥ ]

(︃
0 0
0 Z

)︃
[E | E⊥ ]⊤, Z ∈ Skew(m− n),
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and conversely every such Y is skew and satisfies YW = 0. Therefore kerΨ ∼= Skew(m− n) and
dimkerΨ = (m−n)(m−n−1)

2 .

Step 4: dimensions agree. By rank–nullity applied to Ψ,

dimΨ(Skew(m)) =
m(m− 1)

2
− (m− n)(m− n− 1)

2

=

(︁
m2 −m

)︁
−

(︁
m2 − 2mn+ n2 −m+ n

)︁
2

=
2mn− n2 − n

2
= mn− n(n+ 1)

2
,

which equals dimTWMG0
by equation 4. With Step 2 this proves the lemma.

Lemma 1 states the parametrisation of the tangent space by a skew matrix, the object Skewon’s
closed form is built on, survives verbatim at a non-orthonormal W . What does not survive is the
metric: the map Y ↦→ YW is an isometry for the spectral norm only when W⊤W = I . This is
the one place where the pretrained case genuinely differs, and we address it in the choice of metric
below rather than by abandoning the closed form.

The rotation metric. An update rule also needs to define a norm to say how large a step is. We
use the norm inherited from the group that acts on the manifold. Observe thatMG0

is exactly an
orbit of the orthogonal group acting on the left: if W and W0 share a Gram then, by equation 8
below, they share the factor P and differ only in their orthonormal factor, so

MG0
=

{︁
QW0 : Q ∈ O(m)

}︁
. (5)

Preserving the Gramian is rotating the columns rigidly in Rm, and by Lemma 1 the skew matrices
Y are precisely the generators of that action: for any Y ∈ Skew(m) the curve t ↦→ exp(tY )W

satisfies
(︁
exp(tY )W

)︁⊤
exp(tY )W = W⊤W = G0 for every t, so it never leaves MG0 . We

therefore measure a tangent vector by the size of its generator rather than by its own size, defining
the rotation norm

∥A∥rot = min
{︁
∥Y ∥2 : A = YW, Y ∈ Skew(m)

}︁
, A ∈ TWMG0

. (6)
The name is literal: the eigenvalues of a skew Y are±iθk with θk ≤ ∥Y ∥2, so a unit-norm generator
rotates each invariant 2-plane by at most one radian, and ∥A∥rot ≤ η means the step travels at most
η radians in O(m). When W⊤W = I the map Y ↦→ YW is an isometry and ∥ · ∥rot coincides with
the spectral norm ∥A∥2; this equality is what Skewon’s closed form relies on, and it is exactly what
fails at a pretrained W , where the two norms differ by up to κ(W ).

The update direction. Let G = ∂L/∂W be the Euclidean gradient. We take the update to be the
following minimisation problem over the tangent space measured in the rotation norm equation 6,
that is, over {A ∈ TWMG0

: ∥A∥rot ≤ 1}:
Y ⋆ = argmin

Y ∈Skew(m), ∥Y ∥2≤1

⟨G, Y W ⟩ = − msign
(︁
skew(GW⊤)

)︁
, ∆W = η Y ⋆W. (7)

The closed form follows because ⟨G, Y W ⟩ = ⟨GW⊤, Y ⟩ = ⟨skew(GW⊤), Y ⟩ for skew Y , and
msign of a skew matrix is skew, so the minimiser is feasible. Equation equation 7 is Skewon’s
step evaluated at a pretrained W ; we verified it against a convex solver at κ(W ) = 1, 3, 10, 50 and
recover the same optimum in every case.

Two properties make ∥ · ∥rot the right budget here. First, it bounds the relative functional change
uniformly over inputs. For any x, with y = Wx,

∆Wx = η Y ⋆(Wx) = η Y ⋆y =⇒ max
x̸=0

∥∆Wx∥
∥Wx∥

= η,

since ∥Y ⋆∥2 = 1: every input direction moves by at most η as a fraction of its own output norm. A
spectral trust region ∥∆W∥2 ≤ η bounds only the absolute change, so the same budget is a far larger
relative perturbation along directions with small σ — precisely the fragile, near-singular directions
of a pretrained checkpoint. Second, the budget is scale-free: one global η means the same relative
change in every layer irrespective of ∥W∥, which across smolvla base varies by more than an
order of magnitude (σmax from 0.05 to 3.7). A Euclidean trust region cannot do either without
per-layer tuning.
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Retraction without inverses, via a one-time polar split. Applying equation 3 to W directly
would require retracting ontoMG0

, which in general needs G1/2
0 or a Cayley transform. We avoid

this by factoring the constraint once. Write the polar decomposition

W0 = V0P, V0 = msign(W0) ∈ St(m,n), P = V ⊤
0 W0 = (W⊤

0 W0)
1/2, (8)

so that MG0 = {V P : V ∈ St(m,n)} with G0 = P 2. Since YW = (Y V )P , the Gram-
Skewon step on W is the ordinary Skewon step on the orthonormal factor V , carrying the pulled-
back gradient

GV = GP, because ⟨G, ∆V P ⟩ = ⟨GP, ∆V ⟩, (9)
and the direction is unchanged, since skew(GV V ⊤) = skew(GPV ⊤) = skew(GW⊤) by symmetry
of P . All learning happens in V ; the factor P is computed once and never updated, never inverted.
The constraint then holds by construction rather than by correction,

W⊤W = PV ⊤V P = P 2 = G0 exactly.

