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Abstract—Neutral-atom quantum computers entan-
gle qubits with laser pulses that must stay accurate de-
spite shot-to-shot laser and motional errors. Choosing
among candidate pulses therefore requires a robustness
score: the expected gate infidelity under a distribution
of errors. Computing this score exactly takes many
simulations per pulse. This paper asks a deliberately
narrow question: for a single-pulse Rydberg-blockade
controlled-Z (CZ) gate, when does machine learning
(ML) predict this score better than a cheap physics base-
line, and when does it not? Using a simulator validated
against a published time-optimal pulse (infidelity 1.6 x
10~ without decay and 1.17 x 10~® with decay, against
1.13 x 1073 reported), we label 3 000 training and 2 000
test pulses with an exact quadrature of the expected
infidelity, and compare four predictors: a second-order
perturbative baseline (MO0), gradient-boosted trees on
raw pulse parameters (M1), trees on raw plus physics
features (M2), and the perturbative baseline plus a
learned residual (M3). All ML predictors are given
split-conformal 90% intervals. The results are mostly
negative for ML at realistic parameters and positive
only in a regime map: at the measured error strengths
the perturbative baseline already predicts log,, R with
an RMSE of about 107%, whereas raw ML is about
2500 times worse; ML helps once quasi-static errors
reach several percent (RMSE of MO grows to 0.117 at
o = 0.15, while M2/M3 stay near 0.013), or when noise
is correlated in time. Physics features are essential,
since raw ML only overtakes the baseline at the largest
error strength we tested. Designs optimised at infinite
blockade lose rank correlation (Spearman 0.99 — 0.50)
as the blockade strength drops to 8. A shift test
shows that the conformal intervals lose their coverage
on pulses from other generators, and fair search base-
lines show that ML screening offers no advantage over
ranking by nominal infidelity at realistic noise. We state
limitations plainly: simulation only, one gate and one
five-parameter pulse family, no experimental data, and
no pulse that beats the published one. The code is short
and fully reproducible.

Index Terms—Rydberg atoms, controlled-Z gate,
quantum optimal control, robust control, surrogate
model, gradient boosting, conformal prediction
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I. INTRODUCTION

Neutral atoms held in optical tweezers are a leading
platform for quantum computation and simulation [1], [2].
Two-qubit gates use the Rydberg blockade: a laser briefly
lifts atoms into a high-lying Rydberg state, where the
strong interaction prevents simultaneous excitation of two
close atoms [3], [4]. Recent experiments report controlled-
Z (CZ) fidelities near 99.5% [5]-[8]. At that level, the
gate error is dominated not by the idealised pulse but by
imperfections: Rydberg-state decay, laser frequency and
intensity noise, and thermal motion [5], [8], [10].

A pulse (the laser amplitude, detuning and phase versus
time) can be designed by numerical optimal control [13],
[14], and for the Rydberg CZ gate by dedicated time-
optimal and robust constructions [9]—[11]. Designing for
robustness requires many evaluations of the expected in-
fidelity under noise. If each evaluation is expensive, a fast
and trustworthy surrogate is valuable. Machine learning
has been applied to quantum control in many forms,
including reinforcement learning [17]—[19], neural pulse
generators [20]—[22] and supervised or surrogate models
[23], [24]. However, claims of ML benefit are rarely tested
against a strong physics baseline, and rarely mapped
against the strength and structure of the noise.

This work. We study one narrow, fully specified prob-
lem and report what we find, including the negative
results. Our contributions are:

1) A compact, validated simulator of the global-drive
blockade CZ gate (Sec. that reproduces a pub-
lished time-optimal pulse.

2) A controlled comparison of four predictors of the
robustness score, with calibrated uncertainty and an
extrapolation test (Sec. [V).

3) A regime map showing where physics alone suffices
and where ML is needed, using a noise-strength
sweep, five-seed repetition, and a learning curve
(Sec. [VI)).

4) Two transfers: time-correlated detuning noise and
finite blockade strength.
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5) An honest account of what this does not show
(Sec. [VIII)).
We do not propose a new ML algorithm. The novelty claim
is limited to the systematic, noise-resolved comparison
against a perturbative baseline for this gate family.

