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Figure 1: Performance of Co4ICF in laser pulse optimization. (a) Fusion Yield: The Co4ICF framework (blue solid line) dynami-
cally calibrates the surrogate, reaching 146.1% normalized yield in the 1D-MULTI optimization loop, i.e., a 46.1% improvement
over the designed baseline (red dotted line). This outperforms the static surrogate approach (orange dashed line, +15.4%), which
suffers from distribution shift. (Re-evaluated by 1D-MULTI; see Table 3 for final direct 2D-MULTI evaluation.) (b) Pulse Op-
timization: Comparison between the initial random pulse samples (top rows) and the final RL-optimized waveforms (bottom

rows), showing the pulse structures found by the policy.

Abstract

Offline-trained surrogates for Inertial Confinement Fusion (ICF)
suffer a well-known failure mode that iterative optimizers drive
inputs into out-of-distribution (OOD) regions where predictions
become unreliable. Here we present Co4ICF, a co-evolving frame-
work that couples a physics-informed surrogate with a PPO-based
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pulse optimizer. The surrogate is iteratively fine-tuned on policy-
induced trajectories, correcting extrapolation errors as the opti-
mizer shifts the input distribution; the optimizer queries this evolv-
ing surrogate as a fast environment. In the 1D MULTI environ-
ment, Co4ICF achieves 146.1% normalized yield based on current
laser design baseline; as a post-hoc cross-fidelity check, the opti-
mized pulse further attains 246.9% normalized yield when directly
evaluated in 2D-MULTI without any 2D training or fine-tuning.
Budget-matched ablations support that the gains are not explained
solely by additional simulation data and are consistent with the co-
evolving mechanism playing a key role. We release a large-scale
MULTI-IFE simulation dataset to support future benchmarking.
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1 Introduction

High-fidelity numerical simulations are a cornerstone of Inertial
Confinement Fusion (ICF) research, but expensive simulations and
manual parameter tuning limit their use in design optimization. Re-
cent Al for Fusion research has begun to alleviate these bottlenecks
by applying offline pretrained deep neural surrogates [5, 7, 22]
and RL-based optimization policies [3, 4]. Given the high dimen-
sional design space, it is difficult for an offline-trained surrogate to
span a broad solution manifold, so the performance can degrade
sharply under OOD inputs during iterative optimization [20]. RL
methods in contrast require massive on-policy interaction for pol-
icy updates, while using high-fidelity simulators as the training
environment is not computationally practical. A further concern
is physical consistency, that surrogates and policies trained purely
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on data can violate conservation laws or known scaling relations
[10, 15].

To address these bottlenecks, we present Co4ICF: a co-evolving
ICF design framework that couples a physics-informed surrogate
with a PPO pulse optimizer. As illustrated in Fig. 2, Co4ICF couples
two modules: (i) a physics-informed surrogate that replaces expen-
sive radiation hydrodynamics simulations (MULTI), and (ii) an RL-
based laser pulse designer that parameterizes and searches laser
pulses under feasibility and energy constraints. The core mecha-
nism is a co-evolving loop: the designer is updated at high frequency
using the surrogate as a cheap environment, while the surrogate
is periodically fine-tuned at lower frequency on policy-induced
trajectories to correct extrapolation errors caused by distribution
shift.

The insight behind this loop is that optimizer-induced OOD drift,
conventionally treated as a failure mode, can be recast as a training
signal: the very distribution shift that degrades a static surrogate in-
stead provides on-policy data for its refinement. In the 1D-MULTI
optimization loop, Co4ICF reaches 146.1% normalized yield rela-
tive to the designed-pulse baseline while delivering a 990x rollout-
time reduction for high-frequency policy updates. As a post-hoc
cross-fidelity check, the final optimized pulse is directly evaluated
in 2D-MULTI and reaches 246.9% normalized yield under the same
baseline normalization, without using any 2D samples for training
or fine-tuning. Budget-matched ablations confirm that these gains
are not explained solely by additional simulation data and are con-
sistent with the co-evolving mechanism playing a key role. We
provide full access to Co4ICF dataset and implementation: dataset
at: https://huggingface.co/datasets/Oyhs/Co4ICFDataset; code at:
https://github.com/Co4ICF/co4icf.

In short, our main contributions are:
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Figure 2: Co4ICF framework. Stage I (Pretrain): A VAE decoder learns a latent representation of laser pulses; the surrogate is
trained to mimic MULTT’s dynamics with physics-informed regularization. Stage II (Evolve): The actor samples latent codes,
decodes them into pulses, and queries the NAR surrogate for rewards. High-frequency PPO updates optimize the actor; low-
frequency surrogate fine-tuning on MULTI-verified on-policy samples corrects distribution shift.
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(1) We propose a co-evolving framework that jointly updates an
ICF surrogate and a pulse designer, addressing optimizer in-
duced distribution shift in iterative learned-model-based loops.

