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IRL recovers the feasible reward function in which the optimal policy is the expert policy.

{(s ,a),(s ,a ).}

r
Sl

RL paradigm IRL paradigm
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MDP: [IMDP| An MDP M := (S.A.T. R.~)

Transition:  7: 8 x A — Prob(S)

Reward: R:SxA—-R

Value: V™ (s0) = Eq n(s) [i m(st))]s ]

MDP goal: V™ (s) = V*(s) = sup, V7™(s)

Visit frequency: 7 (s) = ¢%(s) + v > T(s,7(s).s) ¥ (s))
'S

Value: V*(s) =sup >, _c¥T(s) R(s,m(s))



BIGHAISHLE T EiR7E

FPAttern Recognition ano NEural Computing
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MDP without reward: M\ z

Feature reward: R(s,a) = widy(s,a)+ waga(s,a)+ ...+ wrd(s,a)

— w! ¢(s,a).

)
Feature reward count: p”*(7) = Y 97 (s¢) dp(se, 7(s1))

Empirical feature count:  /1°*(D) =

Value: v™ = w? Zu ) wl (s, a)
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Margin Optimization: Entropy Optimization: Bayesian Update:
SEZSQ"'(S._.{}.*) - ﬂ'EI_}llﬂi“} Q"T I[S._ !'1-] Hﬁl;{ — El;ﬂy .P'J"(T:I lﬂg P?‘I[T]I P({;’h g}lj—i‘aj . E(Q"{s.‘u:ﬂa})
[ (m) — A%(D)]. , P(7)
min TE{;F P(r)log g3

Te(als) — me(als)
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Method JI Rp params Optimization objective I Notable aspect
Max margin methods - maximize the margin between value of observed behavior and the hypothesis

MMP value of obs. T - max of values from all other v (Eq. 8) provable convergence
MAX-MARGIN feature exp. of policy - empirical feature exp. (Egq. 9) sample bounds

MWAL w min diff. in value of policy and observed 7 across features first bound on

iteration complexity

HYBRID-IRL empirical stochastic policy - computed policy of expert (Eq. 10) natural gradients and
efficient optimization

LEARCH Ri¢) nonlinear reward with

value of obs. T - max of values from all other 7 (Eq. 8) suboptimal input

Silver et al. [26] normalization of

outlier inputs

Max entropy methods - maximize the entropy of the distribution over behaviors

MAXENTIRL entropy of distribution over trajectories (Eq. 11) low learning bias
STRUCTURED entropy of distribution over policies (Eq. 12) efficient optimization
APPRENTICESHIP

DEEP MAXENTIRL w nonlinear reward
PI-IRL gradient of likelihood equivalent of MaxEnt (Eq. 13) continuous

state-action spaces

REIRL relative entropy of distribution from baseline policy (Eq. 14) suboptimal input and
unknown dynamics

Bayesian learning methods - learn posterior over hypothesis space using Bayes rule

BIRL posterior with Boltzmann data likelihood (Eq. 16) first Bayesian

R(s) IRL formulation
Lopes et al. [38] entropy of multinomial(p; (s), p2(s), ..., pjaj—1(s)) i learning

derived from posterior
GP-IRL flr,8) Gaussian process posterior nonlinear reward
MLIRL w differentiable likelihood with Boltzmann policy (Eq. 16) first ML approach
Classification and regression - learn a prediction model that imitates observed behavior
SCIRL actions as state labels
w Q-function as classifier scoring function provable convergence

s1 unknown dynamics
FIRL regression norm of (Hg - projection of Hg) avoids manual

tree feature engineering
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MDP\R M= (S5, A, P, H, sp)

R(s, a, h) SxAx[H] = [0, Rmax|

Qs a) QML (s, a) = (5, 0)+ ) 1 (@[ P(s']s.0) Mo (s.a))
V(s) Vaion(s) Zm als)Qqur (5, a)

A(s, a) AT, (s,0) = Qg (s,0) — VD (s)

Feasible policy ~ aur

h.h h.h' "o
Frequency Mat = (8']8) = Lgg—gy and nyy' ' (s]s) = ZP |5, @)mn (@|s" ) n (s"]5).

