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In the sampling based direct policy search in reinforcement learning, higher dimensional decision variables causes
the deterioration of optimal value and the slowing down of the learning speed. We clarified that the variance of the
sampling probability distribution affects both for the optimal value and the learning speed. Especially, there exists
the tradeoff between the optimal value and the learning speed. In this paper, we propose two trick to improve
the learning speed without deteriorating the optimal value. First trick is to employ the small variance sampling
distribution for improving the optimal value; It causes slower convergence as a side effect. As the second trick, we
employed the dimensionality reduction of the decision variable for improving the learning speed.
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2.1 MDS
,

J (1) .

J =

M∑
j=1

p (θj) J (θj) (1)

, p = [p(θ1), p(θ2), ..., p(θM )] θ θ =

θj , J(θj) θj ,

.

p ∈ P :=

{
x|x ∈ R

M ,

M∑
i

xi = 1, xi ≥ 0

}
(2)

, p , p

,

,

p∗ = arg min
p∈P

J (3)

.

, p ,

. [8] (4) .

βt = arg min
β∈B

{〈gt, β〉+ ψ (β) + ηtBφ (β||βt−1)} (4)
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, B , β , gt ∈ δ(βt−1),

ηt . (4)

βt βt = pt ,

pt = arg min
p∈B

{〈gt, p(θ)〉+ ηtBφ (p(θ)||pt−1)} (5)

, gt = ∇pJ = J(θ) ,

. MDS(Mirror

Desent Search) .

2.2 G-MDS
2.1 MDS , G-MDS(Gaussian-

MDS)[1] . , (4)

. , (4) KL

. , (4) Bφ φ , φ (xt,j) =∑N
j=1 xt,j log (xt,j)

(
x ∈ R

N , βt,j > 0
)

,

6 .

pt (θi) =
exp (−ηtgt,i) pt−1 (θi)∑N

j=1 exp (−ηtgt,j) pt−1 (θj)
(6)

, pt(θ)

, pt(θ) ,

pt (θ) = N (
θ | μt−1,Σεt−1,i

)
(7)

. , G-MDS , p(θ)

, (6) .

μt =

N∑
i=1

θipt(θi) =
Ept−1 [θi exp(−ηtgt,i)]

Ept−1 [exp(−ηtgt,i)]
(8)

(8) , μt μ̂t

, .

μ̂t =
1
N

∑N
i=1 θi exp(−ηtgt,i)

1
N

∑N
i=1 [exp(−ηtgt,i)]

(9)

, θi εt,i ∼ N (0,Σεt−1,i)

,

θ = μt−1 + εt−1,i (10)

. , Σεt−1,i

. (9),(10) ,

μ̂t =

∑N
i=1(μ̂t−1 + εt−1,i) exp(−ηtgt,i)∑N

i=1 [exp(−ηtgt,i)]

= μ̂t−1 +

∑N
i=1 εt−1,i exp(−ηtgt,i)∑N

i=1 [exp(−ηtgt,i)]

(11)

,

.

2.3 χ2

X1, ..., Xn ,

X = X2
1 + · · ·+X2

n n χ2

[2]. G-MDS , p(θ)

. , p(θ)

, μt−1 = μt = θ∗ . ,

θ , (10)

(θ∗ − θ)2 = {μt − (μt−1 + εt−1,i)}2 = ‖εt−1,i‖2 (12)

. , θ

, εt−1,i

, θ ∈ R
n .

εt−1,i n χ2

. χ2 n( n)

,

E
[‖εt−1‖2

]
= dim(ε) = n (13)

. ,

,

.

2.4
G-MDS (6) ,

.

pt(θ) ∝ exp
(−λ−2(θ − θt)Σ

−1(θ − θt)
)

Z
(14)

, λ−2 .

, pt+1(θ) ,

pt+1(θ) =
exp(−ηJ(θ)− λ−2(θ − θt)Σ

−1(θ − θt))

Z
(15)

. (15) λ ( ) ,

ηJ(θ) . ,

λ ( ) ,

. ,

, ,

, .

3.

3.1
2.3

. χ2

,

ε ,
√

1
k

. , k = dim(ε)

. , χ2

.(
ε1√
k

)2

+

(
ε2√
k

)2

+· · ·+
(

εk√
k

)2

=
1

k

(‖ε1‖2 + ‖ε2‖2 + · · ·+ ‖εk‖2
)

(16)

,
(‖ε1‖2 + ‖ε2‖2 + · · ·+ ‖εk‖2

) → k ,

, .

,

.

, ,

[2]

. , .

εt,i ∼ N
(
0,

1√
k
Σεt−1,i

)
(17)

,

,

,

. , ,

(2.4 ).
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3.2
3.1

, .

, ,

,

.

, . ,

.

ω ,

. .

(p1,p2, · · · ,pk) · ω = θ (18)

, pj = (p1,j , p2,j , · · · pk,j)T, ω = (ω1, ω2, · · ·ωk)
T, k =

dim(ω) , (G−MDS)

θ ,

ω

. ,

, .

4.

4.1
,

. [3]

, . xy

,

, ,

xy .

, ,

,

300ms , 500ms

. ,

. ,

.

rt =

∑d
i=1(d− 1− i)f2∑d
i=1(d− 1− i)

(19)

r300ms = 108((xviapoint − xt300ms)
2 + (yviapoint − yt300ms)

2)

(20)

, d , (xviapoit, yviapoint)

, f . , r300ms 300ms

.

, , (0.5, 0.5)

0.2

100 ,

,

. ,

.

.

1:

(0.54, 0.44)

10

15

1

4.2
1000 , 500 ,

100 .

.

1:

1000 G-MDS, 500 , 100

. , 1000 500

, 500 100

.

.

.

2: (100 )
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3: (500 )

4: (1000 )

7

. 100 ( 2), 1000

( )( 4)

. , 500 ( 3)

,

.

4.3
1000 ,

. ,

,

, ,

. , ,

.

, .

.

5.

, ,

,

.

, MDS

, .

PCA ,

.
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