II. BACKGROUND AND RELATED WORK
A. Rydberg blockade CZ gates

In the Rydberg blockade protocol, each qubit state |1)
is coupled to a Rydberg state |r) with Rabi frequency
Q. A global drive acts on both atoms. If the interaction
B is much larger than 2, the doubly excited state is
shifted out of resonance. The dynamics then split into
independent blocks, with the |11) block driven at the
enhanced frequency v29 [1], [2]. A pulse that returns
all blocks to the computational subspace with the cor-
rect relative phases implements a CZ gate. Jandura and
Pupillo [9] found time-optimal single-pulse solutions, and
Evered et al. demonstrated a CZ gate with measured
fidelity 99.5% using a phase-modulated pulse of the form
o(t) = Acos(wt — ¢g) + dot [5]. We use that pulse family
and parameters as validation. Optimising pulses against
decay and quasi-static errors is studied in [10], [11], and
Tsai et al. benchmarked such gates on 88Sr with an error
budget and a fidelity-response theory [8].

B. Robust control

Composite pulses cancel systematic errors by design,
for example BB1 [15]. GRAPE-type gradient methods
optimise pulses against a model [13], and an average over
sampled errors turns a pulse into a robust one [14]. Time-
correlated noise is handled with filter functions [16].

C. Machine learning for quantum control

Closest to the present work are supervised or surrogate
approaches. Shi et al. train composite-pulse phases against
sampled errors with a GRAPE-style supervised loop (no
neural network) [23]. Surrey et al. train a recurrent net-
work on a simulated singlet-triplet qubit and then opti-
mise pulses through the learned model [24]. Yang et al.
designed robust pulse sequences with neural networks [20].
Deep reinforcement learning has been used for Rydberg
gate design [19] and for robust site-selective single-qubit
pulses on tweezer atoms [21]; a multilayer perceptron has
been proposed to emulate optimal-control outputs on low-
latency hardware [22]. To our knowledge these works do
not compare against a perturbative baseline resolved by
error strength for the Rydberg CZ gate, which is the gap
this report addresses. Our literature search was limited in
time, so this statement is a pointer, not a proof of novelty.

III. PROBLEM STATEMENT

A. Setting

Let @ = (A,w, ¢o,d0,T) € © C R® parametrise a pulse
(Sec. [IV]). Let i = (€, ) be two error variables: a relative
Rabi-frequency error € and a laser detuning error ¢ (in

units of 2). Both are quasi-static: constant during one
gate, random from shot to shot, with a Gaussian distri-
bution p,(n) = N(0,diag(c?,02)). Let 1(8,17) =1—F be
the gate infidelity (Sec. . The robustness score is

R(0) = Eqp,[1(8,m)]. (1)

Because infidelities span orders of magnitude, we work
with y(0) = log;, R(0).

B. The learning task

Given a training set {(8;,v;)}~, of pulses labelled by
simulation, learn §(0) = y(6) together with an interval
[§—q8, §+q 8] that contains the true y with probability >
1—a (a=0.1) on new pulses from the same distribution.

C. Why this problem, and what is the need

Searching for a robust pulse needs R for thousands of
candidates. In our toy model, one R costs 49 simulations,
about 0.1-0.15 ms, which is cheap. The motivation applies
when the label is expensive: Monte Carlo over correlated
noise (about 3-5ms per pulse here), master-equation sim-
ulation with many Rydberg levels, or hardware-in-the-loop
evaluation. A surrogate is only useful if (i) it is more
accurate than what physics already gives for free, (ii) it
knows when it is unreliable, and (iii) it generalises beyond
its training pulses. The problem statement is therefore a
test of these three requirements rather than an assumption
that ML helps.

D. Research questions and objectives

RQ1 At realistic measured error strengths, does ML
add anything over perturbation theory?

As the error strength grows, or the noise becomes
time-correlated, when does ML become necessary,
and do physics features matter?

Do robustness rankings made at infinite blockade
survive at finite blockade strength?

RQ2

RQ3

Objectives. (a) validate the simulator against a published
pulse; (b) quantify predictor accuracy, ranking quality, and
interval coverage; (c) test extrapolation to pulse durations
not seen in training; (d) compare pulse-search strategies
at equal exact-evaluation budgets; (e) report limitations.

E. FEvaluation metrics

We report the root-mean-square error (RMSE) and
mean absolute error of log;, R; the Spearman rank cor-
relation p (ranking is what a search needs); top-1% recall,
the fraction of the true best 1% of test pulses that lie in
the predicted best 5%; and the empirical coverage of the
90% intervals.