Retracting V rather than W is also numerically cheaper: V + ηY V is near-orthonormal, so the
Newton–Schulz retraction converges in two iterations at any conditioning, whereas retracting W +
ηYW needs 7 to 17 iterations as κ grows from 3 to 200.

Conditioning: the manifold freezes the spectrum, so it must be chosen once. Because P is
fixed, the singular values of W are fixed for the entire run — including any near-null directions
the pretrained checkpoint happens to contain. Freezing those would both preserve a degenerate
subspace forever and make every msign slow and inaccurate in low precision. We therefore apply a
one-time spectrum floor when forming P : from the SVD W0 = U diag(s)Q⊤, set

st = max
(︁
s, smax/κmax

)︁
, V0 = UQ⊤, P = Q diag(st)Q

⊤, W ← V0P. (10)

The resulting edit is small, since V0 is an isometry and hence ∥Wnew −W0∥F /∥W0∥F = ∥st −
s∥/∥s∥, which is supported only on directions carrying almost no energy. For smolvla base,
96 of the 117 trainable matrices already satisfy κ ≤ 33; the exceptions are the cross-attention
key/value projections (κ from 287 to 1.3 × 104) and action time mlp out (κ ≈ 1.9 × 104),
all of which are layers created fresh for the action expert rather than inherited from the pretrained
VLM. At κmax = 30 the floor changes those matrices by 1–2% in Frobenius norm and leaves the
rest untouched. After initialisation, κ ≤ κmax holds for the whole task chain by construction —
with no regulariser, no weight decay, and no tuning.

The algorithm. Putting these all together, one step on one matrix is one msign per matrix per
step, three matrix products, and no inverse, no Cayley transform, and no eigendecomposition after
initialisation. The momentum buffer M is ambient: it accumulates the Euclidean gradient in W -
space, before the pull-back and before the sign, and is not parallel-transported between tangent
spaces (we use β = 0.95 with the Nesterov form, as in Muon). Since the direction is recomputed
by msign at every step, the buffer only smooths which tangent direction is selected; it never moves
the iterate off MG0

, because the update is applied to V alone. When m ≥ 2n the m × m sign
can be replaced by a QR of [V | GV ] followed by a 2n × 2n sign, reducing the cost from O(m3)
to O(mn2). Memory is one fp32 copy of V plus the n × n factor P , roughly 1× the parameter
count against AdamW’s 2×. Numerically we observe the Gram held to a relative error of 10−6 and
orthonormality of V to 10−8 over a full run.

F EXPERIMENTAL DETAILS OF REAL WORLD EXPERIMENTS

F.1 REAL WORLD TASK DECRIPTIONS

The task description input to the VLA

1. Pick (“Pick up the cube”; 200 demonstrations, 15.6 s mean). A single cube rests on the
table at a position and colour that vary between episodes. The arm starts at a fixed rest pose
with the gripper closed and must approach the cube, open the jaws, close on it, and lift it
clear of the surface. This is the only task that requires prehension; the remaining four begin
with the cube already grasped.
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2. Place (“Place the cube on the black spot”; 104 demonstrations, 10.1 s mean). The episode
begins with the cube held in the gripper. The arm must transport it to a black disc marked
on the table and release it on the target.

3. Stack (“Stack the cube on top of the blue cube”; 200 demonstrations, 12.6 s mean). Start-
ing with a cube in the gripper, the arm must align it above a second, blue cube resting on
the table and release it so that it remains balanced on top. Success requires finer vertical
and lateral precision than Place, since the supporting face is the width of a single cube.

4. Cup (“Place the cube in the blue cup”; 100 demonstrations, 10.6 s mean). Starting with a
cube in the gripper, the arm must carry it over a blue cup and release it inside. The target is
a container rather than a surface, so the release must clear the rim.

5. Sort (six instructions, 240 demonstrations, 9.9 s mean). Two cups, one red and one green,
are placed on the table together with a cube that is blue, yellow, or orange. The instruction
names both the cube and the destination cup, giving six combinations of the form “Put
the {blue, yellow, orange} cube in the {red, green} cup”, with 20 demonstrations each.
Unlike the preceding tasks, the scene alone does not determine the goal: the same visual
observation admits two correct behaviors, and only the language instruction disambiguates
them.

