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Yes!
A reward function emerges naturally from inference,
can be learned from data, and

IS well-shaped.
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INFERRING OUTCOME-DRIVEN TRAJECTORY DISTRIBUTIONS

To:t = 120, S1, &1,--.,5, ;) t =1 —1
5'0,0,S,0L%
° . t* iS knOwn
Goal

> Find a state-action trajectory distribution leading to S+ = g

- Infer conditional distribution p3 s g.,(-|S0,8)
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INFERRING OUTCOME-DRIVEN TRAJECTORY DISTRIBUTIONS

To:t = a0, S1, a1,--.,S, &) t =1 —1

S, HAD) 50-s
° ° . t* IS known




INFERRING OUTCOME-DRIVEN TRAJECTORY DISTRIBUTIONS

To:t = 120, S1, &1,--.,5, ;) t =1 —1
000,800
° . t* iS knOwn
How? T{Sr—g}?

> Solve variational problem

min _Dxi(¢7,,s,(-50) | D7, (s0.5,. (- |50, 8))
qi’o:tISOEQ
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INFERRING OUTCOME-DRIVEN TRAJECTORY DISTRIBUTIONS

Problem:

min DKL(Q%0:t‘sO(' ‘ SO) H PT0.:180,S 1+ ( | S0 g))
q’i'oztISOGQ

> |Intractablel

Instead:

~ Derive an equivalent tractable variational objective
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» Define variational distribution
t—1

07,15, (Tot |S0) =7 (ar [ se) | | pa(ses1 | s, an)m(ay | se)
t’'=0



OUTCOME-DRIVEN VARIATIONAL OBJECTIVE (FINITE HORIZON)

Deriving a tractable variational lower bound

» Define variational distribution
t—1
9T 6..1S0 (To:t [ s0) =m(a | st) de(st'+1 | s¢, ay )m(ay | sy)
t/=0

> Then:

DKL(CI‘I"O:HSO(‘ s0) || P714.4180,S .+ (- |so0,8)) = —F(m,s0,8) + log p(g|so)
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Deriving a tractable variational lower bound

» Define variational distribution
t—1
9T 6..1S0 (To:t [ s0) =m(a | st) de(st'+1 | s¢, ay )m(ay | sy)
t/=0

> Then:
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OUTCOME-DRIVEN VARIATIONAL OBJECTIVE (FINITE HORIZON)

Deriving a tractable variational lower bound

» Define variational distribution
t—1
9T 6..1S0 (To:t [ s0) =m(a | st) de(st'+1 | s¢, ay )m(ay | sy)
t/=0
» Hence:

argergin DKL(CI‘/"O:HSO(’ so0) || PT0.4180,8;+ (“180,8)) = argérrlla,x F (7,80, 8)-

with

_ +—1 i
F(ﬂ-a S0, g) = f‘qﬁ- (70:¢ | s0) lngd(g ‘ St at) T Z DKL(T‘-( | St’) Hp( ‘ St/))

0:¢150
t’ =0
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What reward function is this objective optimizing?

> Variational objective

_ +—1 i
F(ﬂ-a Soag) = {“q'- (70:¢ | s0) 1ngd(g ‘ St7at) T Z DKL(T‘-( | St’) Hp( ‘ St/))
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> Variational objective
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OUTCOME-DRIVEN VARIATIONAL OBJECTIVE (FINITE HORIZON)

What reward function is this objective optimizing?

> Variational objective

_ +—1 i
F(ﬂ-a SO,g) = {"q'- (70:¢ | s0) lngd(g ‘ St7at) T Z DKL(T‘-( | St’) Hp( ‘ St/))

T0:t150 —
1t/ =

> Equivalent to KL-regularized RL with rewards

T(St’aat’agvt,) = {t, — t} logpd(g | St’aat’)

> Sparse rewards given by transition dynamics
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INFINITE-HORIZON OUTCOME-DRIVEN MDP

But: We don’t care when the outcome i1s achieved

» Treat termination time as a random vanable:
t—1

Do Sos TISe (To:ts 8 1] S0) = pr(t)pa(g | se, ar)p(ac |se) | | pa(ses1|se,an)play sy

99,99,

T



INFERENCE IN AN INFINITE-HORIZON OUTCOME-DRIVEN MDP

But: We don’t care when the outcome i1s achieved

» Treat termination time as a random vanable:
t—1

Do Sos TISe (To:ts 8 1] S0) = pr(t)pa(g | se, ar)p(ac |se) | | pa(ses1|se,an)play sy
t’'=0

» Perform inference over states, actions, and the termination time

~ min DKL(q’i-O:TaTlso(. | SO) H pi—O:T,T‘So,ST* (. ‘ SO) g))
qTO:TaT|SO€Q
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OUTCOME-DRIVEN VARIATIONAL OBJECTIVE

Infinite-horizon variational objective

» Define variational distribution

> Then:

qi'o:T,T\So (7:0:757 ¢ ‘ SO) — q'i'o:T\T,So (%O:t ‘ 2 SO)QT (t)

