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Less Is More: Clustered Cross-Covariance Control for Offline RL
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ABSTRACT

Observation 2: TD Cross Covariance Is Harmful

A fundamental challenge in offline reinforcement learning is distributional

The variance decomposition separates helpful and harmful effects:
shift. Scarce data or datasets dominated by out-of-distribution (OOD) areas
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nd stack y; = [¢', 9]

exacerbate this issue. Our theoretical analysis and experiments show that Theorem 1. All expectations, variances, and covariances below are taken over k, k', w,w'. With FE—step: 11> o {mV(y. \/u-fl:)-:‘ol"?ﬂ“m > - @
T the first order approximation for Qg in feature space, the variance satisfies Mostep: pe 4= 5 30, miss pe < N DL TRy Diriz(yi — p=)(yi — ) " + €l extract Cs.
the standard squared error objective induces a harmful TD cross Critic minibatch: sample cluster z ~ Cat({p: }), draw minibatch B with weights r:..
. . P . T ar[d] ~ ~2(k')? Ve ' NV Qu (2! 2 Ve ; Penalty and update: te 0. (B) = Covi(g', g). minimize batch loss J (¢, B) in Eq. (T4).
covariance. This effect amplifies in OOD areas, biasing optimization and Var[] ~ *(K)* Var((W', Vo Qu ())) + K Var((w, Vo Qy(2))) Penaity and updae: compute Cx(B) = Cova(4',g). minimize batchi loss (¢, B) inEq ®
. . . . . implicit re izer in noisy supervised learning, der s er, Output trained critic ¢» and mixture {p., -, €. }.
degradin olicy learning. To counteract this mechamsm, we develop two implicit regularizer in noisy supervised learning, denote as Term(A) and Term (B)
9 g policy .g . . ) P — 29kE Cov((W', VarQur (2')), (W, VaQu(2))) - (6)
complementary strategies: partitioned buffer sampling that restricts updates
to localized replay partitions attenuates irregular covariance effects. and additional cross term unique to TD learning, denote as Term(C) 1. compute stacked gradient pairs from replay samples, update a
aligns update directions, yielding a scheme that is easy to integrate with Term§Aand B behave like beneficial |mpI|cl|F regulanzers.. The TD-spgclflc cross Gaussian mixture over the stacked-gradient space
isting impl ) v Cl Jdc c , c / covariance C is the component that destabilizes updates in OOD regions.
existing implementations, namely Clustered Cross-Covariance Contro. o o e oo 2. sample one cluster, then draw a single-cluster minibatch
for TD (C4). We also introduce an explicit gradient-based corrective penalty o8| oo 08 o7 o . . .
X . i o o6 06 7 3. apply the covariance-regularized TD update on that minibatch
that cancels the covariance induced bias within each update. We prove that 5. o os S W
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buffer partitioning preserves the lower bound property of the maximization 02, T 02 | 08 o
objective, and that these constraints mitigate excessive conservatism in - . - S N EXPERIMENTAL RESULTS
extreme OOD areas without altering the core behavior of policy constrained Terma Tem 8 o Teme Normalzed score
. . . o . 20 100
offline reinforcement learning. Empirically, our method showcases higher 0s F‘ o . .
. o/ : . . 10 > Restricting our evaluation to a scarce-data regime of at most 10k state-
stability and up to 30% improvement in returns over prior methods, — 07 LW . . . o . .
) ) ) . — ous o action pairs (approximately 1% of the full dataset), We primarily report
oo y : .
especially with small datasets and splits that emphasize OOD areas. o am e N 0%%s 2 60 o 2, the normalized scores for the D4RL MuJoCo locomotion tasks and
Performance improves when A and B remain strong while C is suppressed. This summarize the main results across AntMaze, Maze2D, and Adroit.
pinpoints the exact quantity that C4 should control
MOTIVATION Task TD3+BC cQL QL DOGE BPPO TSRL A2PR Ours.
Ant-me 52.0£18.2 7404250 66.0+10.5 82.0+164 855£13.7 83.6+124 66.7£10.2 100.9+5.0
Ant-m 46.0£174  62.0422.1 56.0+£9.3  69.0+152 78.0£11.9 72.2£10.6 64.0+£9.3 84.5+6.1
inimizi i i Ant-mr 31.0£15.5 36.0+£16.3 41.0£10.8 46.0+129 52.0£10.8 49.4+13.1 44.049.1 65.81+6.9
Mlnllelng the SeCOnC.’ rn_om,ent Of the _tempozral dlﬁerence (TD) reSldUaI PRACTICAL ALGORITHM Ant-e 7204250 94.0429.4 82.0+150 98.04203 103.0+11.2 100.7+12.6 88.0+10.6 109.6+2.7
& under the dataset distribution, i.e. min E[§?]. Antfr 7004240 9204265 B0.0£150 960£200 1020117 99.8+£120 860+£104 107.6+32
Hopper-m 30.7£13.2  50.14£22.3  61.0+£6.2  55.6+8.3 55.0£7.8 60.9+4.1 559484  69.2+12.7
_ ’ / Hopper-mr 11.3+4.7 132420 16.2£3.0 19.1£3.3 45.1+8.7 23.5+8.8 125459 459484
0= 7’(57 a) + ’YIEaIN-,r(.|S/)Q¢/(S ,a ) — Q¢(S, a) Before Clusterin Wio Clustering  AfterClustering Wi Clustering Hopper-me 226+139 432469 517470 3684345 2794152 56.6+139 49.7+10.7 81.3+6.0
15 15 N Hopper-e 53.6£17.1 56.14264  60.9+9.6 6224217 85.0£179  76.7+204 80.0£16.8 107.0+2.8
10 3 10 Q Hopper-fr 320£135 4504220 560463  540+84  60.0+9.7  534+113 550489 653194
5 4 Walker2d-m 11.2+19.2  54.1£155 342452 53.7£126 547x114  47.3£10.1 5.9+5.2 65.9+7.8

