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Design-Point Transfer With Conformal Calibration
for SRAM Reliability Sign-Off Across PVT
Conditions

Nabanita Sarker

Abstract—SRAM yield requires per-cell failure probabilities of
10% to 1072 at every process, voltage, and temperature (PVT)
condition. We evaluate cross-PVT estimators against importance-
sampling (IS) truth at all 242 unseen conditions of a SkyWater
130-nm foundry bitcell and an ASAP7 7-nm FinFET cell (read
and write), cross-checked by plain Monte Carlo and a second IS
proposal. A Gaussian tail with the exact margin moments errs by
up to 11.9 decades, so moment surrogates fail through tail shape,
not extrapolation. Extrapolating per-lobe reliability indices is
accurate for the FinFET cell but unsafe by up to 1.9 decades for
the planar cell, whose failure direction rotates across PVT. We
transfer each lobe's design point, correct it with one SPICE run
per lobe, which removes the first-order error, and calibrate the
result: split-conformal margins, computed from IS on a random
subset of the sign-off conditions, bound the probability of an
unsafe acceptance at a randomly selected condition (a marginal,
not grid-wide, guarantee), and undecided conditions escalate to
IS. With 20 -calibration conditions (nominal risk 0.15), no
calibrated decision was unsafe, and the minimum operating
voltage read from the conformal upper limit lay —1 to +34 mV
from IS, whereas FORM, the unguarded transfer, and moment
surrogates were unsafe by up to -7, —10, and —219 mV. Signed
off this way, a 1-Mb macro targeting 99.9 % yield reached at
least 99.88 %, versus 99.66 % with FORM-class estimators and
near zero with moment surrogates, using 3.1-4.9 times fewer
SPICE runs than IS everywhere.

Index Terms—Conformal prediction, design point, failure
probability, first-order reliability method (FORM), importance
sampling, minimum operating voltage, PVT corners, reliability
sign-off, SRAM, static noise margin, surrogate models

NOMENCLATURE
AK-IS Active-learning Kriging with importance sampling.
c Global PVT condition (7, V'bp, corner).
d Number of standardized mismatch variables.
FORM First-order reliability method.
GP Gaussian process.
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IS Importance sampling.

MC Monte Carlo.

mo, mi Signed margins of the two mirror lobes (V).

MNIS Mean-shifted IS based on norm minimization.

MPFP Most probable failure point (design point).

Pt Per-cell failure probability.

PVT Process, voltage, and temperature.

r Anchored residual, in units of ©.

S Slope |Vmy| of lobe j at its design point.

SuS Subset simulation.

u Unit failure direction of lobe ;.

Vnin Minimum supply meeting a target Pr.

X Standardized mismatch vector, x ~ N(0, I).

o1, 02, Oc Risk shares of the conformal limit, IS escalation, and IS
calibration labels.

Ncal Number of calibration conditions.

q Conformal margin on logioPs.

B Reliability index of lobe ;.

B, a, S Values transferred from the training conditions.

1) Escalation threshold on 7.

0, 095 Direction error and its calibrated 95th percentile.

p Correlation of the two lobes.

O, O Standard normal and bivariate normal distribution
functions.

I. INTRODUCTION

Embedded static random-access memory (SRAM) occupies
a large fraction of the area of modern systems on chip, and its
yield is dominated by rare parametric failures of individual
bitcells. The failures are caused by local mismatch between
nominally identical transistors, which arises from random
dopant fluctuation, line-edge roughness, and gate-stack
variation [1], [2] and grows as devices shrink [3], [4]. Silicon
measurements on millions of cells confirm that the cell
stability metrics follow the statistics of this mismatch [5].
Because an array holds millions of cells, the per-cell failure
probability Prthat matters for yield lies between 10 and 102,
five to seven standard deviations into the tail of the cell metric
[6].

Plain Monte Carlo (MC) simulation needs on the order of
100/Ps samples for a 10 % relative error, which is out of reach
at these probabilities. A large literature therefore develops
rare-event estimators for SRAM: statistical blockade [7],
mixture and mean-shifted importance sampling (IS) [8]-[11],
gradient-based and flow-based proposals [12]-[14], non-
Monte-Carlo boundary methods [15], scaled-sigma and full-



region sampling [16], [17], and, adopted from structural
reliability, subset simulation (SuS) [18] and active-learning
Kriging [19], [20].

P must hold at every process, voltage, and temperature
(PVT) condition, and it changes by many orders of magnitude
across them. Repeating a rare-event estimate over a dense grid
of corners, supplies, and temperatures is expensive, and the
direction in which the tail moves is not obvious: in nanometer
CMOS the temperature dependence of drive current can
reverse at low supply [21], [22]. A common shortcut is to
characterize a subset of conditions and extrapolate the rest
with a regression or Gaussian-process (GP) surrogate, the
family of models used in Bayesian, surrogate-based, and
multi-corner yield analysis [23]-[27]. Three questions are
open: whether such extrapolation is safe in the far tail, where
yield is decided; if not, what the cheapest estimate at a new
condition is that remains safe; and how a designer can attach a
stated risk to the decision that a target is met without running a
rare-event simulation at every condition.

This paper addresses all three with SPICE-level IS ground
truth at every one of the 242 unseen conditions of a SkyWater
SKY 130 foundry bitcell with its foundry mismatch model and
of an ASAP7 7-nm FinFET cell, for read and write failures,
cross-checked by plain MC and, at every condition below 107,
by a second, independent IS proposal. Earlier cross-PVT and
multi-corner yield methods return an estimate whose
uncertainty, if stated, rests on the surrogate model; the
procedure proposed here returns a sign-off decision whose risk
of unsafe acceptance is bounded, under exchangeability, by
calibration against IS, at a known SPICE cost, and we evaluate
it down to the yield of a memory macro. The contributions are
as follows.

1) A diagnosis of why moment surrogates fail. A Gaussian
tail fitted to the exact margin moments at the same condition
already errs by up to 11.9 decades in the design-relevant
range, so the error of moment surrogates is caused by the tail
shape of the minimum of two failure lobes, not by
extrapolation; an analytical example shows why.

2) Evidence on extrapolation in reliability-index space.
Modeling the per-lobe reliability index and lobe correlation
removes most of the error for the FinFET cell, but leaves
errors of up to 1.9 decades, in the unsafe direction, for the
planar foundry cell, which we trace to a rotation of the failure
direction across PVT.

3) Cross-PVT design-point transfer with a characterized
correction error. The design point of each lobe is predicted
across PVT from the training conditions and corrected with
one SPICE run per lobe at the new condition. FORM
parametric sensitivity [28], [29] gives the derivative of  with
respect to a parameter at a design point that has already been
found, and single-loop reliability-based design [30] reuses the
previous iterate's design point inside an optimization loop;
neither predicts the design point at a new operating condition
or quantifies the error of doing so. We show that the anchored
correction removes the first-order error exactly for a locally
linear lobe and leaves a product of prediction errors plus a

one-sided, second-order direction term (Proposition 1), which
we verify against FORM and IS.

4) A statistically calibrated sign-off. We show that a
deterministic upper bound on P requires convexity that cannot
be verified and that finite-sample IS bounds are uninformative
at these probabilities, and we instead calibrate the transferred
estimate with split-conformal margins [31], [32] computed
from IS on a random subset of the sign-off conditions;
conditions that the margin cannot decide are escalated to IS.
Under exchangeability, the probability of an unsafe
acceptance at a randomly selected condition, equivalently the
expected fraction of unsafe acceptances, is bounded
(Proposition 2); there is no simultaneous guarantee over the
grid. Conformal calibration of failure-probability estimates has
been proposed for Kriging-based structural reliability [33]; to
our knowledge it has not been applied to cross-PVT circuit
sign-off.

5) A full-grid, independent evaluation against IS at every
unseen condition, including mean-shifted IS [9], SuS [18],
AK-IS [20], low-budget IS at the two design points, the one-
step and full FORM estimators, the unsafe-acceptance rate of
sign-off decisions, the interpolated Vmin, and the vyield
delivered by a 1-Mb macro signed off with each estimator.

