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Stochastic Optimization 1D

Consider problem:

p(x) = N (x ;µ, 1),

min
µ
〈x2〉p(x ;µ).

It is easy to see analytic solution: µ = 0.
However, we consider the problem as a toy stochastic optimization problem, to compare
variance of gradients:

1. Reinforce
2. Re-parametrization
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Stochastic Optimization 1D: REINFORCE

Recall Reinforce:

∇θ〈f (x)〉p(x ;θ) = 〈f (x)∇ log p(x ; θ)〉p(x ;θ).

p(x) = N (x ;µ, 1),

min
µ
〈x2〉p(x ;µ).

Problem:

1. Obtain 1-sample estimator of gradient
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Stochastic Optimization 1D: REINFORCE

Estimator:

∇µ〈x2〉p(x ;µ) ≈ (xk − µ)x2
k , xk ∼ N (x ;µ, 1).

Problem:

1. Find the variance of the gradient estimator
2. Optimize the variance of estimator over the constant baseline λ

Estimator with baseline:

(xk − µ)(x2
k + λ).

Useful:

x ∼ N (x |~0, σ2),

Exp =

{
0 if p is odd,

σp(p − 1)!! if p is even, 6!! = 1 · 3 · 5 = 15.
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Stochastic Optimization 1D: Re-Parametrization

Recall Re-Parametrization:

∇θ〈f (x)〉p(x ;θ) = 〈∇f (g(ε, θ))〉pb(ε).

So, we can re-write our model as:

min
µ
〈(ε+ µ)2〉N (ε;0,1).

Problem:

1. Obtain estimator of the gradient
2. Evaluate its variance
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REINFORCE: Dependence over Dimension

Consider problem:

x ∼ N (x ;µ, Id), µ ∈ Rd ,

max
µ

〈
d∑

i=1

fi (xi )

〉
p(x ;µ)

.

Also, let’s introduce several assumptions on the fi (x), ∀i :
I 〈fi (x)〉p(x ;µ) = 0, ∀i ,
I a ≤ Dfi (x) ≤ b.

Problem:

1. Obtain the straight forward estimator of gradient by REINFORCE
2. Low-bound its variance
3. Obtain estimator of gradient with taking all possible expectations before taking the

gradient


