sz 10 Appendix

s34 10.1 Case Studies

335 As a common issue in MIS, the general estimators are usually difficult to optimize due to the mini-
336 max form. One solution is to choose the discriminator class (Q in our case) to be an RKHS, which
337 often leads to a closed-form solution to the inner max and reduces the minimax optimization to a
338 single minimization problem [16, 18, 26]. Below we show that this is also the case for our estimator,
339 and provide the closed-form expression for the inner maximization when Q is an RKHS.

ss0 Lemma 10.1. Let (.,.)3, be the inner-product of Hx which satisfies the Reproducible Kernel
341 Hilbert Space (RKHS) property. When the function space Q@ = {q : S x A = R; (¢, ¢)n, < 1},
a2 the term maxgyeg Ly (w, B, q)? has the following closed-form expression:

E(s,a,s’)wp[w(‘S? a’) : w(§, d) : B(S, a) : 6(57 d) ’ (K((S> a’)7 (5, El)) - 2'7]Ea’~7r(-|s’) [K((S/a a/)7 (57 CNL))}
(58,5 )i
+ ’YQE?’Nﬂ(. ! [K((SI,CI,/), (glvdl))])] - 2(1 - 7)E (s,a,s" ) ~u [U}(S,CL) - B(s,a) - (K((s,a), (gvd))

o)
@' ~m(.8)

- 'YEa/~7r(.s’)[K((S/7 a/)a (5, d))” + (1 - 7)2E5~do,a~ﬂ(-\§§ [K((S’ CL), <§> d))]

§~vdg,anv (-

sevdg,arm(-]3)

343 Furthermore, when we use linear functions to approximate both w and g, the final estimator has a
344 closed-form solution

as  Lemma 10.2. Consider linear parameterization w(s,a) = ¢(s,a)T o, where ¢ € R? is a feature

a6 map in R? and « is the linear coefficients. Similarly let q(s,a) = V(s,a)T¢ where ¥ € RY. Then,
. . dy A .. . P .

347 assuming that we have an estimate of % as (B, we can empirically estimate W using Equation 8,

T

s4s  which has a closed-form expression (s, a) = ¢(s,a)" &, where

& = (En,(s,0,5)mnl(¥(5,0) = 7U(s", 7)) - $s,0)T - B(5,0)]) 7 (L =) Esmao [¥(s, )] (10)

349 provided that the matrix being inverted is non-singular. Here, E,, is the empirical expectation using
350 n-samples.

351 Detailed proof for these Lemma can be found in section 10.4 and 10.5 respectively.

352 10.2 Q-Function Estimator

353 In this section, we show an extension of our idea that can approximate the Q-function in the target
354 environment. Similar to we did in the previous section, we now consider the OPE error of a candidate
a5 function g, that s, [(1 — ) Es~q, [q(s, 7)] — J ()|, under the assumption that wp,, /p,, € conv(W):

‘(1 - "Y)]Eswdo [Q(Sa ﬂ-)} - ‘]Pte (77)| = |]E (s,a)~dp, _, [Q(S7 a’) - ’Vq(sl’ 7T)] - E(S@)Nd’};” [Wpte/Ptr ’ T]'

r~R(s,a),s'~P(s,a) r~R(s,a)
=E (50~ W/, - B (a(s,a) = va(s',m)] = Es a)nag, [Weie/p,, 7]l
r~R(s,a),s'~P(s,a) r~R(s,a)

< sup |E (s,a)~u, [w B (Q(Sv a) - '7‘](5/7 7))] - ]E(S,a)Nd}ﬁh, [’LU : TH

wew r~R(s,a),s'~P(s,a) r~R(s,a)
=:sup L4(w, B, q).

weWw

(11)

as6  The inequality step uses the assumption that wp, ,p, € conv(WV), and the final expression is a
357 valid upper bound on the error of using ¢ for estimating Jp, (7). It is also easy to see that the
58 bound is tight because ¢ = Q% satisfies the Bellman equation on all state-action pairs, and hence

39 Ly(w, B,QF, ) = 0.
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Using this derivation, we propose the following estimator which will estimate Q7%
t

T A= i Lo(w, 8, q). 12
Qp,. = q arg min max q(w, B,q) (12)

Below we provide the results that parallel Lemmas 10.1 and 10.2 for the Q-function estimator.

