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Goals

“In this article, we will discuss how a generalization of the reinforcement learning
. is equivalent to exact probabilistic inference in the case of deterministic
dynamics, and variational inference in the case of stochastic dynamics.”

Previous work

o Kalman duality, max entropy RL, KL divergence control, stochastic optimal
control

o Big idea: learning via probabalistic graphical models (PGM)
tl:dr

@ Bayesian version of Q-learning, policy gradient, etc is like changing max's to
soft-max’s.

@ The devil is in the details. Different implementations can give you different
variances.

@ You get to control p(a|s) but you do NOT get to control p(s;y1|st,at).
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Outline

Background and notation

Graphical models

> Policy search as probabilistic inference

> Deterministic vs stochastic case
@ Variational inference and stochastic dynamics

> Maximum entropy reinforcement learning with fixed dynamics

» Structured variational inference
@ Approximate inference with function approximation

> Maximum entropy policy gradients
» Maximum entropy actor-critic algorithms

> Soft Q-learning
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Background and notation
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Notation

@ s € S states, a € A actions
@ environment has Markov property
p(8t+1|817(117 -~~73t;at) = p(8t+1|8t,at)

> Deterministic: s;41 fixed given s¢, a;.

» Stochastic: use transition probability.

Trajectory 7 = {st,a¢ : t =1,...,T}

Reward function: (s, at)

(Usual) @ function and value function

(e, 1) ZE r(se, ar)] V7(st) = max Q7 (s¢, a)
t

(no discounts)
@ Goal: Find the optimal policy p(a¢|st, ?7)
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Example: mountain car

@ States: position, velocity
@ Actions: Move forward with force f, backward with force — f

o Reward: If car reaches flag, r(s;,a;) = 1 and terminate. Else, 7(s¢, a¢) = 0.
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System model

(a) graphical model with states and actions

@ Focus on discrete time

@ Note no p(a|s;) ( assume random / uniform).
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Policy search as probabilistic inference
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Policy

e Optimality: O; = {event that at time ¢, policy was optimal}

@ Model
p(Or = 1|s¢, ar) = exp(r(st, at))

e Optimal policy 7(a¢|st) = p(at|st, Opr = 1)

(b) graphical model with optimality variables
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Inference

Goal: learn this trajectory via inference (e.g. sun-product inference alg., HMMs,
Viterbi, forward-backward algos)

@ Forward message: Play a game, calculate
p(Orlst,ar) = exp(r(sr, ar))

o Backward messages: fromt=1T,...;1

p(Owrlse) = / p(Ourlse, ar) plaglss) das
—_——— A N e e —
Be(st) Bt (st,at) 1/]A|

p(Ot:T|5taat):/p(0t+1:T|3t+1)p(3t+1|3taat)p(0t|5taat) dsi+1
S

Be(st,at) Bt+1(st+1) sample exp(r(st,at))
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Inference

Compute policy (no 6)

p(sta a |Ot:T)
p(5¢|Oe.1)
1/]A]

m(aclse) = plalss, Onr) =

—
Bayes P(Oprse, ar) plag|se) p(st)
B p(Our|si)p(st)
p(Or.rlst, at) _ Bi(s¢, az)
p(Ot:T|8t) B ﬂt(st)
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Generalized Q-learning

Q(st, at) = log(Bt(st, at)), V(st) :=log(B:(st))
Then

Vst) = log/AeXp(Q(st,at))dat (softmax)

~ maxQ(sy,ar)
at
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Generalized Q-learning (Deterministic)

Q(st, ar) := log(B(st, ar)), V(st) = log(Be(st)) = H}I%XQ(Staat)

o Recall
Bi(se,ar) = /S5t+1(8t+1)1?(5t+1|5t7at)eXP(T(Smat»dSHl
Eq, 1 [se.a,[Be(st) exp(r(se, at))]
o If dynamics are deterministic, expectation goes away
Bi(se,ar) = 5t+1(5t+1) exp(r(st, at))

Q(stya1) = V(sp41) + (st ar)

which is how Q-learning works
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Generalized Q-learning (Deterministic)

Q(st,ar) = log(Bi(st, ar)), V(s¢) :=log(Be(st)) = YT}I?XQ(St»at)

Bi(styat) = By, 1se,a. [Bea1(se41) exp(r(se, at))]

@ If dynamics are stochastic

Q(st,ar) = r(s,a:) +1log (B, 5,0, [exp(V (st41))])

r(st,ar) + max  V(sg41)
St41lst,ae

Q

@ “This creates risk seeking behavior: if an agent behaves according to this
Q-function, it might take actions that have extremely high risk, so long as
they have some non-zero probability of a high reward. Clearly, this behavior
is not desirable in many cases, and the standard PGM described in this
section is often not well suited to stochastic dynamics.”
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Inference — optimization
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The best trajectory ever

p(T|01:T == 1) X p(T7 Ol:T)
T
= p(s1) HP(Ot = 1fs¢, ar)p(se41se, ar)
t=1
T

= p(s1) H exp(r(se, ar))p(sisalse, ar)
t=1

T
= <p(51)Hp(3t+1|5t7at)> (Zexp(r(st,at))>
t=1

t=1

trajectory reward for that trajectory
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Exact inference