Section II reviews related work. Section III formulates the
problem. Section IV describes the estimators and the
calibrated sign-off, Section V the setup, and Section VI the
results. Section VII discusses the scope of the guarantee, a
sign-off workflow, threats to validity, and limitations. Section
VI concludes.

II. RELATED WORK

A. SRAM Stability Metrics

The static noise margin (SNM) obtained from the butterfly
plot of the cross-coupled inverters [34] is the standard static
measure of read and hold stability. Calhoun and Chandrakasan
observed that the cell SNM is the smaller of two lobe margins
and modeled it as the minimum of two independent variables
[35]. The N-curve offers current-based alternatives for read
stability and write-ability [36], several static and dynamic
write margins have been compared [37], and dynamic stability
measured with finite word-line pulses can be less pessimistic
than static metrics [38]. Hold stability determines the data-
retention voltage [39], and read and write assists trade the
margins against each other [40]. We use signed butterfly
margins for read and write because they are smooth functions
of the mismatch, so they can serve as limit-state functions.

B. Rare-Event Estimation for SRAM

Mukhopadhyay et al. related read, write, access, and hold
failures to device variation [6]. Statistical blockade filters
samples with a classifier and fits a generalized Pareto tail [7].
Kanj et al. introduced mixture IS for SRAM [8], Dolecek et
al. shifted the sampling density to a minimum-norm failure
point [9], sequential IS adapts the proposal in high dimensions
[10], and Wang et al. locate several failure regions by
multistart optimization before sampling [11]. Gradient IS finds



the most probable failure point (MPFP) by local optimization
[12], and normalizing-flow proposals learn the failure region
[13], [14]. Gu and Roychowdhury estimated the failure
volume without MC [15], scaled-sigma sampling extrapolates
from inflated-variance runs [16], and REscope covers disjoint
failure regions [17]. These estimators target one operating
condition at a time and pay their full cost again at every
condition.

C. Surrogate and Multi-Corner Yield Analysis

Surrogate models reduce the number of SPICE calls by
learning the circuit response: adaptive online surrogates [23],
low-rank tensor meta-models [24], and Bayesian yield
analysis with active learning [25]. Across corners, correlated
Bayesian model fusion encodes the similarity of the models of
different corners in a shared prior [26], and learned priors
share information across many corners [27]. OpenYield
provides an open benchmark with realistic second-order
effects [41]. These methods model a performance or its
distribution and evaluate accuracy at the conditions where
they are trained or refined; the tail-shape question raised here
concerns any method that reads Pr from modeled moments.

D. Structural Reliability and Worst-Case Distances

The first-order reliability method (FORM) linearizes a
limit-state function at its MPFP, located by the Hasofer—
Lind/Rackwitz—Fiessler (HL-RF) iteration [42], [43], and
second-order corrections account for curvature [44]. In circuit
design the same quantity appears as the worst-case distance,
used together with worst-case operating conditions for yield
analysis and design centering [45], [46]. Systems with several
failure modes are series or parallel systems of limit states [47],
[48]. The sensitivity of the reliability index to a deterministic
parameter follows from the limit-state value at the design
point without re-solving the optimization [28], [29], and
single-loop reliability-based design reuses the design point of
the previous design iterate to avoid a nested reliability analysis
[30]. SuS writes a small probability as a product of larger
conditional probabilities [18], [49]; AK-MCS and AK-IS learn
the limit state with Kriging [19], [20], [50], [51]; and
defensive mixtures make IS robust to a misplaced proposal
[52], [53]. The anchored correction (8) is a finite-difference
form of the parametric sensitivity; what differs is that the
design point at the new condition is not solved for but
predicted across PVT, so the error of that prediction, which
the sensitivity analysis does not address, must be characterized
and controlled (Sections IV-D, IV-E, and IV-G).

E. Error Bounds and Certification

Rigorous bounds on a failure probability need structural
assumptions. Error bounds for approximate rare-event models
require a convex failure domain [54], and the classical
statement that ®(—f) bounds P from above likewise assumes
convexity and the exact design point [47], [48]. Sampling
estimators admit finite-sample confidence bounds when the
likelihood ratio is bounded, e.g., by empirical Bernstein
inequalities [55], but their range term scales with the bound on

the weights rather than with Pr. Conformal prediction gives
distribution-free, finite-sample coverage of a predictor's error
from a calibration set that is exchangeable with the test points
[31], [32], [56], and it has recently been combined with active-
learning Kriging to certify failure-probability estimates in
structural reliability [33]. We use split conformal calibration in
a different role: to calibrate a physics-based cross-PVT
estimator and the sign-off decisions and Vpi, built on it.

F. Positioning of This Work

Table I compares the method families from the viewpoint of
a PVT sweep, where the relevant cost is the number of new
SPICE runs at each additional condition. Sampling estimators
are unbiased or nearly so but pay their cost again at every
condition. Worst-case-distance and FORM analyses need tens
to a hundred runs per condition. Surrogates need none, but
read Pr from modeled moments. The proposed transfer spends
two runs per new condition, and its calibration spends IS on a
small random subset of the sign-off conditions instead of on
every condition.

TABLE [

METHOD FAMILIES FOR SRAM FAILURE PROBABILITY ACROSS PVT

Family Examples  Cost at anew Trainin Tail Runs
condition g data  representation here
Mixture / [81,[91, [11] Samples to No Sampled 9.5k-23k
mean-shift IS reach target
error
Gradient / [12]-[14]  Optimization + No Sampled —
flow IS samples
Subset [18], [49] Levels x No Sampled 2.8k—
simulation samples 10.9k
Active- [19],[20], Added points + No Learned limit 275
learning [25] fits state
Kriging
Worst-case [45], [46] Gradient No Linearized limit 39-93
distance, iterations state
FORM
Moment [23], [26] None if Yes Modeled 0
surrogates, [27] extrapolated moments
multi-corner
Conformal [33] Added points +  No Learned limit —
Kriging fits state
(structural)
Transfer Sec. IV-C-E  Two anchored Yes  Two-lobe series 2
(proposed) runs system
Calibrated Sec. IV-G  Tworuns; ISif  Yes + Conformal ~10% incl.
sign-off undecided ISona margin calibration
(proposed) random
subset

Runs here: SPICE simulations per condition measured in Section VI for d =
12, including amortized calibration for the calibrated sign-off, —: not
implemented.

III. PROBLEM FORMULATION

A. Mismatch Model and Limit States

Let x € R? collect the standardized local-mismatch variables
of the six transistors of a 6T cell, x ~ N(0, I). A global PVT
condition ¢ = (7, Vpp, corner) is fixed for each analysis. For a
symmetric cell, every static failure mode has two mirror limit
states, one for each stored value or write direction, with signed
margins mo(x; ¢) and m(x; ¢). Failure occurs when either
margin is negative, so the cell is a series system with failure
probability

Pi(c) = P[ min{mo(x; ¢), mi(x; ¢)} <01]. )



Fig. 1 shows the cell. The pull-up (PU), pull-down (PD),
and pass-gate (PG) transistors of each half carry independent
mismatch, with two variables per transistor in this work (d =
12). Lobe 0 concerns the stored state Q = 1 and lobe 1 the state
Q = 0. For read, each lobe is dominated by the pass-gate and
pull-down of the node that stores 0, which are disturbed by the
precharged bit line, and by the trip point of the opposite
inverter, so the two lobes weight the mirror devices oppositely
and are correlated through the shared feedback.

th e
Bl
PGI [__1

WL

Q| ra2

PDI PD2

L

Fig. 1. 6T SRAM cell. Local mismatch is applied independently to the six
transistors PU1, PU2 (pull-up), PD1, PD2 (pull-down), and PG1, PG2 (pass-
gate). For the margins, the cell is opened into half-cells, each an inverter
loaded by its pass-gate, so that every butterfly curve is obtained from a DC
sweep of independent half-cells.