Lemma 10.3. Let (.,.)3, be the inner-product of Hy which satisfies the Reproducible Kernel
Hilbert Space (RKHS) property. When the function space W = {w : S x A — R|{w, w)3,. < 1}.
The term max,ew Lq(w, 3, q)? has a closed form expression.

We defer the detailed expression and its proof to Appendix 10.6.
Lemma 10.4. Let w = ¢(s,a)” o where ¢ € R? is some basmﬁmcnon Let q(s,a) = V¥(s,a)T¢,

where W(s,a) € R Then, assuming that we have an estimate of Lt gg [3 we can empirically
estimate § using uniqueness condition similar to Equation 12, which has a closed-form expression
w(s,a) = ¥(s,a)T(, where

¢ = (EZ#[B (®(s,a)¥(s,a)T — (s, a)\If(s/,W)]))*lEm(S,a)Nd;”,,PNR(S@))[<I>(s,a) -r] (13)

where, E,, is the empirical expectation calculated over n-samples and assuming that the provided

matrix is non-singular.

Theorem 10.5. Let /3’ be our estimation of 3 using [20]. We utilize this B to further optimize for

Wy, (equation 8) using n samples. In both cases, F,, a)~dy, ['] is also approximated with n samples

from the simulator P,.. Then, under Assumptions I and 2 along with the additional assumption that
T,.. € C(Q) with probability at least 1 — 6, We can guarantee the OPE error for G, which was

optimized using equation 12 on n samples.

[(1 = 7)Ea, [Gn(s, )] = Jp(m)] <

Rypaz | log(2)
L 4 2
zréllglgleaX (’LU ﬁ, )"‘ RH(W? Q)+ CW]-_’V 2n
2log(2)

~ dy
L ow mai.o ||%\|Oo AER,(F) + Cr

where Ry, (F), Rn(W, Q) are the Radamacher complexities of function classes {(z,y) — f(x) —

d%, (s,a
log(f(y)) : f € F} and {(s.a,5") — (w(s,a) - 2= (g(s,a) — 7q(s',m)) 1 w € W,q € Q},
respectively, ||d%, /1i]|oco = maxs . dp (s, a)/ (s, a) measures the distribution shift between dT,
and 1, and O(-) is the big-Oh notation suppressing logarithmic factors. Under the assumption

wgtr/Ptc € C(W)’

10.3 Derivation for 5-GradientDICE

We will show a demonstration on finite state-action space. The following identity holds true for

b
Tidpte
* T dy

Let us assume that we have the diagonal matrix D with diagonal elements being d7,
The followmg identity holds true.
Dt =TT (14)
Where, dy(s,a) = do(s)m(als) and T is the reverse bellman operator
Ty = (1—7)do(s,a) +~vP; Dy

Where, P.((s,a),(s',a")) = Pie(s'|s,a)w(a’|s") To estimate 7, we can simply run the following
optimization

A T
T = arg Smln |DT — T7|3-1 + 2(( p,) T—1)

T
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ass Here, |y|% = y” Sy. The optimization above can be simplified in form of expectation over dp, .

Blearnay, (s P+ 5 (05,7 =1

30 With, §(s,a) = Dt — T 1, We can now apply Fenchel Conjugate principle to get the following

i(s,a 1 n?
f:;gi}iR E(s,a)wd;tr[ El};tr)f(s’a) - if(s’ a)?] + Iﬁéﬁ(Ed’Ew [n7(s,a) —n] — ?)
so1  If we simplify the above optimization, we get the following form
dp
te = i L
dy,. G IVALR f:ngliﬁ,neR (.. /)

= (1 = MEsondo,ao~n(lso) [f(s0,a0)] + 9B (aymap,  [7(s,0)f(s,a")]

s'~Pye(+]s,a),a’ ~m(-|s")

1
— Eayas,, [7(5,0)F(5,0)] = 5B (s aymar, (5, 0)2) + NE(oapay, [17(5,0) = 1/2).
a2 While we don’t have samples from (s,a,s’) ~ df . We can simply re-weight the term
ses E (s,0)~d}, [T(s,a)f(s',a")] with B(s,a) = %. This completes the derivation of (-

8'~Pie(:]s,a),a’~7(-|s")

394 GradientDICE.

T
Pte 3
—te = ar min max L(t
dF, gT:S’xA—HRf:SXAH]R,nER (., f)
e

= (1 - ’V)ESUNd(),aON’Tl’(~ISQ) [f(507 aO)] + VE(s,ms’)N,u,a’Nw(-\s’) [/8(57 a)T(57 a)f(sl7 a/)]

1
7E(s,a)~d};” [f(S, a’)2] + )‘E(s,a)wd’};t [777(37 a’) - 772/2]

_ E(s,a)wlgr [T(s,a)f(s,a)] — 5 .

