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1. Motivating Example 3. REG Solution and Algorithm 5. D4ARL Results

i . : . . ' , _ : D4RL normalized scores; mean over 5 seeds. Top two: best, second best.
Question. Given a learned () function, how do we construct a policy 7, that is REG 50"{65 the robust objective through a tIWO stage learning | Gaussian Policy (Baselines) Diffusion Policy Gaussian Policy
plausible under offline data? route: first learn a robust state-value function, then extract a po||cy Dataset QL IVR  AlignlQL EQL ReBRAC |Diffusion-QLIDQL REG (ours)

. . . . . halfcheetah-medium A74 +02 483 +02 442 +03 483 65.6 £1.0 51.1+£05 510 536 £ 0.5
> 7. denotes a candidate policy from the induced weights. Define the Bellman residual induced by a hopper-medium 663457 755434 578+24 742 1020 £1.0 905+46 654 919467
A ¢ ) ] . . walker2d-medium 25 +£87 842+46 76.7+34 842 825436 | 8/.0£09 825 87.9 + 1.7
Q(s,a) whose evaluation error is at candidate value function: halfcheetah-medium-replay 44.2 + 12 448 + 0.7 373402 452 51.2 +3.2  47.8+03 459  50.0 «+ 0.2
most ¢ / hopper-medium-replay 052 +86 99.7+33 779+ 289100.7 98.1 £5.3 | 101.3 +£06 921 101.4 + 0.5
| | | A\/(57 a) — I’(S, a) + 4J5,Np(.’5’a)[\/(5 )] _ \/(5) walker2d-medium-replay 761+ 73 812+38 66301 822 773479 955415 851  67.3+43
» | he red interval is the action halfcheetah-medium-expert 86.7 £ 5.3 94.0 £ 0.4 81.9 + 15 942 101.1 £5.2 96803 959 9414 0.6
support of 7.: it should stay in Theory details: the full dual form, including the skew direction, is Theorem 4.2 in hopper-medium-expert 1015 4+ 7.3111.8 + 2.2 752 + 5.9 111.2 107.0 464 1111+ 1.3 1086 110.6 + 0.9
€1 walker2d-medium-expert  110.6 = 1.0 110.0 &= 0.8 104.4 +£9.5112.7 111.6 +£0.3 | 110.1 =03 1127 113.5 + 0.8
| regions where () can be trusted the paper. Locomotion-Average 77.8 83.3 601 837  88.4 879  819| 878+09
. . antmaze-umaze 77.0+55 922+14 09056 +22 938 97.8 £1.0 934 +34 940 041 £ 1.6
frOm data_' _ . EquvaIent Square—loss SOIUtlon antmaze-umaze-diverse 543+ 55 740+23 720+73 820 88.3 £13.0 66.2 86 80.2 76.4 + 6.1
: ; i » The goal is not just high (1) Value learning: miny ngB max(0, A(s, a))Ql + aEq4[ V], an:maze—mej?um—z!ay 6753.881151.57 jgiijg 8883.(2)ji:52.27 ;gg 7864.30;&143;25 ;ggiigi 883.; :Zgiig
a Value’ bUt Sma” reSidual ::t::i:gf :nlz o 42:0 4 4:5 53:2 4 4:8 55:2 4 9:5 46:5 60:4 :|:26:1 46.4 =+ 8.:3 63..5 63..6 + 8..6
e throughout the po|lcy Support. (“) Target occupancy. dﬁ*(s’ a) X dlu(s’ 3) . maX(O’ AV(S’ a)) antmaze—larie—Zinrse 303 236 523 +52 580+36 490 544 +251 566 +76 67.9 61.2 & 5.2
AntMaze-Average 57.2 71.8 75.3 70.2 76.8 69.6 79.2 775 +23
Pick a policy with small evaluation error:  J(7.) —E(; 2.4,[ (s, a)] < €. Policy extraction with Orthogonal Policy Gradients (OPG).
REG's target occupancy gives a weighted-cloning direction, but Behavior Cloning REG is a Gaussian-policy method competitive with diffusion policies,
1 is mode-covering rather than mode-seeking. OPG combines this stable direction : ST : : : : : :
—E — D e < . N while avoiding iterative diffusion sampling at action selection.
Ame) = Egsapal WA 2) 1—~ (s9)~0- 1A s A)] < with an orthogonal probing direction: 5 PHNS
evaluation error Bellman residual under 7
6 (5, 3) = max(0, Qu(s, a) — Vi(s))
Here A™()(s, a) = (s, a) + VEg¢p 7~ [Q(S, a)] — s, a) is the Bellman error 8w = Eplw(s, a)Vylog my(als)]
of () under .. Here dj is the initial state-action distribution, and d. is the dis- 8oz = Esop avm[(Qu(s, ) — Vip(s)) Vo log my(als)] ,
counted occupancy measure of policy m. Since data cannot estimate it perfectly 8final = 8whe T )‘(gpg - prOngngpg) - 6_ Ablations

