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A Overview of Notation
In Table[A:T] we provide a reference of the notation and symbols used in our paper.

Table A.1: Overview of our notation

Symbol Name Signature
M Markov decision process without reward (MDP\R) (S, A, P, H,sp)
S State space
A Action space
P Transition model SxA— As
H Horizon H e Nt
S0 Initial state so €S
™ Policy Sx[H| = Ay
r Reward function S x Ax [H] = [0, Riax)s Rmax € RT
MuUr Markov decision process (MDP) (S, A, P, H,sp,r)
Q”/\;{LT Q-function (of 7w in M U ) SxAx[H] =R
vl Value function (of 7 in M U r) Sx[H]—»R
A”A}thr Advantage function (of 7 in M U ) SxAx[H] =R
h,- State-visitation frequency
Mptx (+150) (conditioned on state) [H] = As
B (o State-visitation frequency
nMﬂT( Iso, ao) (conditioned on state-action) [H] = As
h,- State-action-visitation frequency
Mt (5 [50) (conditioned on state) [H] xS = Aa
he (o State-action-visitation frequency
nMﬂf( |50, a0) (conditioned on state) [H] x 8 = Aa
R mur Feasible set of M U
R = Ramune Exact feasible set
5 =R RiUsE Recovered feasible set
€ Target accuracy e€RT
) Significancy 0€(0,1)
Ng Number of exploration episodes Ng € N*T
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B Proofs of Theoretical Results

B.1 Simulation Lemmas

In this section, we establish several simulation lemmas that we will use throughout our analysis. Some of the
results were already derived in prior work for the infinite horizon setting, e.g., by [Zanette et al.| (2019) and
Metelli et al.|(2021). For completeness, we provide proofs for all results in the finite-horizon setting.

Definition B.1 (Occupancy measures). We define nj\LAh; (s|so) as the probability of being in state s at timestep
R’ > h following a policy w in MDP\R M starting in state so at timestep h. We can compute it recursively as:

h,h
i (s'|s ) = Lsr=s)
Ui Cl ZP 'Is", @) (@ls" il (7 ]s)

We define the same probability for state-action pairs analogously:

!
n}/t/,lhﬂ'(s/ al|57 a‘) = ]l{s’:s a’=a}
nﬁ/lhwﬂ(s d[s,a) Zﬂ'h’ P(s']3, )nj(,lhﬁ(s als,a)
3,a
as well as
h,h / / . YT
m, 7r('S a ‘S) = ﬂ-h(a |5 )]l{s’:s}

M (S d s) = S mw(d |8 P(s' |5, @)l (5, dls)

5,4
Because the environment is Markovian, it also holds for h' > h that

o619 = S (4 19P s )

and equivalently for state-action pairs.

Lemma B.2. The value function and Q-function of a policy 7 in an MDP M U r at timestep h can be expressed
as:

H
V() =3 S k(s d|s)ru (s, a)

h’=hs’,a’
H
o (s,a) = Z nj’\,lhr(s a'ls,a)rn/(s',a")
h'!=h s’,a’

Proof. We show the result for the value function; the derivation for the Q-function is analogous.

Note that for h = H the statement holds because V/CI’SIT(S) = 0. The general result follows by induction.
Assume that for h + 1 the statement holds. Then:

Vil (s) S mals) (( a)+ > P(s's, a)v;ﬁi%s’))

s’

® Z7m(a|s) ri(s,a) +ZP(5/|s7a) Z Z L h/ s" a"|s")rw (s, a")

=h+1s’",a’"

© th (als)rn(s,a) Z Z Nt (8'18)mhe (@[ )rp (8, a")

=h+1s’,a’

(d) Z Z 77 7rh’ (a/\s')rh/(s/,a/)

=hs’,a’

where (a) uses the Bellman equation, (b) the induction step, (c) uses Deﬁmtlon and relabels s” — s/,
a” — d’, and (d) uses Deﬁmtlonmagam and relabels a — o'.

13



Lemma B.3 (Simulation lemma 1 by Metelli et al.[{(2021)). Let M be an MDP\R, and r, ¥ two reward functions
with corresponding optimal policies 7w, 7*. Then,

i (5:0) = QR ( Z Z NMams (8, |s,a) (T (s',a") = Prr (87, a))

=h s’,a’
Vion(s) = Visi(s) Z S (s dls) (rwr (s, a') — (s, a)))
=h s’,a’

Proof. Note that QMUT(S a) > QMUT(S a) for all s, a because 7* is optimal for 7. Hence

il (5, 0) = Qs 0) < QMUT@ a) - ;}ms,a)
@ Z Z Nl (87,0 |8,0)(rps (s, a") — #i (87, a'))
=h s’,a’

where (a) uses Lemma After observing V/(r,luif( ) > V/’\r,w];( ), the second result follows analogously. [

Lemma 6. Ler M be an MDP\R, r,7 two reward functions with optimal policies w*,#*. Then,

WM*EJhr(&a) - MUr Z Z (77/\/1 T* (’S a ‘S a) nx/lhw (5/7a1|57a)) (Th/(8/7a’) - fh’(slaa,))
=hs’,a’
Proof.

Q”M*’Ui(s a) — Q’;;&(s,a) = QM (5,0) — Ql(s,0)) + (Qh(s,0) — QR (s, a))
(a)

< Z Z NMaae (8,0 |s,a) (rre(s',a") — P (s',a")) + (er\;bhﬁ(s,a) — ervl*bhr(s,a))

=hs’,a’
b
(:)2277 (s a|sa)(rh/(s’,a)—rh/s a’) ZZ"MW s a|sa)(rh/(s a’) — (s, a))
=hs’,a’ =h s’,a’
— Z Z (77/\/1 (s',d|s,a) fnjl\,lh;* (s/,a'\s,a)) (rh/(s’,a') ffh/(s',a/))
=hs’,a’
where (a) uses Lemma[B.3]and (b) uses Lemma[B:2] O

Lemma B.4. Let M1, M3 be two MDP\R with transition dynamics Py, Ps respectively, r a reward function
and m a policy. Then, for any state s and timestep h:

V_/C{:UT(S) — V/:r/ifu,r = Z Z 7]/\/12 - S s ﬂh/( ’|5/)(P2(5”|S/,a/) _ P1(S//‘S/ a ))Vj\r/lizutl(su)
h'’=h s’,a’,s’
Viiton(s) = Vo, (s) Z 20 a5 s)m (@1 (P11, ') = Pa(s ', a DVEGT )
=h s’,a’,s’’
Moreover,