35 10.4 Proof of Lemma 10.1

396 Since Q belongs to the RKHS space. We can use the reproducible property of RKHS to re-write the
397 optimization in the following form.

Lw(w7 Bv Q)2 = (E(s,a)w,u,s’the(s,a) [w(87 (l) ' 5(57 a‘) ’ (Q(S7 a) - ’7(](8/, 77)” - (1 - W)ESNdo [q(87 W)])Q
= (E(s,a)wu,s’fvpte(s,a) [w(sa a) : ﬂ(sa a) ’ (<Q7 K((Sa a)v ')7 '>'HK - ’yEa’Nﬂ(As’)an K((s/v a/)a ')7 '>’HK]]
- (1 - ry)]ESNdo,aNﬂ'(.‘S)[<q? K((57 a’)v ')7 '>’HKD)2

_ *\ 2
= rqneaédq,q 3k

(15)
38 Where,
() =E,[w(s,a) - B(s,a) - (K((s,a),.) — ’y]Ea/Nﬂ(.S/)[K((s’, a), )] -1 - ’Y)Es~do,a~7r(.\s)6[K((3’ a),.)])
(16)

399 We go from first line to the second line by exploiting the linear properties of the RKHS func-
400 tion space. Given the constraint that @ = {¢ : S x A — R; (¢,¢)n, < 1} we can maximise
st max, L(w, B, ¢)? using Cauchy-Shwartz inequality

ml?wa(w,ﬁ,q)2 - <q*7q*>3{}(
= E(s,a,s')N#[w(S, a) ' ’U)(g, d) : 5(8, (1) : 6(5, d) . (K((S’ a)’ (5, d)) - 2’}’]Ea’~7r(-|8’)[K((sl’ al)’ (g’ d))]

(576»‘;’)"’“
+ VQ]Ea’Nﬂ'(.s’) [K((S/7 CL/), (517 dl))])] - 2(1 - 7)E (s,a,8")~p [w<57 a’) : ﬁ(sv a) . (K((Sa a)7 (gv d))
@'~ (.5) §~do,arm(:|3)

- ’yEa/Nw(.s’)[K((s/y CL/), (5; d))“ + (1 - V)QEswdo,awﬂ(-\fg [K((S’ a)> (57 d))]

Srvdo,arvm (|
402 This completes the proof.
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403 10.5 Proof of Lemma 10.2

s04  Substituting the functional forms for q(s,a) = ¥(s,a)?¢ and w(s,a) = ¢(s,a)Ta we get the
a0s  following expression for L, ,, (w, B ,q). Where, B is an estimate of d}:%
Lyw(w, B,q) = Ep [6(s,a) - B(s,a) - (¥(s,0) = yP(s',m)TO) = (1 = 7)En,a0[¥(s,7) (]

s06  Using the uniqueness condition we derived in equation 6, we can go about finding the value of « by
a7 equating L(w, 83, q) to zero.

Enuld(s,a)Ta- B(s,a) - (¥(s,a) =7U(s',m)TO] = (1= 7)Ena,[¥(s,m) 7] = 0
"By [6(s,a) - B(s,a) - (¥(s,a) =y ¥(s",m)T)]C = (1= )Ep,ao[¥(5,m)TIC
408 Since the loss is linear in (, we can solve for « using the matrix inversion operation.
&= (Enpl(¥(s,0) =7U(s',m)) - d(s,a)" - B]) 7L = 7) B [¥(5,7)]
409 This completes the proof.