IV. SIMULATION MODEL AND DATA
A. Gate model

We consider two identical atoms with a global drive
in the infinite-blockade limit. With 2 = 1 as the unit



TABLE 1
SIMULATION PARAMETERS (UNITS: = 1).

Quantity Realistic Stress
Decay /2 39%x107* 39x107*
Oc 0.008 0.08

o5/ 0.0163 0.08
Pulse box A [0, 27]

w, ¢o [0.3,2.5], [-m, 7]

S0, T [~1.5,1.5], [6,14] Q7!
Time steps N 48

of frequency, each non-trivial block is a two-level system
{l9),|r)} with Hamiltonian

0 C(12+e) 30
H, = 0 sy g | (2)

2

with ¢ = 1 for the {|01),[10)} block, ¢ = /2 for the
{|11),[W)} Dlock ([W) = (lor) + [r0))/v/2), and |00)
undriven. The phase is £(t) = Acos(wt — ¢g) + dot and
v is the Rydberg decay rate, entering as a non-Hermitian
loss. Each pulse is integrated with N, = 48 piecewise-
constant steps using the closed-form 2 x 2 step propagator.
Let a = (g|U1lg) and b = (g|U s;lg) be the surviving
amplitudes. Define M = diag(1,a,a,b). The average gate
fidelity to a CZ gate up to single-qubit Z phases, including
leakage, is |12

r— Tr(MTM) + maxg \j;(;_ 2q e~ _ be—2i9|2. @

The maximisation over € is done by a grid plus Newton
refinement.

B. Parameters and noise

Table[[ lists the parameters. The “realistic” preset takes
/27 = 4.6 MHz and 17 = 88 us from the Harvard/QuEra
experiment [5], giving v/Q = 3.9 x 10~%. The detuning
spread uses the measured T3 = 3 us of that experiment;
because the source does not state how 75 maps to a Gaus-
sian o5, we take 05/Q = 0.0163 (assuming Ty = v/2/05;
0.0115 if T = 1/0s), so this number is uncertain by a
factor ~ 1.4. The amplitude spread o. = 0.8% is the shot-
to-shot Rabi-frequency noise used in the 83Sr experiment
of Tsai et al. 8], a different atomic species. A “stress”
preset with o, = g5 = 0.08 is deliberately large to expose
non-perturbative behaviour and is not a platform value.

C. Labels

R in is computed by a deterministic 7 x 7 Gauss—
Hermite quadrature over (e, d): 49 simulations per pulse,
no sampling noise. The label is y = log;, R.

D. Validation against a published pulse

The published time-optimal pulse of Evered et al. (A =
27-0.1122, w = 1.0431 Q, ¢ = —0.7318, 6y = 0, QT /27 =
1.215) [5] gives, in our simulator, an infidelity of 1.6 x 10~°

with no decay (about 6 x 10~¢ with 800 steps) and 1.17 x
103 with 77 = 88 us decay, compared with 1.13 x 1073 in
the published error budget. Reversing the sign of ¢ raises
the infidelity to about 0.7, so the convention is fixed by
this check. The code asserts the first value before running.
This validates the physics of 7; it does not validate

the noise parameters.

E. Pulse data

Random pulses are poor training data because almost
all have large nominal infidelity. We therefore generate
pulses with a batched hill-climb on the nominal infidelity
(60% of coordinates perturbed per step, annealed step size,
200 iterations) from uniform starts, keeping a mid-way
snapshot for diversity. Training (3 000), calibration (1 000),
test (2000) and search-pool (30000) sets use different
random seeds (101, 202, 303, 999). Training and test
pulses therefore share one generator; this limits what “in-

distribution” means (Sec. [VILI]).

V. MACHINE-LEARNING METHODOLOGY
A. Features

Raw features: A,w,cos ¢p,sin¢g,dp, T (the phase is
encoded by sine and cosine to remove the 27 discontinu-
ity). Physics features: for small errors, I1(0,7n) =~ Iy +
Ke€2 + Kk50% with curvatures k. = I(h’OHIz(;zh’o)*ﬂO, and
similarly ks, estimated by central differences with h = 0.03
(five simulations: nominal and four displaced). Averaging
over symmetric independent Gaussians kills linear and

cross terms at this order, giving

Ry =1o+ neaz + /i(;ag. (4)

The physics features are log,q lo, logy, ke, logiy ks and
log,o Ry. They cost 5 simulations instead of 49.

