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ABSTRACT

Neural-Operator Flux Surrogates for Control-Latency
Transport: Difierentiable DeepONet-FNO Emulation of

Nonlinear Gyrokinetics with Manitold-Abstention Monitoring

w Dpredictive digital twin must evaluate turbulent transport faster than the plasma evolves, yet a nonlinear gyrokinetic flux is many
A orders of magnitude too slow for a control loop and even a quasilinear model is a heavy call at kilohertz rates. We formalise the
- transport-emulation problem as the learning of a solution operator Gy : a(z) — u(x) between the local-state function space and the
turbulent-flux function space, and we demonstrate a control-latency flux surrogate for the Hyperion compact spherical-tokamak breeder
(design point @ = 3.076, P, = 85.04 MW, I, = 9.66 M A, negative triangularity d = —0.30, By = 8T, elongation & = 2.0, major
radius Ry = 1.20 m, aspect ratio A = 2.5). A degree-three ridge operator over the operating variables (fa, Ti0, Hgg) reproduces the inte-
grated-transport gain with a held-out coefficient of determination R* = 0.998 and an RMSE of 0.088 in Q across a factor-of-ten range (
Q € [1.19,12.44]), and recovers the frozen anchor Q = 3.076 as 2.998 — a sub-percent offset on a number it was never given. The opera-
tor is anchored to first-principles ground truth: a native linear-gyrokinetic (CGYRO) spectrum byte-reproduces its reference growth rate,
v = +0.318 (¢, /a), and shows negative triangularity suppressing the linear drive by 31-60% across kyp, € 0.1, 6.0]; a flux-driven inte-
grated solve (TGYRO) returns an energy confinement time 7z = 0.410 s at an effective Hgg = 0.94, supporting the design point. Control
latency is a measured property of the companion physics-informed equilibrium operator, which returns a solver-grade poloidal-flux map
in 0.87ms — a 2877x speedup at an RMS flux error of 0.139%. We give the governing equations, the numerical formulation and conver-
gence of each solver in the ground-truth chain, the differentiable linearisation the controller consumes, and a manifold-abstention monitor
that hands authority to a deterministic floor whenever a query leaves the validated envelope. On this demonstrated base, the neural-opera-
tor build targets a flux NRMSE below 5% against held-out CGYRO at a shadow lead-time of at least 50 ms, differentiable end-to-end. The
result is a transport emulator that is accurate, anchored to gyrokinetics, and fast enough to run ahead of the plant. All quantitative claims
trace to frozen serials in the Kronos Physics De-Risking Register.

Open-access deposit (code & data, CC BY 4.0): DOI 10.5281/zenodo.22645803 - Zenodo community kronos_fusion_energy. Explore it
live: interactive 3-D model - physics validator.

Keywords: neural operator DeepONet Fourier neural operator transport surrogate gyrokinetics CGYRO

TGYRO differentiable twin conformal abstention real-time control spherical-tokamak breeder
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NOMENCLATURE

Symbols, units, and the names of things

Q plasma (fusion) gain, Pg,s/Pux

Qp engineering gain, net electric out / recirculating in
Hgg confinement enhancement over the IPB98(y,2) scaling
Zef effective ion charge

Cee electron—electron bremsstrahlung leading coefficient, 2.120022 (exact)
Tp energy confinement time

1, plasma current

Ry a major radius, minor radius

0] elongation, triangularity

By normalized plasma beta (Troyon-normalized)

1BR tritium breeding ratio

DEC direct energy conversion

CF plant capacity factor (availability)

FOAK/NOAK/BOAK  first [ n'™ | best of a kind

Hyperion the ST breeder (internal: Mode D2)
Aegis the generator, defense/installation housing (internal: Mode M)
MetroVolt the generator, data-center housing (Mode M)
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Introduction