410 10.6 Proof of Lemma 10.3

411 Consider the loss function sup,, ¢y Lq(w, 3, q)?. Since W is in RKHS space. Using reproducible
412 property of RKHS space we can re-write this maximization as follows,

gle%/}\(} Lq (wa B, Q)z = &av}\(}(E(s,a)Nu,s’wP(s,a),rwR(s,a) [U)(S, a) : ﬂ(s, a) : (Q(sv a) - ’Vq(slv 7T))] - ]E(s,a)wd};w,rwR(s,a) [’LU(S, a)

ﬂ%(E(S,G)NM,S/NP(S,G),’I"NR(S,(I) [<w7 K(57 CL), '>'HK . 5(37 a) . (Q(Sa a) - ’YQ(Slv 77))] - E(s,a)~d}§,ﬂ,r~R(s,a) [(w, K(57 a), '>’HK

&a{/)\{/<w’ ]E(s,a)wu,s’NP(s,a),TNR(s,a) [K((Sv CL), ) ! ﬂ(S, a) ! (Q(Sv a) - ’YQ(S/a 71—))} - E(S,a)wd;w,rNR(s,a) [K((Sv (1), ) ' T]>HK)2
*\ 2 * *\ 2
mae(w, w73, = (w7, 0Ny,
413 Where, we use the linear properties of RKHS spaces and then followed by using Cauchy-Shwartz
414 inequality, to compute the maximization. Where, w* has the following expression.
U}*() = IE(s,a)w,u,,s’wP(s,a),rwR(s,a) [K((57 a)a ) ' ﬁ(sv a) : (q(S, a) - 'YQ(S/a 77))] - ]E(s,a)fvd}f-,tr,rNR(s,a) [K((57 a)a ) : T]
415 The maximization expression thus takes the following form

<UJ*, w*>’2HK = E’( a)~p,s’'~P(s,a),r~R(s,a) [K((Sa a)7 (57 &)) ' ﬂ(& G,) ' ﬁ(é, d) ' A(Qv S, @, Sl) : A(Qv g: da 5/)]

S7
(8,8)~1,8' ~P(s,0),r~R(s,a)

—2E (Sva)Nlt,s’NP(s,a) [K((Sv a)’ (57 a)) : B(sv a) : A(qv S, a, 8/) : 7‘] + E( a)Nd;’tr"TNR(S»a) [K((S, a’)7 (57 d)) T 7;]

S,
(5,a)~dp, F~R(s,a) (8,a)~dF, ,F~R(s,a)
416 Where, A(q, s,a,s’) = q(s,a) —vq(s', ).
417 This completes the proof.

418 10.7 Proof of Lemma 10.4

419 Substituting the functional forms of ¢(s,a) = ¥(s,a)”¢, w(s,a) = ¢(s,a)Ta. Also substituting
. dp ~ . .
420 the estimate for = as 5. We get the following expression
Lq,n(wa Bv (]) =
|En,(s,a)N/L,S’NP(s,a),rwR(s,a) [¢(87 a)Ta : 5(87 a) : (\I/(S, a)TC - 7\11(8/7 W)TC)] - En,(s,a)wd}ﬂ,rwR(s,a) [¢(8, a)Ta : T”
=0
421 Where, the equality comes from the uniqueness condition similar to equation 6
OKTIEn,(s7a)~u,s’~P(s,a),r~1’%!(s,a) [¢(Sa a) : 6(8’ a) : (‘I’(Sv CL) - '7\1’(5/7 7"-))T]C = O‘TEn,(s,a)Nd}”,TNR(S,a) [¢(Sa a) ' ’I“]

422 Since the equations above are linear in «. So it suffices to show that the optimal solution can be
423 reached if 3 is approximated as follows,

g = (En,(s,a)fvu,s/NP(s,a),rNR(s,a) [¢(Sa a) : 5(57 CL) : (\11(57 a) - V\I](Sla W))TD71 : E’I’L,(S,a)f\/d;“.;TNR(S,a) [(ZS(S? a) : T]
a7
424 Where, [E,, . denotes the empirical approximation of the expectation. This completes the proof.
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425 10.8 Proof of Theorem 5.1

426 To prove this theorem, we will first require a Lemma that we need to prove first. This is as follows,

427 Lemma 10.6. Under Assumptions I and 2, suppose we use n samples each from distribution P and
a28  (Q to empirically estimate the ratio of £ using equation 2. The estimation error can be bounded with
429 probability at least 1 — ¢ as follows:

430 Proof. Since, equation 2 is optimized using empirical samples it is an Empirical Risk Minimization
s31  (ERM) algorithm. We denote the original loss with respect to a function f € F as L(f). Using
432 familiar result from learning theory (Corollary 6.1 [28]) with probability at-least 1 — ¢

2 ~ [P 2log(%)

fn—=|| <O ||5Hoo 4ER,(F) + (18)

n

A P 2log (%
L(fn) = L(g) < 4ERn(F) + Cr ;) (19)
433 With probability at least 1 — §. Where, R,,(F) is the Radamacher complexity of the function class
{(p.q) = f(q) —log(f(p) : f € F} (20)