V/C{ZUT(S VM1U7 (s)‘ Z Z 77/\/12 (s (s's ) (a')8)) | Pa(s" |8, a') — Pu(s"|s',a') |V ' +1( 0
=h s’,a’,s’
Proof. We start by writing explicitly the value-functions:
Viidon(8) = Vil (s) = Y- malals) (Pa(s' s, ) VIS () = Pu(s'|s, ) VLS () £ Pals |, VSN

a,s’

—Zm als) ((Pa(s'|s,0) = Pi(s'|s, a) VL () 4 Pas' s, a) (VSN = VL))
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Unrolling the recursion gives the first result; the second result follows similarly:

Viitn(s) = Vi () = > m(als) (Pus'ls, VIS (s) = Pa(s'ls, )V () & Pa(s' s, a) VL ()

=" mnlals) ((Pr(s']s,a) = Pa(s'ls, a)) VIS (s) + Pals'ls, @) (VIS () = VSN )

Together, the first two results imply the third one because all terms in the sums are non-negative. O

Lemma B.5. Ler M1, My be two MDP\R with transition dynamics P1, P> respectively, r a reward function,
and 71, w5 optimal policy in My U r and Mg U r, respectively. Then, for any state s and timestep h:

Vi (s) = Vi () < D0 D0 niie e (59)min(d ) (Pu(s”|s' a) = Pa(s”|s', ")) Viii, (s7)
h

'=hs,a’,s"

Viinur(8) = Viiu () < D0 D0 nvie s (s59)mn(a|s)) (Pa(s”|s', a) = Pu(s”|s', ") Vi, (s7)

h'=hs’,a’,s"
Proof.

* * * W*qh“rl * 7'r.*,h+1
Viiton(s) = Vi (9) = D2 (win(als) Pr(sls, )V U7 (5) = mialals) Pa(s' s, ) VIESTH ()

a,s’

1 (als) Pa(s'|s, @) VI U () 2 i (als) Pas'1s, ) VI T ()

= > (minlals)Pals'ls, @) (VEL T () = VLT ()

a,s’

+ 75 n(als)(Pu(s']s,a) — Pa(s']s, a)) Vi OF (s7)
Tr;,h+1

+ (i nlals) = 75 n(als)) Pa(s']s, ) VI T ()

<3 (Fialals)Pa(sls, ) (VLT ) = VIREE ()

a,s’

+ i (als) (Pi(s']s, @) = Pa(s']s, ) Vg 5T ()

where the last inequality uses that 7* is optimal for M2 U r. Unrolling the recursion gives the first result. A
similar argument yields the second results:

*, *, * 75, h+1 * 77, h+1
Vi (s) = Vidion(9) = 32 (m5(als) Pa(s'ls, VIR LT () = i nlals) Pa(s' s, ) VI T ()

a,s’

&5 (als) Pa(s'|s, @) VI T ()

* w5 h+1 w1 h+1
= > (mslals) Pals'ls, ) (VIEET () = VLT (5)

. .
+ 73 (als) Pa(s'|s, ) Vil B (s) — i aals) Pu(s'|s, @) Vi b ()

< (malals) Pa(s' s, ) (VST () = VI (1)

a,s’

+ 3 n(als)(Pa(s'|s,a) — Pu(s'|s, @) Vg 5 ()

B.2 Feasible Reward Set

In this section, we characterize the feasible reward set first implicitly, then explicitly, and prove a result about
error propagation. Metelli et al.[(2021)) provide a similar analysis in the infinite horizon setting.

Lemma 3 (Feasible Reward Set Implicit). A reward function r is feasible if and only if for all s, a, h it holds that:
A}T\,’ﬁjr(s, a) = 0ifnf(als) > 0and AWMET(S, a) < 0ifwf (als) = 0. Moreover, if the second inequality is
strict, TF is uniquely optimal, i.e., 1T, = {ﬂ'E}.

Proof. The result follows directly from Definition T} O
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Lemma B.6. A Q-function satisfies the conditions of Lemmaif and only if there exists an {Aj, € R‘;Z;A}he H
and {Vi, € RS} such that for every h, s,a € [H] x S x A:

QMU'!‘( ) = _Ah(s7a)]l{1rf(a|s):0} + Vh(S)

Proof. We first show that if Q MUT(s a) has this form, the conditions of Lemmaare satisfied, and then the
converse. Assume Qj\fw(& a) = —Axn(s, CL):[I.{T(E(G —oy + Va(s). Then,

™ TrE
Vi (s) = Y mh (als) Qe (s, a) = Va(s).
If ﬂf(a\s) > 0, then QMUT(S a) = V;,li’é(s), which is the first condition of Lemma If 7f (als) = 0,
ﬂMQ};(S» a) = VMUTh( ) — Ap(s,a) < VIAU’T}L(S), which is the second condition of Lemma

For the converse, assume that the conditions of Lemmahold, and let V4 (s) = VLEUTh (s) and Ap(s,a) =
= N =E ,h
VMUT (S) - MUT(S7 a)' O

Lemma 4 (Fea51ble Reward Set Exphcn) A reward function r is feasible if and only if there exists an
{4, € R>o Ve and {Vi, € RS Yy such that for all s, a, h it holds that:

rr(s;a) = =An(s, @)1 18 (g0 =0y + Va(s +ZP |s,a@)Vit1(s)

Proof. Since QMUT(S a) = rh(s a)+ > P(s's,a)Vht1(s'), using Lemma we have:
rr(s,a) = MUT s,a) — ZP "5, a) Vig1(s')

= —An(s, Q)15 (4)5=0) T Vals +ZP(3’|s,a)Vh+1(s’)

s/

O

Theorem 5 (Error Propagation). Let (M, 1) and (/T/l\ , 7Y be two IRL problems. Then, for any r € Rm,xE)
there exists T € R KiRE) such that:

rn(s,a) — 7n(s, a)] < An(s, a)|mi (als) — 7 (als)| + D Vi (s)|P(s'|s,a) — P(s'|s, a)]
and we can bound Vi, < (H — h)Rmax and Ap, < (H — h) Rax-

Proof. We start by rewriting 7 and 7 using Lemma[d}

ri(s,a) = —An(s, a)]l{ﬂE(am op T Va(s +ZP "Is,a)Vis1(s")
7r(s,a) = 7Ah($,a)ﬂ{%}]?(als):0} + Vi(s) + ZP s'|s,a) Vi1 (')
We can choose (w.l.0.g.) Vi = V3, and A, = l{wf(a\s):o}AM
ru(s,a) = F(s,a) = = An(s, )L grp(ajs)—oy + Vals +ZP |5, a)Viyr(s')

S
+ An(8, )L (28 (a)5)=0) LinE (a)s)=0} — Va(s ZP Is,a)Vis1(s)
:Ah(s7a)1{wf(a|s):0}(1{ﬂ (a]s)=0} — JrZVhﬁLl |S a)— (3/|Saa))
= Ah(s7a)]l{frf(a|s)=0}]l{*h(a|5)20} + th+1 s )(P s |57a) - P(5/|57a))

The result follows by taking the absolute value and applying the triangle inequality. O
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Algorithm 2 Uniform sampling IRL with a generative model.