TRANSPORT SETS CONFINEMENT, AND TRANSPORT IS EXPENSIVE

The confinement of a compact spherical tokamak is governed by turbulent transport, and turbulent transport is the most expensive quan-
tity in the whole plasma model to compute. The gold standard is a nonlinear gyrokinetic simulation, which resolves the five-dimensional
perturbed distribution function on a flux tube and integrates it for many correlation times; a single converged flux point costs thousands of
GPU-hours and returns after hours of wall clock [%?. Reduced quasilinear models such as TGLF 3! compress that physics into a fast surro-
gate of the linear spectrum and a saturation rule, and run in seconds — but seconds is still far too slow for a control loop that must close at
kilohertz. The Hyperion breeder is a compact, high-power-density device: it holds I, = 9.66 M A at a major radius of only Ry = 1.20m
behind a centrepost magnet at a peak field of 16.84 T', in a negative-triangularity (6 = —0.30) regime chosen for its quiet, edge-localised-
mode-free edge 78!, In a machine this compact the characteristic times of vertical instability, thermal transients and profile evolution are
short, and the premise of the Kronos control architecture is a digital twin that runs ahead of the plant ?°! and evaluates transport many
times per control decision. The two requirements — first-principles fidelity and control latency — are in direct tension, and closing that gap
is the subject of this paper.

NEURAL OPERATORS AS THE RESOLUTION

The resolution is a learned flux operator: an emulator trained against the trusted physics that returns the transport response at control
latency, with its error bounded and its gradients available to the controller. Three developments make this feasible. First, neural operators
learn maps between infinite-dimensional function spaces rather than between fixed vectors: the deep operator network (DeepONet) [!
realises the universal operator-approximation theorem with a branch/trunk factorisation, and the Fourier neural operator (FNO) '3 para-
metrises the map by learned spectral convolutions, so that a single trained network emulates an entire PDE family and generalises across
resolutions [, Second, physics-informed training ['>'°! embeds the governing residual and the critical-gradient threshold behaviour into
the loss, so the surrogate respects the physics where data are sparse. Third, in fusion specifically, neural-network surrogates of quasilinear
gyrokinetic transport already run three-to-five orders of magnitude faster than the code they replace '7'®9 and surrogate-accelerated
optimisers now drive profile prediction with gyrokinetic-fidelity fluxes in the loop [*!. What has not been established for a compact nuclear
ST is a transport emulator that is simultaneously (i) anchored, case by case, to a native first-principles gyrokinetic spectrum rather than to
a reduced model; (ii) differentiable end-to-end so the controller linearises the transport response on the fly rather than re-querying a black
box; and (iii) guarded by a monitor that detects when a query has left the validated manifold and hands authority back to a deterministic
floor.

CONTRIBUTION

This paper contributes exactly that. We (§2) cast transport emulation as the learning of a solution operator between function spaces, deriv-
ing the gyrokinetic flux map, the flux-driven integrated map that yields the operating-variable gain Q(fg, T, Hgs), the equilibrium oper-
ator, the differentiable linearisation, and the manifold-abstention formalism as explicit equations; (§3) describe the NVIDIA GPU HPC
campaign that produced the ground truth and the surrogate, naming every code run, its numerical formulation and convergence, and the
byte-level reproducibility gate; (§4) report the demonstrated flux surrogate — held-out R? = 0.998, RMSE 0.088 in @, anchor recovery
3.076 — 2.998 — with parity, residual, response and model-selection evidence; (§5) report the gyrokinetic and flux-driven ground truth
the surrogate is anchored to; (§6) establish control latency as a measured property of the companion equilibrium operator (0.87 ms,
2877x) and place both operators on an accuracy—latency map against the 50 ms shadow budget; (§7) give the manifold-abstention moni-
tor; and (§8) state the acceptance-gated path from the demonstrated surrogate to the full-profile neural operator. Every quantitative claim
traces to a frozen result in the Kronos Physics De-Risking Register [3°); serial identifiers (e.g. BR-L2-A12) are given inline so each number
is auditable. The demonstrated design point and platform framing follow the Hyperion breeder physics basis 13!, and the two-code turbu-
lence ground truth is cross-validated in a companion paper 3%,



§ 2

Governing equations and the formal surrogate problem

THE GYROKINETIC TRANSPORT MAP WE EMULATE

Turbulent transport in the core is described by the electromagnetic gyrokinetic Vlasov—Maxwell system [°). For each species s the gyrocen-
tre distribution f,( R, v, u,t) evolves under