(2) We develop a PPO-based pulse optimizer that searches in a low-
dimensional VAE latent pulse manifold and queries the physics-
regularized surrogate as a fast environment under energy and
feasibility constraints.

(3) Our pipeline reaches 146.1% normalized yield in the 1D-MULTI
optimization loop and 246.9% normalized yield in post-hoc di-
rect 2D-MULTI evaluation, while accelerating high frequency
policy rollouts by ~990x within 1D search space.

(4) We release a large-scale 1D MULTI simulation dataset and the
implementation to facilitate reproducible benchmarking.

2 Background

2.1 Inertial Confinement Fusion and
Simulation

Inertial Confinement Fusion (ICF) is one of the major approaches
toward realizing controlled nuclear fusion energy. ICF uses high-
energy drivers (like lasers or pulsed power) to rapidly compress
a fuel capsule to extreme densities and temperatures, triggering a
thermonuclear burn wave before the target disassembles. In De-
cember 2022, the National Ignition Facility (NIF) achieved target
gain G > 1 for the first time, producing 3.15 MJ of fusion yield
from 2.05 MJ of laser energy, and subsequent experiments [9] have
replicated this result.

Figure 3: Inputs and outputs of the MULTI-IFE simulation.
(a) Distribution of input laser pulses across the dataset. (b) an
example 1D-MULTI output: each curve corresponds to a La-
grangian mass layer, showing ablation-driven compression
(decreasing radius) followed by ignition.

Given the extreme nonlinearities and prohibitive experimental
costs, large-scale numerical simulation is indispensable for inter-
preting implosion dynamics and optimizing pulse designs. This
work uses MULTI-IFE (also “MULTI”), an open-source radiation
hydrodynamics code [16]. MULTI is a Lagrangian code designed
for Inertial Fusion Energy studies; it captures multigroup radia-
tion diffusion, separate electron/ion temperatures, and tabulated
equations of state while remaining computationally efficient. The
three-stage implosion dynamics captured by MULTI are detailed
in Appendix B.1.

2.2 Related Work

Physics-informed surrogates. Such constraints improve data ef-
ficiency and generalization in PDE surrogates. Physics-informed
Neural Networks (PINNs) [15] enforce governing equations as soft
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penalties, and this idea has been adapted to ICF surrogate model-
ing. Early ICF surrogates [1, 7] focused on efficient mapping and
physical consistency. Recent work uses facility-specific architec-
tures [5] and Transformers [14, 22]. Transfer learning [8] bridges
the simulation-experiment gap with sparse experimental data, cul-
minating in predictive capabilities for NIF ignition [17]. However,
a shared limitation is that these surrogates are trained offline and
can degrade sharply under OOD inputs, which is precisely the
regime that iterative optimizers actively explore.

ICF pulse optimization. On the optimization side, early ICF de-
sign relied on heuristic and evolutionary strategies [12, 19], later
augmented with genetic algorithms [24] and DNN surrogates [23].
Bayesian Optimization (BO) has since become a standard approach,
from multi-fidelity simulation frameworks [21] to automated ex-
perimental campaigns [6]. RL remains scarce in ICF compared to
Tokamak control [4], with Capuano et al. [3] as a rare application
for pulse shaping. A key difficulty common to all iterative methods
is that training on a static, offline surrogate leads to model exploita-
tion: the optimizer discovers OOD inputs that score high under the
surrogate but are physically invalid, motivating approaches where
the surrogate and optimizer adapt jointly.

Evolving surrogate and optimizer. The idea of alternating model
refinement with optimization is well established: the Dyna archi-
tecture in model-based RL interleaves real experience with model
updates [18], Surrogate-Assisted Evolutionary Algorithms period-
ically retrain the surrogate on evaluated candidates [13], and of-
fline Model-Based Optimization methods address distribution shift
through conservative objectives or data-manifold constraints [11,
20]. A common thread is that these methods either penalize pre-
dictive uncertainty or restrict search to the offline data manifold
to avoid OOD exploitation.

3 Co4ICF

We present Co4ICF, a closed-loop framework that jointly opti-
mizes a pulse designer and a physics-informed surrogate.

3.1 Pipeline

Overview. Co4ICF is a closed-loop framework with a pulse de-
signer and a physics-informed surrogate (Fig. 4). Let t € R% denote
static target/capsule parameters and p € RT denote a laser power
waveform discretized on a fixed grid. The designer operates in a
low-dimensional latent action space: an actor, or policy network
7,(- | t) outputs a distribution over latent codes z € R%, and a
pretrained decoder Dy maps z to a feasible waveform p = Dy (z).
Given (t,p), the surrogate Sy predicts time-resolved trajectories
y = Sy(t,p) from which we compute a scalar optimization ob-
jective r = R(y) that encodes ignition reward together with fea-
sibility/energy penalties. The designer proposes candidate pulses
and the surrogate provides fast, physically consistent evaluations.
To mitigate OOD drift and reward hacking, we interleave high-
frequency actor updates with low-frequency surrogate refinement
on newly queried on-policy trajectories.
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Figure 4: Co-evolving Stage of Co4ICF. The PPO actor queries
the surrogate at high frequency for policy updates; every K
steps, on-policy pulses are evaluated with MULTI and the
surrogate is fine-tuned on the augmented dataset.