1: Input: significance ¢ € (0, 1), target accuracy €, maximum number of samples per iter. n,ax
2: Initialize k <+ 0, g +— H

3: while ¢, > ¢/2 do
4: Uniformly sample [ g%2x | samples from all (s,a,h) € S x A x [H]

5: For all samples, observe sample from transition dynamics and expert policy
6: k+—k+1
7.

8

9

Update P, 7y, and ch
: Update accuracy €, < H maxs o, CP (s, a)
: end while

B.3 Uniform Sampling IRL with a Generative Model

In this section, we derive sample complexity results for uniform sampling with a generative model (Algorithm [2).
Metelli et al.| (2021) proved an analogous result for the infinite horizon setting focusing on transferable rewards.
In contrast, our focus is on the finite horizon setting. Moreover, Metelli et al.|(2021) considers to learn a reward
that is transferable to a known target environment. In our setting, instead, we suppose to use the recovered
reward function in the unknown source environment.

Definition 2 (Optimality Criterion). Let Rss be the exact feasible set and R be the feasible set recovered after

observing n > 0 samples collected from M and ©F. We say that an algorithm for Active IRL is (e, 0, n)-correct
if after n iterations with probability at least 1 — § it holds that:

inf sup max
TGRB Y GH* s,a,h
MuUP

QMUT(S a) — Qx’uhr(s,a)‘ <e€ foreachr € Ry,

inf sup max‘QMUT(s a) — QMUT(S a)‘ <€ foreacht € Rg,
TERy - EH*

where 7 is an optimal policy in M U r and ©* is an optimal policy in MU

Lemma B.7 (Good Event). Let 7F be a ( posstbly stochastic) expert policy. We estimate the expert policy with

# and the transition model P with an estimate P, from k episodic interactions. Let n} (s, a) and n}(s) be
the number of times state action pairs and states have been observed at time h within the first k episodes, and
nit(s,a) = max{1,n}(s,a)}. Then,

(s, a)
Linp (als)=0y Liaf (als) 20y An (8, @) < (H = h) Rinax W (s 0)
Ty )

0 (s, a)

l{frf(a\s):o}ﬂ{wf(a|s)20}f4h(5aa) < (H = h)Rmax h+(s a)
g

SIP(I5:0) = Pl V6] (H = W)y [ 5
n

SoIP(I5.0) = Pl )V 6] < (H = W)y [ 5
n

where (1(s,a) = log (24514H(n;§+(57 a))z/é), holds simultaneously for all (s,a,h) € S x A x [H] and

k > 1 with probability at least 1 — 0. We call the event that these equations hold the good event & and write
P(&)>1-4.

Proof. We show that each statement individually does not hold with probability less than ¢ /4, which implies

2@2‘ (s,a)

the result via a union bound. Let us denote 81 (s, a,h) := (H — h) Rmax ey First, consider the last
ny ' (s,a

two inequalities. The probability that either of them does not hold is:
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Pr (Hk >1,(s,a,h) € S x AX [H]: Z [(P(s|s,a) — ﬁk(5/|s,a))Vr"’h(s')| > B1(s,a, h)>
(a) /
<Pr <E|m >0,(s,a,h) €S x Ax[H]: Z |(P(s'|s,a) — Py(s'|s,a)) V™" ()] > Bi(s,a h)>

s/

ZZZPr<Z| s'|s,a) — Pe(s'|s,a)) V™" (s )|>51(sah)>

m>0 s,a h=0

2B1(s,a,h)
ZZZQGXP( —4775]2 2R2 ) ZZZ26XP —li(s,a))

m>0 s,a h=0 m>0 s,a h=0

_22224SAHm+ :* 1+Zm2 = <1+6) g

m>0 s,a h=0

Step (a) assumes that we visit a state action pair m times, and focuses on these m times the transition model
for the given state-action pair is updated. Step (b) uses a union bound over m and (s,a). Step (c) applies
Hoeffding’s inequality using that we estimate P with an average of samples, and V;™" < (H — h)Rmax. The
factor m? in the numerator results from dividing by 1/m to average over samples, and the factor 4m in the
denominator results from the sum over m in the denominator of Hoeffding’s bound.

Zz’(s,a)

We show the first two inequalities similarly, with 82(s, a, h) == (H — h) Rmax4/ —*5 o)
np ' (s,a

3k >1,(s,a,h) € S x Ax [H]: \(W,;E(a\s) - frf(a\s))Vf’h(s'H > B2(s, a, h))

Im >0,(s,a,h) € S x Ax[H]: |(7rf(a| )—7r,C (als))V;T ( N > Ba(s, a, h))

<SS P (I (als) — #E (als)VI )] > Ba(sa )

A 2B2(s,a, h)
< Zz2exp< @}W) ZZZZexp —li(s,a))

m>0 s,a h=0

2 J
S Y s | ) -5 () <

A union bound over all equations results in P(&) > 1 — 0. O

Definition B.8. We define the reward uncertainty as
200
CP(s,a) = (H — h) Rmax min (1, 2 ;M)
T (57 a)
Corollary B.9. Under the good event &, in each iteration k it holds for all (s,a,h) € S x A x [H] that:
Irn (s, a) — 7 (s,a)] < Cr(s,a)

Proof.

R (a) —~
ITn(s,a) — r’,j(s,a)| < Ah(Saa)ﬂ{wf(a\s):o}1{ﬁf(a|s)zo} + Z Vis1(s)|P(s']s,a) — P(s'|s, a)]

®) h
< (H = h) Rmax (2 72f+( 5, ) > = Cl(s,a)

ny' (s, a)
where (a) uses Theorem[5]and (b) uses Lemma|[B7] O

Corollary B.10. Let .7 be a sampling strategy. Let R be the exact feasible set and R%k be the feasible set

recovered after k iterations. If
€
HmaXC,?(s,a) < -,
s,a,h 2
then the conditions of Definition |Z| are satisfied.
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Proof. For the first condition of Definition 2] observe:

nf - sup max(QRl(s,a) — QR (s, @)
TGR%k "A"*GH*/\UA s,a,h
7

(a) ’
< inf ( h,hw o ) (s a) —F (s
< %1%%]6 sup max E E Nt (8,08 a) — Ny (8,0']s,a) (ru(s',a") = fur(s',a"))

S% * sah
WEH 7 =hs’,a’