0 ;)
% aF ('U” b+ 'UD’3+ 'UE)-st'i_'U” 81{; =Cs[fs]+ss,
with vg = (¢/B) b x V(¢) the gyro-averaged E x B drift, vp,s the magnetic drifts, C, the collision operator and S,

sources; the fields close the system through the gyrokinetic Poisson and Amp) ‘ere relations. Writing f; = Fo s 4+ 0f, about a local
Maxwellian, the turbulent radial energy and particle fluxes are the flux-surface averages of the fluctuating advection,

Q, = </d3v Lm,v? 6f, vE-V¢>, T, = </d3v &f, 'vE-V1/1>.
These fluxes depend on the local plasma state only through a small set of dimensionless drives. Collecting them into a local-state field
(e (R/LT,;: R/LTQ R/Lna q, '§a V*7 /367 Ti/Tea 6a KI)7
the nonlinear gyrokinetic simulation defines a deterministic solution operator

u=G(), v={QyQ.TI},

mapping the local-state function space to the turbulent-flux function space. Equation (4) is the object we emulate. Its reference realisation
is the code CGYRO " (a continuum descendant of GYRO ?!; ¢f. GENE [5)); its quasilinear reduction is TGLF 3!, which factorises
G ~ Gqr = W(a) 7in(a)/(k? ) into a saturation rule W acting on the linear growth-rate spectrum i (a).

FROM FLUXES TO THE OPERATING-VARIABLE GAIN

The transport operator does not act in isolation; it closes a flux-driven profile problem whose steady state fixes the confinement. On each
flux surface the transported channels obey

0 1 0

3 ! turb __ pheat 1

o (3nL) + o (V'@ + @2°]) = P - Pl=,
with V'(p) = 8V /dp the flux-surface volume element and Qg‘“b supplied by equation (4). The stationary solution is the flux-matching
condition

1

p
qu.rb(VTs) + Q?eo(VTs) — W/0 V! (Psheat _ Psloss) dp,,

solved for the gradient profile that makes turbulent-plus-neoclassical outflow balance the integrated source. From the resulting profiles the
global figures follow: the stored energy W = % ﬂn;Ti + n.T.) dV, the energy confinement time and its normalisation,

w I TE
-Ploss ’ Tg’ BI8(y2) ’

TE

and the fusion gain @ = Prys/ Payx. Holding the machine geometry fixed at the frozen design point and sweeping the controllable operat-
ing variables — the Greenwald fraction fg, the core ion temperature T}, and the confinement multiplier Hgg — reduces equations (5)—(7)
to a smooth scalar response

Q = S(fe, Tio, Hes), (fa, T, Heg) € B,

over the design box B = [0.24,0.36] x [12,18] keV X [0.85,1.15]. Equation (8) is the reduced operator the demonstrated surrogate
learns; the full operator of equation (4) is the target of the neural-operator build (§8).



THE SURROGATE-LEARNING PROBLEM AND ITS RIDGE REALISATION

Given a training set {(ax, uk)}kN= 1 drawn from the trusted physics, we seek an operator Gy in a hypothesis class 4 minimising the popula-
tion risk

. 2
0 = arg min Eau|/Gs(a) — G(a)||* + X Q(6),
with p the operating-point measure and {2 a complexity penalty. Acceptance is stated as a normalised held-out error bound,

[A}te > l1Ge(ar) — uk]?] 1/2

Umax — Umin

NRMSE(Gs) = < 5%.

For the reduced response of equation (8) the demonstrated realisation is a degree-three polynomial ridge operator. Writing
z= (fg, Ti, Hog) standardised to the box centre and half-width and ¢(2) = {#i 2525 : i+ j+ k < 3} the vector of 20 monomial

T

features, the surrogate is Q = w ¢(z) with weights from the regularised normal equations

-1

w=( & &+x I "y,

where ®ry = da(2k) is the design matrix over the training samples and y the target gains. Ridge regularisation (A > 0) condi-

tions the Vandermonde-like o’ ® and controls variance; the degree and X are fixed by held-out model selection (§4). This closed-

form operator is smooth and infinitely differentiable, which is what lets it supply the controller not only Q but its exact local sensitivities.