B. Four predictors
o MO (physics only): § = log;y Ry. No training.
o M1 (raw ML): gradient-boosted trees on raw features.
e M2 (hybrid features): trees on raw plus physics fea-
tures.
o M3 (physics + residual): trees predict y — log; Ry
from raw plus physics features, and § = log;, Ry + 7.
The trees are histogram-based gradient boosting [28], [30]
(400 iterations, learning rate 0.05, at most 31 leaves,
ly = 1073). Each model is a bootstrap ensemble of five
[29]; the ensemble mean is the prediction and the ensemble
standard deviation § feeds the interval.

C. Conformal intervals

Split-conformal prediction with normalised scores [25]-
[27]: on the calibration set compute s; = |y; — 9;]/(8; +
1073) and let ¢ be the [(n 4+ 1)(1 — «@)]/n empirical
quantile. The interval for a new pulse is § + ¢(§ + 1073).
This guarantees marginal coverage > 1 — « if calibration
and test pulses are exchangeable. It does not guarantee
coverage conditional on a pulse, or under distribution shift.



TABLE II
REALISTIC PRESET: TEST ACCURACY ON 2 000 HELD-OUT PULSES

TABLE III
STRESS PRESET (8% ERRORS): RMSE OF log;y R IN-DISTRIBUTION

(SEED 303). AND EXTRAPOLATING TO T' > 9.5Q~ 1.
Model RMSE Spearman  top-1%  cov. Model In-dist. Extrap. Spearman
MO physics 1x104 1.000 1.00 - MO physics 0.0325 0.0389 0.995
M1 raw ML 0.2524 0.905 0.85 0.907 M1 raw ML 0.1211 0.2614 0.937
M2 raw+phys. 0.0034 1.000 1.00 0.905 M2 raw—!—phys.. 0.0065 0.0129 1.000
M3 phys.+resid. < 5x107° 1.000 1.00  0.891 M3 phys.+resid. ~ 0.0048  0.0328 1.000
TABLE 1V

D. FExperiments

(E1) In-distribution accuracy at the realistic and
stress presets. (E2) Noise sweep: . = 05 = 0 €
{0.02,0.05,0.10,0.15}. (E3) Extrapolation: train only
on T < 95071 test on T > 95071, (E4) Repeated
seeds: five independent train/test draws. (E5) Learning
curve: training size 250 to 10*. (E6) Search: from
a pool of 30000 pulses, compare random sampling, a
(I4-X) evolution strategy (A = 20) run directly on exact
R, and ML screening (rank the pool by M3 and verify
the top B exactly) at equal exact-evaluation budgets B.
(ET) Correlated noise: detuning follows an Ornstein—
Uhlenbeck process [31] with correlation time 7.; labels
use 256 Monte Carlo trajectories with common random
numbers; predictors still use the quasi-static features.
(E8) Finite blockade: add the doubly excited state |rr)
with shift B in the |11) block (three levels) and check how
infinite-blockade rankings transfer.

VI. RESULTS

All numbers are from the project’s Colab runs (seeds
101/202/303/999) and were independently reproduced by
a second run of the same code, agreeing to about four
digits. Seed-repeat statistics in Sec. [VI-D] come from the
repeat runs.

A. Realistic parameters (RQ1)

Table[lI|and Fig.|l|show that MO is nearly exact (RMSE
~ 10~%) and M3 adds only a vanishing correction. Raw ML
(M1) has an RMSE of 0.252 in log;, R, i.e. a factor ~ 1.8
in R, and M2 reaches 0.0034. The reason is structural: at
o ~ 1% the infidelity surface is almost exactly quadratic
in (e,9), and Eq. captures precisely that. A black-
box learner must rediscover the curvatures from 3000
examples of a five-dimensional function that varies over
orders of magnitude. Answer to RQ1: at realistic
quasi-static error strengths, ML adds nothing over
perturbation theory.

B. Large errors (RQ2)

At 8% errors (Table the quadratic baseline begins
to fail (RMSE 0.033), raw ML is better in relative terms
than at realistic noise (0.121), and the hybrid models M2
and M3 are best (0.0065 and 0.0048). For extrapolation to
longer pulses, raw ML degrades the most (RMSE 0.261),
M2 stays accurate (0.013), and M3 is only marginally

NOISE SWEEP: TEST RMSE OF log,q R (0c = 05 = o). BOLD: BEST.

o MO M1 M2 M3

0.02  0.0004 0.2318 0.0032 0.0002
0.05 0.0098 0.1661 0.0040 0.0017
0.10 0.0538 0.0994 0.0091 0.0073
0.15 0.1168 0.0662 0.0138 0.0127

better than the baseline (0.033 vs. 0.039): the learned
residual does not extrapolate. In the realistic setting, our
re-run of the extrapolation test gives RMSE 0.486 for M1,
0.012 for M2 and 10~* for M0 and M3.

