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Data Generation

1 Motivation

Data drives modern ML applications:

Robotics Medical ML

DALLE Imagen MINIM (ours) Real

Figure Al 01 Robot. Wang et al., “Self-improving generative
foundation model for synthetic medical image
generation and clinical applications”, Nature
(2025).

Model Alignment
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Samvelyan et al., “Rainbow Teaming:
Open-Ended Generation of Diverse Adversarial
Prompts”, NeurlPS (2024)
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Data Generation

1 Motivation

Generative models require a lot of training data.

Synthetic data generation via optimization is important for scientific discovery and
model performance.

Goal: find data points that are diverse and perform well.

Inference as a principled way to generate diverse solutions to optimization
problems.
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Optimization and Inference

2 Background

Setting: Given objective function f : RY ¥ R, that we want to minimize, we construct
the following posterior:
f(x) z

p(x) = ¢ ;. with unknown Z = e TGO gx:
z iy

Goal: Construct distribution q that matches p as well as possible, i.e.

zglg Dki(gkp):
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Stein Variational Gradient Descent

2 Background

Idea: Construct a map T that gradually pushes samples
towards p:
Xt+1 = T(Xt) = Xe + (Xt)

where isstepsize and s a vector field.

Theorem: SVGD Update!

For RKHS with kernel k : RY RY ¥ R, the optimal step ()
is given by

() =Ey q[ry log p&')k(x: yi+ ,’Lk{(zgg] (1)

driving force repulsive force

1 Liu & Wang, "Stein variational gradient descent: A general purpose bayesian inference algorithm", Neurips (2016).
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Challenges in Practice

2 Background

rf

1. No / bad gradients (e.g., robotics).
I Plain SVGD does not work.

2. MC gradient approximations have high variance
I Slow convergence.

3. Differentiable surrogates trade tractability for performance.
I Poor model fit.
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Method Overview

3 Stein Variational CMA-ES (SV-CMA-ES)

Combine evolution strategies (ES)
with SVGD into single update.

Each SVGD particle represents ES
population

Estimate driving force using ES.

Use analytic gradients for repulsion
from SVGD.

ES updates add momentum-like
mechanism based on step-size
adaptation.
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Evolution Strategies

3 Stein Variational CMA-ES (SV-CMA-ES)

CMA-ES ? (informal)

Update Gaussian search distribution
N (x; 2C) to maximize likelihood

Mean x gnax. likelihood estimate):
x x+ owi(i x); i N (x 2C):
Covariance C:
T P n T
S C <+ 1PcPc + m iz1 WiVYiYi
Step-size

kp k
eXP 7 &Nk L

2 Hansen & Ostermeier. "Completely derandomized self-adaptation in
evolution strategies”,  Evolutionary computation (2001).

Time
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SV-CMA-ES Particle Update

3 Stein Variational CMA-ES (SV-CMA-ES)

Run separate search distribution for each SVGD
particle and update  xi  Xi + (X;).

Update each particle by combining the CMA-ES
mean update and the kernel-based repulsion:

h i
(xi) = S KX X)) Xjgma * T x; K(Xj5Xi)
130 hyo i #
% wi (7 Xp) (X xi) 1ok K(Xj 5 xi)
- .
g z } o l—{—1
driving force repulsive force

Update remaining search distribution parameters
following CMA-ES.
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SV-CMA-ES Particle Update

3 Stein Variational CMA-ES (SV-CMA-ES)

Problem 1: Weighted average in driving force
reduces particle-steps, and CMA-ES step-size will
shrink.

Problem 2:  Limited exploration.
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SV-CMA-ES Particle Update

3 Stein Variational CMA-ES (SV-CMA-ES)

Problem 1: Weighted average in driving force
reduces particle-steps, and CMA-ES step-size will
shrink.

I Replace smoothing in driving force by local
step estimate at particle. 8

Problem 2:  Limited exploration.

3 D'Angelo, Fortuin, & Wenzel, "On stein variational neural network ensembles”,

arXiv (2021).
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SV-CMA-ES Particle Update

3 Stein Variational CMA-ES (SV-CMA-ES)

Problem 1: Weighted average in driving force
reduces particle-steps, and CMA-ES step-size will
shrink.

I Replace smoothing in driving force by local
step estimate at particle. 8

Problem 2:  Limited exploration.

I Add annealing term :[0;1]! R.

3 D'Angelo, Fortuin, & Wenzel, "On stein variational neural network ensembles”,

arXiv (2021).
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SV-CMA-ES

3 Stein Variational CMA-ES (SV-CMA-ES)

SV-CMA-ES Update

1. Sample % populations of size m from the respective search distributions:

2. Update population means Xj:

e @
(xi)= we (e oxi)+ —n 1 KOG xi):
|‘:1 {7 } | j=1 {7 }
driving force repulsive force

3. Given Xx; = Xj + (Xi), update stepsize i and C; based on CMA-ES.
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