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* Can always convert to MDP
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* this assumes given low-dim linear feature to encode history...

Can we avoid the exponentials in OPE in PO settings, without
relying on structured function classes?

* Also needs Bellman completeness
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Future-Dependent Value Function

 Define: value function of latent state
V3 (sn) := B[Sy i |sn] € [0, H]
* Problem: s, Is latent — can’t even use this function!

o Solution: VE as proxy of Vg, using future as input!
o En,[VE(fr)lsn] = Vs (sn)
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Constructing Vz: pseudo-inverse

. Pay 1/0min of outcome matrix, which is 1/min-eigenvalue of

* Exponentially small when system Is stochastic!
* Problem: “linear regression” with exp. small covariates
e Similar quantity appears in online RL (Liu et al’22)

M x | Mr

v §p, - Pro, [fn|sn] x VE

Diag entries: Simpson index
th Prr, (fh‘Sh)Q Outcome Matrix M =




Constructing V£: reweighting

* (General case "
o rlawlow)
T h’ |Vh'
.V}—(fh):H’ﬂ'(a,/O/)<
hi—F b\Wh'’|Uh Iy
fh
D Pro,[fulsn] x|V

Outcome Matrix M =

15

H

=h

Z R(Oh/ s Ap/ )>

Outcome under 7T

Ng
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Constructing Vz: weighted pseudo-inverse

Pseudo-inverse minimizes L, norm (we want L)

L, norm treats all exponentially many coordinates equally — not

informative

Find solution that minimizes weighted L, norm

Weight
/Z

1—|_ Mf’
Ih
Sp, mmmmmmmneneaaes Pr, [fn]sn]

Outcome Matrix M =

3




Constructing Vz: weighted pseudo-inverse

1 Col of Mx: posterior of s, given fy

under uniform prior




Mz

row sum = 1
17

Constructing Vz: weighted pseudo-inverse

Col of Mz: posterior of s, given fy
under uniform prior

<




Properties of >

« 2.7 is doubly stochastic
e When f,reveals sy, 22r = 1
* More generally, confusion matrix of predicting s, from f

. Outcome Coverage: |27 V& o < Cr (not |77V |2)

e = |[VE|o < Cr

—T . —T
M X M £ / M Ve

rowsums=1 <« >

18 EF
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Conclusion

“roblem: OPE in POMDPs

Masatoshi
Uehara

ew framework: future-dependent value function V¢

ew assumptions:
Belief coverage => error transfer
Outcome coverage => bounded V=

Thank you! Questions?

Open question: beyond memoryless & FSM policies

5 Pr[sy,|7,] covers d™(sp,)
~~~~~~~~~~~~ Lo




