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Inverse Reinforcement learning

learn a potential reward function under which the experts behavior policy is optimal.

Describes desirability
of being in a state.

Reward
Function R |
Inverse RL:

Dynamics
Model T

Il

Reinforcement
Learning /
Optimal Control

avg waxy BIYZ, v* R(se) ]

Given =*and T, can we recover R?
More generally, given execution traces, can we recover R?

maximizeqcc(min.en — H(m) + Ex[e(s, a)]) — Ex, [c(s, a)]

Probability

distribution over next
states given current
state and action

—

Controller/
Policy n*

Prescribes action to
take for each state
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Auto-drive Experiment

£

U oA

(a) (b)

Figure 1: Causal diagrams where X represents an action (shaded red) and Y represents a latent
reward (shaded blue). Input covariates of the policy scope S are shaded in light red.

X: Action(acceleration), [0, 1]

Z: Location of surrounding cars

Y: ax + Bz - yxz, 0 < a <y, Reward function
U1: car horn of surrounding vehicles

U2: wind condition




Auto-drive Experiment

(a)

Y & (1-X)Z+X(1-2)

Behavior policy:
P(X=1]2=0)=0.6
P(X=0|Z=1)=0.4

Z are drawn uniformly over {0, 1}

!

E[Y]=0.5 outperform
E[Y |do(rx)] =1
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Expert
observation

H Dismatch

(b) imitator
observation

Z +— U, e U;

Y« - XpZopUs

U, and U, are drawn uniformly over {0, 1}
Expert can hear horn

!

E[Y]=1 worse
E[Y |do(m*)] = 0.5

What can we do to
prevent?




Preliminary

Definition: SCM is a tuple (x, U, F, P(u)), represent the causal relationships
between variables in a system, where the nodes represent the variables in the
system and the edges represent the causal relationships between them.

® X : endogenous variables
® U : exogenous variables, Study work

® F : functions determining X,

for each Xi,

Xi :=fi(Xpa(ic) Up) Salary
® P(u) is a distribution over U
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Preliminary

£

* Policy Scope
a policy scope S (for short, scope) over actions X is a sequence of tuples {(Xi, Zi)}-; where Zi SPa;
for every Xi € X, A policy m ~ S is a sequence of distributions t = {m1(X1 | Z1), m2(X2 | Z2)}

S = {(X1, {z1}), (X2, {Z2})}

n-backdoor criterion

Xiis not an ancestor of Y; X ¢ An(Y)g

or ,
Zi blocks all backdoor path from Xito Y (Y L X;|Z;) in g(i)

minimal n-backdoor admissible scope
there exists no proper subscope S’ C S satisfying the sequential m-backdoor in G




, Preliminary

« MWAL: % T-projection5VE AL 7135
* Projection
1. R¥E L FI 22l R 2 CH M ATwit B D - — N e g
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@ A LRI FAE N B X ME Z B0 — 4 BIR FTRe—FeLy, trlRe—FER
(w* - () — W - pgl

W™ [l2|l2(p) — pgl2

V() = V(mg)|

&

v* = max min |[w - — W . 3
max min [w - pu(1p) Pl (3)

G(i,j) = p (i) — pg(i)

v* = max min w’ G4 = min maxw’ Gap.
Ppe¥ wesk wesk Ypew
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Preliminary
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13833 Y1 policy KAFEAF B MR 5 & KA AT MBI Rk Il ZkDiscriminator;
2. K] Discriminator{f Nsurrogate reward function>f )| Z: % & Policy (TPRO)

EM Y :

Yea(c) = {Eﬂﬁ l9(c(s,a))]  ifc<0

) where
+0o0 otherwise

Sz log(l —eT) z<0
9(@) = { +00 otherwise

A HES, EILKR fifcost function ) A XA .
minimize Yga(pr — prg) — AH () = Dis(pr, Prg) — AH(7),

lllﬂfieléliztﬁ (1;161%} —H(7) + E,|c(s, r;)]) — By ple(s, a)]
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Minimal Sequential Backdoor Criterion

Definition 4. Given a causal diagram G, a m-backdoor admissible scope & is said to be minimal if
there exists no proper subscope &' C & satisfying the sequential w-backdoor in G.

Theorem 1. Given a causal diagram G, if there exists a minimal w-backdoor admissible scope
S = {(Xi, Z;)},_, in G, consider the following conditions:

1. Let effective actions X* = X N An(Y')gs and effective covariates Z* =)y x- Zi;

2. Fori=1,...,n+ LIt X2, ={VX; € X* | j <i}and Z2;=Ux ex-. Z;

Then, for any policy ™ ~ S, the expected reward E[Y | do(7)| is computable from P(O,Y") as:
EY | do(x)] = 3 BIY | 2", 2")on(2", 2°) @

- *
otz

where the occupancy measure pr (¥, 2%) = [[x.cx- P (2i | ®%;,2%,) mi(xi | 23).

pr : Sx A = Ras pr(s,a) = 7w(al|s) Y ooV P(st = s|n)




Imitation Via Inverse Reinforcement Learning

= 55‘.} ﬂ[;léljé{]EM [Y] = Ep[Y | do(7)]. (1)
E[Y | do(w)] = ) E[Y | z*, 2*]pa(z*, 2*) (2)

* Object Function:

v* = min max r{x”, 2%) (plxe”, 2"°) — pxl2”, ")) (3)
w~8 rC i
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Imitation Via Inverse Reinforcement Learning

