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Abstract: Uncertainty quantification is essential in rapidly evolving scientific machine learning fields, where numerous black-box machine learning and
artificial intelligence models are deployed. Many of these models offer only point predictions or estimates, lacking information about the range of their
predictions. In this work, we propose applying conformal prediction methods to the ICF model, which provides theoretical marginal coverage guarantees
for prediction intervals. This poster presents an evaluation of the adaptability and reliability of different conformal prediction methods.

Introduction
A growing number of scientific machine learning models are being

developed to simulate high-stakes experiments, such as ignition fusion or
protein folding, where scientists aim to predict scalar values from images.
However, many of these models are black-box approaches that provide only
point estimates and lack uncertainty quantification. We propose using an

adaptive conformal prediction method that not only offers prediction

intervals with theoretical coverage guarantees at any chosen level, but also

produces prediction ranges tailored to each input image. This poster
demonstrates the coverage accuracy and adaptability of our method.

Motivation/Problem
The National Ignition Facility (NIF) is the world’s largest and most

powerful laser system, supporting cutting-edge research in high energy

physics and nuclear fusion. At NIF, the HYDRA simulator generates
capsule images and various key quantities for analysis. To reduce the
computational expense of running HYDRA, machine learning models
such as diffusion models have been developed to emulate its
processes.

Given a diffusion model that emulates the reverse process of NIF
experiments by generating point-wise scalar outputs from image data,

our goal is to produce confidence intervals for these scalar predictions

at a specified confidence level. This enables more reliable and
interpretable results by quantifying the uncertainty associated with
each prediction.

Figure 1: Visualization of sample image data

ICE Simulations and Experiments are Multimodal

Figure 2: Visualization of HYDRA. Figure
courtesy of Mike Jones, LLNL

Background: Conformal Prediction

Calibrate a heuristic notion of uncertainty on held out
data to achieve desired coverage on future data.
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Figure 3: Visualization comparing conformal sets to true response values across different conformal prediction methods.
The first row presents results for predicted values of “Drive asymmetry mode 2,0, time 2,” while the second row shows
predictions for “Drive asymmetry mode 1,0.” All three conformal prediction methods achieve the intended coverage of true
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Method

Adaptive conformal prediction method leverages input
difference and output variance of nearest neighbors.

* Given the image data X € R{(14848), scalar output Y, fitted
regressor f: X — R trained on Dy-gin.-

* Condensed dimension of X using principal component analysis,
which gives X € R®

* Fit Gaussian Process with ARD Matefn 1.5 kernel to estimate
length scales of each dimension of X

« Find k nearest neighbors of each data after scaling

Calculate distance and standard deviations:
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* Define nonconformity scores
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* Get quantile and conformal set as standard procedure.
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Result - Conformal Set Coverage
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predictive values. The compactness of the conformal sets varies based on model performance. Adaptive conformal
prediction and scaled conformal prediction yielded similar results.
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Result - Uncertainty by Input

Figure 4: Visualization showing the average uncertainty, grouped by the third principal component of the image, across
various conformal prediction methods. The first row corresponds to predicted values for “Drive asymmetry mode 1,0,” while
the second row displays results for “Drive asymmetry mode 2,0, time 2. Both adaptive conformal prediction and scaled
conformal prediction produced similar outcomes.

Summary

Metho

* Low coverage of
true prediction
High None
ua e
computation
cost

* Uniform error |f(X)
1
—Ji

Heuristic [f(X) + u(X)] 73%

Vanilla CP bandwidth, not

adaptive to input

[0 £ q1-a] 95%

Accurate and
adaptive | o
ScaledCP + High i
computation u
cost
* Accurate S 3
coverage rate | yl—ykl- |
Lowcomputation ¥ T &
cost
Table 1: Summary of different uncertainty quantification methods
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Conclusions

* Adaptive conformal prediction using nearest neighbor provides user-

controlled coverage rate and adaptive error bandwidth.

Proposed approach significantly reduces computational time by using

only one ensemble of the emulator and achieves comparable results from

scaled conformal prediction.

* Scaled conformal prediction is also viable when model is accessible and
efficient to produce more ensembles.
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