The best trajectory ever (notation p(7) = p(7|O1.7 = 1))
T T
p(r) o (P(Sl) HP(5t+1|8ta at)) <Z eXP(T(St,at))>
t=1 t=1
What we actually learned
T
]3(7'> X (p(sl)Hp(3t+1|3t7at701:T)> <H7T(at|8t)>
t=1 t=1
where w(a¢|s;) = p(ag|st, O1.7 = 1) # p(as|s:) Exact inference

p(r) = p(r) < Drr(B(7)|lp(7)) =0
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Deterministic inference

Drr(@()llp(T)) = —Ervpllog(p(r)) —log(h(7))]

= —E.s[(log(p(s1) + Z(log(p(8t+1|8t, at) + r(se,ar))

t=1

T =p(st4+1]st.at)

—
—(log(p(s1) + ) _(log(p(se+1]st, ar, Orr) +log(m(ars:)))]

t=1

= —E,up {Z 7(8¢,a1) — log(ﬂ(atISt))}

t=1

M~

(Es; ai~pllog(m(ae|se)) — 7(se, ar)])

o~
1
=

Il
M~

t=1

<_ EStNﬁ[H(ﬂ(at|St))] _Est,atNﬁ[T(shat)])

Expected conditional entropy expected reward
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Deterministic inference

~

~Drr(Mlp() =) EsplH(m(arls))]  +Es,amplr(se, ar)]

t=1

Expected conditional entropy expected reward

@ " Therefore, minimizing the KL-divergence corresponds to maximizing the
expected reward and the expected conditional entropy, in contrast to the
standard control objective in Equation (1), which only maximizes reward.
Hence, this type of control objective is sometimes referred to as maximum
entropy reinforcement learning or maximum entropy control.”

@ “ However, that in the case of stochastic dynamics, the solution is not quite
so simple. ...[T]his objective is difficult to optimize in a model-free setting.
.[l]t also results in an optimistic policy that assumes a degree of control

over the dynamics that is unrealistic in most control problems. "
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Variational inference and stochastic dynamics

Maximum entropy reinforcement learning with fixed dynamics

@ Previously, in stochastic settings, we implicitly optimized
p(St+1]8t, at, O1.7), which is unrealistic

@ That is, our policy always assumed state transitions would be optimal, so
“risky is ok” .

o tl;dr: Let's replace what we previously did with
p(St+1lse, at, Or.r) — p(Stt1lse, ar)

and just optimize.
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Stochastic case: min. KL div. without optimism

Then we recover a familiar equation

Dt () Ip(r)) = imhw[r(st, ) + H(r(arls1))
and _
Bonformpli (51, 01) + H((@tl50)] + BaroongBa sV (5140)]
— D (wtarls) | LG s
with

Q(s¢,at) :==1(s,a¢) + Eg, p[V(5141)] = not risky!

(use whiteboard to fill in details)
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@ At iteration ¢, want to minimize
Ea,jsinplr(sts at) + H(m(ar|se))] + Ea,jspmpBsy i mp [V (8241)]

— ~Dicr (mlalsn)| RGN 1 v

Therefore

77(0, |S ) _ eXp(r(sT,aT) — V(ST)) ift=T
t|st exp(Q(se, ar) — V(s))  else.

@ Also, if we choose

Vist) = log/Aexp(Q(shat))dat,

then we recover the standard Q-learning with max — softmax.
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Evidence based lower bound (ELBO)

10g(p(O1:7)) = Eaparsnp | D 7(5tar) — log(B(asls:))
t=1

Proof: whiteboard

“ Intuitively, this means that this objective attempts to find the closest match to
the maximum entropy trajectory distribution, subject to the constraint that the
agent is only allowed to modify the policy, and not the dynamics”
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Approximate inference with function approximation
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Maximum entropy policy gradients

o Up until now, the “optimal” policy 7(a¢|s:) = p(at|st, O1.7) is an inferred
probability distribution

@ Now we want to incorporate policy gradient methods, where
m(at|st) = mo(ae|sy) and @ is a vector of parameters

o Define ¢ distribution such that ¢(s) = p(s), qo(als) = ma(als).
Maximum entropy objective function

T

J(0) =D Euparmalr(se, ar) — Hlao(acls.))]

t=1
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Computing the policy gradient

¢
Es,,a; [fo(st,ar)] / fo(se,ar) H qo(aw|se )p(ser|se—1, ap—1) d(st, ar)
St,a¢

t/'=1

P (st,at)

REINFORCE trick

Voqo(ay|si) = qo(ay|si)Velog(ge(ar|sy))

JO) = > Eearmalr(se,ar) — H(go(arlse))]

NE

E {V@ log go(at|st) ( (s, ap) —logqo(ay|sy) — 1)]

!

t

M~

ZE |:V9 log qo(at|st) < r(sy,ap) —logge(ay|sy) — b(st/))]

t'=t
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Policy gradient

T
Vol = Y E[Valoggo(ads)A(s:.a)]
t=1
where
T
A(Staat) = (Z T(St’; at’) — log qe(at"st/> - b(st’)>
t'=t

is the advantage at time t.

