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On December 5, 2022, fusion ignition was achieved at the 
National Ignition Facility

Target G = 1.5

Laser E=1.9 MJ
G = 0.7

Laser Energy Input
(2.05 MJ)

• Decades of progress using multiple facilities, 
detailed simulation codes, experimental data, 
and analytical theory were key to reaching the 
ignition milestone.

• The ICF Cognitive Simulation group is leading 
efforts to enable preshot predictions with 
data-driven uncertainties of NIF DT 
experiments

N210808 [1.35 MJ]

N221204 [3.15 MJ]

N170601 [1e16 n/55 kJ]



LLNL-PRES-760736

J. Lindl, PoP, 1995;  S. Haan, et al., PoP, 2011
J. Nuckolls et al., Nature, 1972

NIF uses a laser-driven hohlraum to compress a fuel pellet to 
achieve the conditions for ignition

Achieving the conditions for ignition demands precise control of laser and
target parameters for a high convergence implosion with low ablator fuel mix
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We use simulations that are adjusted to match data in a two-step 
process to design new experiments

Shock measurements

Shell Radiography
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Equator

Bang time

Spider

VISAR

2D ConA

Measured laser
Target metrology

SimData*

Data
Sim

1. Integrated HYDRA hohlraum simulations tuned to 
match experimental energetics, shock timing, and time-

dependent low mode symmetry 



LLNL-PRES-760736

We use simulations that are adjusted to match data in a two-step 
process to design new experiments
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1. Integrated HYDRA hohlraum simulations tuned to 
match experimental energetics, shock timing, and time-

dependent low mode symmetry 

2. Higher resolution capsule-only simulations to study 
hydrodynamic instabilities, engineering features, impacts 

of capsule defects on performance



LLNL-PRES-760736

We use simulations that are adjusted to match data in a two-step 
process to design new experiments
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1. Integrated HYDRA hohlraum simulations tuned to 
match experimental energetics, shock timing, and time-

dependent low mode symmetry 

2. Higher resolution capsule-only simulations to study 
hydrodynamic instabilities, engineering features, impacts 

of capsule defects on performance

Tr(r,θ,t)

This talk will focus on a statistical 
approach to capsule-only post 
shots analysis, and how we use 
this information to make preshot
predictions of new designs
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Bayesian analysis of NIF experiments 
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ML + statistical analysis of N210808 repeats is enabling preshot
predictions, with data-driven uncertainties, of NIF DT experiments

 In early 2022, multiple near-repeats of 
N210808 showed large variations in 
performance

 We’ve been analyzing this dataset to 
answer some key questions in ICF 
physics
— What drives observed variations?
— What can these results tell us about 

expected performance of future shots?

Neutron Yield vs Time on NIF

N210808
1.3MJ

N221204
3.15 MJ

“Repeat” shots
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Bayesian inference + HPC simulations provide distributions of simulation inputs 
that are consistent with experimental data

Simulation ensemble mapping tuning 
and degradation parameters to 
synthetic data
— Applied 𝑃𝑃1 (constant in time)

— Time dependent applied 𝑃𝑃2 (2 parameters)

— Fall-line mix model

— Drive (4 parameters)
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Simulation Inputs

Simulated Data

Deep neural network (DNN) 
trained on ensembles interpolate 
simulations in milliseconds

Simulation ensemble mapping tuning 
and degradation parameters to 
synthetic data
— Applied 𝑃𝑃1 (constant in time)

— Time dependent applied 𝑃𝑃2 (2 parameters)

— Fall-line mix model

— Drive (4 parameters)

Bayesian inference + HPC simulations provide distributions of simulation inputs 
that are consistent with experimental data
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Markov chain Monte Carlo generates 
probability distribution of simulation 
inputs consistent with experiment

Simulation Inputs

Simulated Data

Deep neural network (DNN) 
trained on ensembles interpolate 
simulations in milliseconds

P1 P2 Peak

Shock Timing Mix

Simulation ensemble mapping tuning 
and degradation parameters to 
synthetic data
— Applied 𝑃𝑃1 (constant in time)

— Time dependent applied 𝑃𝑃2 (2 parameters)

— Fall-line mix model

— Drive (4 parameters)

Bayesian inference + HPC simulations provide distributions of simulation inputs 
that are consistent with experimental data



LLNL-PRES-760736

We match several experimental observables within measurement 
uncertainties

210808

211107

211121

211024

210808

211107
211121211024

220109
220129

230123

220417
220612

Log10 13-15 MeV Neutron Yield DT ion temperature (keV)      Nuclear Bang Time (ns)      4pi Down Scatter Ratio (%)

Neutron Image Size P0 (cm) Neutron Image Asymmetry P2 (cm) Hotspot Velocity (km/s)
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We link single-shot analyses together into a global model to 
quantify shot to shot variability

N210808

N211024

N211107

N211121

Primary Neutron Image
+ yield, Tion, DSR,…

𝑃𝑃2 at end of drive

𝑃𝑃2 in Peak

Bayesian 
Inference

Input distributions 
found independently 
for each shot

1

HYDRA Input ParametersExperimental Data

Projection of 8d parameter input space into 2d space
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We link single-shot analyses together into a global model to 
quantify shot to shot variability

