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Variational Inference

Purpose: fit a complex and unknown distribution p(z|x) by a simple distribution g(2)

q*(2)= ar% )IIgIl Dy (¢(2)]|p (2|z)) variational distribution
q(z)e
— arg min B [logq(z) —logp (z|z) ] N
1)@ Dy (¢(2)||p (2]7))
= e m o 2 ,
— ax;%)rergn E,. [logq(z) log e } I logp (z)
= ar% )min B, [logq(z) —logp (z,2) 4 logp ()]
q(2)eQ iJi

B, [logq(z) —logp (2,2) +-logp (2)]= 0= log p(z) = B, [logp (2,2) —logq(2)]

evidence EL%O
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RL as probabilistic inference
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(a) graphical model with states and actions oo N d N N T

(b) graphical model with optimality variables

T1.T :{51,a1,52,a27 78T7aT}

—p (1) = p(Sl)p(a1)p(32|81,a1)'” p(GT)p(ST+1|8TaaT) = p(s) Hp(3t+1|3t,at) Hp(a't)

Optimal variable O, : p(0,=1|s,,a,) =exp(r(s;,a,))/T
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p(TlOl:T) — p<7-7 Ol:T)p(OlzT> — p<51) H p(at)p(8t+1|St7a’t>p(0t|3taa’t) H p(Ot)

p(0,) are the optimal variable prior which can be considered as a constant

+

Optimal variable O, : p(0,|s;,a;) = exp(r(s;,a,))

!

p(7]01.0) o< p(7,01.0) = {p (0] ] p(aap(stﬂm,at)} exp (Z r(s,a>)

t=1
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i = po) [ [p@nte e 0057 = o0 [ Ttento o T4

p(7]01.0) o< p(7,01.0) = {p (51) H p(at)p(smlst,at)} exp (Z fr(s,a)>

t=1

mln DKL (ﬁﬂ- (7-)' |p (T|01:T)) <~ max — ETN@(T,W) I:logjj (7-7 7T) o logp (T, Ol:T)]

T
=max E, . , {Z (r(si,a,) —logm (a,|s,) + logp (a,) )}

T
< max Z Estwi)(st),atwﬂ'(- |s.) [T (8t7 a’t) o logﬂ- (a’t |St>]
t=1

or logp (0y.r) = E. . |logp(1,0,.r) —logp™ (1) |=E, ., [logp (0, .7|T)+ logp (1) — logp™ (1) ]
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I Motivation PEII'NP_[:

— P(X)

(A)Reward  (B) Discretized Softmax — ax)
(C) Gaussian (D) Our Method =

— aX)
/}é&, & o

As the distribution of rewards (or Q function) can be multimodal, it is hard to evade local optima if the
policy is modeled as a unimodal distribution
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Reparameterized Policy 7y (z,7) = p(s1)mo(z|s1) H (St+1|st, ar)mo(at|z, st)

logp (0,.1) = B,y [logp (1,0,.0) —logp™ (1) | = E () [logp (O, .r|7) + logp (1) — logp™ (1) ]

log p(O)
- sz,'rrv’ﬂ() [lOg pd’(o’ < T) — log ﬂ-()(Z’ T)]

—

ELBO
+ Dk r(mo(2, 7)[|ps(z, 7|O))
> B remg logpe(O, 7, 2) —logme(2,7)]  p,(0,2,7)=p(0|z,7)p(z|7) p(7) = p(O|7) p(2|T) p(7)
= E; r~my [log p(O, T) + log pe (2|7) — log e (2, 7)] l

= FE. r [logp(O|1) +logp(7) + log ps(z|7) — log me (2, T) auxiliary distribution
reward prior Cross entropy cntr\:)py
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B~ |logp(O|r) +1logp(7) + log py (2|7) —log mo(z, 7)

' el
reward prior Cross entropy entropy

reward term: p(O|s,a)=exp(r(s,a))/T
prior term: a constant

cross entropy term: model the posterior of z for T sampled from  and distinguish different trajectories by z

I(r,2)= H(2)— H (2Ir)= B.[logp (zI7)— logp (1)]= B, . |log L&+ 1ogp, (z|) — logp (7) | = E...[log, (z|r) — logp ()]

entropy term: encourage exploration like maximum entropy RL

log py(z|T) = > ;0logp(z]st, ar)
fnal reward: \]F(st a,t,)/’]::o; log o (a¢|se, 2) + Blog pe(2|st, a.f,)J

Tt .,.;
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Model-based RL

St — f¢ (0:)
Ty — qu (Staat)
Q= Q«,b (Staat)

St+1— h¢ (St7a't)

(A) Reparameterized Policy
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ParN.C

to+K—1
Vef"l(otm Z) A= 7K (Qto-i-K + Téo+K) gz Z ’Yt_tn (Tt + Té)
t=to

to+K—1

Ly(r)= > Lillsesr —0g(fy(oer)|I” + La(re — ")

t=tq
+ L3(Qr — ng(r{" + YVeu(0141, 2)))" )
(B) Latent Dynamics Model (C) Exploration Bonus

_’

Observation

- -
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i @ ™ — log p(s)
= —' b Reward: ry
N @
O-E-e-