Dxi(94, ... 115, (- |80) [| P, . 7150.5.4 (| S0, 8)) = log p(g|so) — F(m, g1, S0, &)

with

F(ﬂ', qT, S0, g)

= Y qr(t)E

’ _
‘U5 .| T,8o (To:t | 1,50)

_logpd(g ‘ St, at) - DKL(q’i-O:TaTlso ( ‘ SO) Hp%oy_p,TlSO ( | SO))_




OUTCOME-DRIVEN VARIATIONAL OBJECTIVE

Infinite-horizon variational objective

» Define variational distribution

> Then:

q’i-O:T,T‘SO (7:0:757 ¢ ‘ SO) — q'i'o:T\T,So (%O:t ‘ 2 SO)QT (t)

Dxi(94, ... 115, (- |80) [| P, . 7150.5.4 (| S0, 8)) = log p(g|so) — F(m, g1, S0, &)

with

F(ﬂ', qT, S0, g)

= Y qr(t)E

’ _
‘U5 .| T,8o (To:t | 1,50)

not factorized

v

_logpd(g ‘ St, at) - DKL(q'i-O:TaTlso ( ‘ SO) Hp%oy_p,TlSo ( | SO))_




OUTCOME-DRIVEN VARIATIONAL DISTRIBUTION

Infinite-horizon variational objective

» Define variational distribution

q’i-O:T,T‘SO (7:0:757 ¢ ‘ SO) — q'i'o:T\T,So (%O:t ‘ 2 SO)QT (t)

t

qr(t) = qa,., (Apy1 = 1) H aa,, (Ay =0)

t'=1

> Goal: Derive recursive variational objective
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OUTCOME-DRIVEN VARIATIONAL INFERENCE AS TD LEARNING

Theorem 1. (informal)

> Define variational distributions ¢4, . s, (To:t,t|s0) and qr(t)

> Then
V7™(st,8;91) = Er(a,|s,) Q" (St,as,8; 1)) — Dri(m(- | se) || p(- | s¢))
Qﬂ- (St7 d¢, 8, QT) = T(Sta d¢, 8, QA) + dA ;4 (At-l-l — O) ﬂpd(st_,_l | s¢,at) [Vﬂ- (St—|—17 g, QT)]

T(Shatag; QA) = A1 (At-l-l — 1) logpd(g ‘ Staat) o DKL(th-H HpAt—l-l)
with

DKL(q'i'O:T,T‘SO(' ‘ SO) H p'i'O:T,T‘SO,ST* ( | S0, g)) — —Vﬂ-(507 g5 QT) + lng(g | S())
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What does this mean?

> Since
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the value function is a variational lower bound on logp(g|sg) and
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= argmax J(m,qr,S0,8)
well,greQr



A LOWER BOUND ON THE LOG MARGINAL LIKELIHOOD

What does this mean?

> Since

DKL(q'i'O:T,Tlso(’ ‘ SO) ” pf'O:T,T‘SO,ST* ( ‘ S0, g)) — —Vﬂ(507 g, QT) 1ng(g ‘ SO),

the value function is a variational lower bound on logp(g|sg) and

argmin {Dki(¢4, . 71s, (" 150) | P51 780,58« (* 50,8))}
WEH:QTEQT

arg max J(m,qr,So0,8)
WEH,QTEQT

arg 1max % (S(), g, qT).
WEH,QTEQT



OUTCOME-DRIVEN BELLMAN OPERATOR

Outcome-Driven Bellman Operator

T"Q(st,a¢,8; 1) = 7(St, a4, 8;9A) + 4a, 4, (Aey1 = 0)Ep s,ry s1.a,) |V(St4+1, 85 q7) ]

with

V(Sta g5 QT) = {:w(at | s¢) [Q(Sta at, 8; QT)] T DKL(W( |St) H p(° | St))

r(St,at, 8;9A) = QAt+1(At+1 = 1) log pa(g|st,as) — DKL(CIAtH ||PAt+1)



OUTCOME-DRIVEN BELLMAN OPERATOR

Outcome-Driven Bellman Operator

T"Q(st,a¢,8; 1) = 7(St, a4, 8;9A) + 4a, 4, (Aey1 = 0)Ep s,ry s1.a,) |V(St4+1, 85 q7) ]

with

V(st,8;91) = Er(a,|s,) (@ (St,at,8;97r)] + Dx(7(- |se) || p(- | s¢))

r(St,at, 8;9A) = QAt+1(At+1 = 1) log pa(g|st,as) — DKL(CIA,:H HPAtH)

» Dense, shaped reward function + dynamic discount factor



OUTCOME-DRIVEN POLICY ITERATION

Theorem 2. (informal)

> Assume that the MDP is ergodic and set of available action is finite.



OUTCOME-DRIVEN POLICY ITERATION

Theorem 2. (informal)

> Assume that the MDP is ergodic and set of available action is finite.

> Consider the outcome-driven Bellman operator.