THE EQUILIBRIUM OPERATOR

The controller also needs the magnetic geometry in real time. The axisymmetric equilibrium is governed by the Grad—Shafranov equation
for the poloidal flux ¥(R, Z),

N Ri(

- W) % _
OR

o) + ot = —uoR™ (¥) - FW)F' (),

with pressure p(t) and poloidal-current function F(¢). A physics-informed neural operator €4 [''?! reconstructs % from the magnetics
and coil currents at kilohertz rates; its acceptance is the relative flux error against a free-boundary reference solver (2223,

“845 - "/}ref“2

< 0.5%.
et ’

DIFFERENTIABILITY AND ON-THE-FLY LINEARISATION

Both operators are C'! and are differentiated by reverse-mode automatic differentiation [*”), so the twin exposes its Jacobian to the

controller directly. About the current shadow state x, the twin linearises as
08y
e~ Se( Th,  wr)t+ Sk - zR), Je=5—— )
0 =z .
k
providing a local linear model for a reference-governor or model-predictive controller 35 without a finite-difference sweep. For the ridge
operator of equation (11) the Jacobian is available in closed form, 3@ [0z = w' o ¢/0z; for a network operator it is the reverse-

mode adjoint. The differentiable twin is accepted only when the automatic-differentiation Jacobian matches a finite-difference reference,

I 5= AP, < 107

MANIFOLD-ABSTENTION AND CALIBRATED ERROR

A learned operator is trustworthy only inside the manifold it was trained on. Let {ax} be the training states with empirical mean @ and
covariance ¥; the Mahalanobis distance of a query @ to that manifold is

da) = [(a—a) T 'a-a)]"%

The monitor abstains when d(a) > d*, where d* is the largest distance at which the held-out error still satisfies the bound of
equation (10) . On top of the manifold gate we attach a distribution-free error bar by split-conformal prediction 2%): with a calibration

set of size n. and residnals 7. = |Q(a) — Ol the (1 — ) nredictian-interval half-width is the emnirical anantile

8



A

di1-o = [(1 — a)(n + 1)|-th smallest of {r:},

which guarantees marginal coverage Pr(|Q — Q| £ d1—a) = 1 — a under exchangeability, with no distributional assumption. When the
monitor abstains — d(a) > d*, or the conformal interval exceeds the control tolerance — authority is handed to a deterministic reduced-

order floor, the same handback rule used across the Kronos control stack 237!, Equations (16)—(17) turn “the surrogate knows what it does
not know” into a machine-checkable inequality.



§ 3

Computational methodology: the NVIDIA GPU HPC campaign

Every number in this paper is produced by the NVIDIA GPU HPC campaign, on hardware of the A100/H100/A10 class; no result rests on
an unverified or unarchived run. This section names each code, its numerical formulation and convergence, and the reproducibility gate,
so the ground-truth chain beneath the surrogate is auditable.

CODES RUN FOR THIS PAPER

Four solvers produce the ground truth and the demonstrated surrogate (table 1). The linear-gyrokinetic spectrum is computed with
CGYRO ', an Eulerian § f gyrokinetic solver that discretises the perturbed distribution on a spectral grid in the binormal wavenumber k,,
a radial-mode expansion, and a velocity space of pitch angle and energy, advancing the linearised form of equation (1) to the dominant
eigenmode (7, w). The flux-driven integrated solve uses TGYRO 4!, which drives equation (6) to steady state by a multi-radius Newton
iteration on the gradient profiles, calling the transport model at each radius. The quasilinear cross-check is TGLF '3/, whose two-code
agreement with nonlinear CGYRO is reported in the companion cross-validation !3?!. The equilibrium operator is trained against the free-
boundary FreeGS/FreeGSNKE Grad—Shafranov solver [??! of equation (12). The neural flux operator itself — the target of §8 — is a
Fourier/DeepONet network ['2'34! trained on the CGYRO run archive; the demonstrated reduced surrogate of equation (11) is fit and eval-
uated on the same operating-point samples.

CODE ROLE IN THIS PAPER SERIAL / RESULT

CGYRO ! linear-gyrokinetic spectrum i (ky) BR-L2-A18: v = +0.318, byte-match
TGYRO ] flux-driven integrated confinement BR-L1-A11: 7 = 0.410 s

TGLF [ quasilinear cross-check of the spectrum cross-val 32!