(b) ! ’
< inf ‘ ( / _ h,hA* o ) h 1o
< fel%%k sup  max E E 77/\4 - (s',d'|s,a) My a-(s,0a']s,a0) ) Cx (s,a")

~ * s,a,h
TF*EH N —hsal

<2H max C,}J(s, a)
where (a) uses Lemmalf|and (b) uses Corollary [B-9]
For the second condition of Definition 2] it follows similarly that:

inf sup max(Q}r\;’uhT(s, a) — er\;th(s, a)) < 2H max Cy (s, a)
TERB *EMY 4, s,a,h s,a,h

Hence, if H max; q.n Ci(s,a) < €/2, both conditions of Deﬁnitionare satisfied. O

Theorem B.11 (Sample Complexity of Uniform Sampling IRL). With probability at least 1 — §, Algorithm 2]
stops at iteration T fulfilling Definition 2| with a number of samples upper bounded by:

5 p2
<o <H RmaxSA)

2
Proof. First, note

200
Hmax CJ(s,a) = H® Rmax max | 2 M
s,a,h s,a,h 'I’LZ’ (S7a)

After 7 iterations, we have collected 7 - nmax samples and for each s, a, h, we have: n’Tﬁ_ (s,a) > Tgmax > 1

To terminate at iteration 7, we need to have for all s, a, h:

200 (s,a)

2H? Rimax
nk(s,a)

<

N

which implies

32H*R2, 0" (s,a)

h
n"(s,a) > e

By using Lemma B.8 by [Metelli et al.|(2021), we can conclude that the number of samples necessary to ensure

accuracy € is:
n<® (HSRE.;XSA)
O
Corollary B.12. If the true reward function does not depend on the timestep h, i.e., T,(s,a) = r(s, a), then we
can modify AlgorithmHto only need n < ) (M) samples.

Proof. 1f we know that the reward function does not depend on h we can choose Ci (s, a) = miny, C7 (s, a) as
a confidence interval of the reward. Consequently, we can sample all states for a fixed h.

We still need for all s, a:

200 (s, a) <

€ 32H*R2 . 0" (5,a)
nh(s,a) — 2

€2

h

2H? Rinax = n;(s,a) >

Again, we use Lemma B.8 by Metelli et al.|(2021), but we can eliminate one sum over H, ending up with:

4 2
S @ (H RmaxSA)

€2
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B.4 Sample Complexity of AceIRL in Unknown Environments (Problem Independent)
We are now ready to analyze the sample complexity of AceIRL (Algorithm[T). We first consider the simple
version of the algorithm: AcelRL Greedy. Then, we consider the full version of the algorithm after introducing a

few additional lemma about the policy confidence set. We start by defining the error upper bound and deriving
two lemmas that will help us to show that it is indeed an upper bound on the error we want to reduce.

Definition B.13. We define recursively:

Efl(s,a) =0; Ep(s,a) = min((H — h)Runax, Cr(s,a) + Z ﬁ(s'\s,a) max Ep (s, a'))
™ a’€A

where P is the estimated transition model of the environment.

The first lemma shows that the error upper bound can upper bound the error due to estimating the transition
model.

Lemma B.14. Under the good event &, for all policies w and reward functions r and all s, a, h:
Q7 (5,0) — Qs (s,0)| < Bi(s,0)
Proof.
,h ,h 7,h /
QT (s,a) — Qitl(s.0)| = (ZP 'Is,a) Z (a/) Q1 (s ')
=Y P(s']s,a) Y _w(d'|s) ’;ﬁl(s’,a/)iZﬁ(s’\s,a)Zw(a’\s’) (s, a)
< ‘Z(}s(s/|s,a) — P(s']s,0)) S w8 QRLH (s )
+> P(s']s,0) Y w(ds)
< Cl(s,a) + S P(s'ls,0) 3 w(a|s)

a’

a

Jh+1 Jh1
o (s,0) = QR (s, 0)|

w,h+1 m,h+1
Qi (s.0) = QU (5, a)|
For h = H the result holds trivially. Now assuming it holds for A + 1, we consider step h:

QT (s,0) = QR (s,0)| < Cl(s,0) + Y P(s']s,a) D> m(a']s)

’

1 1
}A\UT (Sva’) - ;AUT (Sva)

a

< Ols.0) + 3 Plsle.0) max| QT (s,0) = QR (5, 0)|

< Ci(s,a +ZP (s'|s,a) math+l(s'7a/) = EJ'(s,a)

s’

O

The next lemma shows that the error upper bound can also upper bound the error in estimating the reward
function, which is due to estimating the transition model and the expert policy.

Lemma B.15. Under the good event &, for all reward function r, all policies m, and all s,a € S x A:

Q%

MU;‘(S?a) - ﬂ;"h T(Sva‘)‘ < Eﬁ(s,a)

MU

Proof. For h = H the result holds trivially. Now assuming it holds for ~ + 1, we consider step h:

Q% (5,0) = Q7 (s.a)|

MuUF Mur

<[ (s;a) = (s, a |+ZP Is,a Z (@'[s)Q (s a') = QM (s )]

A

<[#(s.a) ~r(s.a |+ZP s,0) max | QL (s a') — QU (50|

<|F(s,a) —r(s,a)| + Z ﬁ(s'\s, a) max EMTN(S,d) = Ef(s,a)

s/
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We can now combine the previous two lemmas to show that E' is indeed an upper bound on the error we want to
reduce. This implies correctness of AceIRL Greedy, which the following lemma formalizes.

Lemma B.16 (Correctness of AcelRL Greedy). If AceIRL Greedy stops in episode k, after sampling n samples,
ie, EY(s0, mer1(s0)) < 5, then it fulfills Deﬁnmon

Proof. Let us define the error

er(s,a) = |Qu (s,a) — Qg (s, a)]

where 7 is the true optimal policy in M U r, and 7™ is the optimal policy in Mu 7, i.e., in the estimated MDP
using the inferred reward function. Then,

ek (s,a) = QR (5,0) — QR (5,0) £ Q0 (s,0) £ Q7" (5,0)]
*,h T, s A%, h A%, h
< Qi (s,0) — Q" (s,0)] +\Qm<s,a> — QU (s,0)] + Q" (s,a) — Qi (s,a)
<El(s,a) <El(s,a)
h *h %R
S 2Ek (87 a) + ‘QM\UT(& a’) - QM\UT(& a)'
where, we used Lemma[B.14}

Let us consider the remaining term \Q (s a) — ;’uhr (s,a)| in two steps. First, we have:
N a*h Jh * h 7% h
QI//\IUT(S7 a) - ;//\IUT(S7 a) < ;//\IUT(S7 a) - %u (s,a) +Q (S a) - W.A?uf(s7 a) +
SEQ’(s,a) <o
7%,k 7%,k h
QL (s,0) — Q" (s,0) < 28] (s, ),
<El(s,a)

where we used Lemma and the fact that 7™ is optimal in the MDP MU, Second, we have:

#*,h 7*,h #*,h #*,h
Q.,QUT(S’ a) — ﬂUr(S’ a) < ﬂUr(S’ a) = Qi (s,a) + QMUr(S7 a) — MUr(S a) +
<Eh(5 a) <0
*h h
+ QMU'I‘( ) %UT(S7 a) < 2Ek: (57 a)7
<El(s,a)

where we used Lemma and the fact that 7 is optimal in the MDP M U r. Overall, we find that

Q" (s,0) = Q" (s,0)| < 2B (s, a),

and consequently,
e (s,a) < AE} (s, a).