.I'J'

Definition: We can define a policy is optimal iff the A<0 for any states and actions.
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Definition 1 (Feasible Reward Set). A reward function r is feasible for an IRL problem (M, %), L. 5 N ‘
if and only if the expert policy ©% is optimal in M U r. We call the set of all feasible reward | COIRLLMAS) | MAMPRR L AR b4me.

functions R 4 .= the feasible reward set. If we estimate the transition model and expert policy from . e b T . W
; : . wad St 2 ie Jeastle @ AT s aptive] .
samples, we refer to the recovered feasible set Ry = R 7 - = in contrast to the exact feasible set @ few)a’e Toned St B Tb _ f”

2 5375708 L (DPRE. teebos S FERRL)
Re= Rovae”  Re» Raure “BAQ.

Mu
Ry = Rmure.

Definition 2 (Optimality Criterion). Let R be the exact feasible set and Ry be the feasible set

recovered after observing n > 0 samples collected from M and wF. We say that an algorithm for
Active IRL is (e, 8, n)-correct if after n iterations with probability at least 1 — 9 it holds that:

fé‘%:f ) sgp Lllﬁ‘QLﬁr(S, a) — waﬂlr(.q, a)‘ < e foreachr € Ry,
$ Tl 8.,
MuUF

inf sup max‘Qf\:[;_?T(s, a) — Qf\;ﬂlr(.e, a)‘ <€ foreacht € Ry,
reRa ey, ., s,a,h

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

Recal:iZE—"r_hatF=ERURESREFIRBEISGRITAIRI, HIBEEXRE,.
Precision: {FE—"RBERrgEZFIRB_hathIpFAEr hatdBfEHEITAIFRIN, FERE 7eE
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Lemma 3 ( Fea%ible Reward Set Implicit}. A reward function r is feasible if and only if for all s,a, h

it holds that: AMU,_, (s,a) =0 1{7 ‘(a|s) > 0 and Aﬂbr(e a) <0 ff:rff(a\s) = 0. Moreover, if
the second inequality is strict, T is uniquely optimal, i.e., I, , = {7¥}.

Lemma 4 (Feasible Reward Set Explicit). A reward function r is feasible if and only if there exists
an { Ay € R'if-f‘i}he[m and {V}, € ]RS};,E[HJ such that for all s, a, h it holds that:

.]I”h(.‘j._ﬂ.) :_’Ih[“! Hh_ﬂ E(a|s)= {1}+1-h 3P+ZPL‘& s, [‘Ilijr, [{x‘,l

ﬁrﬁlkmw £38% .
r i 7&,.35& A’;;,r(s a)=0 ffu,b(a 7>0_£L AM(/»“"‘)<° fﬁua $)> 0.

= A
_Ir'lrau"t ,C}NU,«ZS/O'/ }1(9 a)+L me’;)r(g s a) QIVU (S )T 27&[0(@ Q”u (s, a)
z }’is,a)-r; TLS S, O)VNW ') @ - Vw,/r § SMOJ

Bf]rc;t: ris feac/b/e & I7M ¢ e e 71/,Le sthecﬂ Jahs o

RS "73-,4,‘&0«).1 Takols )=0 TVhL9)+ Z?LS')S.Q)VMLS')
Y NG nigke 2
Z‘}ﬁaﬂ a ; / ¥ i ' ; ’ '




I Error Propagation in generative model

Theorem 5 (Error Propagation). Let (M, %) and (Jﬁ , ©E) be two IRL problems. Then, for any

7€ Rpm,ne) there exists T € R (51 7 Such that:

7 (s, @) — (s, 0)| < An(s, @)l (als) — 7E (als) |+

Z Vig1(s

(']s,a) —

P(s'|s, a)

and we can bound V;, < (P} — h)Rmax and Ay, < (H — h)Rpax.

ERRIBIRE

Lemma 6. Let M be an MDP\R, r,7 two reward functions with optimal policies 7", 7*

QR (5.0) = QR (s,0) < 2 S (it (8, dls,0) = 1 (51,015, @) ) (e (5, ') — e (7, )

=h s',a’

B]FHTheorem5fEANIKIBEEZR

E A E T

R

. Then,
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H
Bu(s'|sq) = —2ah=1"k(5:0,8) +E
0 max(1, 550, nf (s, a)) | max

In Appendix B.3 we derive Hoeffding’s confidence intervals for the transition model and the expert
policy. Combining these with Theorem 5, we can compute the uncertainty on the recovered reward as:

Cif(s,a) = (H — h)R,,. min (1, 2

where (}'(s,a) = log (24SAH[nﬁ(s, a))?/8). We can show that for any pair of reward functions

7 € R and 7 € R, the difference |r,(s,a) — 7 n(s,a)| < C}(s,a). This uncertainty estimate
will be a key component in all of our theoretical analysis.