B. Signed Read and Write Margins

The read margin uses two half-cells, each an inverter loaded
by its access transistor with word line and bit line at Vpp.
Their voltage-transfer curves form the butterfly plot (Fig.
2(a)). After rotating the plane by 45°, u = (x—y)/N2 and v =
(x+y)/\/2, the vertical distance Av(u) between the curves is
evaluated separately on each half of the rotated axis, and the
lobe margin is

mi=(1N2) - max, enay; sj AVu), so=+1,s1=—1, (2)
which equals the side of the largest square inscribed in lobe
j when the lobe exists and becomes negative when the lobe
vanishes. Measuring each lobe on its own half is essential: an
extremum taken over the whole axis picks up millivolt slivers
of opposite sign near the supply rails and hides failing cells.
The write margin uses the same construction with the bit line
of the node being written at 0 V: a write succeeds when the
lobe of the old state has vanished, so the write margin is the
negated old-state lobe of the write butterfly (Fig. 2(b)). Both
metrics come from independent half-cells driven by one swept
source, so one DC sweep evaluates hundreds of cells and no
bistable circuit is simulated. We use static margins because
they are the common first-pass stability metric and their
statistics have been confirmed on large silicon arrays [5]; they
are a deliberate choice, not a requirement of the method. The
transfer, the anchored correction, and the calibration act on
any scalar margin with two mirror lobes, so a dynamic metric
[37], [38] changes the cost of each margin evaluation but not
the procedure (Section VII-D).

(a) Read, SkyWater 130 nm bitcell, 0.75 V
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(b) Write, ASAP7 7 nm HD cell, 0.6 V
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Fig. 2. Butterfly curves. (a) Read, SkyWater 130-nm foundry bitcell at 0.75
V, 27 °C: nominal cell and the weakest of 200 Monte Carlo cells, whose lobe
1 has nearly collapsed. (b) Write of a 0 into node Q for the ASAP7 7-nm high-
density cell at 0.6 V: the write butterfly (solid) has a single intersection, so the

old-state lobe has vanished and the write succeeds; the read butterfly (dotted)
is shown for reference.

C. Extrapolation Task

Conditions are split into a training box of mild conditions
(moderate temperature and supply) and the unseen conditions
outside it. A method may use any amount of simulation at
training conditions; at an unseen condition its cost is the
number of new SPICE runs. Accuracy is measured against IS
truth at unseen conditions only, and safety by the sign of the
error: an underestimate of Pr is unsafe.



D. Why Moment-Based Models Fail in the Tail

Consider two lobes that are exactly linear in x, each
distributed as N(a, s?), with correlation p and reliability index
B = al/s. The exact failure probability of their minimum is

Pr=20(=B) = ©2(=B, —B; p), 3)

where ®, is the bivariate standard normal distribution

function. The first two moments of the minimum are known in
closed form [57]:

E[min] = a — sN((1-p)/n), Var[min] =s*[1 — (1-p)/x]. (4)

A Gaussian fitted to these exact moments gives
®(—E[min]/N'Var[min]). Fig. 3 shows its error relative to (3).
For the negative lobe correlation typical of read margins the
Gaussian tail underestimates Pr by 3.1 decades at f = 5 and by
7.3 decades at B = 7 (p = —0.6); for independent lobes the
errors are 1.2 and 2.9 decades, and only strongly positively
correlated lobes give an accurate Gaussian tail. The minimum
of two lobes has a heavier lower tail than any Gaussian with
the same moments, and the discrepancy grows with depth.
Any method that reads Pr from modeled moments inherits this
error, however well it predicts the moments.
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Lobe reliability index g

Fig. 3. Error of a Gaussian tail fitted to the exact mean and variance of the
minimum of two equal, linear, correlated lobes, relative to the exact series-
system probability (3), versus the lobe reliability index.

IV. ESTIMATORS

A. Moment Surrogates

Two surrogates are fitted to the mean p and the log standard
deviation log o of the cell margin min(mo, mi) over the
training box: a quadratic regression in (7, Vpp) with corner
indicators and their interactions, and a GP [58] with an
anisotropic squared-exponential plus linear kernel [59]. The
failure probability follows from the Gaussian tail,

Pr=O(—{i(c)/5(c)). 6))

Both use the same 1000 common-random-number cells at
every training condition, which removes sampling noise from
the condition-to-condition differences and favors the
surrogates.

B. Reliability-Index-Space Surrogate

The tail-shape error of (5) is avoided by modeling the
quantities that the series system needs. For jointly Gaussian
(linearized) lobes with reliability indices Bo, 1 and correlation

p
Pr=0(—Po) + O(=B1) = D2(—Po, —P1; p). (6)
The p-space surrogate fits Bo(c), Pi(c), and atanh p(c) over
the training box with the same GP family as above, using
FORM at the training conditions as targets, and evaluates (6)
at the unseen condition with no new runs. It is the strongest
zero-run competitor we found, and it isolates the part of the
error that is caused by extrapolation itself.

C. Design-Point Transfer

At a training condition, FORM gives for each lobe the
design point X;* = Bju;, where u; = —Vm;/|Vm;| is the unit failure
direction, and the slope s; = |Vm;| there. Near the design point a
lobe is approximated by

mi(x) = s; (B — uj"x). ()

The transfer fits GPs over the PVT features to B, log sj, and
the components of w; (renormalized after prediction), giving
Gj(c), §i(c), and Gj(c) at an unseen condition, and to atanh p for
the correlation.

D. Anchored Correction and Its Error

At the unseen condition, each lobe is simulated once at its
predicted design point %; = f;{i;; both lobes are evaluated in a
single SPICE call. The anclAlored index is

Bi = B + mi(X)) / §;. ®)

Proposition 1: 1f the lobe is locally linear as in (7) and cos 6

=uTq, then ) .
B-B=(B—P)1-s8)+ ()P -cos®). (9

Proof: By (7), m(X) = s(B — B cos 0). Substituting into (8)
and rearranging gives (9). m

Three consequences follow. First, the error of the
transferred index, f — P, enters only multiplied by the relative
slope error, so a single run removes it to first order; this is the
finite-difference form of the parametric FORM sensitivity
[28], [29]. Second, the direction error enters at second order,
02f/2, and is one-sided: when the slope is predicted well it
always makes P too large, i.c., the estimate unsafe. Third, the
residual r; = [mi(X)|/§ = (s/8)|p — B cos 0] is an observable
estimate of the first-order prediction error, available at no
extra cost.

E. Empirical Guard and Escalation

The direction term cannot be observed from the anchored
run, so it is bounded instead. Its size is estimated inside the
training box by block cross-validation that imitates
extrapolation: each edge block of the box (the hottest and the
coldest temperature, the lowest and the highest supply) is held
out in turn, the direction GP is fitted to the rest, and the angle
between predicted and FORM directions is recorded. With 095
the 95th percentile of these angles, the guarded index is

Bt =P — B (1 — cos Bos), (10)

which, by (9), is conservative whenever 6 < 69s and the
slope term is small. If the residual » = max; r; exceeds a
threshold & (0.25 by default), the transferred design point is
too far from the actual one for (9) to hold and the condition is
escalated to the one-step estimator of Section IV-F. Algorithm
1 and Fig. 4 summarize the procedure. The training-box



quantities are computed once; each new condition costs two
runs, plus 3(d+1) when escalated.
Algorithm 1: Guarded design-point transfer at an unseen condition ¢

Once: FORM per lobe at the training conditions; GPs for Bj, log sj, u;,
atanh p; 695 by edge-block cross-validation.