Note that, E/*(s, a) only sums positive terms, hence:

max B (s,a) < max E}(so0,a) = Ep(so, Tes1(50))

s,a,h

Hence, if EY(s0, Th+1(50)) < <. wehave forall s,a,h € S x A x [H]:
ek(s,a) < e

which implies correctness according to Definition 2} O

Next, we will analyze the sample complexity of AceIRL Greedy. Let us first define pseudo-counts that will be
crucial to deal with the uncertainty of the transition dynamics in our analysis. This is similar to the analysis of
UCRL for reward-free exploration by Kaufmann et al.|(2021).

Definition B.17. We define the pseudo-counts of visiting a specific state action pair at timestep h within the first

k iterations as
k

ik (s,a) =0, (s also),
i=1

where T; is the exploration policy in episode 1.
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The following lemma allows us to introduce the pseudo-counts when considering the contraction of the reward
confidence intervals.

Lemma B.18. With probability at least 1 — gfor all s,a,h,k € S x A x [H] x NT, we have:

h 7h
min (%k(s,a) 1) < 80} (s,a)
max

ni(s,a)’ (nf(s,a),1)

where 0} (s, a) = log (24SAH (R (s, a))? /).

Proof. This result adapts Lemma 7 by [Kaufmann et al.| (2021) to our setting.
By Lemma 10 in|Kaufmann et al.|(2021), we have with probability at least 1 — %:

ni(s,a) > Sng(s,a) = Bent (6),
where Bent (§) = log(25AH/6).
We distinguish two cases. First let Bent(8) < 374 (s, a). Then nj(s,a) > 17z (s, a), and

min(%Z(S’a) 1) < 200 (s, a) _ 2log(24SA ffl( h(s,a))?/6)

ni(s,a)’ ) = max(n}(s,a),1) max(nf(s,a),1)

2log(24SAH(nk(s a)/4)*/6) < 807 (s, a)
- (nh(s,a)/4) ~ max(nf(s,a),1)

where we use that log(24S AHx?/§) /x is non-increasing for = > 1, and log(24S AHz?/§) is non-decreasing
and Bent (6) > 1.

Now consider let Bent (85) > +7 (s, a). Then,

.<2fz<s,a) 1><1< p Bem®)  _ 4B(s,0)

i nl(s,a)’ max(nf(s,a),1) ~ max(nl(s,a),1)

where we used that £} (s, a) = log (24SAH (nj.(s,a))?/8) = Bent(8) + log (61} (s,a))?) > Bent(5). O

The final lemma we need shows relates the error upper bound which is defined using our estimated transition
model to a similar quantity defined using the (unknown) real transitions.

Lemma B.19. Under the good event &, we have for any s,a, h :

Bl (s,0) < 2C}(s,0) + 3 P(s|s, 0) max B} (s', ')
s/ ¢

where P is the true transition model that we do not know.

Proof. First note that EI'(s, a) < H by definition. Now, consider:

El(s,a) < Cr(s,a +ZP “Is, a)maXEhH(sl,a')
(s,a) + Z s'|s,a) — P(s']s,a) + P(s'|5,a))math+1(s',a/)

(s,a —I—Z (s'|s,a) (5/|s,a))mng£+1(s',a/)+ZP(5'|S,a))mé}xEQH(s',a/)

s/

<O (s,a)
< 204 (s, a) + Z P(s']s,a) max EMY(s d)

s/

where we used the good event and the fact that CJ' can only shrink over episodes. O

Finally, we can analyze the sample complexity of AceIRL Greedy.

Theorem B.20 (AceIRL Greedy Sample Complexity (problem independent)). AcelRL Greedy terminates with

an (¢, 8, n)-correct solution, with
5 2
<0 (H RmaXSA).
< e
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Proof. Lemma@ shows that if AceIRL Greedy terminates, then it returns a (e, &, n)-correct solution. So, we
need to show that it terminates within 7 iterations and bound .

Let us consider the average error, defined by

= ZnM s (55 (s, als0)Ef (s, a)

< ZnM s (5,0]50) (2CE (s,0) + > P(s'|s,a) max Ep ' (s',a'))
= ZHM ros (5:0l50) (2CK (5, @) +ZP (s'ls,a) Zﬂ'kH sV BT (s )

=2 ZnM rop (8:0]50)CR (s, a) + qi:“

where we used Lemmamm step (a). Unrolling the recursion, results in:

ar <2 Z Z Mﬂk+1 (s,als0)Cy (s,a)

=h s,a

If the algorithm terminates at 7, we have for each £k < 7, and s,a,h € S X
A x [H): € < 4E}(s0,mkt1(50)). We have qf = EY(so,mk+1(s0)); therefore,
as long we haven’t stopped, we have e <  4gP. Writing out this inequality, yields:

\/810g(125AH(nk(s ,a))2/5)

max(nf(s,a),1)

e<dqp < 8227]M —_— (s,als0)Cr(s,a) < 4H Ruax Z ZnM _— (s, also)

h=0 s,a h=0 s,a
Using Lemma|[B-T8] we can relate this to the pseudo-counts

\/ 8log(12SAH (il (s, a))2/d)

max(nk(s,a),1)

e < 4HRmax ZZ”M Tht1 S a‘SO)

h=0 s,a

8log(12SAHk? /5
§4HRmaXZZ77M o (5 aso)\/ 8 25 /9)

P max(np(s,a),1)

Summing the inequality over k = 0,...7T with T' < 7, we obtain

—_

(T + 1) < AH Runax\/8log(12SAHT?/5) Z ZZW roia (5:0]50)

h=0 s,a k=1 max(’g(s,a),l)

H

=k
= 4H Runax+/810g(12SAHT?/5) ZZZ i (s,a) — 7k (s, a)

h=0 s,a k=1 max (7 (s, a),

where we used the definition of the pseudo-counts in the last equality. Using Lemma 19 by Jaksch et al.|(2010),
we can further bound the sum in k:

H
e(T + 1) = 4H Runax+/8log(12SAHT? /6) Y > " 1/n, T (s,a)

h=0 s,a

< 4H Rinax\/3log(12SAHT? /5) SAZ \/m
h=0 s,a

= 4H? Rumax+/810g(12SAHT? /6)V/SAVT + 1

It follows that

VT + 1 < 4H” Ruax/8SAlog(12SAHT? /5)
€1 < 128H* R . SAlog(12SAH (1 — 1)?/5)
setting 7 =T + 1.

