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Offline RL: Learning a good policy from batch data
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Problem FormUIation Theorem 2 (minimal offline data assumption)

Consider any d-rectangular Lin-RCMDP, where the uncertainty is measured by TV distance.

Lin-RCMDPs: distributionally robust linear CMDPs With high probability, the policy ™ generated by CROP-VI satisfies
/\« We use the uncertainty set around the _ - . e ¥ "
_ i iti ' P WP < O(dH) max Eoxp |ldi(sn,a8)Lilli-1f, 8=V () <Le
M — S A H 7)p PO r nominal transition kernel to characterize % 1 = : w*,P i\Shy Ah ) LillpA -1} 5 g,1 =
rob ( R ( )’ ’g) the sim-to-real gap. EEaE " )
> Linear representations: The reward function and nominal transition iy
kernel are d d —&(s,a) 0 —&(s,a) ' 0 i all - -
ernel are decomposedas 7, = ¢(s,a rhy Yn — ¢ (s,a g,h? Instance-dependent sub-optimality gap € depending on the batch data quality
d : .
> ¢(s,a) € R feature mapping P,(s"|s,a)=0¢(s,a) T,u,f (s") » Partial feature coverage
Note that the number of features = - » Assumption: robust single-policy clipped concentrability
is much smaller than the size of =8 B SR _ B 7 occupancy distribution clipping operation
state space. Vel
T ° 1 2 . *
u' (min{ i«@ (s,a),1/d}-1,,)u x
m IMax T - < d
. - e . : - u' (Emlo(s,a)p(s,a) ' ])u
» The uncertainty set satisfies d-rectangularity assumption: uek ;ﬁﬁ([j[)]’ze a 7l¢(s,a)9(s,a)
" distribut el
0 T . 0 , istribution of dataset D Ty o >
PP(P°) = {#(s,a) un(-) : pni € UP(py;),(3,5,a,h) € [d] x S x A x [H]} T
> Decoupling the distribution shift into each feature dimension. X< 00 /h @ /'\
rob ' patch dataset |
) 1 : | " ﬁ atch dataset )
U? (Ln )= Y n.q: 5 lten: — pni | = p and p,, € A(S) ¢, Vield] > Our results: to achieve the e-sub-optimalitv gap, , CROP- ST\ 7T2J %
~ 2 4 2 \\\\_( , //’
> Robust value/Q function: measure Vineedsatmost  ( rop / ©) samples. NN P
accumulatlye r.ewards in thg worst case \_’feature space
of performing in the transition kernel > Full feature coverage
inside the uncertainty set.
Viin(s)= pei;}quv%’)h (#) > Assumption: K = }5161[11% )\min( b [¢(37 a)o(s, a)T]) > 0 //—\(’“\7’/—\/‘/ r
Qrjin(s,a) = P;ﬁfpo)Q%)h (5,0) Samples can explore the feature space uniformly well. A A
: o : - T T T T T ( batCh )
» Learning goal: Given the dataset D=1(si,ai,r,97,5741) } peim,reixe > Our results: to achieve the €-sub-optimality gap, CROP-VI - ‘ E Idata et N/
. . . _ . AN . 2 4 l\ 7-‘- }_///
from the nominal environment, find an —robust policy = such that heeds at most ~(—) samples. 2
_ . o . *,0 ;,p < _ ;,p < \\")\\_,/”/
Sub-optimality gap: Vit —=Vif=e b—Vi{=e ‘ feature space

CROP-VI : Constrained Robust Optimistic-Pessimistic Value Iteration
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> Step 2: construct an emperical Bellman operator for Lin-RCMDPS
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