1. Predict B, §;, G, p at ¢; set X; = Bifi;.

2. Simulate mo(Xo) and m;(X;) (one SPICE call, two cells).

3.0y By miR)/s 7 max; (RIS

4. If r > §: return the one-step estimate (3(d+1) runs).

5. B < B — Bi(1 — cos Bys); return (6) with (Be%, Bi%, P).

Training box (once)

& ™)
FORM per lobe at each training condition — §;, w;, 5;=IVmyl, p

\ J

v v

[ 3
.GP over PVT features Edge-block cross-validation
pi(c); Gje), $i(e), ple) 095 of direction error

l Each new PVT condition

Anchor: one SPICE run per lobe at X; =ﬁjﬁj
Bi=8;+ m;(%)/§; (2 runs)

v

Residual check r=max lm(X)1/§;
J

il ~

r>d: escalate to r <§: guard with fos

one-step estimator .
Bf =B; = B;(1 — cosos)

(3(d+1) runs)

Series system Py = ®(—fy) + ®(—p1) — ©a(—po, — P13 p)

Conservative estimate at 2 runs per condition unless escalated

Fig. 4. Guarded design-point transfer (Algorithm 1). The training box is
analyzed once; each new condition costs two SPICE runs (one per lobe), plus
3(d+1) runs if the anchored residual exceeds .

F. Reference and Baseline Estimators

One-step estimator. Each lobe is linearized at the origin by
forward differences of step # = 0.256 (d+1 runs, one SPICE
call), re-linearized once at the predicted design point x;(!) =
—aigi/|lgil*, and B; is taken from the new tangent plane; p
follows from the corrected normals. This is one HL-RF step
per lobe [42], [43] at a cost of 3(d+1) = 39 runs. FORM
iterates HL-RF to |AB| < 10 (at most ten iterations).

IS truth. Ground truth uses a defensive mixture proposal
[52], [53] with weight 0.1 on N(0, I) and 0.45 on a Gaussian at
each linearized design point. A first stage of 1000 SPICE
samples re-centers each component on the weighted mean of
the failing samples of its lobe, and an independent second
stage of 4000 samples gives

Pr=(1/N) Z; 1[min; m;(x) < 0] (x,)/q(x)). (11)

Because the proposal is a mixture over both lobes, includes
the nominal density, and is re-centered on SPICE failures, it is
unbiased for any lobe geometry; its accuracy is checked

against plain MC in Section VI-A.

Sampling  baselines. Mean-shifted IS with norm
minimization (MNIS) [9] widens a Gaussian until ten failures
are found, shifts to the minimum-norm failure, and samples to
a 10 % relative error (cap 20 000); SuS [18] uses 1000
samples per level, po = 0.1, and modified Metropolis [49];
AK-IS [20] uses a GP limit state, a 10°-point population
around the two linearized design points, U-learning, and a cap
of 250 added points. The strongest sampling baseline is
MPFP-mixture IS: after one linearization (d+1 runs), N
samples from the same defensive mixture without re-
centering, at a total of d+1+N runs. Every simulated cell
counts as one run.

G. Calibrated Sign-Off

Sign-off asks, for each condition ¢ in a set S and a target P*
(e.g., 10 or 10”), whether Pgc) < P*; accepting a condition
whose true Pr exceeds P* is an unsafe acceptance. We first
consider what can be guaranteed. Deterministic bounds. If the
failure domain of lobe j is convex and f; is its exact distance
from the origin, the supporting hyperplane at the design point
contains the domain on its far side, so Py < ®(—fo) + O(—B1) —
Dy(—Bo, —P1; p) holds exactly. Convexity cannot be verified
from a finite number of SPICE runs, the write lobes are visibly
curved, and an estimated P that is too large invalidates the
bound, so this route gives no guarantee in practice. Finite-
sample sampling bounds. With the defensive mixture of
Section IV-F the likelihood ratio is bounded by 10, and an
empirical Bernstein bound [55] on the IS mean is rigorous, but
its range term alone is 1.7x1072 for 5000 samples and 1.7x1073
for 50 000, far above the targets. Statistical calibration. What
can be guaranteed without structural assumptions is a
coverage statement for a randomly selected condition. Let a
calibration set C of ncy conditions be drawn uniformly at
random from §, and let IS be run at each of them by the same
procedure, independently across conditions. The label of a
condition is ¥ = logioP", its one-sided IS upper confidence
limit at level 1 — o, and its score is e = Y — logi0Pr, with Ps the
transferred estimate (8), (6). With ¢ the [(ncat+1)(1 — ou)]-th
smallest calibration score, the conformal upper limit at a
remaining condition is logjoPr + ¢; the lower limit uses the
[(ncart1)ay|-th smallest score computed with the IS lower
confidence limits.

Proposition 2: Let ¢ be drawn uniformly from § \ C, so that
the scores of C U {c} are exchangeable. (i) P[¥(c) > logioPr(c)
+ g] < ay. (ii) If the IS upper limit at ¢ covers the true Py with
probability at least 1 — o, then P[logioPx(c) > logioPi(c) + g] <
o + 0. (iii) The rule that accepts ¢ when the conformal upper
limit is < P*, rejects it when the conformal lower limit is > P*,
and otherwise runs IS and accepts only if the IS upper limit at
level 1 — oy is < P*, accepts ¢ unsafely with probability at most
o + o+ 0.

Proof: (i) is the split-conformal guarantee [31], [32]: by
exchangeability the rank of the test score among the ncatl
scores is uniform, so it exceeds the [(neatl)(1 — ai)]-th
smallest calibration score with probability at most a,. (ii) The



event logioPs > logioPs + ¢ is contained in the union of {¥ >
logi0Ps + ¢} and {logioPs > Y}, whose probabilities are at most
a; and o.. (ii1) An unsafe acceptance requires that the true Pr
exceed either the conformal upper limit or the IS upper limit at
level 1 — ap; the union bound gives the sum. m

Scope of the guarantee. The probabilities are taken over the
random calibration set, the random choice of the test
condition, and the IS randomness. By linearity of expectation,
the bound therefore also limits the expected fraction of unsafe
acceptances among the conditions of S. It is not a
simultaneous statement: the probability that at least one
condition of the grid is accepted unsafely can be much larger,
up to |S| times the bound in the worst case, and a simultaneous
guarantee would require per-condition risks of the order of
o/|S| and hence more calibration runs than running IS
everywhere. Part (i) is exact for finite samples; parts (ii) and
(iii) rely on the IS confidence limits, which are asymptotic
(central limit theorem) and require well-behaved weights,
which we monitor through the failure-weight effective sample
size. The guarantee does not extend to conditions outside S. A
finite quantile requires nca > [1/04] — 1, i.e., 19 calibration
conditions for a; = 0.05. In the main configuration o,y = o = o
=0.05, so the nominal bound is 0.15.

H. Cost Accounting

Plain MC needs about 100/P¢ runs; IS and SuS need
hundreds to tens of thousands, paid at every condition; FORM
needs one gradient (d+1 runs) per HL-RF iteration and lobe.
The transfer pays FORM at the training conditions once
(7,150 runs for the 100 SkyWater training conditions) and
then two runs per new condition, plus 39 at escalated
conditions. The calibrated sign-off adds IS at the calibration
conditions and at the undecided ones; we charge each IS
estimate at the cost of the recommended FORM-centered
procedure, i.e., converged FORM at that condition plus 8000
samples. Table II reports the total number of SPICE runs
needed to sign off every unseen condition, including training,
calibration, and escalation. On grids of the size studied here
the guarded transfer costs about as much as converged FORM
at every condition (7.8k versus 7.7k runs for SkyWater) and
more than the one-step estimator; its benefit on these grids is
safety on the planar cell, where FORM-class estimators are
sometimes unsafe (Section VI-E), not cost. A cost advantage
arises only for denser sweeps or several design variants
sharing one training box, since each additional condition costs
two runs instead of 39 or 65-93. The calibrated sign-off is 3.1
to 4.9 times cheaper than IS at every condition but more than
an order of magnitude more expensive than FORM
everywhere.