Stage I: offline pretraining. We use offline MULTI data D,. Each
sample contains target parameters, a laser pulse, and a MULTI tra-
jectory: (t;, p;,y;) (Section 3.2). First, we pretrain the VAE on a
broad pulse subset to learn a feasible pulse manifold, and retain its
decoder Dy, as a fixed mapping from the latent prior to waveform
space. This converts waveform search into a lower-dimensional
control problem and constrains exploration to the learned mani-
fold. In parallel, we pretrain the surrogate Sy to regress MULTI
trajectories. Beyond standard supervised regression, we introduce
inequality-based physics regularization to discourage non-physical
trajectories and improve extrapolation stability (Section 3.3).

Stage II: co-evolving optimization with dual-frequency updates.
After pretraining, we alternate between fast policy improvement
against the surrogate and periodic surrogate refinement on on-
policy samples. In the high-frequency loop, we treat Sy as an in-
expensive environment: at each PPO iteration, the actor samples
z ~ 7, (- | t), decodes it into p = Dy(z), queries Sy for y = Sy(t, p),
and computes the rewardr = R(y); PPO then updates the policy us-
ing batches of surrogate-generated rollouts. In the low-frequency
loop, we refine Sg every K PPO updates: we sample pulses from
the current policy, re-evaluate a budgeted subset with MULTIL, and
fine-tune the surrogate on the union of the offline data and these
newly labeled on-policy samples.

3.2 Dataset

A major challenge in Al for fusion is the lack of a common bench-
mark. We construct a synthesized simulation dataset that combines
multiple input sampling strategies to broaden coverage while pre-
serving physical plausibility. The dataset contains three subsets
(Fig. 5). The Real subset contains measured laser pulses from ICF
experiments, i.e., partially optimized solutions in a limited design
space. The Clean subset samples a VAE trained only on Real, yield-
ing in-distribution pulses on the learned manifold; this dataset VAE
is distinct from the optimization VAE. The Other subset uses noise
augmentation to cover out-of-distribution patterns. Each pulse is
simulated with MULTI to obtain time-resolved implosion trajecto-
ries and associated physical quantities. Details are in Appendix A.
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Figure 5: Dataset composition. Real: 701 measured pulses;
Clean: 10k VAE-augmented in-distribution samples; Other:
80k OOD pulses from Fourier noise and PPCA sampling,.

3.3 Surrogate with Physics-Informed
Regularization

The surrogate maps laser pulse inputs to time-resolved implosion
trajectories, replacing slow MULTI calls with fast forward evalua-
tion. The input is a 160-step laser history p plus three static capsule
parameters t. We concatenate them into x = Concat(t, p). The out-
put contains five 160-step trajectories: fuel density, velocity, tem-
perature, ablation-boundary index, and boundary radius.
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Figure 6: Physics-Informed Loss. The surrogate predicts tra-
jectories from which boundary index, radius, and velocity
are extracted. Steady-ablation budgets then yield inequality
constraints on mass, momentum, and energy via squared
hinge penalties.

A regression-trained surrogate can fit the data yet still violate
conservation laws, especially in OOD regions sought by the op-
timizer. We therefore add a differentiable Physics-Informed Loss
with inequality constraints derived from the steady ablation model.
Concretely, a differentiable mass-from-index operator converts the
predicted boundary index into an enclosed-mass estimate. Steady-
ablation budgets then give conservative upper bounds on remain-
ing mass, momentum, and energy. Squared hinge penalties enforce
these bounds. Valid predictions are left unchanged. We use upper
bounds rather than equality constraints because the budgets are ap-
proximate: they depend on simplified models and proxy quantities.
The one-sided hinge preserves inequality semantics. Full deriva-
tions are in Appendix B.
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3.4 PPO-based Optimization

Our goal in laser pulse optimization is to design an input pulse that
maximizes ignition performance while maintaining feasibility. We
train the policy using Proximal Policy Optimization (PPO).

Target scope. While the VAE decoder and surrogate were pre-
trained on data with varying target/capsule parameters, the RL op-
timization uses a single, fixed target configuration. This matches
practical ICF workflows (e.g., Double-Cone Ignition), where target
and laser pulses are optimized alternately; fixing the target isolates
the pulse shaping problem.

