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Minimizing the second moment of the temporal difference (TD) residual 
𝛿 under the dataset distribution, i.e. min	𝔼 𝛿! .

ABSTRACT
Offline RL critics fail spectacularly when bootstrapped temporal-difference 
(TD) updates amplify their own errors, driving Q-values to extreme, 
unusable magnitudes. Prior work blames the backup rule, the network 
architecture, or the squared-TD loss. We show a more basic cause: the 
optimizer dynamics themselves can trigger or suppress collapse. 
Treating offline TD learning as a feedback control system, we analyze 
Adam-based critic updates and derive a necessary and sufficient stability 
condition: the linearized critic is stable iff the spectral radius of an explicit 
augmented update operator stays strictly below one. A tractable sufficient 
form of this condition splits into a scale term (handled by standard 
normalization) and a geometry term governed by how far the weights 
deviate from isometry — motivating parameter orthogonality. Because a 
loss-based orthogonality penalty contaminates Adam's adaptive moments, 
orthogonality must instead be enforced as a decoupled, optimizer-level 
correction. We propose AdamO: Adam plus a budgeted orthogonality drift 
on selected weight blocks. AdamO provably never harms worst-case task 
descent and preserves Adam's dissipative continuous-time dynamics, yet 
is a drop-in replacement — just swap the critic's optimizer. Across D4RL it 
consistently improves stability and returns, with the largest gains where 
Adam collapses outright.
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PRACTICAL ALGORITHM

Scarce-data regime: D4RL with 10k state–action pairs. AdamO is 
dropped into six offline RL algorithms,  TD3+BC, IQL, ReBRAC, 
ACTIVE, PARS, SQOG, replacing only the critic optimizer. 

AdamO keeps Adam's moments driven only by the task gradient, and adds a per-layer 
orthogonality correction that is (a) scale-matched to the Adam step, (b) capped by a 
task-alignment budget, and (c) exactly Adam when κ=0.

Why Does Adam Trigger Value Collapse?

In supervised learning, S is 
negative semidefinite, the 
symmetric, marginally stable case of 
the Hurwitz condition, so no positive 
feedback, no collapse.

How to Suppress It Without Breaking Adam?

So the entire fix reduces to one question answered next: how do we 
keep S Hurwitz? That is
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