V. EXPERIMENTAL SETUP

All simulations use ngspice 47 [60]. Table III summarizes
the studies. For SkyWater 130 nm [61], the foundry SRAM
devices special nfet latch (pull-down, 0.21/0.15 pm),
special nfet pass (access, 0.14/0.15 pum), and
special_pfet pass (pull-up, 0.14/0.15 pm) are used with the

foundry corner libraries; the PDK's mismatch model is
converted to per-instance parameters (Appendix A). For
ASAP7 [62], the BSIM-CMG [63] cards are run through
ngspice's OSDI interface. The kit has no statistical model, so
mismatch is an assumption: per-fin ovg, = Ayr/N(Werl) = 31
mV with Ayr = 1.2 mV-um [3] and Wegr = 2Hfin + Thin, and a 4
% mobility spread, both scaling as 1/\ngn,; Section VI-I repeats
the study at 20 and 45 mV. The high-density cell with one fin
per device is used. At every condition the same 1000
mismatch vectors are simulated for the moment surrogates. All
experiments ran on an eight-core laptop.

TABLE II
TOTAL SPICE RUNS TO SIGN OFF ALL UNSEEN CONDITIONS (RUNS PER
CONDITION)
Study Cond IS FORM  One-step Guarded Calibrated
everywher everywher everywhe transfer sign-off
e e re

SkyWater 130 110 887.7k 7.7k (70) 4.3k (39) 7.8k(71)  180.9k
nm, read (8070) (1645)
ASAP7 7 nm, 66 532.3k 43k (65) 2.6k (39) 4.0k (61) 171.4k
read (8065) (2598)
ASAP7 7 nm, 66 534.2k 6.2k (93) 2.6k (39) 5.7k (87) 171.9k
write (8093) (2605)

IS: converged FORM plus 8000 FORM-centered samples per condition.
Guarded transfer: training FORM plus two runs per condition plus 39 per
escalated condition. Calibrated sign-off: training FORM plus calibration IS,
two runs per condition, and IS at undecided conditions (mean over the two
targets and 500 splits).

TABLE III
TECHNOLOGY STUDIES

Study Mismatch d Vop (V) Corners Train /
unseen

SKY 130 bitcell, Foundry (per 12 0.75-1.2 TT/FF/SS/FS/S 100/110

read instance) F

ASAP7 FinFET, Assumed, derived 12 0.35-0.7 TT/FF/SS 60 /66

read

ASAP7 FinFET, Assumed, derived 12 0.55-0.8 TT/FF/SS 60 /66

write

Seven temperatures from —40 to 125 °C. Training box: 7' < 85 °C and Vpp >
0.9 V (SKY130), 0.45 V (ASAP7 read), 0.65 V (ASAP7 write).

IS truth campaign. IS was run at every unseen condition
(242 in total: 110 SkyWater, 66 ASAP7 read, 66 ASAP7
write) with the estimator of Section IV-F (proposal A), with
seeds disjoint from all other runs and with the failure-weight
effective sample size (ESS) recorded. Every condition with Ps
< 1077 was then re-estimated independently with proposal B, a
defensive mixture centered at the converged FORM design
points (8000 samples). The two proposals agreed within two
standard errors at 59 of 63 conditions and disagreed by more
than three at 3 deep write conditions, in every case with
proposal A too low (by 0.07, 0.17, 0.42 decades); at four of
the deepest write conditions proposal A also kept an ESS
below 50 even when re-run with 18 000 samples. Proposal A
misplaces its mixture on the most curved write lobes. At all
six of these conditions proposal B was run twice with
independent seeds (8000 and 16 000 samples), and the two B
estimates agreed within 1.8 standard errors with ESS of at
least 750. The canonical truth therefore uses the inverse-
variance combination of the B runs wherever B is available
and proposal A elsewhere (Appendix B); the smallest B ESS
is 266, and relative standard errors are 0.5-12 %.



VI. RESULTS

A. Validation of the IS Truth

Table IV compares the IS truth with plain MC at the
shallowest truth point of each study and at a point near 107,
where MC with up to 200 000 cells is affordable. Over the 5
comparisons the difference is at most 0.09 decade; two
comparisons differ by about two standard errors (largest |z| =
2.1), in opposite directions, so there is no sign of a systematic
bias. At the SkyWater point with z = +2.1, three further IS
runs with fresh seeds gave 5.18¢-04, 5.39¢-04, 5.31e-04, and a
second 200 000-cell MC run brought the pooled MC estimate
to 4.80e-04 + 3.5¢-05 (z = +1.6 for the mean of the four IS
runs). Together with the two-proposal cross-check of Section
V, we treat the IS truth as accurate to about +0.1 decade,
which is also the threshold used below to call an error unsafe.
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TABLE IV

PLAIN MC VERSUS IS AT MODERATE PROBABILITIES
Study Condition MC cells MC IS z
SkyWater 130 125°C,1V,SF 20,000 3.7x102+£4% 3.6x102+£3% —0.6
nm, read
SkyWater 130 125°C, 1.2V, 200,000 4.6x10*+£10 5.6x10%+£4% +2.1
nm, read SF %
ASAP7 7 nm, -40°C,0.35V, 20,000 7.0x10%£27 62x10%£3% —04
read FF %
ASAP7 7 nm, —40°C,0.55V, 20,000 3.0x102+4% 2.8x102+3% -1.5
write SS
ASAP7 7 nm, 27°C,0.6V, 200,000 5.9x10*+£9% 4.7x10*+4% —2.0
write FF

+ values are one standard error; z = (IS — MC)/combined standard error.

B. The Worst-Case Direction Is Not Universal

Fig. 5 shows /o of the cell margin for the TT corner. For
the SkyWater bitcell —40 °C is worst, and at 0.75 V the cold
SS and SF corners fail even on average, consistent with the
reversal of the temperature dependence of transistor current at
low supply [21], [22]. For the ASAP7 read margin the three
temperatures nearly coincide, whereas the write margin of the
same cell is worst at =40 °C. A model trained on mild
conditions has no information about which way the tail moves
outside its training box.

C. Moment Surrogates Fail by Tail Shape, Not by
Extrapolation

Table V separates the two sources of error of the moment
surrogates in the design-relevant range 102 < P < 1073, A
Gaussian tail with the exact sample moments at the same
condition, i.e., without any model or extrapolation, already
underestimates Pr by up to 7.1, 5.2, and 11.9 decades in the
three studies. The extrapolated surrogates are only moderately
worse. Modeling the reliability indices instead (Section IV-B)
removes most of the error with the same training data and the
same GP family. Fig. 6 shows all truth points: the moment
surrogate falls increasingly below the truth as Pr decreases, as
predicted by Section III-D.

Voo (V) Vo (V)
Fig. 5. Ratio pwo of the cell margin versus supply at —40, 27, and 125 °C (TT
corner, 1000 cells per point). The dashed line marks 66. Panel (a) is a 45-nm
planar predictive model [64] shown for comparison.

TABLE V

WORST SIGNED ERROR LOG ¢(P;/P;'S) OF TAIL MODELS, 102 < P, <107

Study Points Gaussian, Gauss. GP p-space GP
exact moments regression

SkyWater 130 nm, 58 -7.10 -9.53 -10.94  -1.93
read
ASAP7 7 nm, read 66 -5.19 —5.43 —-5.20 -0.27
ASAP7 7 nm, write 39 —-11.90 -12.75 -11.70 +0.08

Exact moments: sample mean and standard deviation of the 1000 cells at the
same condition (no model). All other columns are fitted on the training box
and evaluated at the unseen conditions.