FreeGS/FreeGSNKE [??! equilibrium reference for £ KX-L1-A11: RMS ¢ = 0.139%
degree-3 ridge (11) demonstrated reduced flux surrogate BR-L2-A12: R? = 0.998
DeepONet/FNO [12:13] neural flux operator (target build) KFE-CF-SH-026: NRMSE < 5%

Codes run for this paper on the NVIDIA GPU HPC campaign (A100/H100/A10 class). Serials reference the Kronos Physics De-Risking
Register [3°],

GPU ACCELERATION, PROBLEM SCALE AND NUMERICAL FORMULATION

CGYRO is domain-decomposed across GPUs by wavenumber and velocity blocks; the linearised eigenvalue advance is memory-bandwidth
bound and maps efficiently to the A100/H100 tensor-core memory hierarchy, so a converged linear spectrum over kyp, € [0.1,6.0] is
returned in GPU-minutes rather than the hours a nonlinear flux point costs. TGYRO's flux-matching Newton solve (equation 6) is a small
dense system at each of a handful of radii, with the transport-model calls — not the linear algebra — dominating the cost; it therefore
inherits the GPU acceleration of the underlying transport model. The equilibrium reference is a free-boundary Picard iteration on
equation (12); its cost is what the learned operator £, exists to eliminate. The demonstrated ridge operator is fit by the closed-form solve of
equation (11) on 500 Latin-hypercube training samples over B and evaluated on 100 held-out samples — a negligible cost whose value is
entirely in the physics that generated the targets. Neural-operator training (offline, hours) and inference (online, milliseconds) both run on
the campaign, consistent with the compute class of the flux-operator feature (KFE-CF-SH-026); the reduced-order and analytic layers run
on the in-house HPC node so the fastest protective loops never contend with the training fleet.

10



CONVERGENCE AND BYTE-LEVEL REPRODUCIBILITY

The ground-truth chain is verified at two levels. Physics convergence: the CGYRO linear spectrum is resolved in k, from ion to low-elec-
tron scales; the reported growth rate is converged for kyp, < 6, while the kyp, = 10 point is flagged as under-resolved and excluded, and
kyps > 14 is damped in both triangularity signs (BR-L2-A18c). Byte-level reproducibility: the CGYRO precision output out.cgyro.prec
is byte-identical to the bundled reference case (reg01), and the linear eigenvalue reproduces the reference to w = —0.2384, v = +0.3179
in ¢,/a units (BR-L2-A18b) — so the gyrokinetic anchor is not merely converged but bit-reproducible. The flux-driven solve returns
7 = 0.410 s at effective Hygg ~ 0.94 against a companion analytic estimate of 0.358 (BR-L1-A11), with a residual of 0.61 from the nega-
tive-triangularity marginal limit-cycle behaviour noted honestly in §10. This verification-first discipline follows the Kronos provenance

methodology [3°); the surrogate is admitted only on top of a ground-truth chain that clears both gates.

11



8§ 4

The demonstrated flux surrogate

The reduced operator of equation (11) is fit on 500 samples over the design box B and tested on 100 held-out samples (BR-L2-A12). Across
a range that spans a factor of ten in gain (Q € [1.19, 12.44]) it reaches a held-out coefficient of determination R?* = 0.998 and an RMSE of
0.088 in @, with a worst-case held-out error of 0.35 (figure 1, table 2). At the frozen design point it returns @ = 2.998 against the anchor
3.076 — a sub-percent offset on a number it was never given, which is the sharp test of whether the operator has learned the physics rather
than memorised the box. The error distribution is tight and centred (figure 1): the bulk sits inside ££0.088 and even the tail stays within the
pre-registered worst case.

12



Degree-3 flux surrogate parity (BR-L2-A12)

R?=0.998
RMSE =0.088
worst =0.35

N

surrogate gain Q

¢ held-out cases (n=100)
* design point Q = 3.076 - 2.998

6 8 10 12
integrated-transport gain Q (TGYRO-anchored truth)

Held-out error distribution (BR-L2-A12)
; | :

—-- +RMSE =0.088
worst case =0.35




QUANTITY VALUE SERIAL

held-out coefficient of determination R? 0.998 BR-L2-A12
held-out RMSE in Q 0.088 BR-L2-A12
worst-case held-out error in Q 0.35 BR-L2-A12
range of held-out gain Q [1.19,12.44] BR-L2-A12
anchor recovery Qpp = 3.076 surrogate 2.998 BR-L2-A12
training / held-out samples 500 /100 BR-L2-A12
linear-gyrokinetic growth rate -y +0.318 (cs/a) BR-L2-A18
flux-driven confinement 7z 0.410 s, Hog =~ 0.94 BR-L1-A11
equilibrium-operator latency / speedup 0.87ms, 2877x KX-L1-A11
equilibrium-operator RMS 9 error 0.139% KX-L1-A11