Observation 1: TD Variance Dominates ° Walker2d-mr 93+66 13853 177489 155492 205487  27.6+£124 344489 554459

o o Walker2d-me 124+15.7 26.0+14.0 38.0+122 425+£11.4  61.3 50.9+264 56.5+11.5 96.3+10.4
. . s -5 ‘Walker2d-e 2054235 56.04294 162+32 8124186 102.0+9.7 10494106  98.0+£7.9 109.5+0.3
The second-moment identity o _ml Walker2d-fr 142£19.5 5504160 360+56 555123 5202109  443+104 480196  77.3+7.1
9 9 L Halfcheetah-m 259484 417422 356429 42829 28532 433428  37.0£27  463+3.1
]E[& ] = (E[&D + Var[(SL Hnox -0 -5 0 Xmox Halfcheeh-mr 201483 163449 341463 203431 344442 277438  236+47 431453
Halfcheetah-me  23.55136 397464  143+73  33.0+88 223206  372+149 324483  46.0+35
L . Halfcheetah-c 264442 5813 -LI£38 1430 65534 4204264 360+78  758+52
shows that TD training is governed by both the mean and the variance The key identity is minimize the harmful Term C: Halfcheetah-fr 280486 450424 330430 4304301 370436 410430  39.0+4.1 581434
of the residual. In difficult offline RL settings, the variance term is the Locomotion-Avg. 315 460 414 507 56.1 572 506 757
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dominant driver of op timization. Theorem 2. With cluster label Z, the cross covariance decomposes as Q;::\:;Ee x;' 4?7 ;SZ ,20';4(, ,}?(‘sl ]126“2 1“1}07 ,Iﬁ;, 12276(:1
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C=E[Cs] + Covlitypz)- © Adroit-Avg. 14 73 152 8.4 231 157 0.1 216
- . o Pen-expert o Antmaze-ultra If each minibatch is drawn from a single cluster z, the between-cluster term in Eq. (9) vanishes in
2, v o8 Al o8 f' that batch and, for any unit w', w,
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o e - Epoch Epoch 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
The gradient of E[§2] aligns much more closely with VVar[§] than with Hopper Halfcheetah Walker2d

V(E[§])2. This makes TD variance the right lens for analysis and control. J(¢,B) = Lrp(o, B) + A

C(B)|[} + B(tr C(B)).