D. Extrapolation in Reliability-Index Space

The B-space surrogate is accurate for both ASAP7 studies
(largest error 0.27 and 0.08 decades) but not for the SkyWater
cell, where it underestimates Pr by up to 1.9 decades, mostly at
125 °C and high supply. Fig. 7(a) shows the reason. The
failure direction of the FInFET lobes is predicted within a few
degrees (median 0.9° read, 0.4° write), but that of the planar
foundry cell rotates across PVT (median 6.0°, 90th percentile
13°), i.e., the devices that dominate a failure change with
temperature and corner. Fig. 7(b) confirms Proposition 1: after
the anchored run, the remaining index error follows the
direction term P(1 — cos 0) (Spearman correlation 0.88 for
SkyWater) and is non-negative in all but a few cases. The
calibrated 095 is 15.3° for SkyWater, 4.5° for ASAP7 read, and
0.8° for ASAP7 write, so the guard (10) is large only where
the direction actually rotates.
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Fig. 6. Predicted versus IS truth at all unseen truth points of the three studies.
The band is +£0.5 decade. Predictions below 10%* are drawn at 1024,

TABLE VI
ERROR VERSUS IS AT UNSEEN CONDITIONS, 1072 < P, < 107
Study Estimator Runs Median/ max Signed range Unsafe
lerr| Y%
SkyWater 130 Gaussian 0 2.04/9.53  -9.53...40.74 93
nm, read regression
Gaussian process 0 2.29/10.94 -10.94 ... 100
—0.46
B-space GP 0 0.10/1.93  -1.93...40.20 34
Anchored transfer 2 0.06/0.34  —0.34 ... +0.05 33
Guarded transfer 5.5 0.25/0.75 -0.09 ... +0.75 0
One-step 39 0.03/0.41 —0.41 ... +0.03 9
FORM 71 0.03/0.18  —0.18 ... +0.03 5
ASAP7 7 nm, Gaussian 0 1.34/5.43 -5.43 ...-0.26 100
read regression
Gaussian process 0 1.43/5.20 =5.20 ... -0.86 100
B-space GP 0 0.07/0.27  —0.27 ... -0.00 33
Anchored transfer 2 0.02/0.08 —0.08 ... +0.05 0
Guarded transfer 2.0 0.01/0.07  —0.06...+0.07 0
One-step 39 0.02/0.08  —0.08 ... +0.05 0
FORM 65 0.02/0.08  —0.08 ... +0.05 0
ASAP7 7 nm, Gaussian 0 1.02/12.75 —12.75 ... 62
write regression +0.41
Gaussian process 0 1.17/11.70 -11.70 ... 67
+0.45
B-space GP 0 0.04/0.08  —0.03 ... +0.08 0
Anchored transfer 2 0.04/0.07 —0.02 ... +0.07 0
Guarded transfer 2.0 0.04/0.07 —0.02...+0.07 0
One-step 39 0.04/0.46  —0.03 ... +0.46 0
FORM 93 0.04/0.07  —0.02 ... +0.07 0

Errors in decades, logm(ﬁf/Pf‘S). Runs: new SPICE runs per unseen condition
(mean, including escalations; FORM: mean over conditions). Unsafe: fraction
of conditions with error below —0.1 decade. Guarded transfer: Algorithm 1.

E. Accuracy Against Independent IS Truth

Table VI compares all estimators with the IS truth in the
design-relevant range (58, 66, and 39 conditions). Two
anchored runs remove most of the extrapolation error of the j3-
space surrogate (SkyWater: 1.93 — 0.34 decades), but the

unguarded transfer is still unsafe by more than 0.1 decade at
33 % of the SkyWater conditions, as Proposition 1 predicts for
a rotating failure direction. With the guard and escalation of
Section IV-E it is never more than 0.09 decade unsafe on
SkyWater, at the price of a pessimism of up to 0.75 decade
and 5.5 runs per condition on average; for ASAP7 it is within
0.07 (read) and 0.07 (write) decades at two runs per condition.
The full-grid truth also shows that FORM-class estimators are
not automatically safe: on SkyWater the one-step estimator is
unsafe by up to —0.41 decade (9 % of conditions) and
converged FORM by up to —0.18 decade (5 %). On the curved
ASAP7 write lobes the one-step estimator is conservative by
up to 0.46 decade, whereas FORM and the transfer are within
a few hundredths. Over the full range, which on SkyWater
extends to 10", the guarded transfer is never more than 0.09
decade unsafe.
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Fig. 7. (a) Distribution of the angle between the transferred and the FORM
failure direction over all unseen lobes; dotted lines mark 695 from edge-block
cross-validation inside the training box. (b) Error of the anchored index (8)
relative to FORM versus the direction term of (9).

F. Cost Against Sampling Baselines

Table VII and Fig. 8 compare the cost and accuracy of all
estimators at the conditions where the sampling baselines were
run. MNIS is biased low by up to several decades, because a
single mean shift covers only one of the two symmetric lobes
and random exploration in 12 dimensions finds a failure point
far from the design point. SuS reaches 0.1-0.4 decades with
thousands of runs, and AK-IS is accurate with 275 runs except



at the deepest write point. MPFP-mixture IS (Table VIII) is
the strongest sampling competitor on the near-linear read
lobes, reaching a median error of a few hundredths of a decade
with a few hundred runs, but on the curved write lobes its
90th-percentile error stays above 0.4 decades even with 513
runs because the linearized design points misplace the
proposal. The guarded transfer uses two runs; its error is
conservative and is the price of not sampling.

TABLE VII
RUNS : MEDIAN / MAX |ERROR| AT THE BASELINE CONDITIONS
Study MNIS SuS AK-IS IS- IS- One- Guard
MPFP  MPFP step ed
213 513
SkyWater 22,500:  5,500: 275: 213: 513: 39: 2:0.31
130 nm, read ~ 0.42/ 0.09/ 003/ 004/ 004/ 0.02/ /0.60
2.13 0.34 0.04 0.25 0.12 0.06
ASAP7 7 22,500:  5,500: 275: 213: 513: 39: 2:0.03
nm, write 0.60/ 021/ 001/ 012/ 013/ 0.02/ /0.07
3.47 0.41 0.39 2.32 1.41 0.29

10

(a) SkyWater 130 nm, read

Three unseen conditions per study and three seeds per stochastic method (five
for IS-MPFP); errors in decades against the IS truth.

TABLE VIII
MPFP-MIXTURE IS: MEDIAN / 90TH PERCENTILE / MAX |ERROR| VERSUS
BUDGET
Study 63 runs 113 runs 213 runs 513 runs
SkyWater 130 nm, 0.08/036/ 0.09/021/  0.05/0.14/  0.03/0.09/
read 0.91 0.35 0.25 0.20
ASAP7 7 nm, read 0.08/0.22/  0.08/0.17/  0.05/0.15/  0.03/0.09/
0.46 0.28 0.19 0.14
ASAP7 7 nm, write  0.24/1.44/  0.19/0.78/  0.12/091/  0.08/0.62/
2.33 1.91 2.32 141

All original truth points of each study, five seeds each; d+1 = 13 linearization
runs included.

G. Calibrated Sign-Off and Minimum Operating Voltage

The calibrated sign-off of Section IV-G was evaluated with
neca = 20 calibration conditions and a; = o2 = o = 0.05
(nominal bound 0.15) over 500 random calibration/test splits
per study. Table IX lists the decisions at the two targets. The
targets are rarely close calls on these grids: no calibrated
decision was unsafe, and neither were the decisions of the
guarded transfer, the one-step estimator, or FORM, so the
decision study shows that the procedure is safe here but does
not discriminate between the methods. Including the
calibration IS, it cost 1573-2608 runs per condition (Table II
adds the training cost). Part (i) of Proposition 2 can be
checked directly: the fraction of test conditions whose IS
upper confidence limit exceeded the conformal upper limit
was 4.4 %, 4.8 %, and 4.5 % on average against a bound of 5
%, but in individual SkyWater splits it reached 14 % (95th
percentile): the bound holds on average over calibration
draws, not for every draw.
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Fig. 8. Accuracy versus SPICE runs at a new condition. Sampling baselines at
their three conditions per study; MPFP-mixture IS, one-step, FORM, and the
guarded transfer at all original truth points. Errors below 107 are drawn at 10°
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TABLE IX
SIGN-OFF DECISIONS: UNSAFE ACCEPTANCE % / FALSE REJECTION % (MEAN
OVER 500 SPLITS)

Study Targ Failin Calibra Guarde One- FORM ISall Runs
et g ted d step (cal.)
SkyWater 130 10 54/90 0.0/0.9 0.0/0.9 0.0/0.0 0.0/ 0.0/ 1587
nm, read 0.0 0.9
10°  62/90 0.0/0.9 0.0/2.8 0.0/0.0 0.0/ 0.0/ 1573
0.0 0.9
ASAP7 7nm, 10° 34/46 0.0/1.5 0.0/0.0 0.0/00 0.0/ 0.0/ 2608
read 0.0 1.5
10°  43/46 0.0/0.0 0.0/0.0 0.0/0.0 0.0/ 0.0/ 2469
0.0 0.0
ASAP7 7nm, 10° 33/46 0.0/0.0 0.0/0.0 0.0/0.0 0.0/ 0.0/ 2455
write 0.0 0.0
10° 39/46 0.0/0.0 0.0/0.0 0.0/29 0.0/ 0.0/ 2584
0.0 0.0

Failing: test conditions whose IS P; exceeds the target / test conditions.
Calibrated: transfer with split-conformal limits and IS escalation (o = o, = 0
= 0.05). Runs: SPICE runs per condition of the calibrated sign-off including
the calibration IS, excluding training.