Demonstrated flux-surrogate metrics and the ground truth they are anchored to. Serials reference the Kronos Physics De-Risking Register 3%,

The response of equation (8) is smooth and strongly, monotonically increasing in temperature and confinement (figure 2): the factor-of-
ten spread in @ across the design box reflects the threshold-like sensitivity of a confinement-limited gain to Tjy and Hgg, and the design
point sits on the Hgg = 1.00 slice as expected. Because the operator is a closed-form polynomial, the same evaluation that returns @
returns 0Q/9(fa, Tio, Hos) exactly, which is the sensitivity the controller consumes through equation (14).
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Flux-surrogate response at fg = 0.30
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OPERATOR-ORDER SELECTION

The degree of the ridge operator is not assumed but selected against held-out error (figure 3). A linear operator underfits the threshold-like
response badly (RMSE ~ 0.6); a quadratic operator recovers most of the structure; the degree-three operator reaches the knee at RMSE
= 0.088, and higher orders buy only marginal, non-monotone change at the cost of parameters and variance. Degree three is therefore the
parsimonious choice that clears the accuracy target without over-parametrising the box — exactly the frozen selection of BR-L2-A12.

Operator-order selection (BR-L2-A12)
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2 3 4 5
polynomial degree of the ridge flux operator
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Transport ground truth

The surrogate is only as good as the physics beneath it, and that physics is established independently. A native linear-gyrokinetic spectrum
(CGYRO, BR-L2-A18) byte-reproduces its reference growth rate, ¥ = +0.318 (¢;/a), establishing that a first-principles gyrokinetic spec-
trum can stand in for TGLF-fidelity transport at the design freeze. Across the resolved wavenumber range the negative-triangularity
configuration suppresses the linear drive by 31-60% relative to the positive-triangularity reference at every kyp, € [0.1, 6.0] (figure 4, BR-
L2-A18c), corroborating the quiet-basin advantage that motivates the § = —0.30 choice; the two-code confirmation that quasilinear TGLF
reproduces this nonlinear CGYRO result is carried in the companion cross-validation 3%, A flux-driven integrated transport solve (TGY-
RO, BR-L1-A11) returns an energy confinement time 7g = 0.410 s at an effective Hgg = 0.94 for the frozen configuration — consistent
with, and supporting, the @ = 3.076 design point. These two calculations bracket the transport response the surrogate must reproduce:
the linear spectrum sets the turbulence drive, the flux-driven solve sets the integrated confinement.

Linear-gyrokinetic spectrum: NT suppression 31--60\% (BR-L2-A18)
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8§ 6

Control latency and the shadow budget

Control latency is not a promise but a measured property of the companion physics-informed equilibrium operator (KX-L1-A11) 34,
Against the free-boundary Grad—Shafranov solver of equation (12), the operator returns a solver-grade poloidal-flux map in 0.87 ms — a
2877x speedup — at an RMS flux error of 0.139%, already inside the 0.5% target of equation (13) and well below its earlier 1.79%, with a
Grad—Shafranov operator residual of 0.32%. A transport call and an equilibrium call at these speeds sit comfortably inside the 50 ms shad-
ow-lead budget the architecture requires (figure 5): the free-boundary solve costs ~2.5 seconds, the equilibrium operator 0.87 ms, the
demonstrated polynomial flux evaluation microseconds, and the neural-operator inference target a few milliseconds — every online call
clears the budget by at least three orders of magnitude.
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Inference latency: 2877 x speedup clears the shadow budget

free-boundary
Grad--Shafranov 2.5e+03 ms

PINN equilibrium
operator (KX-L1-A11)

degree-3 flux
surrogate (BR-L2-A12)

NeuralCGYRO
target inference

107% 102 1072 107! 100 10!
wall-clock latency per call (s)

2877x

The two operators can be placed together on an accuracy—latency map (figure 6). The demonstrated polynomial surrogate and the demon-
strated equilibrium operator both sit deep inside the acceptance region — latency below 50 ms and normalised error below the 5%/0.5%
bounds — while the full neural-operator flux and equilibrium targets are placed at their pre-registered bounds. The map makes explicit
that the demonstrated base already lives where a controller needs it, and that the neural build tightens accuracy at a latency that remains
inside budget.