For large enough 7, this inequality cannot hold because v/T" + 1 on the Lh.s grows faster than log(7) on the r.h.s.
Hence, the stopping time 7 is finite. Further, we can apply Lemma 15 by Kaufmann et al.|(2021), and follow that

4 P2
< (H RmaxSA)
<O(——5"—

23



If we observe H samples in each iteration, i.e., Ng = 1, we get a sample complexity of

5 p2
<6 <H RmaxSA)

€2

B.5 Sample Complexity of AceIRL in Unknown Environments (Problem Dependent)

For the problem dependent analysis, we will need this additional lemma also used by [Kakade and Langford
(2002).

Lemma B.21 (Lemma 6.1 by |[Kakade and Langford|(2002)). For any policy w:

VJ‘I\r/lLili‘L( ) VMUT‘ Z Z 7] S a‘ S)AMhU'r(s a)
s’,a’ h'=h
Proof.
Vil (8) = VEil(s)
:ZwZ(a|s) ( s,a +ZP "Is, @)Vl /)>
=St 000+ P OVEEE ) ) £ T mal P )
= (mi(als) = ma(als))r(s,a) + Z(WZ(@IS) — T (a\S))P(s s, @)Vt (s)
+ZM(@IS)P(S'\8,@ Y(Vailrt (s) = VLT (s))
=~ Z (als) A3, (5, @ +Zm als)P(s'}s, ) (Vi () = VST (5))
Unrolling the recursion yields the result. O

We can now start with the analysis. First, we define the policy confidence set, and show that it indeed contains
the relevant policies under the good event.

Definition B.22. We define the policy confidence set as
I, = {W\Vjalw(so) — j’\%’w(so) < 10ex}

where # = @/ (Rg,) is the reward estimated using an IRL algorithm <f . We choose ey, recursively by solving the

optimization problem
H

0,h ro he t 1
e = max » Ny (s,a'550)Ci (s, )
ek 20 e T

starting with eg = ﬁH.
The following lemma will help us to deal with uncertainty about the transition dynamics.
Lemma B.23. Under the good event &, if m € Iy, then:
w,h ,h
VER (5) = Viile(s)] < e

Viitia(s) = VED (s)] < e

Proof. First by Lemma|[B-4}

VEL (8) = Vil (s)] < W (s sy (a/|)|P(s"[s' ') = P(s"[s, @) Vi (s”)

Mur

(s';8)mhi(a|s")Cr(s',a") < e

>3
> S
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Then, by Lemma[B.3}

Vi (s) = Vel (s)< Z et (s s)mi (d[s))(P(s"]s',a') — P(s"|s, ")) Vil (s7)
h'!=h s’,a’,s"
< Z 277 (s's )i (d']s")Ci(s',a") < e
=hs’,a’

And, similarly

Vil ) Vi) £ T30 a5 @O )~ PV )
=h s’,a’,s’
< Z Znhh s's8)in (a'|s)Cr(s',a’) < e
=hs’,a’

O

Now we show that the relevant policies are always in the policy confidence set, conditioned on the good event.

Lemma B.24. Conditioned the good event &, if 7, #* € Ilx_1, then 7 € Il

Proof. Letr € Ra. Then

Vil () = VIS (9) = VEL () = VEL ()4 VEl () = VIS (9

MUrk MUT MUT, Mur Mur MUTF
@ g N
23 S I )+ 3 S o ) 2
=hs’,a’ =hs’,a’

where (a) uses Lemma Lemmaand Corollary (b) uses that 7* € II}_1 and the definition of e.
Hence,

T*,h
max (erk( ) - VI (s)) < 2¢; < 106
and therefore 7 € II. O
Lemma B.25. Conditioned on the good event &, for every policy m and episodes k' > k, there exists
T € Ry o such that:

max (V/Cfﬁfk, (s) — V/C{ﬁfk (S)) < 4eg

Proof. Similarly to the proof of the previous lemma, we have

VEL ()= VI (s)=VEr  (s) = VI (s)+VEE () = VI (s)

Mufk/ MUTy MUT Mur Mur MUTy
<ZZn 9)CHe () +ZZn 9 (s, ) < 261
=hs’,a’ —hs,a’

where we use that the confidence intervals are shrinking with increasing episode number, i.e., €xr < €.

By combining this with Lemma[B:23] we get the result:

max (V/Cfﬁfk, (s) — V./Clﬁ'rk (5))

=max Vil () = VI ()4 VR ()= VAL () +VEE (5) = Viihs, (5)) < dex

MUF MU, MUFy

<eg <2 <ek

O

Lemma B.26. Under the good event &, if 7y, @ € j_1 and 7 ¢ I1y, then the policy  is suboptimal for some
reward 71, € R%k/ forall k' > k.
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Proof. We can observe that

,h Jh h b
VJC!U%,C, (s0) — V;Auf«k/ (s0) = V/Cluf«k, (s0) — V/:r/tkufk, (s0)

=V3ile,, (50) = Vs, (s0) + Viils, (s0) = V" (s0)

MUy,
Ciey Qe
h sk #rLh 7k h
+ V/%ufk (s0) — /\’/\lkufk (s0) + Vﬂkufk (s0) = Viiiis, (s0)
(©) (b)
> 10¢ <eg

75Lh 75.h
+ Vtlr, (s0) — VMkufk/ (s0) >0

(a)
< dey

where we applied (a) Lemma , (b) Lemma , and (c) the definition of II;, and the fact that ¢ IL;.

Consequently, 7 is suboptimal for at least some reward function 7/ € R%k/ . O

Corollary B.27. For ey = %,for every k > 0 it holds that both ", 7t} € 1.

Proof. We show the statement by induction over k. For kK = 0, we have 10¢p = H and therefore I, contains
all policies. Assume that for k& — 1 the statement holds, i.e., 7*, @} € IIx_1, and consider k. By Lemma

7* € . Note, that 75, ; € IIy_1. Hence, by Lemma|B.23| it follows that 75 ,; € IT; because it would be
suboptimal otherwise which is a contradiction. O

The last result we need, is quantifying the size of the policy confidence set.