The decisive quantity for a designer is Vmin. Table X
compares the interpolated Vimin of each estimator with that of
the IS curves on every temperature—corner curve that lies
entirely outside the training box. The moment surrogates set
Vnin t00 low by up to 219 mV and the B-space surrogate by up
to 62 mV. More importantly for sign-off, the unguarded



transfer, the one-step estimator, and FORM are also unsafe by
a few millivolts on many curves (worst —10, =7 mV), and the
block-cross-validated guard of Section IV-E is unsafe on some
ASAP7 curves (—3 mV) while pessimistic by up to 63 mV on
SkyWater. Vimin read from the conformal upper limit was never
more than 1 mV too low and at most 34 mV pessimistic, the
only estimator that was both safe on every curve and less
pessimistic than the empirical guard. This is an empirical
result: Proposition 2 concerns single conditions, whereas Vpin
combines the upper limits at several supplies of a curve, so it
carries no formal guarantee. Fig. 9 shows two curves with the
IS points and the conformal upper limit.

TABLE X
INTERPOLATED Vyy ERROR VERSUS IS (MV): MOST UNSAFE ... MOST
PESSIMISTIC
Study Case Gauss. GP  p-space Transf Guarde FOR Confor
S GP er d M mal
SkyWater 12 -161... -219... =62... -10... +l6... -7... —0...
130 nm, read —65 =53 +9 -1 +63 +0 +34
ASAP77 9 -—188... -190... -8... 5. 3. 5. ~-l..
nm, read -82 —86 -1 -1 +1 -1 +5
ASAP77 12 -62... —-63... +l.. +l.. +l.. +l.. +0..
nm, write =23 =23 +2 +2 +2 +2 +4

Cases: (curve, target) pairs, targets 10® and 10, on temperature—corner
curves entirely outside the training box; reference: IS point estimates.
Negative: claimed Vi, too low (unsafe). Conformal: Vi, of the conformal
upper limit over 200 random calibration draws (empirical, no formal
guarantee).

Table XI shows how the calibrated sign-off depends on its
settings. With ncq = 10 and a; = 0.05 the conformal quantile is
infinite, so every condition is escalated to IS and nothing is
gained; with 20 to 40 calibration conditions and o; between
0.025 and 0.05 the conformal Vi, is unchanged and the cost
grows linearly with ¢,

TABLE XI
CALIBRATED SIGN-OFF VERSUS CALIBRATION SIZE AND RISK (TARGET 107%)
ne orta  SKY SKY Vamin  Rruns R Vuin (mV) W runs W Vain
2 runs (mV) (mV)
10 0.1 8072  none(allto 8067 none(allto 8095  none (all to

IS) IS) IS)
20 01 1573 —0..+34 2469  +1..+5 2584  +0..+4
30 01 2301 +l1..+34 3696  42..+5 3805  +0..+4
40 005 3026 +1..434 4919 4245 5013 +0..+4

SKY: SkyWater read; R: ASAP7 read; W: ASAP7 write; a; = oy, o = 0.05.
Runs per condition include the calibration IS, not training. V,: most unsafe
.. most pessimistic error of the conformal upper limit over 200 calibration
draws.

H. Case Study: Sign-Off of a 1-Mb Macro

A designer signs off a memory macro, not a cell. We
therefore considered a 1-Mb macro of 1024 rows and 1024
columns of each cell with a yield target of 99.9 %. Without
repair the macro yield is (1 — Pp)" with N = 22°, which requires
Pr<9.5 x 1071 with four spare columns and column repair it
is the probability that at most four of the 1028 columns
contain a failing cell, which requires Pr < 7.0 x 107, close to
the two per-cell targets used above. On the fully unseen curves
of Table X, each estimator claims the supply at which its Pr
curve crosses this requirement, and the yield actually delivered
at that supply follows from the IS truth interpolated there; no
new simulation is involved. Table XII lists the worst delivered
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yield. Macros signed off with the moment surrogates would
yield as little as 3.7 % without repair and 0.0 % with repair.
FORM and the unguarded transfer fell short of the target on 20
and 21 of the 33 (curve, configuration) cases, down to 99.77
% and 99.66 %, a yield loss up to 3.4 times the budget of 0.1
%. The guarded transfer met the target on SkyWater at the
price of its pessimism but fell short on 5 ASAP7 read cases.
The conformal upper limit delivered at least 99.90 % and
99.88 %; it fell short of 99.9 % only in 0.2 to 0.5 % of the
calibration draws of two studies with repair, where its Vi, was
at most 1 mV too low. At macro level, the millivolt errors of
FORM-class estimators therefore become a yield loss of
several times the budget, and the surrogate errors a failed
product.

(a) SkyWater 130 nm, read, 125 °C, FF

0t f .
107 F .
107
107

10°°
=¥~ Gaussian regression
i =@ - f-space GP

| —@— Guarded transfer
Certified upper limit (q = 0.38)

1075 | O 1S truth (£2s.e) -
N 1 L 1 1 " 1 L 1

0.8 09 10 1.1 1.2
Voo (V)

"

1043

(b) ASAP7 7 nm, read, 125 °C, SS
" L] M 1 ' 1 v ) ' 1 i 1 M 1 v 1
107" .
107
107°
107
10°°
]0*]!
10—I3

10—15 - -

035 040 045 050 055 060 0.65 0.70
Voo (V)
Fig. 9. Failure probability versus supply with IS truth (squares, 2 standard

errors). (a) SkyWater read at 125 °C, FF; (b) ASAP7 read at 125 °C, SS. The
conformal upper limit is the transfer plus the median conformal margin.

TABLE XII
WORST YIELD (%) OF A 1-MB MACRO SIGNED OFF AT EACH ESTIMATOR'S
Viy (TARGET 99.9 %)

Study Repair Moment p-space Transfer Guarded FORM Conformal
GP
SkyWater  none 3.7 99.46 99.86 99.96 99.87 99.90
SkyWater 4 col. 0.0 96.5 99.66 99.99 99.79 99.88
ASAP7R  none 57.5 99.87 99.88 99.89 99.88 99.90
ASAP7R 4 col. 0.0 99.74 99.77 99.83 99.77 99.89
ASAP7W  none 74.4 99.90 99.90 99.91 99.90 99.90
ASAP7W 4 col. 22.1 99.91 99.92 99.92 99.92 99.91




1024 x 1024 cells; repair: spare columns. Moment: worse of the Gaussian and
GP surrogates. Delivered yield from the IS truth at the claimed Vi, on the
fully unseen curves of Table X; Conformal: worst over 200 calibration draws.
R: read; W: write.

1. Robustness

Because the ASAP7 mismatch is assumed, the read study
was repeated with ovi = 20 and 45 mV per fin, each with its
own dataset, training box, FORM, and IS truth. Table XIII
shows that the conclusions do not depend on this choice.