* Causal MWAL

Proposition 1. For a hypothesis classR={r=w - ¢ | w € Sk}, the solution v of the canonical
equation in Eq. (3) is obtainable by solving the following minimax problem:

v* = min max w' G, (4)
S weSk

where G is a k X n matrix given by G(i, j) =) . .. W (x*, 2*) (p(x*, 2*) — peii) (T*, 2¥)).

e Causal GAIL

Proposition 2. For a hypothesis class # = {r : Dx+ x Dz+ — R} regularized by 1), the solution
v* of the penalized canonical equation in Eq. @3) is obtainable by solving the following problem:

7t = IIl-IIb} Pv* (p— px) (6)

where 1)* be a conjugate function of ) and is given by 1)* = max, .pxxz a' 1 — V(7).
T g y reR




, Imitation Via Inverse Reinforcement Learning

Causal MWAL
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Algorithm 3: Causal MWAL

Algorithm 1 The MWAL algorithm

Input: §, Expert demonstrations 7
I: Apply Thm. 1 (or Thm. 2) to obtain formulas for the expert’s p(z*, 2* ) and imitator’s occupancy

2 Let (i) = Yoo o 0(2", 2*)p(a*, 2*) and let e (5) = ¥, o 00", 2') (2", 2°)

=

Letf = (H M)

+ Tnitialize w" ( Y R T W
: for iteration j = 0, 1,2,....., J do

Set w (i) = % fori=1,..k

Compute the policy 7r; by arg min,, w' Gr, where w = w’

9. Compute ft; = ps,

10: w™(1) = w!(i) - exp(In(f) - é(i,ﬁj)Jforizl.....k

11: end for

12: Output: The mixed policy that has a probability Iof choosing ;. forall t € {1,..., J}

=

DL et

1: Given: An MDP\R M and an estimate of the expert’s feature expectations fi.

-1
2 Letfi= (H\/ﬁ) ;

3 DcﬁncG(i u) 2 (=) (u(d) = fsg(i)) +2)/4, where pu € RE,
& Initialize WO (3) = Lori=1,... k.
5 fnrt—l....,Tdo

6 Setwll(i)= EW”( lori=1,..k

7: Compute an ep-optimal policy 7! for 1 with respect o reward function R(s) = w'")-4)s).
& Compute an e-good estimate " of ) = ()

W) = W) - exp(in()- G, 4 ™) fori = 1., k.

10: end for

11: Post-processing: Return the mixed policy ) that assigns probability 7 to # 0 forall t €

(1, T,

=




, Imitation Via Inverse Reinforcement Learning

Causal GAIL

Algorithm 4; Causal GALL
Tuput; G, Expet demonstrations

1 Apply . | (or Th. 2) o obtaim Formulas for the expertsplz”, ") and iltr s ccupaney

IRASIE i, (2",
) foriention =0 1.3,.. d
3 Collet tjetore from didribtons 2", 2” and e (2”2
4 Updat he parameters v of diseimmator ), with gradlcm

IE[Vﬂlug(D )]HE [Vkgl1-Die’ )
5. Uplaeiep Ollt y7; = agmin, B log(l D(a: ") withplcy optnizaion for IR
.endfur

Algorithm 1 Generative adversarial imitation learning

I Input: Expert trajectories T, ~ 7, initial policy and discriminator parameters fl, u
2fori=0,1.2...do

3 Sample trajectories 7; ~ 7,

4. Update the discriminator parameters from w; to w;+1 with the gradient

K. [V, log(Dy(s,a))] + K., [V, log(1 - Dy (s,0)) (17)

5 Take a policy step from 6; to 81, using the TRPO rule with cost function log(Dy, ., (5. ).
Specifically, take a KL-constrained natural gradient step with

E.. [Valogms(als)Q(s,a)] - AVeH(ms),

; 18
thm Q(S' EI) = JETE [I'Ug(D'IFg;i(STa)) ' Sﬂ = '§! ﬂ‘f]' = ﬂ] ( )

6: end for
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Experiment
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Figure 3: Simulation results (. . [¢.[d) for our experiments, where y-axis represents the expected
reward of learned policies in the actual causal model; the grey dashed line denotes the expert’s reward.
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Experiment

Table 1: Expected rewards E[Y | do(r)] for all imitation strategies. [E[Y| measures the expert’s
performance. For each experiment, we highlight policies with the optimal performance.

Experiment BC IRL T o be T il E[Y]
1 Backdoor 0.24 + 0.0042 0.25 += 0.017 0.45 4+ 0.0057 0.80 &= 0.0048 0.45
2 HighD +RA | 0.38 £0.0073 038 £0.0815 049 4+ 0.0066 0.62 + 0.0026 0.48
3 MNIST 0.56 = 0.0046 0.37 +0.0035 0.56 £ 0.0048 0.75 + 0.0027 0.56
4 MDPUC 0435 +=7.160 0457 +3.718 0.669 + 1.789 0.868 + 0.327 0.8
5 Frontdoor 0.52 + 0.0046 0.51 = 0.077 0.52 += 0.0054 0.63 £+ 0.0045 0.60
6 Backdoor 0.70 &+ 0.0044 0.72 +0.013 0.75 £ 0.0036 0.98 + 0.0003 0.75

(Linear)
7 Frontdoor 0.62 £+ 0.0037 0.50 4+ 0.0040 0.62 £+ 0.0036 0.75 £+ 0.0030 0.62

(Linear)

HighD 0.38 &+ 0.0073 0.38 4= 0.082 0.49 + 0.0066 0.49 £+ 0.051 0.48




