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Practitioners do not implement what theorists want

What policy gradient theorem (Sutton et al., 1999) suggests:

θt+1
.

= θt + βtγ
tqπ,γ(St ,At)∇ log π(At |St)

What practitioners implement:

θt+1
.

= θt + βtqπ,γ(St ,At)∇ log π(At |St)



Theorists are fans of γt

Asymptotic convergence (Konda, 2002; Zhang et al., 2020a)

Finite sample analysis (Wu et al., 2020)

Global optimality (Agarwal et al., 2020; Mei et al., 2020)

TRPO (Schulman et al., 2015)

Option-critic (Bacon et al., 2017)

. . .



Practitioners do not like γt

A3C (Mnih et al., 2016)

PPO (Schulman et al., 2017)

Option-critic (Bacon et al., 2017)

. . .



The distribution mismatch in off-policy actor critic

What theorists analyze:

θt+1
.

= θt + βt
dπ,γ(St)

dµ(St)

π(At |St)
µ(At |St)

qπ,γ(St ,At)∇ log π(At |St)

What practitioners implement:

θt+1
.

= θt + βt
π(At |St)
µ(At |St)

qπ,γ(St ,At)∇ log π(At |St)



Theorists are fans of this ratio

Density ratio / marginalized importance sampling / inverse
propensity score

Asymptotic convergence (Liu et al., 2019; Zhang et al.,
2020b)

Finite sample analysis (Huang and Jiang, 2021; Xu et al.,
2021)



Practitioners rarely implement this ratio

DDPG (Lillicrap et al., 2016)

ACER (Wang et al., 2017)

IMPALA (Espeholt et al., 2018)

AlphaStar (Vinyals et al., 2019)

Schmitt et al. (2020); Zahavy et al. (2020) . . .



Can we prove the effectiveness of off-policy actor critic
without correcting state distribution?

We prove the optimality of an asynchronous and stochastic
off-policy actor critic without correcting state distribution



An off-policy actor critic with state distribution mismatch

At time step t,

1. Sample At ∼ µθt (·|St)
2. Execute At , get Rt+1

.
= r(St ,At), St+1 ∼ p(·|St ,At)

3. Update critic with off-policy expected SARSA

δt
.

= Rt+1 + γ
∑
a′

πθt (a
′|St+1)qt(St+1, a

′)− qt(St ,At)

qt+1(St ,At)
.

= qt(St ,At) + αtδt



An off-policy actor critic with state distribution mismatch

4. Update actor with KL regularization

θt+1
.

= θt + βtρt
∏

(qt(St ,At))∇ log πθt (At |St)

− βtλt∇KL(UA||πθt (·|St))∏
: a projection onto the ball with radius rmax

1−γ



Sub-optimality decreases and success probability increases

For any t, select a k uniformly randomly from the set{
t
2 ,

t
2 + 1, . . . , t

}
, then

J(πθk ) ≥ J(π∗)−O
(
k−ελ

)
holds with probability at least

1−O
(

1

tεα,β,λ

)



Finite sample analysis of stochastic approximations with

1. Asynchronous updates

2. Markovian and Martingale difference noise

3. Time-inhomogenous Markov chain

4. Time-inhomogenous operator

vt+1
.

=vt + αt (Fθt (v ,St)− vt + εt)

St+1 ∼Pθt+1(St , ·)

Let vθ be the fixed point of F̄θ(v), then

lim
t→∞

E
[
‖vt − vθt‖

2
]

= O
(

1

tε

)



Two strong assumptions in previous works are removed

(p0 is the initial distribution)

p0(s) > 0 for all s π∗ is unique

this work X X

Agarwal et al. (2020) X

Laroche and Tachet (2021) X



Expected SAC with a decaying temperature

At time step t,

1. Sample At ∼ µθt (·|St)
2. Execute At , get Rt+1

.
= r(St ,At), St+1 ∼ p(·|St ,At)

3. Update critic with expected soft-SARSA

yt
.

= Rt+1 + γ
∑
a′

πθt (a
′|St+1)

(
qt(St+1, a

′)− λt log πθt (a
′|St+1)

)

qt+1(St ,At)
.

= qt(St ,At) + αt (yt − qt(St ,At))



Expected SAC with a decaying temperature

Stochastic actor update?

θt+1
.

= θt + βt×

ρt∇ log πθt (At |St)
(∏

(qt(St ,At))− λt log πθt (At |St)
)

4. Expected actor update (Ciosek and Whiteson, 2020)

θt+1
.

= θt + βt×∑
a

πθt (a|St)∇ log πθt (a|St)
(∏

(qt(St , a))− λt log πθt (a|St)
)



Thanks!
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