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Observation 1: TD Variance Dominates
The second-moment identity

shows that TD training is governed by both the mean and the variance 
of the residual. In difficult offline RL settings, the variance term is the 
dominant driver of optimization.

Observation 2: TD Cross Covariance Is Harmful
The variance decomposition separates helpful and harmful effects:

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

ABSTRACT
A fundamental challenge in offline reinforcement learning is distributional 
shift. Scarce data or datasets dominated by out-of-distribution (OOD) areas 
exacerbate this issue. Our theoretical analysis and experiments show that 
the standard squared error objective induces a harmful TD cross
covariance. This effect amplifies in OOD areas, biasing optimization and 
degrading policy learning. To counteract this mechanism, we develop two 
complementary strategies: partitioned buffer sampling that restricts updates 
to localized replay partitions, attenuates irregular covariance effects, and 
aligns update directions, yielding a scheme that is easy to integrate with 
existing implementations, namely Clustered Cross-Covariance Control 
for TD (C4). We also introduce an explicit gradient-based corrective penalty 
that cancels the covariance induced bias within each update. We prove that 
buffer partitioning preserves the lower bound property of the maximization 
objective, and that these constraints mitigate excessive conservatism in 
extreme OOD areas without altering the core behavior of policy constrained 
offline reinforcement learning. Empirically, our method showcases higher 
stability and up to 30% improvement in returns over prior methods, 
especially with small datasets and splits that emphasize OOD areas.
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The gradient of 𝔼 𝛿!  aligns much more closely with ∇𝑉𝑎𝑟 𝛿 than with 
∇(𝔼[𝛿])!. This makes TD variance the right lens for analysis and control.

PRACTICAL ALGORITHM

Restricting our evaluation to a scarce-data regime of at most 10k state-
action pairs (approximately 1% of the full dataset), We primarily report 
the normalized scores for the D4RL MuJoCo locomotion tasks and 
summarize the main results across AntMaze, Maze2D, and Adroit.

Terms A and B behave like beneficial implicit regularizers. The TD-specific cross 
covariance C is the component that destabilizes updates in OOD regions.

Performance improves when A and B remain strong while C is suppressed. This 
pinpoints the exact quantity that C4 should control

The key identity is minimize the harmful Term C:

so a single-cluster minibatch removes the between-cluster driver and leaves 
only the local covariance C" . Thus, updating in offline RL is to minimize 

1. compute stacked gradient pairs from replay samples, update a 

Gaussian mixture over the stacked-gradient space

2. sample one cluster, then draw a single-cluster minibatch

3. apply the covariance-regularized TD update on that minibatch