OUTCOME-DRIVEN POLICY ITERATION

Theorem 2. (informal)

> Assume that the MDP is ergodic and set of available action is finite.
> Consider the outcome-driven Bellman operator.

~ Consider the optimal variational distribution over the termination time



OUTCOME-DRIVEN POLICY ITERATION

Theorem 2. (informal)

> Assume that the MDP is ergodic and set of available action is finite.
> Consider the outcome-driven Bellman operator.
~ Consider the optimal variational distribution over the termination time

> Alternating between policy evaluation and policy improvement will
result in an optimal policy



OUTCOME-DRIVEN ACTOR CRITIC

Algorithm 1 ODAC: Outcome-Driven Actor—Critic

1: Initialize policy 7y, replay buffer R, (Q-function ()4, and dynamics model p,.

2: for iterationz =1, 2, ... do

3:  Collect on-policy samples to add to R by sampling g from environment and executing 7.
4:  Sample batch (s, a,s’, g) from R.

5.  Compute approximate reward and optimal weights

6: Update Q4 , mg, and p,,

7: end for

with  #(s;,as,8;9a) = da,.,, (Aer1 = 1) logpy (g | st,a:) — Dxi(ga, || pa,)

Fo(¢) =E _(Q(p(s,a, g) — (7(s,a,8;9a) +qa,(A¢ = 0) V(S'ag)))z-

‘Fﬂ' (0) — {:SND,aNﬂ‘g(' | s;8) [Q¢(Sv a, g) T log Uy’ (a ‘ S; g)]

‘Fp(w) — 44(s,a,s’)~D [lng¢ (S/ ‘ S, a)]
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OUTCOME-DRIVEN REWARD ESTIMATION

Estimation of transition dynamics

> Objective is defined in terms of likelihood of achieving the outcome

> Need to know transition dynamics
> If transition dynamics are unknown, estimation is needed:

> Fix parametric model

> Learn parametric model via F,(¢) = Es as)pllogpy(s’|s,a)]
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EXPERIMENTS
A
e

- <

(a) Box 2D (b) Ant (¢) Sawyer Push  (d) Fetch Push (e) Faucet (f) Window

Setting

> No oracle goal sampling

> Future-style relabeling



EXPERIMENTS

(a) Box 2D (¢) Sawyer Push

9 s 0 Sawyer Push
< 1.0 < 1.0 < 1.0 ‘ *
: : :
205 0.5 205
@ @ @
: : :
= 0.0 = 0.0 = 0.0
OK 20K 40K 0K 200K 400K 0K 200K 400K
Environment Steps Environment Steps Environment Steps

—— ODAC (ours) === HER - SAC (hand-crafted reward) mome DISCERN ——= UVD



EXPERIMENTS

(d) Fetch Push (e) Faucet (f) Window

o Sawyer Faucet o Sawyer Window
O O o THEoENpE o Qg o [N e e
% S F\ RIS L : s l A Vit ey
e 1.0 - R A ol k7 : !’i‘ T !
—_— (0 (qv
E : :
= 0.0 = 0.0 = 0.0
= OK 200K 400K 0K 200K 400K 0K 200K 400K
Environment Steps Environment Steps Environment Steps

—— ODAC (ours) ---= HER = SAC (hand-crafted reward) St DISCERN ——= UVD



ABLATION STUDIES

Effect of dynamic discount factor and learned dynamics

Env ODAC fixed p; | fixed gr | fixed g7, Dq4
2D 1.7 (1.20) | 1.2 (0.14) | 1.0 (0.24) | 1.3 (0.29)
Ant 9048) | 11(0.57) | 12(0.41) | 13(0.20)
Push 352.7) | 34(1.5) | 37(1.5) 38 (3.1)
Fetch 19 (6) 15 (3) 53 (13) 66 (15)
Window | 5.4 (0.62) | 5.0 (0.62) | 7.9 (0.71) | 6.0 (0.12)
Faucet 134.2) | 15(3.3) | 37 (8.3) 38 (7.2)
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> Fixing the dynamics model works well
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ABLATION STUDIES

Effect of dynamic discount factor and learned dynamics

> Fixing the dynamics model works well

> Fixing the discount factor deteriorates performance

Env ODAC fixed p; | fixed gr | fixed g7, Dq4
2D 1.7 (1.20) | 1.2 (0.14) | 1.0 (0.24) | 1.3 (0.29)
Ant 9048) | 11(0.57) | 12(0.41) | 13(0.20)
Push 352.7) | 34(1.5) | 37(1.5) 38 (3.1)
Fetch 19 (6) 15 (3) 53 (13) 66 (15)
Window | 5.4 (0.62) | 5.0 (0.62) | 7.9 (0.71) | 6.0 (0.12)
Faucet 134.2) | 15(3.3) | 37 (8.3) 38 (7.2)
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MAIN TAKEAWAYS

1. RL can be derived from probabilistic inference
without access to a pre-specified reward function.

2. Outcome-driven variational inference can be
formulated as a temporal-difference algorithm,

3. and yields a dense reward function that can
be estimated from environment interactions.
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