43¢ Now, let’s turn our attention to the left hand side. Before we end up doing that let’s define the
435 estimation error e, () = fn(z) — P(g Thus, we can re-write the left hand side in terms of €

p P P P
én(x) + %
=Y Q@)en(z) — Y Pla)log( — e ) (21)
zEQ z€Q Q(z)
= x)(en(z) — P(z) 0 en(2)
—;2@( (6n(5) ey st + Fig)

‘ €n

436 Assuming that n is sufficiently large such that | < 1. We can now use second order Taylor

a37  approximation for log(1 + x) for |z| < 1

L)~ L(g) = 3 Qa)(eno
zEN
_ P(z) ] en () 1 en () 2
w \gg e ”
= > Q) p(l
zEQ Q(x)

433 Combining equations 19 with the simplified LHS above, we can bound the error with probability at
439 least 1 — § that,

_ 1

ZQ(”;)%(BZ((Q ) < 4BR, (F) + Oy 2282) (23)
n

€N Q@)
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as0  Under assumption 1 and 2 3% € Q such that |é,, (Z)| = || fn — g”oo. Thus, the equation above can
441 be re-written as

P()
Q)

2 log(%)

1
E||én||2 <2 4ER,(F) +Cx

24)
2 log(%)

P
Enll3e < 2K - ||@||oo AERn(F) + Cr

P(z P(x
E g < SUDgeq Q( } = HQHOO[]

a2 Where Q(Z) = <. The last inequality comes from the fact that
443 This completes the proof

&)

444 Using equation 4 we can upper bound the performance of our estimator as follows,
dﬂ'
|]E s,a)~d% ,r~R(s,a [wn : T] - JP(T")‘ S max ‘Lw(wna lv Q)|
ety 19 : 25)

W, = arg Efé% max Lipw(w, B,q)

445 We also approximate % ~ B . This can be written as follows,
p LS ) 3 () ST 26)
= arg max — n f(x;) — — )+ = ,
STEE n - m < 79

446 where I(f) is some regularization function to improve the statistical and computational stability of
447 learning. We can the simplify the RHS of this upper-bound using the following simplification.

N . dy,
|E(s,a)Nd;,,r~R(S,(l) [wn : T] - Jp(ﬂ—)| < rqneaé( ‘Lw(wn: 7137 q)|
dp, dp dp, d}
< max | Ly, (0, — —max |L i max | L Wy, —— — max | L, (W ,
| L (s, 2 )] = mat Ly (. <2, 0)| -+ mage | L 1, 2. )| = mie | Lo (1, S22 )+
dg/ PN ~ dﬂ- d‘l]\;/
max | L, (W, — — max | Ly, (W max | L, (W — max | L, (W ma L (w, —
qegl w (W, . 0l qeg\ w( ,B,q)l+q65| w(W, B, q)] qegl w(W, 0 »q)| + max | L, (@, . )l
d’}g, dp dg dp
Sgleagle(wm )I*I;leaXILn w(wn,j,q)\+I;1€a5|Ln,w(w, . )\*gleaglL w (W ,77q)l
N @ dp . dp

+ max | L, (W ,q)| —max |L u},A, + max |L ’LZ),A, — max | L, (0, —, q)| + max | L, (w, —,
q€Q| wl( q)| q€Q| w(W, B, q)| q€Q| w(W, B,q)| q€Q| wl q)| qGQ‘ w( 1 q)]

dr, dr,

) dr,
yq)| — Ln Wny —, -
) = [Ln( .

<2 ma Ly (w
<2 a1 (b

. dr,
2 Ly, (10 — Lo i L br
Qll+ {]rleagl w(W, ==, q) w(w,ﬂ,q)Hggyvgneagl w (W, p Q)

T1 T2

a4¢ Where, ¥ = argmin, ey maxgeg | L (w, B, q)|- Let’s analyse each of the terms above one by
449 one. Starting with T1 we get the following,

dTFr)I

d‘rr/
7Q)| - |Ln,w(ﬁ1n7 =
M

,q)
n

T =2 L., (W
geax L (tn,

27)

log(2
<2R, (W, Q)+ Cw - Cg 027(15) w.p at-least 1 — g

450 Where, the upper bound follows from [29]. Note that R,,(W, Q) is the Radamacher Complexity
451 for the following function class

af, (5, a)
(s, a)