Lemma B.28. Under the good event &, let ¥ € argmin, g maXsa(r(s,a) — 7x(s,a)), where 7, =
(R, ). Ifm € [Iy, then max, (V=" (s) — V;\%Zf(s)) < 12¢.

MuUF
Proof.
*,h w,h *,h *,h *,h ,h ,h ,h
V/\?ui(s) N V/\AAUF(S) - V/\AAUF(S) o V/\A/lufk (s)+ V/\?ufk (s) - V/\?ufk (s)+ V/\?ufk (s) - V/\?ui(s) e < e
<ex <10¢p, <ek

Next, we define the error upper bound based on the policy confidence set.
Definition B.29. Using Iy, we define recursively:
Efl(s,a) =0
Ep(s,a) = min((H — h)Ruax, Ci'(s,a) + Z ﬁ(s/|s, a) max mw(a'|s)VEFT(S, a'))

melly_y

where P is the estimated transition model of the environment. In contrast to Deﬁnition the maximization is
over policies in 11, rather than all actions.

This definition allows us to derive results that are analogous to the problem independent case.

Lemma B.30. Under the good event &, for all policies m € 11, and reward functions r and all s,a € S X A:

w,h w,h )
|Q./\//\1Ur(s7a) - MUr(Sva)‘ S Ek (570/)
Proof. The proof is the same as for Lemma , restricting the set of policies to 11 O

Lemma B.31. Under the good event &, for all reward function r, all policies w € I1y, and all s,a €S xA:
,h ,h h
QT (s,0) = QT (s,a)| < Bl (s.a)

Proof. The proof is the same as for Lemma , restricting the set of policies to I O
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Lemma B.32. Under the good event &, we have for any s, a, h :

El(s,a) <200 (s,a —|—ZP ‘Is,a) max w(a'|s)EIT(s,a))

o mEM_1

Proof. The proof is the same as for Lemma[B-32] O

Finally, we can combine these results to analyze the algorithm’s sample complexity.

Theorem 8. [AcelRL Sample Complexity] AcelRL returns a (¢, §, n)-correct solution with

n < 0] (min

H°R2,.SA H*R2,.SA_,
2 » h
€ ming a1 (A3, (5, a)) %€
where e€-_1 depends on the choice of N, the number of episodes of exploration in each iteration. Aj\’,lhw(s, a)

is the advantage function of v € argmin, ¢ . MaxXp,s,a(7Th (s, @) — Tk, (8, ), the reward function from the
feasible set R closest to the estimated reward function 7.

Proof. First note that the analysis of Theoreml@ still applies; so, in the worst case we get the same sample
complexity. The key difference is that we no longer use the overall greedy policy w.r.t EJ, but restrict ourselves

to policies in Hk

Again, we consider the error

2 h
ek ,a) = ‘QMUT a) — Qi (s, a)

where 7™ is the true optimal policy in M U r, and 7™ is the optimal policy in MU 7, 1.e., in the estimated MDP
using the inferred reward function.

Similar, to the proof of Lemma m we can use Lemma and LemmaMto show for all policies ™ € 1:[2,
that:
el (s,a) < 4E! (s, a)

which implies the correctness of the algorithm according to Corollary [B-10| when stopping at

~ €
Eg(so,ﬂkﬂ(so)) < 1 2)

Now, consider the following condition for all s, a, h:
cp < AN (s,a)——— 3
k(sva) = MUT(S’a)48Ek_17 ( )

where 7 € argmin, ¢, MaXp,s,q(7r(s,a) — 7,1 (s, a)). We will (a) show that when this condition holds the
previous stopping condition also holds, and (b) analyze after how many iterations this condition will certainly
hold. Together this will yield the result.

To show that Equation (3) implies Equation (Z)), we assume that Equation (3) holds. Then, we get by applying
Lemma [B32]recursively:

H
E(s0, mht1(s0)) <2 max rnaxZZnM7r s',d'is0,a)CR (s a)

melly 1 h=0s’,a’

<2 max maXZZn/\,“r s',a’; s0,0) (—Aj\’/lhuf(s/,a')ﬁ>
k-1

melly h=0s’,a’ -
(a) € ®) €
<2 max (V52 (s0) = VEL (so < =
< weﬁk,l( o (50) = Viio,( ))485k,1 <3

where (a) uses Lemma|[B:21]and (b) uses Lemma[B.28]

Next, we analyze after how many iterations Equation (3) holds, which will give a lower bound on the sample
complexity result. The argument proceeds similar to the proof of Theorem

Before the algorithm terminates at 7, we have for all k < 7:

2 h
< max Ck (s,a) < HRmax li(s,)

in(—A%" B A i
min( f(s,a))48€k71 s,a,h max(N}(s,a),)
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Using similar argument to the proof of Theoremm using the same pseudo-counts, we arrive at:

gngr}b(fAth(s ) g S \/T+ < HRuax\/8SAlog(12SAHT2/5)

Again, we can use Lemma 15 by Kaufmann et al.[(2021) to find that

3 p2 2
S @ ( H RmaxSAETfl )

mins,a’h(Aj\;thW(s, a))2e?

B.6 Computing the Exploration Policy

To run AcelRL, we need to solve the optimization problem:

7p =min max ZZU (s',a';50)Ch (s, d'|)

ToRely 150 4 Ja’

For simplicity let us denote the state visitation frequencies by
0,h .
(s, a) = nM\J(s, a; S0)

in(s,a) = n%ﬁ(s, a; 80)

Let us introduce the following matrix notation

rl 0 0 0 07
P I 0 0 0
0 P -1 0 0
0
- T’f”
A: 0 0 0 P —1I ) a = Tk-1 ) A:|:AT 0:|7
I 0 0 ... 0 0 e a’ -1
0 1 0 0 0 Tk—1
0 0 0 0
L0 0 0 0 I |
ST
0
Ho fio Co
41 . 0 Ch
z=|...|, g=|M , b= , c=1|...],
1 C
“tH fin 0
1
L—10€x 1]

where [io is the actual initial state distribution of the environment (which we assume to know). We can now
write the inner maximization problem above as a linear program:

max ¢’z
x
Az =b
x>0
The corresponding dual problem is:
min bTy
Yy
ATy >c

Using this we can write the full min-max problem as:

o by
ATy > c(x)
Az =b
x>0



which is a convex optimization problem, if we use:

2log (24SAH (max(1,n} (s, a)))?/6)

maX(L ﬁZ-Q—l (8, a)

Ch(s,a) = 2(H — h)Rmax\/ )

where 2}, 1 (s,a) = n}(s,a) + pn(s, a) * N is the number of times we expect h, s, a to be visited at the next
iteration.