Reward design. We define the reward from the Lawson criterion
pRT > 1.5 g-keV - em™? [2]. We use the peak pRT product over
the predicted trajectory as the terminal reward, plus a penalty on
laser energy exceeding the experimental budget:

r(P) = : max /SR(t)T(t) —a- maX(O) Epulse - Ethreshold)~ (1)

The training reward is a pRT proxy rather than fusion yield it-
self, but the two are positively correlated on the optimized pulses:
higher pRT pushes toward ignition, where self-sustaining alpha-
particle heating triggers a nonlinear surge in yield. The “normal-
ized yield” reported in Table 3 is MULTI-verified yield Y divided
by the experimental baseline Y., expressed as a percentage.

Bandit formulation and PPO objective. Pulse design is cast as a
one-step episodic decision process: at each episode the policy my
samples a latent action z € R%, decodes it into a pulse p = Dy (z)
via the fixed VAE decoder, and receives reward r(p). The objective
is 7(0) = E,—g,[r(Dy(2))]. We optimize my with PPO’s clipped

surrogate objective:
<) =B, [min( p0(2) A(2),
clip(pp(2), 1 - €,1+€) A®@))],

where py(z) = my(z)/my14(z) and the bandit-style advantage is
A(z) = r(D¢(z)) - V¢(s) with a learned value baseline V5. PPO
is preferable to simpler bandit methods because (1) it natively han-
dles high-dimensional continuous action spaces, (2) the clipped ob-
jective bounds policy updates and prevents drift into adversarial
OOD regions, and (3) the actor-critic architecture reduces variance.
Detailed derivations and discussion are provided in Appendix C.

@

4 Experiments

We evaluate Co4ICF from two perspectives: (i) surrogate accuracy
and physical consistency under distribution shift, and (ii) end-to-
end laser pulse optimization under a fixed MULTI budget.

4.1 Experimental Setups

Dataset and splits. We use the MULTI dataset from Section 3.2.
To avoid leakage, we split by shot ID before any augmentation:
the VAE and PPCA augmentation models are fit only on the Real
training shots, and test-set shots are never used in any augmenta-
tion step. Surrogate results are reported on an ID test split (Real
shots held out before augmentation) and an OOD split (Fourier-
perturbed shots, generated independently of training data).
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Surrogate pretraining and evaluation. The designer’s VAE and
the surrogate are trained separately. The VAE learns a latent rep-
resentation using PPCA subset pulses, while the surrogate is pre-
trained on the union of Clean and PPCA data. We evaluate on an
ID split (Real) and an OOD split (Fourier), measuring peak MAE
and Pearson correlation.

Optimization protocol. For pulse optimization, all methods use
the same fixed target configuration, 1D surrogate backend, and
MULTI labeling budget. Co4ICF performs high-frequency PPO up-
dates on the surrogate and periodically refines the surrogate with
1D-MULTI on-policy labels. Final pulse designs from all optimizers
are evaluated by the same direct 2D-MULTI protocol.

4.2 Surrogate

Table 1 summarizes surrogate performance on ID and OOD splits.

Physics constraints improve OOD. Adding physics-informed in-
equality constraints consistently improves generalization on the
harder Fourier split across NAR backbones. For the Transformer
encoder, OOD peak-x MAE drops from 8.020 to 6.302. Peak-y MAE
drops from 0.310 to 0.252, and Pearson correlation rises from 0.855
t0 0.912. There is a mild trade-off on the ID Real split, where conser-
vative bounds slightly reduce in-distribution accuracy; but OOD
robustness improves considerably. The trend holds across archi-
tectures. Physical regularization suppresses non-physical extrap-
olations and reduces error amplification under optimizer-induced
OOD inputs. Fig. 7 further tracks the L, loss ratio during surro-
gate pretraining. The curves show that physics regularization sta-
bilizes training and mitigates overfitting, yielding representations
that transfer better to unseen pulses.
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Figure 7: L, loss ratio during surrogate pretraining.

Transformer encoder is the strongest NAR surrogate. It offers the
strongest balance between accuracy and robustness among NAR
models. With physics constraints, it has the lowest OOD peak-x
MAE (6.302), the lowest OOD peak-y MAE (0.252), and high OOD
Pearson correlation (0.912). Given the short horizon (T=160) and



KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

Jiatong Zhao, Tengyue Zhang, Yuhan Wang, Fuyuan Wu and Junchi Yan

Table 1: Surrogate architecture comparison under ID and OOD evaluation.

Surrogate ID (Real) OOD (Fourier)
Pk x| Pk yl Pearson? Pk x| Pk y| Pearson?
w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o
Non-autoregressive (NAR)
Vanilla MLP 2.628 2.316 0.078 0.089 0.971 0.998 9.094 10.528 0.273 0.386 0.925 0.899
ResMLP 7.431 7.922 0.383 0.469 0.930 0.958 25.798 32.128 1.118 1.131 0.636 0.558
1DConv 4.614 2.276 0.181 0.095 0.961 0.996 9.434 9.126 0.431 0.482 0.901 0.869
Transformer Enc. 2.450 2.194 0.083 0.111 0.969 0.997 6.302 8.020 0.252 0.310 0.912 0.855
Autoregressive (AR)
Transformer Dec. N/A 8.318 N/A 0.502 N/A 0.762 N/A 36.875 N/A 1.966 N/A 0.451

w/ and w/o: with / without physics-informed constraints (Section 3.3 & Appendix B). Notably, we do not apply physical constraints to the AR model, since the constraint

formulation is not directly comparable between AR and NAR predictors.