{(s,a,s") = w(s,a) (q(s,a) —vq(s' 7)) :w e W,qe Q} (28)
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452 For the term T2 we can simplify the expression as follows,

a7, )
T2=2 Lw Av = ) - Lw A, )
max | L (0 o q) (w, B, q)|

A dﬂ-/
= 1 [E s ) pl(B = =) - 0(5,0) - (a(s,0) = yq(s', )| 29
= max [B s 0 0)p2(5, @) - (s, )  (a(5,0) = 79(s', )] < 200 Cwlelloc

qeQ

453 Here, we assume that e(s, a) = B — %.Combining equations 27, 29 along with equation 24 we get
454 the following upper-bound with at-least 1 — §

. . df log(3)

[ s.0)~ap (s, [ - 7] = Jp ()] < miaxc | Loy (4D, % 9| +4Cw - Cg - [lelloc +2Rn(W, Q) + Cw - Co 2n6

(30)
455 Using Lemma 10.6 we can bound ||¢|| o With probability 1 — & as follows,
E (7] = Jp ()| < Lo . )
(s,a)~d%,r~R(s,a) |Wn " T P uI;Iéllgl\) I(?Eax w yq
dp, 2 log(%) log(%)

+4Cw -Co - |2K - ||f”oo 4ER, (F) + Cxr R.(W, Q) +2Cw - Co on

(31)

456 This completes the proof.
457

458 10.9 Proof of Theorem 10.5

459 Using equation 11, we can bound the performance of the q estimator as follows,

. dp,, .
| = )Eao [4n (s, m)] = Jp(m)] < max [Lq(w, == n)]

d}B dr, d}; dr,
< L te 4 _ L te 4 L te 4 _ L tr A
ur)ne%l a(w, p qn)| gle‘aXI ng (W, . ,qn)\+51€%| nq (W, . qn)| gg)\gl q(w, p ,Q)]

dp, dp,, dp,, .
+ max | Ly(w, —=, §)| — max | Lq(w, B, ¢)| + max | Lq(w, B,4)] — max | Ly (w, m —, 5 Ol + max|Ly(w, M“,q)l

wew /,L we
< max | Ly (w, P Gn)| = max | L g (w, e 4 )| + max | L, o(w, dr )| — max | Ly (w, . )|

weW 'LL we n,q # 7Qn ’u)eW n,q ‘LL 7q’ﬂ 'IUEW ’LL 7q’ﬂ

T dﬂ' d‘ﬂ'
+ max | Ly (w ,§)| — max | Lg(w, B, ¢)| + max | Lq(w, B,4)| — max | Ly (w, Z‘ﬁd)|+{y€a;§\Lq(w, Ztﬁd)l
dp, P, P - F P
§2q€g}3§WILq(w7 . +q) = L g(w, . ¢)] +2 max | Lg(w . ,4) — Lg(w, B, )I+ggggl€%L( " )
T1 T2
(32)

a0 Where, § = arg minge o maxgew | Lq(w, B ,q)|- Lets analyse each of these terms 7T'1, T'2 separately.
461 For T1 we get the following,

T T

T1=2 Lg(w, =22, q) — Ly g(w, 2=
qegi}éw| q(wv L 7Q) ,q(wv m 7q)|
. (33)
Rmax IOg(S)

< 2R, (W, Q) + Cyy - w.p at-least 1 — 3

1—7 2n
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Where, the upper bound follows from [29]. Note that R,,(W, Q) is the Radamacher Complexity
for the following function class
dp,, (s, a)

(s, a)

For the term T2 we can simplify the expression as follows,

{(s,a,s") = w(s,a) (q(s,a) —vq(s',m)) 1w e W,qe Q} (34)

T

dz, .
T2 =2 L ‘r§)—L ]
1131€a{/}\(}| q(w, L 7q) q(w767Q)‘

[ dﬂ-/ ~ N
= max B, 0,0~ [(5 — 5 ) - w(s,a) - (q(s,a) — (s, m)]] (35)
Rmam
< 20y T o
—

Combining equation 33 and 35 along with equation 24 we can bound the error in evaluation as
follows,

(1 = 7)o, [dn (5, 7)] — Jp(7)] < min max Lo(w, o\ q) + 2R (W, Q) + AChy, - Tomax log(5)

