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Background: Reinforcement Learning

With ever-growing intelligent decision-making applications…

AdamO: A Collapse-Suppressed Optimizer for Offline RL 2

Conducting such online interaction may not be feasible in many settings 
due to the high costs or risks involved
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A major challenge in offline reinforcement learning is out-of-distribution shift, which 
is typically addressed through policy constraints or value underestimation.
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Observation on offline RL

Nevertheless, we observe that training collapse frequently occurs in offline RL, primarily 
manifesting as unstable or diverging loss, which ultimately leads to poor performance.
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Under a first-order linearization assumption, Adam-driven TD error dynamics reduce to a 

second-order linear difference equation. System convergence is then governed by the 

Hurwitz condition on matrix S, or equivalently, by ensuring that every mode’s growth 

factor r satisfies |r| < 1, with r defined as the per-step multiplicative scaling of the error.

Here, the matrix S is a function of the parameter gradient, the discount factor, and Adam’s 
diagonal preconditioning matrix.

TD error

A parameter of Adam

learning rate

Conditions for Adam-Induced Value Function Collapse
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TD loss to converge to zero if and only if the matrix S is Hurwitz.

Conditions for Adam-Induced Value Function Collapse
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Conditions for Adam-Induced Value Function Collapse

ü A Hurwitz matrix is characterized by eigenvalues with strictly negative real parts, 

corresponding physically to a contractive system with negative feedback that damps 

perturbations over time. In contrast, a non-Hurwitz matrix exhibits positive-feedback 

behavior, expanding errors exponentially along certain directions. 

ü When the state-transition matrix S is Hurwitz, all error growth factors satisfy |r| < 1, 

ensuring exponential decay of the TD error and convergence of the entire system. 

Otherwise, the presence of any |r| ≥ 1 implies divergence."
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Conditions for Adam-Induced Value Function Collapse

Hurwitz the real part of the largest 
eigenvalue of the matrix < 0 TD error converge to 0

the maximum real part of the matrix eigenvalues is zero, 
with the corresponding imaginary part being zero

TD error converge to a constant

TD error diverge

the real part of the largest 
eigenvalue of the matrix >0

TD error diverge

For supervised learning, the associated matrix is negative 
semidefinite, implying that the real parts of all eigenvalues 
are naturally less than or equal to zero.

the maximum real part of the matrix eigenvalues is zero, 
with the corresponding imaginary part being non-zero
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Conditions for Adam-Induced Value Function Collapse

What conditions guarantee that the matrix S is Hurwitz?

We validate the above theoretical analysis through experiments, accurately 
predicting the precise points of convergence and divergence.
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What conditions guarantee that the matrix S is Hurwitz?

Key observations and derivations:
•A sufficient condition for the matrix S to be Hurwitz is that Equation (11) holds.

•A sufficient condition for Equation (11) to hold is to enforce approximate parameter orthogonality, 

together with input normalization, EMA (exponential moving average), and spectral normalization — 

the latter three being standard tricks widely used in reinforcement learning.

orthogonality 
constraint
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Why impose parameter orthogonality at the optimizer level?

ü The orthogonality constraint is sufficient to be handled by the optimizer because it only depends 

on the current parameters and does not require extra data or loss computation.

ü It is also necessary to keep it separate from the loss, because TD learning and orthogonalization 

serve different purposes. If combined in the loss, Adam may mix their gradients and store the 

orthogonality effect in its moment estimates, which can interfere with later TD updates.
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Solution：AdamO

We introduce an orthogonal projection mechanism to avoid interfering 
with normal gradient updates.
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Theoretical guarantees
Does introducing the orthogonality term destabilize the Adam optimizer or 

interfere with normal task gradient updates?

14



27/

Theoretical guarantees
Does introducing the orthogonality term destabilize the Adam optimizer or 

interfere with normal task gradient updates?

15

ü AdamO adds the orthogonality correction separately from Adam’s normal gradient update, 

so it does not contaminate Adam’s momentum or variance estimates.

ü Theorems D.5 and D.8 show that this correction is controlled: it preserves task progress 

when conflict-free, and any possible interference is explicitly bounded.
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Experiment setup
• We evaluate our algorithms using data from a standard offline RL benchmark, D4RL, 

based on the MuJoCo simulator

• Baselines: Our evaluation covers a broad range of offline RL methods, including policy-
constraint and regularization approaches such as TD3+BC and ReBRAC, in-sample 
learning methods such as IQL and ACTIVE, and distribution-shift-robust algorithms such as 
PARS and SQOG. We also compare with general-purpose optimizers, including SGD, 
Adam, and AdamW, as well as stability-oriented methods such as periodic state resetting, 
TRAC, Kron, and cautious momentum variants like C-AdamW.

• Implementation: We implement the code using PyTorch 2.1.2 and run experiments on 
Ubuntu 20.04.4 LTS with 4 NVIDIA GeForce RTX 3090 GPUs
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Experimental results
AdamO outperforms the baselines on all tasks
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Experimental results

• AdamO effectively mitigates loss divergence.
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