Solving this optimization problem yields the state-visitation frequencies fix(s,a). We can then find the
exploration policy that induces these state-visitations simply as:

~h
s,a
ﬂ_k,h(a|3) — :u‘k( )

B Za/ p’z(s7 G/) .
C Experimental Details

In this section, we provide more details on our experiments. We discuss the environments in detail (Ap-
pendix [C.T), provide some information on the implementation and the libraries and computational resources
we used (Appendix [C.2)), and we provide more full plots of all experiments we discussed in the main paper

(Appendix[C3).
C.1 Details on the Environments

Four Paths. The four paths environment has 41 states and 4 actions:
S = {C,ll, . .,l10,U17. AT ATERE 77‘10,d17- . .,dlo}7 .A = {al,az,ag,a4},

and a time horizon of H = 20. The agent starts in the center state ¢, from which can move in four directions: left
(a1), up (a2), right (as3), or down (a4). Each action a; has a probability p; of failing. If an action fails it moves
in the opposite direction. p1, . .., ps are sampled uniformly from (0, 0.3). One of the states (I10, u10, 710, d10)
is chosen as the goal state at random. The reward in the goal state is 1, all other rewards are 0.

Double Chain. The Double Chain MDP, proposed by [Kaufmann et al.| (2021), consists of L states S =
{s0,...,8L—1}, and two actions A = {left, right}, which correspond to a transition to the left or to the right.
When the agent takes an action, there is a 0.1 probability of moving to the other direction. The state sy, —1 has
reward 1, all other states have reward 0, and the agent starts in the center of the chain at s(z,_1)/2. We choose
L = 31, similar to Kaufmann et al.|(2021)). The environment has horizon H = 20.

Chain. The Chain MDP, proposed by [Metelli et al.| (2021) has 6 states S = {s1, s2, S3, S4, S5, S, } and 10
actions A = {au,...,a10}. The agent starts in a random initial state. Taking action a0 moves it right along
the chain with probability 0.7 and to state s,, with probability 0.3. Any other action moves the agent right with
probability 0.3 and to state s,, with probability 0.7. If the agent is in state s,,, action a1o moves it back to state
s1 with probability 0.05. Any other action moves it to s; with probability 0.01. The reward is 1 in all states
except s,, where the reward is 0. [Metelli et al.| (2021) provide an illustration of the environment in Figure 3. We
choose H = 10 for the chain.

Gridworld. The Gridworld, proposed by |[Metelli et al.|(2021)), is a 3 x 3 gridworld with an obstacle in the center
cell (2,2) and a goal cell at the right center cell (2, 1). The agent starts in a random non-goal cell, and it has 4
action one to move in each direction. If the agent takes an action with probability 0.3 the action fails and the
agent moves in a random direction instead. If the agent is in the center cell (2, 2) which has the obstacle, if the
agent would move right it instead stays in the center cell with probability 0.8. The reward in the goal cell is
1, all other rewards are 0. Metelli et al.| (2021)) provide an illustration of the gridworld in Figure 6. We choose
H = 10 for the gridworld.

Random MDPs. We generate random MDPs by uniformly sampling an initial state distribution and transition
matrix and normalizing them. The rewards are sampled uniformly between 0 and 1. Our random MDPs have 9
states, 4 actions and horizon 10.

C.2 Implementation Details

We provide a full implementation of AceIRL in Python, using multiple open sources libraries, including cvxpy
and the SCS optimizer (Diamond and Boyd| [2016} |O’Donoghue et al.l [2016) for solving the optimization
problem in Appendix [B-6] and standard libraries for numerical computing, including numpy, and scipy. We
choose Maximum Entropy IRL (Ziebart et al.| |2008)) as an IRL algorithm, but AceIRL is agnostic to this choice.

We ran experiments in parallel on a server with two 64 Core AMD EPYC 7742 2.25GHz processors. We estimate
a total wall-clock time of less than 48 hours for running all experiments presented in this paper, including 50
random seeds each.
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Figure C.1: Full learning curves for all experiments shown in Table [I] Similar to Figure 2] we
show the mean and 95% confidence intervals computed over 50 random seeds. In addition to the
exploration algorithms, we also show uniform sampling and TRAVEL which are much faster in most
cases because they have access to a generative model.

C.3 Additional Results

We provide full learning curves for all experiments discussed in the main paper in Figure [C.1}

D Connection to Reward-free Exploration

In the reward-free exploration problem, introduced by 2020), the agent explores an MDP\R to learn a
transition model. In each iteration it chooses a new exploration policy based on previous data. The goal is to
ensure that if the agent is given a reward function r after the exploration phase it can find a good policy using its

transition model. [Jin et al.| (2020) formalize this goal as reducing the error:

VMUT‘

7.0 7,0
VMUT‘7

(s0) —

where 7 is the optimal policy in the estimated MDP MU r. Note the striking similarity between this problem,
and the active IRL problem, we study in this paper. We want to reduce a similar error (cf. Definition[2), but we

have additional information about the reward in form of the expert policy.
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Figure D.2: Illustrative experiments for reward-free exploration in the Double Chain environment
proposed by |[Kaufmann et al.|(2021). The difference to our Active IRL setting is that the agent does
not have access to the expert policy during exploration, but still tries to learn a good model of the
environment. During testing it then gets access to the reward function, and the regret measures the
suboptimality of the policy trained in the agent’s transition model. We find that the ideas used in
AcelRL are also useful for batched reward-free exploration with larget Ng.

The Reward-free UCRL algorithm, proposed by [Kaufmann et al.|(2021), is essentially analogous to AceIRL
Greedy (Section@. Reward-free UCRL explores greedily with respect to an upper bound on the value function
error. However, the exploration policy needs to be updated after each episode to adapt to the new uncertainty
estimates. This might be expensive or not possible in practice. Instead, we could consider a batched version of
reward-free exploration, where in each iteration the agent explores for Ng episodes, similar to our Active IRL
problem. In this setting, a greedy policy w.r.t. uncertainty is suboptimal because it does not adapt to the reduced
uncertainty over the Ng episodes.

Instead, we can consider reducing the expected uncertainty at the next iteration, similar to our discussion in
Section If our error estimate is denoted by F (s, a), we do no longer act greedily w.r.t. Ey. Instead we try
to estimate the error at the next iteration Fj 4 (s, a|m) as a function of the policy and try to select the policy that
reduces this error. In the tabular case, we can formulate this as a convex optimization problem, analogous to
Appendix [B-6] We call this adaptation of AceIRL to the reward-free exploration problem Ace-RF.

Figure [D.2] shows illustrative results of this algorithm in the batched reward-free exploration setting in the
Double Chain environment. We find that for larger batch sizes, choosing an exploration policy that reduces
future uncertainty is significantly better than reward-free UCRL.
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