Theorem 7 (Sample Complexity of Uniform Sampling IRL). The uniform sampling strategy fulfills
Definition 2 with a number of samples upper bounded by:

n < @(H5R2 SA/E'Z),

‘max

where O suppresses logarithmic terms.



I Ace-IRL without generative model

Definition 2 (Optimality Criterion). Let R be the exact feasible set and R, be the feasible set

recovered after observing n > 0 samples collected from M and wF. We say that an algorithm for
Active IRL is (e, 8, n)-correct if after n iterations with probability at least 1 — 9§ it holds that:

inf  sup max ij:l,j;(s a) — Qrwdﬂ(s a)

TERG #+cI[*. S.a.h
MMUF

<€ foreachr € Re,

inf sup  max
reRa F’Ellfm . s.ah

Qﬂdf;(sa} - Q"W_'!,ﬂ(s a)‘ <€ foreacht € Ry,

where T is an optimal policy in M U r and 7* is an optimal policy in M U 7.

—_—

ParN,C

eh(s,a; 7%, 7%) = Q:‘.‘:{iﬁr(s,a) — Qi;d’;,(s,a] .

Error Setting

B (5,) = min((H = ) Roax, CL(s,0) + 3 P(s'ls,0) max B (') (BB
’@/;mu | withot wole] — EEBFPEEFTRKF AL BRI
Yt FERE F5 aifit ut A A6 Ry fo aihi foin a2 LA
’ @:L(s,a;ﬁ*/ 7 )= Q;,LUZL (50)- Qlﬁ}kﬁga)}.
AR, 8|60 P 0] Cp s ) gmap: . hif iiirﬁ]
fk‘\(;, 0)= w.‘n((H-}\)RM, C,ﬁ“&m " 9Z ?(s’[;,o) qu)( E,)fﬁts 6')).

Eardd . o ( Jar Lot i’ﬂ(g,a : )
G (505, ) < )/\>Mﬁ|/ir=c,f‘ Brﬂg/;wm c;@lj
< = -
e ﬁﬁ‘t}jﬁﬂ% , 7/}.4""%)( L';S (So, ) £¢ f’rﬂ'%]k : %ﬁ‘h%‘? 48

AiﬁW\W.@ﬁ é?ﬁﬁ?ﬂbﬁ‘z’@/‘m 5 Ckﬁm{ f “
MAZ % %52 z, WEDG 7. ﬁ ot ’ZL’“’“SA/Q\)

dmax EP(sg,a) < e.
i

EXEBEEZrLARMABRE
FRUEARBERHITIRRT, AJLA
B RE FRESAERIREIR
SMEEE), BEEEZNERS
rewardiZA{ TEFRYTI,

XFNIRZR R IR FR /9 AcelRL-Gr
eedy,
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Drawbacks of the AcelRL-greedy::

1. AcelRL-greedy doesn’t reduce the future uncertainty.

’ PeeRUBRID: OBRE ) BAALY RE . A0SrA| BBAAT 4 T- RS B A ARESL.
© AcxFrdid );1/ AGE BAPEY A Bl 2D iFRRe b BAER
o 1} 8 804 S| Rl —1 & pE R ALY ) A ARE 29557 P, T IS T B

qé&% Py #9 8% %"ﬁ‘ oA tkﬂ%ﬂ-ﬁ Junsbir ¢ 5 5 $17348 X A% l}

(6, @) =(H=A) Rmax min (1, 2| Slitsa)
’Q ) (H}\)R@X ( : ﬁ,i‘(%ﬁ}-fﬁ,%(s,a))_

ke :
Lheg,ay= Ne - e (g,a/go) > A hpre] (s, @) BRI AL

> NeARAFL L8
R ) A AR AR, %m ﬁw}pgmﬁ LRSS L AR
241998 A4 IRL, H3nd) T &

0
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Drawbacks of the AcelRL-greedy::

2. AcelRL-greedy reduce all policies’ uncertainty.

AeSRLBAL: QIRRIRAAL A RAIIT 7 tags A oy, ]
G At 4283 fﬂi il Ry ﬁ@n%ﬁ%% ﬂ@%aﬁﬁ-ﬁa |
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Theorem 8. [AcelRL Sample Complexity] AcelRL returns a (e, 0, n)-correct solution with

n < ‘f) (Illiﬂ |:HGRIEnaxSA H;lRﬁlaxSA'f?-_] ] )

€2 : miﬂs,a._h(ALhuf(S:ﬂ))zfz

where €.._, depends on the choice of N, the number of episodes of exploration in each iteration.
#,h . . . ) . ) - -

AL (8,a) is the advanragg function of r € argmin, ma.xh‘_,;‘_a(rh(s:(.e) - Fi.n(s,a)), the

reward function from the feasible set R closest to the estimated reward function 7.