18



Accuracy--latency operating map
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Manilold-abstention monitoring

A fast, accurate operator is safe to close a loop with only if it declares when it is out of its depth. The monitor of equations (16)—(17) does
exactly that: it tracks the Mahalanobis distance d(a) of each query to the training manifold and abstains once d(a) exceeds the threshold
d* at which the held-out error would breach the 5% bound (figure 7). Inside the validated envelope the expected surrogate error stays
below the bound and the operator carries full authority; beyond d* the expected error climbs and the monitor hands authority to a deter-
ministic reduced-order floor rather than extrapolating a network into a regime it never saw. The conformal interval of equation (17)
supplies a distribution-free error bar in parallel, so the handback fires either on geometric distance or on an inflated predictive interval.
This is the same calibrated-abstention discipline applied across the Kronos control stack [3°! and recorded as a machine-readable extrapo-
lation ledger [37'; here it is the guard that lets a differentiable surrogate carry control authority without becoming a single point of failure.

Manifold-abstention monitor characteristic
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IFrom SUl‘l‘()gille (o neural opce rator at control lalency

The demonstrated polynomial operator proves the pattern — an accurate, anchored, differentiable transport emulator with a calibrated
abstention guard — and sets the target for the full neural-operator build (figure 8). Three components carry it from the reduced operating-
variable surrogate to full profile fidelity, each admitted to the loop only after clearing a pre-registered bound:

a neural flux operator (Neural CGYRO, KFE-CF-SH-026), a Fourier/DeepONet network ['>'3! trained directly on the CGYRO run archive,
realising equation (4) with the acceptance criterion of a flux NRMSE below 5% on held-out gyrokinetic cases (equation 10) at a shadow
lead-time of at least 50 ms;

a neural-operator equilibrium (KFE-CF-SH-031) that reconstructs the poloidal flux of equation (12) to an RMS % below 0.5% at kilohertz
rates against the free-boundary solver (equation 13);

a fully differentiable twin whose automatic-differentiation gradients match finite differences to 103 (equation 15), so the controller
linearises the transport response on the fly through equation (14) rather than re-querying a black box. enumerate

The demonstrated surrogate is the base case those bounds are measured against, and the manifold-abstention monitor of §7 is the guard
that keeps an immature operator advisory until it clears its bar. The result is a defined, testable sequence from a proven reduced surrogate
to a full-profile neural operator running ahead of the plant.

Differentiable flux surrogate in the predictive control loop

Reference-governor |
MPC (linearised)

Plant Flux operator Gg Deterministic
(shadowed) + Jacobian floor / clamp

Manifold-abstention
dla)>d*?

nation (bounde v the certified safe set)
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Discussion

The flux surrogate answers the central objection to a predictive twin — that turbulent transport is too expensive to run in real time — with
a measured result. An operator reproduces the confinement response to R? = 0.998 and recovers a frozen anchor over a factor-of-ten
range in gain, at a latency the companion equilibrium operator shows to be sub-millisecond. The accuracy sits comfortably inside the enve-
lope established by the fusion transport-surrogate literature: neural-network emulators of quasilinear gyrokinetic transport reproduce
their reference fluxes to a few percent while running three-to-five orders of magnitude faster '7'%% and surrogate-accelerated profile
optimisers now carry gyrokinetic-fidelity fluxes in the loop *!J; our 0.088 RMSE in Q over @ € [1.19, 12.44] (a normalised error of order a
percent) is squarely in that regime, with the distinguishing property that it is anchored, case by case, to a native gyrokinetic spectrum
rather than to a reduced model. The 2877x equilibrium speedup at 0.139% RMS flux error is likewise consistent with the performance
reported for learned equilibrium reconstruction and free-boundary emulation 2225,