Cross Entropy: log p¢(Z]7')

Latent Rollout
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I Experiment PEII'NE[:

Algorithm 1 Model-based Reparameterized Policy Gradient

Input: p,, 7. hy, Ry, fy. Qy and an optional density estimator gg
Initialize py, g, construct the replay buffer B.
while time remains do
Sample start state 0 and encode it as s; = f;;,(01). Select z from 7y (z|s1).
Execute the policy mp(a|s, z) and store transitions into the replay buffer B.
Sample a batch of trajectory segment of length A {’rf:t + i 2} from the buffer B.
Optional: update and estimate the density estimator gy and relabel transitions with the negative density as the intrinsic
reward.
Optimize 2 using Equation 4.
Optimize 7g(a|s, z) with gradient descent to maximize the value estimate in Equation 3 for s, z sampled from the
buffer.
Optimize 7y (z|s1) with policy gradient to maximize Vigimae(S1,2) — alog my(z|s1) for s; sampled from the buffer.
Optimize «, (3 if necessary .
end while
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Gaussian

Our Method

Can multimodal policies help escape local optima?

Epoch O Epoch 10 Epoch 20 Epoch 60

laladala

action action action action

Figure 4. Illustrative experiment on continuous bandit

Can multimodal policies accelerate exploration?
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Figure 5. llustrative experiment on 2D maze navigation problem
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Figure 6. Results on dense re-
ward tasks with local optima (ex-
ploration disabled)
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Figure 7. Results on sparse reward tasks
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PBRL 1 01 exXp Ztﬂb(siaa%)
Pl;,,[(T —a } = s
Zig{(),l} exp ), Ty (s, ay) c
LT == (00,0]1]%’!})~D [y(()) log B [00 N 01]

-0.8 -0.6 -04

lng (Ol:T) = ET~7T [logp (7-7 Ol:T) o 1Ogﬁ7r (T)]
=E, . [logp(0,.r|7)+logp (1) —logp™ (1) ]

T
= Z B, e ).amncis 7 (8,0,) —logm(as|s,) ]
=1

+y(1)log Pylo* >~ 00]] :?/—’-/
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B/IMEEBFITHKLEE, SANSRENTHIKLEE

]DKL(ﬁW(T)Hp(T“9LT))¢$Inax 2{:]E&~ﬁﬂg¢uwﬂ¢@[r(%yag'_logﬂ(aAsa]
t—1

T T
< max Z ]Esth)”(st),a,Nﬂ'(- |s.) I:T(Sha’t)] —|_ Z Est'vf)”(st) I:H(Tr(. |St))]
t=1 =1

T T T
= . 7 (a,|s 7(a,|s o
HERF 7 (1) = p(s) T 1 p(00) p (50 a]snya) L2120 {p(sl) p(aap(wst,aa} (@ls) ey g
o p(a,) T 11 p(a)

SIS T FIFALEIAS 8, W™ (s) = p7 (s1)

T T
Dxr (ﬁﬂ(T) | |p (Tw|01:T)) — Dy (ZA)W(T” |p (Tl|01:T)) < max Z ]E(st,ai)fva (a5, [r(staat)] =+ Z ]E(si,at)fvﬂ'w [H(T"( |3t))]
t=1 t=1

7T7'w (a’t | st)

T T
- Z E(st,al)NT, 7T(at|8t) I:T(Sha’t):l - Z ]E(St,at)"/ﬁ I:H(ﬂ-( |8t))]
t=1 t=1

7]—7'1 (a't |8t)
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Xj‘ﬂ:PBRL’ Hﬁ?y‘ﬁ%jﬁﬂﬂe){p (zw 1D S [r (8t7 at)] — Zl Er~p(rw) [T(Sta at) ])
XS, NiZm A exp (-D(p™ (7)|Ip (7w]01.0)) +D(p™ (1) ||p (11| 01.1)) )

o358 e T ) 8 T 0]

AT PBRLA A AU Al AR SRR EAS BAS 2R, A AT MESIERAF S FidKlog 7, (a|s)

CELSTLTRRIRRITT HRICREH T — exp (g (als)—logm, (al9). RRREEIERS FHRIIHLT
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PR PR ) A U—
11 Ors(syaf) exp(> T'O(S},a}))-l—exp Zro(sf,af))
L(¢) = —log exp (X rolsp.))
(6 oelm (X ro 5 5) oL exp(3 ro(s},1))

ot Bl Sl ot e o ey

o exp (3 A(st 0 )ro(sy.ar) )
L(gb) — log (exp(L A(sia;)rs(s; a,))+exp(L A(s},af)ro(s?, at))))
oL - GXP(L A(’Stl a; )rs(s;, a’ti))
Ors(slal) — A(S“at) (1 exp(D A(s,a;)rs(s1,a;))+exp(D0 A(s7,ai)ro(s7, tz)))

9 exp(}° A(s;,a;)rs(s;,a
37,0(1'5 2 A(St2>a’t) (1 — exp(X A( 3

1
,(87,a7) St at) (St at))+exp(2: A(

) - )
A(sf,af)rs(s7.af))

BEx |A(s,a)(1 — P)|, RAHBELGSKHUERENEERIGRIER