This result is the minimum of two terms. The first term is problem independent and it is achieved
both by AcelRL Greedy and the full AcelRL. This bound matches the bound we saw previously
with a generative model. Hence, AcelRL achieves the same results without access to the generative
model. Using (ACE) can yield a better sample complexity, represented by the second term in the
minimum. This bound depends on two main components: the ratio €,._; /e and the advantage function

A;‘,ﬁ_,,_,‘ (s, a). The ratio depends on the choice of Ng, the number of exploration episodes per iteration.
If N is small, then the e-ratio will be also small. If N is large the algorithm will perform similarly
to a uniform sampling strategy. Appendix B.5 provides the full proof of this theorem.
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Implementing AcelRL. To implement the full algorithm, we need to solve an optimization problem:

T} € argmin max EEH(:;D, 7(sg)) (ACE)
iy welly 1

Algorithm 1 AcelRL algorithm for IRL in an unknown environment.

ot

: Imput: significance 6 € (0, 1), target accuracy €, IRL algorithm .7, number of episodes N
Initialize k < 0, €y < H/10
while €. > ¢/4 do
Solve (convex) optimization problem (ACE) to obtain 7
Explore with policy 7 for N episodes, observing transitions and expert actions
k+—k+1
Update Py, 7y, Cf, and 7, + o/ (Rg,)
Update accuracy €. < max, EE(S(}T a.)
end while
- return Estimated reward function 7.

W s wy

[a—
—
"
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I Experiment

Uniform sampling TRAVEL (gener. model)

(gener. model)

(Metelli et al., 2021)

Random
Exploration

AcelRL
Greedy

AcelRL
(Full)

Four Paths (Figure 1) 1900+ 71 17840 £+ 1886
—Ng =50 1560 + 76 24180 = 1747 10780 + 1369
- Ng = 100 2000+ 0 32760 + 2172 14080 %+ 1603
— Ng =200 4000 =0 52000 = 4057 16160 £+ 2033
Double Chain - -
(Kaufmann et al., 2021) 1980 £ 66 23640 £ 2195
- Ng =50 1120 + 46 16240 + 842 11580 + 870
- Ng =100 2000+ 0 22200 + 1329 15440 £+ 1031
— Ng =200 4000 £ 0 37200 £ 1664 20400 £+ 1629
Metelli et al. (2021):
Random MDPs (Ng = 1) 22+1 2T+1 22+1 23+1 21+1
Chain (Ng = 1) TRLE2 T6+4 161 £ 8 155 £ 8 142+ 9
Gridworld (Ng = 1) 43+ 2 3h+2 45+ 2 46 + 3 48 + 2

Four Paths Double Chain

- L I T T T T T T
5k b
B0 0.8 [ e
é e l‘ i,

1% ,+
- 0.6 W™ . " ".",t a
& o '{u 1 b
NP e o - I i O .
o " by A Hetta
E t, * e
= LY h‘- .
oo0a2f hade P B R N T i
= 1 b Ay -
= 0 ] ] ] ] e 1 e

o 0.2 0.4 0.6 0.8 1 0
e
Samples =107

0.2 0.4 0.6 0.8 1
[
Samples =107

Unif.
Expl.

AcelRL
Greedy

AcelRL
( Full)

Figure 2: Normalized regret (lower is better)
of the policy optimizing for the inferred re-
ward in the estimated MDP as a function of
the number of samples. The plots show the

Table 1: Sample complexity of AcelRL compared to random exploration and methods that use a
generative model. We show the number of samples necessary to find a policy with normalized regret
less than (0.4. We report means and standard errors computed over 50 random seeds each. For each
environment, we highlight in bold the method that achieves the best performance without access
to a generative model. If multiple methods are within one standard error distance, we highlight all
of them. Overall, AceIRL is the most sample efficient method without a generative model if Ng is
chosen small enough. In Appendix C.3, we show learning curves for all individual experiments.

mean and 95% confidence intervals computed
using 50 random seeds. We use N = 50.

Our main evaluation metric is a normalized regret:

(Vi (50) =V (50)) / (Vi (50) =V (0))
where 7* is the optimal policy for M U r, 7 is the
optimal policy for MU r,and 7* is the worst possible
policy for r, i.e., the optimal policy for M U (—r).
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