C. Noise sweep: the regime map

Table [[V]and Fig. 2] give RMSE against o. The baseline
error grows by more than two orders of magnitude from
o = 0.02 to 0.15; raw ML émproves with o (the target
surface becomes smoother and easier to learn), and over-
takes MO between ¢ = 0.10 and 0.15. The hybrids beat
both baselines from o = 0.05 upward. The practical regime
map is: perturbation theory below o = (.05, physics-
informed ML above, and raw ML only when errors are
very large.

D. Repeated seeds and data size

Table [V| repeats the train/test generation with five in-
dependent seed sets (training 3 000, test 2000 pulses each;
mean =+ standard deviation across seeds). The conclusions
of the single-seed tables are stable: M1’s realistic error is
0.254 + 0.010, M3 is again essentially exact, and under
stress M3 is no better than M0 when extrapolating (0.033
vs. 0.039) while M2 remains the most reliable.

Learning curve. Table shows test RMSE versus
training-set size (single seed). The baseline M0 has RMSE
1.1 x 10~* (realistic) and 0.0316 (stress) and needs no
training data; raw ML does not reach it even with 10%
pulses.

E. Shift of the pulse distribution

The first version tested only on pulses from the training
generator. We added four test sets from different genera-
tors (2000 pulses each; models and conformal calibration
unchanged): uniform random pulses in the parameter box,
a short hill-climb (40 iterations instead of 200), Gaussian
jitter around the published pulse, and long pulses (7' >
12Q71). Tables and give RMSE and coverage.
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TABLE V
FIVE-SEED REPEAT: RMSE OF log;y R, MEAN &£ STD OVER SEEDS. “EXTRAP.” TRAINS ON T < 9.5Q7~! AND TESTS ON T' > 9.5Q71.

Realistic preset

Stress preset

Model In-distribution Extrap. In-distribution Extrap.
MO physics (1.1+0.1)x 1074 (1.3+0.2) x 107*  0.0327 4 0.0009  0.0390 4 0.0012
M1 raw ML 0.2539 £+ 0.0099 0.4470 £ 0.0198 0.1205 £ 0.0026  0.2459 £ 0.0144

M2 raw+phys.
M3 phys.+resid.

0.0039 + 0.0003
(0.440.1)x107*

0.0141 + 0.0026
(1.34+0.1)x107*

0.0065 + 0.0005
0.0045 + 0.0004

0.0160 £ 0.0013
0.0333 £ 0.0008

107"
o
o
=)
2 -2
s 10
w
w
>
o
@
2
10-3 —8— MO physics
—&— M1 ML raw
—8— M2 ML+physics
—8— M3 physics+residual
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error strength o
Fig. 2. Test RMSE of log,y R vs. error strength o for the four

predictors (log scale).

The physics baseline MO0 is accurate on all sets (realistic:
below 6 x 107%), and M3 inherits this at realistic noise.
The pure ML models are not safe under shift. On uniform
random pulses the error of M2 grows from 0.0034 to 0.13
(about 40x) and that of M1 from 0.25 to 0.61; near the
published pulse M1 grows to 0.95 (about 4x) and M2
to 0.020 (about 6x); the milder shifts (short hill-climb,
long pulses) change little. In addition, conformal coverage
collapses: for the “near published” set the nominal 90%
interval of M1 covers only 30% (realistic) and of M2 85%;
for uniform pulses, coverage is 22-40% for all ML models.
This is expected, since exchangeability is violated, but it
shows that the calibrated intervals must not be trusted

TABLE VI
LEARNING CURVE: TEST RMSE OF log;q R VS. NUMBER OF TRAINING
PULSES N.
Realistic Stress
N M1 M2 M3 M1 M2 M3
250 0.3925 0.0465 0.7x10”* 0.2038 0.0220  0.0083
500 0.3448 0.0214 0.7x10”* 0.1795 0.0156  0.0073
1000  0.3105 0.0152 0.6x10~* 0.1523 0.0120  0.0069
3000 0.2570 0.0055 0.4x10~* 0.1239 0.0073  0.0051
10000  0.2284  0.0029 0.4x10~* 0.1060 0.0049  0.0041
TABLE VII

REALISTIC PRESET: RMSE OF log;q R AND 90% COVERAGE OF
M1/M2/M3 ON SHIFTED PULSE SETS.