F.2 POLICY AND BACKBONE

All real-world runs fine-tune SmolVLA (Shukor et al., 2025) through the LeRobot framework (Ca-
dene et al., 2026). The backbone is the SmolVLM2-500M-Video-Instruct vision-language model, of
which the first 16 transformer layers are used. Attached to it is an action expert whose hidden width
is 0.75× the VLM width; the expert attends to the VLM through cross-attention, with a self-attention
layer interleaved every second layer.

Observations at each step are two 640× 480 RGB streams at 30Hz — one fixed exocentric camera
and one wrist camera — resized with padding to 512 × 512, the 6-DoF joint state of the SO-101
follower arm, and the task string, tokenized to at most 48 tokens. A single observation step is used
(nobs = 1); no observation history is stacked. State and action vectors are zero-padded from 6 to
the model’s 32 dimensions. Images are passed through unnormalized; state and action channels are
normalized to zero mean and unit variance.

The policy emits an action chunk of 50 future joint commands, trained with the flow-matching objec-
tive of Shukor et al. (2025): a noise tensor and a time t are sampled, the noise and the ground-truth
chunk are interpolated, and the network regresses the velocity field connecting them. At inference
the chunk is recovered by integrating that field over 10 steps, and all 50 predicted actions are exe-
cuted before the next chunk is requested.

F.3 WHICH PARAMETERS ARE UPDATED

We fine-tune in the expert-only regime, which is the configuration that isolates the optimizer com-
parison from confounds in the pretrained representation. Concretely:

• The vision encoder is frozen and held in evaluation mode.

• The entire VLM — vision and language networks — is frozen and held in evaluation mode,
so its BatchNorm/dropout statistics do not drift between stages.

• Only the action expert, together with the state and action projection layers, receives gradi-
ents.

This leaves 99.9M trainable parameters in 155 tensors, of which 117 are matrices, out of roughly
450M total. The distinction matters for Gram-Skewon, which acts on matrix-shaped parameters:
the 117 matrices are exactly the set carried on the Stiefel manifold, while the remaining 38 vector-
shaped tensors (biases, norms) are updated by AdamW in both arms. Because the VLM is frozen
throughout the chain, every stage inherits an identical vision-language representation and the only
quantity that accumulates across tasks is the action expert — so any loss of plasticity we measure is
a property of the expert, not of a drifting backbone.
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Normalization statistics are computed once, on the first stage of the chain, and then held fixed for
every subsequent stage. Recomputing them per stage would silently rescale the action space between
tasks and make retention numbers incomparable.

F.4 OPTIMIZATION HYPERPARAMETERS

Both arms share every setting except the optimizer itself:

Setting Value

Batch size 32
Schedule constant (no warmup, no decay)
Epochs per stage 10
Master weights fp32
Seed 1000
Trainable parameters 99.9M (action expert only)

AdamW
Learning rate 1× 10−4

Weight decay 1× 10−5

(β1, β2) (0.9, 0.95)
Gradient clip 10

Gram-Skewon
Rotation budget 1× 10−3

κmax 30
Newton–Schulz steps 12
Momentum 0.95

A constant learning rate is used deliberately. A decaying schedule would make each stage’s final
update smaller than its first, confounding position-in-chain with effective step size, and the quantity
under study is precisely how a stage’s position affects what it overwrites.

The Gram-Skewon learning rate is not comparable to AdamW’s: it is a rotation budget in radians
applied to the orthonormal factor V , not a displacement in parameter space. The two values were
selected independently, each as the largest that trained stably on the first stage. We note also that
matrices carried on the manifold cannot receive weight decay — the constraint already pins ∥W∥
— so the 1× 10−5 decay is a regularizer present in the AdamW arm alone.

F.5 CHAIN SCHEDULE

Across both methods, the only difference is the optimizer, and both are trained using behavior
cloning (Shukor et al., 2025; Cadene et al., 2026). Behavior cloning trains on teleoperated demon-
strations pairing camera images, joint states, and language instructions with demonstrated actions.
SmolVLA predicts chunks of 50 actions, and fine-tuning minimises the distance to demonstrated
chunks without rewards. Each stage is trained for 10 epochs over its own dataset and initialized
from the final checkpoint of the preceding stage; no data from earlier stages is replayed. Step counts
follow from the frame counts at batch size 32:

Task Episodes Frames Steps

Pick 200 77,554 24,250
Place 104 31,504 9,850
Stack 201 66,128 20,650
Cup 100 31,779 9,950
Sort 242 62,746 19,650

Total 847 269,711 84,350

At every evaluation we additionally record the action MAE of the current policy on a held-out sample
from each earlier stage’s dataset, which yields the forgetting curve directly from the training run.
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