@ Any standard advantage estimator, such as the GAE estimator (Schulman et
al., 2016), can be used in place of the standard baselined Monte Carlo
return above. Again, the only necessary modification is to add loggg(a¢|s:)
to the reward at each time step ¢'."

@ “As with standard policy gradients, a practical implementation of this
method estimates the expectation by sampling trajectories from the current
policy, and may be improved by following the natural gradient direction.”
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Maximum entropy actor critic

@ Actor = policy, critic = Value function
@ Message passing

E$t+1:T,at+1:T\St7at [Ing(OtiT|8tiT7 atiT)]
= logp(O|s, ar) +

E8t+1\3t,at atISt Z logp Ot’|st’ at’) log q(at'|8t/)

t=t+1
=:V(s¢t)
then
V(St) = Eatlst E5t+1|5t1at [V(SH-I)] + Ing(Ot|5t7at) - IOgQ(at|5t)
::Q(St,at)
@ Optimal policy
. _exp(Q(st,ar))
¢ (arls) = log [ 4 exp Q(s, a)day
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Maximum entropy actor critic

o In general, V(s;) and Q(s¢, at) are not optimal, but correspond to current
policy.

@ However, at convergence, when g(at|st) = ¢*(at|st), then
V(st) = Eq, s, [Q(st, at) — log g(az|st)]
greedy policy def Eo,s, [Q(st, at) — Q(st,at) + log/Aexp Q(az, st)dat.
= log/Aexp Q(ay, s¢)day

s Qe )

Q
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Maximum entropy actor critic

@ Greedy policy
q"(aclsy) = al“(gnllaiiEsf,[V(St)]
glat|st

= argmax Est [Ea, |se [Q(Stv at) — log q(at|8t)]]

a(ats:)

=:J(60)

o Gradient of objective, via REINFORCE + bias

VoJ(0) := Es, [Eq, s, [V10g q(ar|se)(Q(se, ar) —log glar]s) — b(se))]]
o Compare with gradient for policy-only update

VoJ(0) :=Es, [Eq,s, [V1ogqai|s;)(r(se, ar) — log qlag]se) — b(se))]]

@ “ The modification lies in the use of the backward message Q(s;,at) in
place of the Monte Carlo advantage estimate. The algorithm therefore
corresponds to an actor-critic algorithm, which generally provides lower
variance gradient estimates.”
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Function fitting action-critic

o V(sy) = Vip(st), Q(se,ar) = Qu(se,ar) and ¢, ¢ are parameters, e.g.
neural network

@ We try to minimize two objectives
E(B) = Ea,a, [(r(5:a8) + By sy Vi (se41)] — Qo(s5t, ar))?]

E() =Es, [(Bayps, [Qo(st, ar) — log qla|si)] — Vip(se, ar))?]

e “ It may be beneficial to keep track of both V(s;) and Q(s:,a:) networks.
This is perfectly reasonable in a message passing framework, and in practice
might have many of the same benefits as the use of a target network, where
the updates to @ and V' can be staggered or damped for stability.”

e "“Policy iteration or actor-critic methods might be preferred (over, for
example, direct Q-learning), since they explicitly handle both approximate
messages and approximate factors in the structured variational
approximation. "
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Soft Q-learning

@ We can also just drop the neural networks for value V' (s;) and policy g(a¢|s:)
V(s) = log/ exp(Q(st, at))day, q(at|st) = exp(Q(st, ar) — V(st))
A

@ Now only one neural network: Q4(s¢,at)

@ Only one objective function to minimize

1
5(¢) = 5 ESt,at'\’q (T(8t7at) +E5t+1\8t,¢lt[ Vv(stJrl) ] - Q¢(St7at))2
not function of ¢ not function of ¢

and writing Q' := Q4(st, ar),

= standard Q learning update

Vo€ = E|VeQ'| Q' — r(st,at)+IE[log/ eprtHdatH}
A

Amaxgea QMY
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Soft Q-learning: integrals

@ “In the case of discrete actions, this update is straightforward to implement,
since the integral is replaced with a summation, and the policy can be
extracted simply by normalizing the Q-function. In the case of
continuous actions, a further level of approximation is needed to evaluate the
integral using samples. Sampling from the implicit policy is also non-trivial,
and requires an approximate inference procedure, as discussed by Haarnoja
et al. (Haarnoja et al., 2017)."

@ Actually, in general, evaluating E;,, E Eg,|s, is nontrivial.

St+1 \St,at !
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