Y) g [dn (S, P = JeQ wew q 7M7q n 3 w 17,‘}/ m
Rma:c dﬂ— 21 2
F20w T (2K | Z"Hoo ERA(F) + Oy | 208G

w.p at-least 1 — 9
(36)

This completes the proof

10.10 Additional Experimental Details and Additional Results

Experiment Setup We conduct experiments on both Sim2Sim and Sim2Real environments. For
Sim2Sim experiments we demonstrate our results over a range of different types of environments
like Tabular (Taxi), Discrete-control (cartpole) and continuous control (Reacher and Halfcheetah).
For the Sim2Sim experiments over a diverse set of simulation and the real world environments like
gravity, arm-length, friction and maximum torque. For all the experiments we mention here, we
will first generate an offline data which was collected using known behavior policy p. For the sake
of these experiments, behavior policy are parameterized by a factor § which basically dictates the
amount of noise added to a pre-trained model. We similarly parameterise the target policy target
policy by .. We experiment over different pairs of training and test environments. We typically
keep the simulation environment fixed and vary the test environment. We call the key parametric
difference between the training and the test environment as the Sim2Real gap. Detailed information
for each set of experiments is provided below.

Learning 3: We parameterize $ as two-layered neural network with ReLLU activation layers for
intermediate layers. We experimented with two different kinds of final activation layer, squared and
tanh. We observed that tanh layer scaled to go from 0 to 10 worked best for these set of experiments.
Learning w: For most of our experiments on 3-DICE we use the framework of GradientDICE. Gra-
dientDICE algorithms are typically two layered neural networks which use orthogonal initialisation.
Inner activation is ReLU and the final activation layer is linear.

Baselines We compare with the following baselines:

» Simulator: This is the baseline of trusting the simulator’s evaluation and not using data
from the test environment.

¢ Model-free MIS: We include DualDICE, GradientDICE, GenDICE [21, 23, 22] as state-
of-the-art baselines for model-free MIS, which only uses data from the test environment
and does not use simulator information.
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* Residual dynamics: We fit a model for OPE from test-environment data with the simulator
as the “base” prediction and only learn a correction term.

* DR-DICE [24]: the previous baselines ignore some of the available information (e.g.,
model-free MIS does not use simulator information) or use them in a naive manner. There-
fore, we additionally include a doubly-robust (DR) MIS estimator [24] that can organically
blend the model information with the test-environment data.

Taxi Environment: Taxi environment has 500 states and 6 discrete actions. For these set of
experiments the simulator environment involves deterministic transition between two states. For
the real world environment, we experiment with environments where the transition is deterministic
with probability (1 — 7) and random with probability 7. With 7 being the Sim2Real gap. To collect
data, we use a behavior policy that chooses optimal action (which was learnt using Q-learning) with
probability 1 — § and a random action with probability 4. Target policies are similarly parameterised
but with «. In figure 3 we demonstrate the performance of 8-DICE for « = 0.1. In these set
of experiments, we evaluate performance of 5-DICE over 3 different types of behavior policies
§ = {0.2,0.3,.0.4} and three different sets of target policies o = {0.01,0.1,0.2}. For two sets
of behavior and target policy, we also show the effect of sim gap on evaluation error. We observe
that evaluation error increases with increasing sim2sim gap. For these set of experiments we used a
discounting factor v = 0.9 and limited our offline trajectory collection to 150 timesteps. Learning
rate for 3 is le-4, the learning rate for w is 1e-4. We observe that 5-DICE is able to outperform the
state-of-the-art MIS baseline comfortably.

Cartpole Environment: For discrete control problems, we choose the Cartpole environment
[30]. For the simulator we choose cartpole environment with gravity equals to 10m/s?. For
the test environment, we choose gravity to be (7)m/s?. With 7 being the Sim2Sim gap. Our
behavior policy is chosen to be a mixture of optimal policy (which was trained using Cross Entropy
method) 7, and a uniformly random policy U such that 4 = (1 — d)m, + (6)U. Our target
policy is similarly parameterised by «. We demonstrate results over different sets of behavior
policies ¢ = {0.4,0.5,0.6} and evaluate performance over a set of « = {0.2,0.5,0.8} and simreal
gap 7 = {5,10,20}m/s%. In figures 2a and 4 (with additional baselines), we demonstrate our
experiments over different sets of behavior policies and target policies and observe that our method
is more than capable of improving upon state-of-the-art baseline with information from simulation.
Our discounting factor 7 = 0.99 and timesteps is limited to 200. Learning rate for 3 is le-4 and
learning rate for w is le-2.