Cell color: applied to w/ only; green = better than w/o, red = worse than w/o (following | / 1).

Pk x/y: peak (x,y) MAE of the fusion-grain peak location.
Underlined values: the best in the column.

the need for high throughput, we use it as the default surrogate
backend.

NAR vs. AR comparison. We compare with an AR decoder. The
AR Transformer underperforms on both splits. Although autore-
gressive decoding respects temporal causality, it is more sensitive
to compounding rollout errors. Its lower throughput also limits
practical training and tuning (Table 2). Our explanation is that
the simulator context has only 160 time steps, which is short rela-
tive to typical long-horizon sequence tasks. With limited context,
step-wise temporal modeling helps less, while sequential rollouts
still accumulate errors and increase latency. This agrees with prior
forecasting work [25]. In such settings, simple linear or MLP-style
baselines can match Transformer variants on many benchmarks.

Surrogate inference speedup. Table 2 reports timing for 1,000 for-
ward evaluations. MULTI takes 319.83 s on 16 CPU threads. On
CPU, the Transformer encoder takes 14.76 s (21.67x speedup). On
GPU, it takes 4.58 s (69.83x speedup). The Transformer decoder is
slower than MULTI on CPU (561.67 s) and only marginally faster
on GPU (216.32 s). The NAR encoder is therefore the most efficient
evaluation engine for iterative pulse search.

Table 2: Wall-clock time for 1k forward evalua-

tions.
Backend Time (s)| Speedup
Transformer Encoder (CPU) 14.76 21.67
Transformer Encoder (GPU) 4.58 69.83
Transformer Decoder (CPU) 561.67 0.57
Transformer Decoder (GPU) 216.32 1.48
MULTI (CPU) 319.83 1.00

Measurements use Ubuntu 24.04 LTS, an AMD Ryzen 9 7940H CPU (16
threads), and an NVIDIA GeForce RTX 4060 Max-Q GPU (8 GB). MULTI
uses 16 CPU threads.

Speedup is computed as Time(MULTI CPU)/Time(Backend).

4.3 Co-evolving Optimization

4.3.1 Main Performance. We first test whether surrogate refine-
ment improves the 1D pulse-optimization trajectory. In Fig. 1a,
periodic refinement reaches 146.1% after 1D-MULTI re-evaluation.
The frozen-surrogate variant plateaus at 115.4%. This gap indicates
that updating the surrogate on on-policy samples helps after the
policy moves away from the offline training distribution. We use
this 1D trajectory as the main diagnostic in this subsection; final
designs are evaluated by direct 2D-MULTI in Section 4.3.2.
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Figure 8: t-SNE visualization of laser pulses during Co4ICF
optimization. Colored dots: policy-sampled pulses at differ-
ent stages (0-100k, 100k-200k, 200k-300Kk, 300k-400Kk); gray
stars: experimental pulses. The policy progressively moves
beyond the experimental pulse cluster in the embedding
space.

The optimized waveforms provide a qualitative check that the
improvement is not driven by isolated reward spikes. Fig. 1b com-
pares randomly initialized pulse samples with final policy sam-
ples. After RL with surrogate refinement, the designer produces
smoother ramp-plateau—shutoff structures among the optimized
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samples, which is consistent with the higher 1D-MULTI reward
curve in Fig. 1a.

The policy also moves beyond the measured-pulse cluster within
the decoder-defined search space. Fig. 8 embeds policy-sampled
160-step pulses with PCA followed by t-SNE. Early samples remain
close to the Real cluster, whereas later samples expand into broader
embedding regions. This progression suggests that the actor moves
beyond imitation while staying constrained by the learned decoder.

Policy training speedup. Runtime drops sharply in the PPO loop.
Across 3,967 PPO iterations, MULTI-based training takes 19,800 s.
The surrogate loop takes 20, giving a 990x inner-loop speedup.
This timing covers PPO policy updates only. It excludes offline data
generation, surrogate pretraining, low-frequency relabeling, and
2D-MULTI verification. Overall speedup depends on cycle count
and labeling budget M. The main saving is replacing per-iteration
MULTI calls with surrogate queries.

4.3.2  Direct 2D Evaluation and Ablation. We next test whether 1D-
optimized pulses remain strong under direct 2D-MULTI evaluation.
All optimizers use the same 1D surrogate and MULTI labeling bud-
get during search. 2D-MULTI is used only for post-hoc evaluation
of final designs. Thus, no 2D samples are used to train, fine-tune,
or select the PPO policy.