w: REG-induced cloning weight; g,.: data-supported weighted cloning; g,,: mode-seeking probe; g,.: add only the

everywhere, REG uses a robust objective in Section 2. D4RL MuJoCo locomotion ablations. Medium, Medium-Replay, and Medium-

Expert denote dataset quality/mix for HalfCheetah, Hopper, and Walker2d.

probe component orthogonal to WBC.

(] , ﬂ Medium Medium-Replay Medium-Expert
2 o RObUSt PrOblem FOrmUIatlﬂn Algorithm: mini-batch REG update with OPG value — critic — policy | | T 1 [
REG objective. Maximize return while controllin g the worst-case 1 Initialize critic (), target critic (y, value Vj;, and policy my. § ) | P [~
. . . . - 2 Sample mini-batch B = {(s,a,r,5)} ~ D. - —V j
evaluation gap over plausible critics. Here f is a convex critic-loss S | L /.
. d d is th £ ih 1able offline d 3 Robust value step. Update V), by ¢ <— 1 — n/V Ly £ o) 7
metric, and d, 1S the occupancy measure or the available offline data. Ly = B2 max(0, Qu(s, a) — Vi(s))2 + aVi(s) . o3 e |
Learns the square-loss REG value objective; o controls conservativeness. e " Conservativeness o o4 o6 08 1o
mar>|< ‘Ldﬂ[l’] 4 Critic step. Fit Q4 to the value bootstrap and update the target critic: Medium Medium-Replay Medium-Expert
TEC ———————
St Max ‘ td?r [A/]Tq | S € 1, Q B[(I’+ ! w(S) ng(S’ a)) ] ’ ¢ 6¢ * ( 6)¢ § 0] 4T 4" " | ¢
qeQ() ) Qu provides a stable estimate of the REG-induced weights. z |7 T
Q(ﬂ') — {q : 4:du_f(A7Tq)] é 62} . 5 Policy step. Apply the conservative direction plus the orthogonal probing component: 'E“
0 < 0+ T 8final; 8tinal = Swhe T )\gég 2 o tobar T
€1 controls conservativeness; €, controls the critic-fit versus uncer- Weighted cloning stays data-supported; OPG uses A\ to add mode-seeking improvement without e N R N OO

_ interfering with improvement along the WBC gradient.
tainty tradeoff. |

» « tunes conservativeness of value learning.

4 Suboptimality Bound » )\ balances behavior-cloning safety with policy-gradient improvement.
Under regularity conditions, the learned policy satisfies the following

Interpretation

» O(m) contains critics whose Bellman error is plausible on the

available offline data. s
optimality bound:

» T he outer constraint rejects policies with large worst-case

evaluation gaps. S )< L — . Poly(R, B) log(1/9) (. Takeaway
> Thi ¥ " ot of ted acti | I = ~ ‘1 €2 NG Ra(Fv) n ' REG turns a fixed-dataset limitation into a robust optimization prin-
nis avoids a conservative estimate of supported action values o .
while still guarding against out-of-distribution overestimation. 0: failure prob.; Ry(Fy): value-class complexity; poly(R, B): reward/function-class constants. ciple: learn values only where Bellman errors are defensible,

then improve the policy with a balanced update.
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