Reacher Environment: For continuous control, we experiment with RoboschoolReacher envi-
ronment. For these set of environments, we choose training environment as the one where the
length of both links are 0.1 m. The test environment is chosen to be one, where the length of both
the links is (0.1 + 7)m. We choose behavior policy as the addition of an optimal policy plus a
zero mean normal policy whose standard deviation is §. For our experiments, 6 = {0.4,0.5,0.6},
a = {0.0,0.1,0.2} and 7 = {—0.5,—0.25,0.0,0.25}m. In figures 2b and 5, we demonstrate our
experiments over different sets of behavior policies and target policies and observe that our method
is more than capable of improving upon state-of-the-art baseline with information from simulation.
In figure 2b and 5a, we also demonstrate the effect of S-DICE with sim2sim gap over two sets of
(6, ). Our discounting factor v = 0.99 and timesteps is limited to 150. Learning rate for g is le-4
and learning rate for w is 3e-3.

HalfCheetah Environment: For continuous control, we experiment with RoboschoolCheetah
environment. For these set of environments, we choose training environment as the one where
the maximum torque to the joints is 0.9. The test environment is chosen to be one, where the
length of both the links is 0.9 + 7 N.m We choose behavior policy as the addition of an optimal
policy with zero mean normal policy whose standard deviation is §. For behavior policy the delta
is taken to be § = {0.4,0.5,0.6} and the target policy is taken to be « = {0.0,0.1,0.2}. Due to
limited computation, we experimented only with 7 = 0.4Nm. In figures 6, we demonstrate our
experiments over different sets of behavior policies and target policies and observe that our method
is more than capable of improving upon state-of-the-art baseline with information from simulation.
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Log1o (Mean Squared Error)

Log1o (Mean Squared Error)

Figure 3: Each of the above figure demonstrates the effect of evaluation over varying behavior
policies 6 = {0.2,0.3,0.4} on a fixed target policy using $-DICE for the taxi environment. For
these set of experiments the training environment is the default transition parameters, while the test
environment has 7 = 0.1. In (a), (b), (c) the target policies that we use are « = {0.01, 0.1,0.2}.
Additionally for (a), (b) (RHS) we also show the effect of varying sim2real gap on target policy
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evaluation using 3-DICE (while keeping 6, « fixed).

21



Log1o (Mean Squared Error)

Logio (Mean Squared Error)

B Beta-DICE (ours)

Em Simulator

Emm GenDICE

Off Environment Evaluation for a = 0.5

|
i

!
~

|
w

!
IS

|
@

0

0

IS,

(@a=0.5

Off Environment Evaluation for a = 0.8

6=0.38

@;‘+

0.0

-0.5

-1.0

0.0

=

-

6=0.6

(b)a =08

B GradientDICE

Logio (Mean Squared Error)

B DualDICE

(¢ =0.56=0.6)

15 20 30
Sim2Real Gap (Gravity)

Figure 4: Each of the above figure demonstrates the effect of evaluation over varying behavior
policies § = {0.6,0.7,0.8} on a fixed target policy using 8-DICE for the cartpole environment. For
these set of experiments the training environment has gravity = 10m/s?, while the test environment
has gravity = 15.0m/s%. In (a), (b) the target policies that we use are o = {0.5,0.8}. Additionally
for (a), (RHS) we also show the effect of varying sim2real gap on target policy evaluation using
B-DICE (while keeping J, « fixed).
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Figure 5: Each of the above figure demonstrates the effect of evaluation over varying behavior
policies § = {0.4,0.5,0.6} on a fixed target policy using 5-DICE for the reacher environment. For
these set of experiments the training environment has length = 0.1m, while the test environment has
length = 0.075m. In (a), (b) the target policies that we use are & = {0.1,0.2}. Additionally for (a),
(RHS) we also show the effect of varying sim2real gap on target policy evaluation using 3-DICE
(while keeping J, « fixed).
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Figure 6: Each of the above figure demonstrates the effect of evaluation over varying behavior poli-
cies 6 = {0.4,0.5,0.6} on a fixed target policy using 5-DICE for the half cheetah environment. For
these set of experiments the training environment has length = 0.9 N'm, while the test environment
has length = 1.3Nm. In (a), (b), (c) the target policies that we use are « = {0.0,0.1,0.2}
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