Table 3: Direct 2D-MULTI evaluation of final pulse designs
under the same 1D surrogate and MULTI labeling budget.
All reported physical quantities and normalized yields are
computed by 2D-MULTI, which is used only for post-hoc
evaluation. Normalized Yield is the 2D-MULTI fusion yield
divided by the baseline pulse’s 2D-MULTI yield.

Case p pR T Norm. Yield?
Baseline 7.60 0907 163.63 100.0%
BO 7.20  1.100  233.98 173.5%
GA 7.30  0.829  218.10 121.9%
W/O Update (Static) 6.52  0.482 388.72 126.3%
W/O Update (Enlarged) 6.49 0.512  422.09 174.8%
W/ Update (Co4ICF) 7.10 1.063 344.60 246.9%

Table 3 shows that Co4ICF achieves the highest normalized 2D
yield: 246.9%, compared with 173.5% for BO, 121.9% for GA, and
126.3% for frozen-surrogate PPO. The table also gives a budget-
matched ablation for the co-evolving surrogate. W/O Update (En-
larged) retrains the frozen surrogate with the same number of extra
samples as Co4ICF, but draws them from the original data distri-
bution instead of the current policy. This enlarged frozen surro-
gate improves over W/O Update (Static), from 126.3% to 174.8%,
but remains well below W/ Update (Co4ICF). Together, these com-
parisons suggest that the gain comes from coupling optimization
with on-policy surrogate refinement, rather than from optimizer
choice or extra data alone.

4.3.3  Distribution-Shift Diagnostics. The budget-matched ablation
shows the final effect of on-policy refinement. To diagnose this
mechanism, we track the peak error between surrogate predictions
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and MULTI-evaluated trajectories during PPO updates. This diag-
nostic measures whether the surrogate remains reliable as the pol-
icy shifts the input distribution away from the offline training set.
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Figure 9: Surrogate-MULTI peak error over PPO training
steps. Without calibration, the error grows unbounded as
the policy drives inputs OOD; with periodic calibration, the
error stays bounded.

Fig. 9 shows that the frozen surrogate becomes increasingly un-
reliable during optimization. Its peak error grows and eventually
spikes, indicating optimizer-induced distribution shift. Periodic cal-
ibration keeps the surrogate-MULTI gap bounded, explaining why
W/ Update outperforms both W/O Update variants in Table 3.

5 Conclusions

We presented Co4ICF, a co-evolving framework that couples a
physics-informed surrogate with an RL-based pulse designer for
ICF design under limited high-fidelity budgets. The dual-frequency
loop combines high-frequency PPO updates with low-frequency
surrogate fine-tuning to correct local extrapolation errors and re-
duce reward hacking. Co4ICF achieves 246.9% normalized yield in
direct 2D-MULTI evaluation relative to the experimental baseline.
It does so without 2D training or fine-tuning, while retaining a
990x inner-loop speedup. Budget-matched ablations indicate that
these gains are not explained solely by additional simulation data.

More broadly, Co4ICF suggests a recipe for simulation-informed
design. Treat optimizer-induced shift as a training signal, and keep
the learned simulator aligned with decision-relevant regions.

6 Limitations and Broader Impact

Limitations. The framework relies on MULTI-IFE (1D & 2D) for
high-fidelity feedback [16], so it cannot capture asymmetric insta-
bilities (e.g., Rayleigh-Taylor) that matter in real 3D implosions.
Search is constrained to the VAE manifold, which keeps pulses fea-
sible but risks missing physically valid shapes outside it.

Broader impact. The co-evolving paradigm is not specific to ICF
and may transfer to other domains where iterative optimization
interacts with a learned model (e.g., molecular design, materials
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discovery). However, ICF research inherently bridges civilian fu-
sion energy and weapons physics; methodologies for optimizing
implosion performance could, in principle, be applied to weapons-
relevant contexts. Researchers adapting this paradigm should ad-
here to relevant export control and non-proliferation frameworks.
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A Dataset and Data Augmentation

This section describes the dataset composition and the three data
augmentation strategies (VAE, PPCA, Fourier-domain noise) used
to expand training coverage beyond the limited set of experimen-
tally measured pulses.

A.1 Dataset Overview

The dataset contains about 90k normalized pairs, stored in HDF5
format by shot ID. Each quantity is interpolated onto a uniform
grid of 160 time steps (0.05 ns resolution) and stored as a fixed-
length vector. Each input consists of a laser power pulse and three
discrete target parameters.
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Figure 10: t-SNE visualization of input laser pulses across
dataset subsets. Coverage increases from Real (701 pulses)
to VAE-augmented, PPCA, and Fourier-noise samples.

A.2 VAE Sampling

We employ a variational autoencoder (VAE) to learn a compact
generative representation of measured laser pulses for offline data
augmentation (VAE_aug). VAE_aug is trained only on the Real sub-
set, producing samples that follow the same empirical distribution
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Co4ICF

as measured pulses. This dataset VAE is not the VAE used in the
downstream optimization stage.