Test set MO M1 M2 M3 cl c2 c3
Same generator 1.0X 10~% 0.2521 0.0034 0.4x10~% 0.91 0.92 0.89
Uniform random 0.0006 0.6118 0.1336  0.0005 0.39 0.22 0.40
Short hill-climb 0.7x10~* 0.3155 0.0053 0.5x10~* 0.82 0.90 0.82
Near published  0.2x10~% 0.9458 0.0200 0.2x10~% 0.30 0.85 0.94
Long (T > 12) 1.6x107% 0.2391 0.0031 0.5x10% 0.91 0.91 0.82

outside the training distribution. The practical remedy
within this study is to compare the ML prediction with
the physics baseline: a large |§ars —§ao| flags pulses where
the surrogate has moved far from physics.

F. Sensitivity to the detuning-noise convention

Because the conversion from T3 to os is uncertain, we
repeated the realistic experiment (two seeds) with o5 =
0.0115 and 0.025 in place of 0.0163. The picture does not
change: MO stays at about 10=%, M1 at 0.268 +0.010 and



TABLE VIII
STRESS PRESET: SAME AS TABLE [V

Test set MO M1 M2 M3 cl c2 c3

Same generator 0.0325 0.1206 0.0065 0.0048 0.89 0.90 0.89
Uniform random 0.0133 0.4215 0.1172 0.0107 0.28 0.25 0.63
Short hill-climb  0.0209 0.1870 0.0076 0.0047 0.77 0.88 0.89
Near published  0.0059 0.4338 0.0186 0.0022 0.46 0.90 0.96
Long (T > 12) 0.0481 0.1035 0.0078 0.0059 0.90 0.87 0.87

0.251£0.010, and M2 at 0.0043 and 0.0033. The qualitative
conclusions therefore do not depend on this convention
within a factor 1.5 either way.

G. Uncertainty calibration and speed

Over all runs the empirical coverage of the nominal 90%
conformal intervals for M1-M3 lies between 0.88 and 0.92
(Tables and and the repeat runs), as the marginal
guarantee predicts. Coverage under distribution shift is
examined in Sec. [VI-E] and fails. On speed: in the basic
model an exact label costs about 0.1-0.15 ms per pulse and
the ML path (five feature simulations plus the ensemble
prediction) 0.12-0.3 ms, depending on the machine and the
number of CPU threads, so there is no speed-up in this
cheap model.

H. Pulse search against stronger baselines

The first version of this study compared ML screening
with a weak, untuned evolution strategy and reported
the best of 20 random draws as “random”. Both choices
flattered ML, and the second was a mistake in our code (a
minimum over repeats instead of a mean). We therefore
repeated the comparison with fairer baselines on the same
pool of 30000 pulses: random sampling (mean =+ std over
30 repeats), a tuned (14+)\) evolution strategy with step-
size adaptation (10 seeds, started either from a random
pool pulse, “cold”, or from the pulse with the lowest
nominal infidelity, “warm”), and three screening rules that
rank the whole pool for free and verify the top B exactly:
by nominal infidelity Iy, by the perturbative baseline MO,
and by M3. Tables [[X] and [X] give the best log;, R found.

At realistic noise, every screening rule, including the
trivial ranking by nominal infidelity, finds the pool op-
timum (log,, R = —2.753) with only 10 exact evaluations.
Random sampling does not reach it even at B = 500
(—2.688 £ 0.037), and the cold-started evolution strategy
stays far above. ML therefore gives no advantage in search
here: the pool was built by hill-climbing the nominal infi-
delity, and at realistic noise nominal infidelity is already an
excellent proxy for R. Under the stress preset the physics-
based rules (MO and M3) reach the optimum (—1.751) at
B = 10, while the nominal ranking needs B = 20; the gap
is small. The published pulse (log;, R = —2.762 realistic,
—1.523 stress) is better than every pulse in the realistic
pool, so we do not find a better pulse; under stress about
3% of the pool beats it. A warm-started evolution strategy
reaches —2.760 at B = 500, essentially the published value.