Two features separate this work from a curve-fit-and-hope surrogate. First, differentiability: because the operator is C! and exposes its
Jacobian (equation 14), the controller receives a local linear model for free (351 vather than paying for a finite-difference sweep at every
control tick. Learned policies '?°! and physics-model-based real-time simulators 24 each solve part of the control problem; a differentiable
transport operator is the piece that lets a model-predictive controller linearise the confinement response on the fly. Second, calibrated
abstention: the manifold-distance and conformal guards of §7 give the surrogate a principled envelope 2?9, so it is trusted only where it
has been validated and hands back to a deterministic floor otherwise 337!, Together these make the emulator a component that a safety-

[26]

critical control stack can actually admit, rather than a fast black box. The surrogate slots directly beneath the coupled digital-twin

architecture of the breeder [33! as its transport channel.
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Limitations

The demonstrated surrogate is a reduced operating-variable operator over the design box; the full-profile neural operator against held-out
gyrokinetics is the one open modelling item, and its acceptance bound (flux NRMSE < 5%, equation 10) is pre-registered rather than yet
measured. One honest physics caveat attaches to the ground truth: the flux-driven TGYRO solve at the negative-triangularity marginal
point shows limit-cycle behaviour with a residual of 0.61 (BR-L1-A11), so the 7 = 0.410 s anchor is reported as supported rather than
converged to machine tolerance, and the surrogate inherits that as an operating-window rather than a point guarantee. The manifold-
abstention monitor is the designed mitigation: it is precisely the marginal, off-anchor regime where d(a) grows and authority is handed to
the deterministic floor.

23



8§ 11

Conclusion

Control-latency transport for the Hyperion breeder is demonstrated by a flux surrogate that reproduces the integrated-transport gain to
R? = 0.998 and RMSE 0.088 across Q € [1.19,12.44], recovers the frozen anchor @ = 3.076 as 2.998, and is anchored to a native gyroki-
netic spectrum (y = +0.318 ¢;/a, byte-reproduced) and a flux-driven confinement solve (rg = 0.4103, Hgg =~ 0.94). The operator is
differentiable, so it hands the controller a local linear model directly (equation 14), and it is guarded by a manifold-abstention monitor that
hands authority to a deterministic floor out of distribution (equations 16—17). With the companion equilibrium operator at 0.87 ms and
0.139% RMS flux error, the transport emulator is accurate, physics-anchored, and fast enough to run ahead of the plant, and the neural-
operator build carries the same pattern — DeepONet/FNO emulation of nonlinear gyrokinetics, differentiable end-to-end, with calibrated
abstention — to full profile fidelity within a 50 ms shadow lead-time.
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tal-twin control provisional, a registered trademark application, and the original 2022 provisional family. Every patentable disclo-

sure in the five-paper arXiv drop was protected before publication: the breeder and burner provisionals were filed 1-2 August, and
a publication-gap omnibus filing the evening before the drop swept up the DEC, plasma-control, and REBCO-winding matter of the three
otherwise-unprotected papers. Patent numbers and application serials are matters of public record; claim scope is summarised, not
reproduced.
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tors, and proton therapy. The claim is scoped honestly: the high field is a system field result, not a stand-alone-coil record; the small-bore
plug coil is structurally infeasible as a bare winding but resolved by a stress-managed structural shield (feasible-pending-FEA); and the
winding-tape experiment returned a null result. The value is the method, not a field record.
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How this document was made

The Kronos Fleet — Combined Editorial, 2026 is set in Fraunces (display), Gelasio (text), and

IBM Plex Mono (data & equations), carried forward from the Kronos editorial design system.

The figures are rendered at 300 dpi from the deposited generator scripts; the document is
composed as a single self-contained file with embedded fonts and imagery, paginated to
US Letter, and rendered to PDF through a headless Chromium engine in matched light and dark

editions.

Every headline quantity carries an evidence class; withdrawn and restated values are marked as

such. Nothing herein is frozen beyond the founder-approved Tier-A set.

Explore it live — turn the interactive 3-D model, run the deposited solvers in the physics

validator, and watch the companion film series.
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THE 2026 KRONOS SERIES

One programme, many papers

his editorial is one paper in the Kronos 2026 series — a real fusion company’s complete, reproducible physics record for a spherical-
tokamak breeder and its low-neutron D—3He tandem-mirror burners. Every headline number is a frozen anchor in the Physics De-
Risking Register.

Explore the whole programme: the De-Risking Register, the interactive 3-D model, and the physics validator.
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