A.2.1 Model and Training Objective. Let p € RT denote a nor-
malized laser power pulse interpolated onto a uniform grid with
T = 160 time steps. The VAE consists of an encoder gg4(z|p) and

a decoder py(plz), where z € R? is a latent code. We assume a
standard Gaussian prior p(z) = N(0,I) and train the VAE by max-
imizing the evidence lower bound (ELBO):

©)

p = Dy(2), 4

where Dy(-) denotes the decoder, and f is a weighting factor con-
trolling the strength of the KL regularization.

A.2.2  Sampling Procedure. After pretraining, we draw latent vec-
tors from the prior and decode them:

z~N(@O,I),  p=TIx(Dy(2)), )
where II54(-) denotes a non-negativity projection (implemented as
max(-, 0)) to ensure physically valid laser power.

A.3 PPCA Sampling

To provide a linear generative baseline complementary to the non-
linear VAE, we utilize Probabilistic Principal Component Analysis
(PPCA). Similar to the VAE strategy, the PPCA model is fitted ex-
clusively on the Real subset.

A.3.1 Model and Training Objective. We model the observed pulse
p € R as a linear transformation of a lower-dimensional latent
variable z € R%« with additive Gaussian noise:

p=Wz+pu+e 6)
where p € RT is the data mean, W € lRTXdPC“ is the factor loading
matrix, and € ~ NV(0, 02I) represents isotropic noise.

A.3.2  Sampling Procedure.

z ~ N(0,1), p= HZO(WZ +u+ Esample) , (7)

where €g,mple is drawn from (0, 0%I), and II5(() enforces the
physical non-negativity constraint.

A.4 Fourier-Domain Exponential-Decay Noise
Augmentation

We perturb measured pulses in the Fourier domain to generate
OOD yet physically plausible laser pulses. For a real-valued input
pulse p(t) € RT, we compute its one-sided real FFT

P = RFFT(p)r € C ®)
then inject additive complex Gaussian noise whose magnitude de-

cays exponentially with frequency index:

Pk:Pk+Aexp<—]E)ek, & ~ N D) +iN(1) 9)
T

where k is the discrete frequency index, 7 is the decay factor, and
A sets the overall perturbation strength. The exponential enve-
lope biases perturbations toward low-frequency components. This
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largely preserves coarse pulse structure while producing diverse
pulse variations. As noted in the main text, the exponential cut-

off suppresses high-frequency noise and respects bandwidth and
slew-rate limits of real ICF lasers.
Finally, we transform back via

p(t) = max(IRFFT(P), 0) (10)

to enforce continuity and non-negativity.

B Physics-Informed Inequality Loss: Full
Derivations

This section provides complete derivations of the physics-informed
inequality constraints used to regularize the surrogate during pre-
training (Section 3.3).

B.1 ICF Implosion in Three Stages

An ICF implosion proceeds through three stages with different
dominant mechanisms. These stages motivate the inequality con-
straints below.

Stage 1: Laser ablation and rocket effect. An intense laser pulse
irradiates the fuel capsule surface. The outer material heats and ex-
pands outward as a plasma corona; by momentum conservation,
this ablation drives an inward rocket reaction that accelerates the
remaining shell. The mass ablation rate m, is set by laser intensity
I; and wavelength A; through Eq. (14). Because ablation removes
mass from the shell, enclosed mass decreases monotonically dur-
ing this stage. The ablation pressure also imparts radial momentum,
analogous to rocket thrust from mass ejection.

Stage 2: Implosion and compression. After the main drive ends,
the inward-moving shell coasts and converges toward the center,
compressing the fuel to extreme densities (5 ~ 102-10% g/cm?).
During this inertial coasting phase, no further momentum is in-
jected; the shell kinetic energy is converted into internal energy as
the fuel stagnates. The implosion velocity v, and remaining shell
mass m together determine the kinetic energy budget available
for compression. Conservation laws demand that the enclosed mo-
mentum and kinetic energy cannot exceed the total impulse and
energy delivered during Stage 1—these are the momentum and en-
ergy confinement constraints derived below.

Stage 3: Stagnation and thermonuclear burn. When the implod-
ing shell decelerates against the compressed fuel core, kinetic en-
ergy is thermalized and the fuel reaches peak temperature and den-
sity. If the Lawson criterion pRT > 1.5 g-keV-cm™2 is met, a
thermonuclear burn wave propagates before hydrodynamic disas-
sembly quenches it. Fusion yield depends on how efficiently implo-
sion kinetic energy is converted into thermal energy at stagnation,
which is set by the optimized pulse shape.

This three-stage picture explains why conservation constraints
matter. A surrogate that predicts too much enclosed mass or mo-
mentum is physically impossible. The inequalities below encode
mass, momentum, and energy bookkeeping constraints.



KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

B.2 Setup and Notation

We consider a 1D Lagrangian capsule discretized into N mass lay-
ers (N = 160 in MULTI), indexed by i € {1,..., N}, with fixed
initial layer masses m;. Let t,, denote the uniformly sampled time
grid(n = 1,...,T, T = 160) and At the timestep. The total initial
mass is

N
MO = Zmi. (11)

After de-normalization, the surrogate predicts: (i) boundary shock
index [ (t ), (ii) boundary radius R 1(t,), (iil) mass-weighted average
velocity v.(¢,), together with other state histories.

B.3 Differentiable Mass Operator

Define the cumulative initial mass
k
M) =Y m, kefo1,..,

i=1

N}, M(0) = 0. 12)

We define a differentiable mass-from-index operator M (-) via lin-
ear interpolation:

i(ty) = M(I(E) = (1= §IMLD + §M(L) - (13)
where 8, = I, — |1,], and I, = clip(I(t,), 0, N).

B.4 Steady Ablation Model
Following the ablation rate formula [2]:
2/3 A —4/3 I 1/3
6 L L
(1) = 13x10 <zz) (0.35 ym) (1015 W/cm2> (14

When only laser power P(t) is available, we use the boundary ra-
dius to approximate intensity:

P(t)
IL(t) =~ - (15)
47R; (1)
The total ablated mass rate is then
Mapi(t) = 4rR7 () ig (2). (16)

In discrete time, the cumulative ablated mass and the remaining-
mass upper bound are

n

AMapi(8) = Map ()AL, Myjpy (8,) = max (0, My— >, AMabl(l‘k))-
k=1

(17)

B.5 Physical Confinement Constraints

B.5.1  Momentum confinement. Define the predicted enclosed mo-
mentum as

Pty) = 1in(ty) [0 (8- (18)
We approximate the exhaust speed:
kgT7 (¢
o®) = 20,) = 2, | 2L, (19)

Mion

Jiatong Zhao, Tengyue Zhang, Yuhan Wang, Fuyuan Wu and Junchi Yan

The impulse budget up to ¢, is

n
Plim(tn) = Z A]\/Iabl(tk) Uex (t)- (20)
k=1
The momentum constraint is enforced by a squared hinge penalty:
1 R 2
=z Z [max (0. ) - pim(®))] - @D

B.5.2  Energy confinement. Define the predicted kinetic energy of
the enclosed mass:

- 1. .
Ekin(tn) = Em(tn)vcz(tn) (22)
Using the remaining-mass bound Mj;,(£,):
c AM,p1 (8)
i t,) = ) ————, > 0. 23
ulmp( n) ,;uex( k) Mlim(tk) e 3 (23)
The corresponding energy upper bound is
1
Biim(tn) = & Mim (tn) i (tn)- (24)
1y A 2
= f Z [max (0’ Ekin(tn) - Elim(tn))] . (25)

B.5.3 Mass confinement.

2
-2 Z | max (0, ity ~ Mim(8))] (26)

H

B.6 Overall Objective

L= Lgata + Anlm + 4pLp + ApLE. (27)
In practice, these constraints matter most during ablation and com-
pression. When the boundary index collapses to I(t) = 0 after igni-
tion, r1(t) becomes small and the penalties naturally deactivate. Be-
cause the constraints operate on full trajectories, they apply only to
the non-autoregressive surrogate. Adding them to an autoregres-
sive rollout would conflate physics violations with rollout error
accumulation.

C PPO Objective Derivation for the One-Step
Setting

We derive the PPO-style surrogate objective used in Section 3.4

for the one-step episodic setting. The policy my samples a latent

action z € R%, which is decoded into a pulse p = Dy (z) by a fixed

decoder Dy,. The scalar reward is r(p), hence the expected return

is

1) £ B,y [r(Dy@)] - (28)
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C.1 Bandit Advantage and Policy Difference
Identity

Given a reference (behavior) policy 7,4, we define the one-step
advantage as

Aold(z) = r(D‘/,(z)) —Eyomy [r(Dl//(Z,))] . (29)
LEMMA C.1 (POLICY DIFFERENCE IDENTITY IN THE ONE-STEP SET-
TING). For any policy mg and reference policy 7,

1(6) = n(7o1a) + Eg-ry[Acta(2)] - (30)
ProoF. By definition,
0(0) = 1(To1a) = By [r(Dy (@) | = By -y [r(Dy ()]
= Eyry[r(Dy (@) ~ By [r(Dy ())]]
=E,z,[Aca(@)], (31)
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where the second line uses that the 7,4-expectation is a constant
independent of z. d

C.2 Importance-Sampling Surrogate Objective

Using importance sampling,

B0 =B[22 50]. )
Applying (32) to (30) yields
10) = 1010) + By 00) A, poe) = 22
)

Eq. (33) motivates the PPO-style surrogate objective used in the
main text.
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