TABLE IX
REALISTIC PRESET: BEST log;y /R FOUND VS. EXACT EVALUATIONS B.
ES: EVOLUTION STRATEGY.

B Random ES cold ES warm Ig scr. MO scr. M3 scr.
10 —2.150 £+ 0.301 -1.287 -2.753 -2.753 -2.753 -2.753
20 —2.405 £ 0.205 -1.130 -2.753 -2.753 -2.753 -2.753
50 —2.453 £ 0.164 -1.148 -2.753 -2.753 -2.753 -2.753
100 —2.549 £ 0.111 -1.299 -2.753 -2.753 -2.753 -2.753
200 —2.645 £ 0.068 -1.390 -2.755 -2.753 -2.753 -2.753
500 —2.688 + 0.037 -1.836 -2.760 -2.753 -2.753 -2.753
TABLE X
STRESS PRESET (POOL OPTIMUM —1.751).

B Random ES warm Iy scr. MO scr. M3 scr.

10 —1.447 £0.132 -1.562 -1.567 -1.751 -1.751

20 —1.538 £ 0.097 -1.562 -1.746 -1.751 -1.751

50 —1.586 £ 0.091 -1.562 -1.746 -1.751 -1.751

100 —1.638 £ 0.062 -1.562 -1.746 -1.751 -1.751

200 —1.663 £ 0.056 -1.568 -1.746 -1.751 -1.751

500 —1.711 £ 0.029 -1.570 -1.751 -1.751 -1.751

1. Extension A: time-correlated detuning noise

For realistic strengths, the correlation time changes R by
only about 0.4% relative to the quasi-static value (median
ratio 0.996 at 7. = 0.1/Q). Nevertheless the quasi-static
baseline M0 has an error of 0.015 in log;, R there, against
0.0036 for M3. At 5x noise and 7. = 0.1/, R falls by
about 7% relative to the quasi-static value, M0’s error is
0.118 and M3’s is 0.017, equal to within the Monte Carlo
sampling floor (0.018) (Fig. [3). Measured in one process
at a time, a Monte Carlo label costs 3-5ms per pulse
and the ML path (five feature simulations plus ensemble
prediction) 0.12-0.3ms, a speed-up of roughly 17-25x.
The ranges cover two cloud machines and one or two CPU
threads (first machine, one thread: 5.2 and 0.31 ms; second
machine: 3.0 and 0.16 ms with one thread, 0.12ms with
two). An exact quasi-static label costs 0.09-0.16 ms, so the
ML path is no faster than it.

J. Extension B: finite blockade (RQ3)

Table [XI] shows that rankings made at infinite blockade
transfer well for B 2 100 Q (Spearman 0.99) and degrade
for B < 30Q. At B = 162 the best infinite-blockade pulse
is worse than the best at that B by 0.18 in log;y R, and
the published pulse worsens from —2.76 to —2.59. Designs
made at infinite blockade therefore need re-checking at
finite B (Fig. {4).

VII. DISCUSSION

What the evidence supports. The perturbative
baseline is a strong, nearly free predictor at the error
strengths measured in current experiments. A learned
model earns its place only when (i) errors are so large
that the quadratic expansion fails, (ii) noise is correlated
in time so that the quasi-static features no longer represent
the labels, or (iii) labels are expensive enough (Monte
Carlo, 3-5ms) that a 0.1-0.3ms ML evaluation beats



Prediction error vs noise correlation time Benefit of fast noise

RMSE of log10 R

107 10° ' 10? 107 10° 10" 102
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Fig. 3. Correlated detuning noise (1x and 5x the realistic strength).
Left: prediction error of the quasi-static baseline (MO, solid) and
physics+ML (M3, dashed) vs. correlation time 7.; the right edge is
the quasi-static limit. Right: median ratio of R(7¢) to the quasi-static
value.

TABLE XI
FINITE BLOCKADE: TRANSFER OF INFINITE-BLOCKADE RESULTS.

B/Q2  Spearman p Published log;; B Regret
00 1.000 —2.762 0
100 0.990 —2.760 0
30 0.887 —2.713 0.035
16 0.772 —2.592 0.176
8 0.504 —2.266 0.281

exact computation. In every setting we tested, the best
predictors were hybrids that build on the physics baseline
(M2, M3). Raw ML sees the pulse parameters only through
a highly non-linear map and needs far more data, an effect
that the learning curve (Sec. quantifies: even with
10* training pulses raw ML (M1) still has an RMSE of
0.228 at realistic noise and 0.106 under stress, while M3 is
already accurate with 250 pulses.