N210808

N211024

N211107

N211121

HYDRA Input ParametersExperimental Data

𝑃𝑃2 at end of drive

𝑃𝑃2 in Peak

Variability model 
quantifies shot-to-
shot repeatability

2

Global
Variability 

Model

Primary Neutron Image
+ yield, Tion, DSR,…

Bayesian 
Inference
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𝑃𝑃2 at end of drive

𝑃𝑃2 in Peak

Global
Variability 

Model

We link single-shot analyses together into a global model to 
quantify shot to shot variability

N210808

N211024

N211107

N211121

Bayesian 
Inference

HYDRA Input Parameters HYDRA OutputsExperimental Data

DSR (%)

Log10 Neutron Yield

3

68.5%

95%

Neural 
network 
evaluation

Input variability 
projected into 
observables

Primary Neutron Image
+ yield, Tion, DSR,…
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Preshot predictions of performance 
variability
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The global variability model acts as a “prior” for predictions of 
new designs

 Describes all shot-to-shot variations

 Statistical model that can be sliced, 
transformed, perturbed, and applied to 
new designs

𝑃𝑃2 at end of drive

𝑃𝑃2 in Peak

Global
Variability 

Model
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𝑃𝑃2 at end of drive

𝑃𝑃2 in Peak

Global
Variability 

Model

To predict performance variability, we need to propagate the input 
distribution through a model for the new design 

We could draw thousands of 
samples from the global 
variability model…

…and run HYDRA simulations 
of the new design

HYDRA output

Sim # Yield 
(x1017)

DSR (%)

1 1.0 3.0

2 2.2 2.5

3 5.0 3.1

4 8.6 2.9

… - -

99,999 0.9 3.3

100,000 3.4 3.6

But this would take several months to do!
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Transfer learning retrains an existing neural network to predict 
new designs with only tens of new simulations

Neural Network Based 
on N210808 Shot Series

Retrained Neural Network 
Good for New Shot

Tens of 
Thousands of 

HPC Simulations

Tens of HPC 
Simulations
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We expected N221204 to get 2x the yield of N210808* with a high 
probability of reaching ignition

Shot Expected Yield [MJ]
Median, (50% CI)

P(Yield>Elaser)** P(Yield<1MJ)

N210808 0.3 MJ
(0.2 – 0.6)

7% 85%

N221204 2.6 MJ
(0.9 – 5.0)

59 % 43%

**Laser energy = 2.05MJ for 12/5; 1.9MJ for N210808
DSR

1 MJ

10 MJ

0.1 MJ

*N210808 yield was 1.35MJ

High Energy
Design

210808 1.9 MJ design

Global variability model is 
evaluated by N221204 
(re)trained network
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Repeat experiments of the 2.05MJ design continue to populate 
the distribution of predicted performance variability
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Using a combination of simulations, prior experiments, Bayesian statistics, 
and machine learning, we predicted that N221204 had a greater than 50% 
chance of reaching ignition

 Our recent predictions provide an exciting glimpse of how ICF 
studies could be done in the future

 Ensemble-based Bayesian post-shot analysis of ICF data 
informs us of which degradation mechanisms were important 
and how they are correlated with each other

 Method for routine preshot predictions with uncertainties for 
NIF DT experiments improves our predictive capability and 
enables us to explicitly optimize designs under realistic 
uncertainties

 This approach presents a general framework that can readily 
be adapted to other application areas 
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This work is built upon decades of 
research by an incredible team across 

the Lab and the wider community!
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Huge specific thanks to the ICF CogSim and the Hybrid E teams!
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We use combination of tools to design 
ICF experiments at the NIF
— Radiation hydrodynamic simulations 
— Theory/ Semi-analytical models 
— Experimental playbooks
— Machine learning models

Current practices use a variety of tools and routine experimental 
validation to design ICF experiments

HYDRA 1D and 2D 
hohlraums

HYDRA High-res 
Capsule-only 
simulations Sh

ot
 1

Sh
ot

 2
Sh

ot
 3

Laser energy 
walkups to mitigate 

facility risk

Semi-analytical models 
and playbooks



LLNL-PRES-760736

This model works well for N210808 
across a wide range of experimental 

conditions

The N210808 repeats constrain the perturbations that are likely to 
occur and their predicted impact

Effective asymmetry

Effective absorbed energy

Effective fuel/HS 
compressibility

Input perturbations Model predictions and observations

Not robust at 1 MJ
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Our predictive capability and our experiments are in agreement 
about N221204 improvements and variation

Variability models capture 210808 
experimental trends

Pre-shot 
predictions of 
221204 family

Variability 
model for 
210808

N210808 
near 
repeats

N210808 
near 
repeats

221204

220729

230904

230618
220919
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We used Stochastic Collocation to determine which input 
parameters to use for each of the HYDRA simulations

Integral: -1.329
Exact: - 3

4
𝜋𝜋

n points exactly integrate 2n-1 degree polynomial

Input distribution

“HYDRA” code

Input x

In
pu

t y

Truth: 0.2621 | 0.1451

Nodes and weights are determined 
from the Hermite polynomials
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