What it does not support. We have not shown
a faster route to a better gate: the surrogate does not
beat the published pulse, the speed-up is absent in the
cheap model, and the speed-up of roughly 17-25x exists
only against Monte Carlo labels. We have not shown
improvement for any experimental hardware.

Practical recommendation (within the model).
Use Eq. (five simulations) for robustness rank-
ing at realistic quasi-static noise; switch to a hybrid
physics+residual model with conformal intervals when
o 2 0.05 or when noise is correlated; and always re-check
designs at the true blockade strength.

VIII. LIMITATIONS AND THREATS TO VALIDITY

1) Simulation only. All labels come from our own
simulator. It reproduces one published pulse and its
decay budget but we have no hardware data; noise
parameters come from published setups and mix
species (5"Rb and %¥Sr). The T; — o5 conversion
depends on an unstated convention (+40%).

2) Narrow scope. One gate, global drive, a five-
parameter phase-modulated pulse family with con-
stant amplitude, mainly infinite blockade and quasi-
static Gaussian noise. We omit laser phase and
intensity noise spectra, atomic motion, finite rise

Ranking transfer Cost of designing at infinite blockade

10g10 R, B = 16 Omega
. . 1
Iy
regret in log10 R

-2.8 -26 -2.4 -22 -2.0 -18 10! 10?

log10 R, infinite blockade 8/ Omega (right edge = infinite)

Fig. 4. Finite blockade. Left: log;y R of test pulses at B = 162
against infinite blockade (dashed: equality). Right: regret in log;q R
from designing at infinite blockade, vs. B/€Q.

times, and further Rydberg or intermediate levels,
all of which matter in experiments [8].

3) Distribution shift. Training and standard test
pulses share one hill-climb generator. Sec. [VI-E] tests
four other generators: the physics baseline and M3
(realistic) remain accurate, but M1/M2 degrade and
conformal coverage collapses to 22-85%. Other pulse
families and gates are untested.

4) Cheap simulator. The central “fast surrogate”
motivation is weak in the basic model; only the
Monte Carlo extension has a meaningful cost gap.

5) Search comparison. Our first comparison used
weak baselines and an erroneous best-of-20 random
baseline; it was redone in Sec. [VIEHl With fair
baselines, ML screening has no advantage at realistic
noise, because nominal infidelity already ranks the
(pre-optimised) pool well. We did not test pools that
are not hill-climbed, or other optimisers (e.g. CMA-
ES or gradient-based GRAPE).

6) Conformal guarantees are marginal and assume
exchangeability; we verified empirically that cover-
age fails under shift (Sec. [VI-E)).

7) Statistics. The headline tables use one seed set;
Sec. [VI-D] adds five-seed repeats for accuracy, and
the search comparison uses 30 random and 10
evolution-strategy repeats, but the extension exper-
iments and the OOD tests have a single seed.

8) Novelty. Using ML surrogates for pulse robustness
is not new [19], [23], [24]. Our literature search was
limited in time and is not a systematic review.

IX. CONCLUSION AND FUTURE WORK

We built and validated a simulator for the Rydberg
blockade CZ gate, defined the robustness-prediction prob-
lem precisely, and compared a perturbative baseline with
three ML variants. The result is a regime map: at realistic
quasi-static errors physics suffices; physics-informed ML
helps from roughly 5% errors or with correlated noise;
raw ML is the weakest until very large errors. Finite-
blockade effects invalidate infinite-blockade rankings be-
low B ~ 30€). Future work should use measured noise
spectra with a filter-function surrogate [16], re-optimise



at finite blockade with more levels, tune stronger search
baselines, add repeated seeds for every experiment, and
use the conformal uncertainty for active learning so that
exact simulation is spent only where the surrogate is
unsure.

REPRODUCIBILITY

The code is a small set of Python files (NumPy,
SciPy, scikit-learn [30], [32], [33]): the simulator
(rydberg_core.py), the main pipeline, the two
extensions, and three robustness-check scripts (repeated
seeds, learning curve, and shift/search/timing checks).
Presets and test parts are selected by environment
variables, and every script fixes its random seeds. The
simulator asserts agreement with the published pulse
before any experiment runs. Timings in this report were
measured on a 2-core cloud machine and will differ on
other hardware.

X. VIDEO
https://youtu.be/ CWAnzmU10Uc
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