TABLE XIII
ASAP7 READ: MAX |[ERROR| VERSUS IS FOR DIFFERENT ASSUMED Zyqy;

ovin (mV) Points  Bos Gauss.  B-space  Anchore Proposed One-step
GP d

20 8 5.1° 4.76 0.43 0.12 0.12 0.05

31 66 4.5° 5.43 0.27 0.08 0.07 0.08

(nominal)

45 8 4.8° 2.07 0.11 0.09 0.06 0.09

Points: unseen IS truth points of each variant; the nominal variant also has the
additional stratified and Vini,-curve points of Section V.

The guarded transfer has two settings, the quantile of the
direction error and §. Over quantiles of 90, 95, and 99 % and &
= 0.1, 0.25, and 0.5, the most unsafe SkyWater error stays
between —0.23 and —0.05 decades, the most pessimistic
between +0.86 and +2.14, and the mean cost between 4.1 and
13.0 runs per condition; for the ASAP7 studies the results are
unchanged within 0.01 decade. The settings trade pessimism
against cost, not safety.

VII. DISCUSSION

A. When Is Transfer Safe?

The results separate three effects that a single accuracy
number would hide. The Gaussian tail of the two-lobe
minimum is wrong by orders of magnitude at every condition,
so moment-based models should not be used to read Pr at all
in the far tail. Extrapolation in reliability-index space is
accurate when the failure direction is stable across PVT, as for
the FinFET cell, and fails when it rotates, as for the planar
foundry cell; this rotation can be measured inside the training
box by the block cross-validation of Section IV-E, before any
unseen condition is simulated. The anchored run then removes
the first-order part of the extrapolation error, and the
remainder has a known, one-sided sign that the guard or the
calibrated sign-off accounts for.

B. What the Calibration Does and Does Not Guarantee

The conformal calibration converts the empirically
conservative behavior of the transfer into a stated risk, but a
limited one. Under exchangeability of the calibration and sign-
off conditions it bounds the probability of an unsafe
acceptance at a randomly selected condition, equivalently the
expected fraction of unsafe acceptances. It does not bound the
probability that any condition of the grid is accepted unsafely,
it does not bound Pr at a particular condition, it holds on
average over calibration draws rather than for every draw, it
does not transfer to Vmin, which combines several conditions,
and it does not cover conditions outside the sign-off set, such
as a new supply range. Its IS part is asymptotic and requires
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valid IS confidence limits; our cross-check of proposal A
against proposal B shows that this is not automatic on strongly
curved limit states, so the effective sample size must be
monitored. The price is IS at about 20 random conditions per
sign-off set, which is worthwhile when the set is large, when a
stated marginal risk is required, or when the empirical guard is
too pessimistic.

C. A Sign-Off Workflow

1) Run FORM at the training conditions and fit the transfer.
2) Inspect 09s: a few degrees indicates that the transfer is
accurate; tens of degrees indicate that its errors will be larger.
3) Apply Algorithm 1 at every sign-off condition. 4) Draw at
least [1/a1] — 1 calibration conditions at random from the sign-
off set, run IS there with FORM-centered proposals and an
ESS check, and compute the conformal margin. 5) Accept or
reject with the conformal limits and run IS at the undecided
conditions. 6) Read Vmin from the conformal upper limit,
keeping in mind that this Vi is empirically, not formally,
safe.

D. Extensions

Cells with more than two failure mechanisms form a series
system of k& limit states; the transfer and the anchored
correction apply per limit state, at k£ runs per condition, and P
follows from the k-variate normal distribution. The read-
decoupled 8T cell keeps the 6T latch for write and hold, so its
write and hold lobes have the same mirror structure. Dynamic
metrics [37], [38] replace the DC sweep by a transient
simulation per cell without changing the number of runs.
Assist techniques [40] change the limit states but not their
number.

E. Threats to Validity

Ground truth. IS covers every unseen condition, agrees with
plain MC within sampling error (Table IV), and was cross-
checked by a second proposal at every condition below 107;
where the two disagreed, the proposal with the healthy
effective sample size was used. Favoring the baselines.
Common random numbers remove sampling noise from the
surrogate training data, the training box includes all corners,
and the B-space surrogate is given converged FORM targets.
No tuning on the test set. The guard is calibrated only on
training data, the conformal limits only on their random
calibration subset, and the decision rules and settings were
fixed before the full-grid truth was available. Baseline
implementations. MNIS, SuS, and AK-IS were implemented
by the author from their original descriptions; tuned
implementations may do better, which would narrow the cost
gap but not affect the conclusions on tail shape, transfer, and
calibrated sign-off.

F. Limitations

1) The metrics are static noise margins; dynamic failures
depend on timing [37], [38]. 2) Hold failures were not studied:
near the data-retention voltage of the SkyWater cell at —40 °C
the subthreshold currents fall below the simulator's minimum
conductance (10'? S). 3) Only the SkyWater study uses a



foundry statistical model; the ASAP7 mismatch is an
assumption, mitigated by Section VI-I. 4) The ngspice BSIM-
CMG implementation ignores five card parameters of the
ASAP7 models (version, coremod, capmod, etagm, nseg). 5)
All estimators except IS are first order, and on the planar cell
FORM itself is unsafe by up to 0.18 decade; a second-order
correction [44] was not studied. 6) The empirical guard
assumes that the direction error at unseen conditions is no
larger than at the edges of the training box, and it was unsafe
by a few millivolts of Vuin on some ASAP7 curves; only the
conformal calibration carries a stated guarantee, and that
guarantee is marginal over conditions, partly asymptotic,
requires exchangeability, and costs IS at about 20 calibration
conditions. 7) The transfer gives no cost advantage over
FORM at every condition on grids of the size studied here
once training is counted (Table II). 8) Global variation is
represented by discrete corners, and the macro study of
Section VI-H assumes independent cell failures and column
repair only. 9) No silicon data are available to the author; all
conclusions are relative to SPICE.

VIII. CONCLUSION

Extrapolating SRAM failure probability across PVT is
unsafe when the tail is read from modeled moments, and the
main reason is the tail shape of the two-lobe cell rather than
extrapolation: even exact moments err by up to 11.9 decades.
Extrapolating the per-lobe reliability index is accurate when
the failure direction is stable across PVT and fails when it
rotates. Transferring the design point and correcting it with
one SPICE run per lobe removes the first-order error and
leaves a one-sided remainder. A deterministic bound on the
failure probability is not available without unverifiable
convexity, but a split-conformal calibration computed from IS
on a random subset of the sign-off conditions bounds the
probability of an unsafe acceptance at a randomly selected
condition under exchangeability, a marginal rather than a grid-
wide guarantee. Against IS at every unseen condition, cross-
checked by plain MC and a second IS proposal, the calibrated
sign-off made no unsafe decision, and the minimum operating
voltage read from its upper limit lay —1 to +34 mV from the
reference, an empirical result, whereas FORM and the
unguarded transfer were unsafe by several millivolts and
moment surrogates by up to hundreds. For a 1-Mb macro with
a 99.9 % vyield target, these errors meant a delivered yield
down to 99.66 % for FORM-class estimators and a failed
product for moment surrogates, whereas the calibrated limit
delivered at least 99.88 %. Including training and calibration,
the calibrated sign-off needed 3.1 to 4.9 times fewer SPICE
runs than IS at every condition. The calibration costs IS at
about 20 conditions per sign-off set, and on the grids studied
here the transfer itself costs about as much as FORM at every
condition; its benefit is the safety obtained on the planar cell,
with a cost advantage only for denser sweeps. The scripts and
data needed to reproduce all results are provided as
supplementary material.
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APPENDIX A

Per-Instance Foundry Mismatch for SKY130

In the SKY130 model files, local mismatch enters each
binned BSIM4 model through expressions of the form p = py +
& - kyN(L W - mult), where k, is the foundry mismatch slope
and &, a global parameter with unit standard deviation that a
statistical simulator varies. Because a single global &, would
apply the same draw to every transistor, we turned each &, into
a subcircuit parameter with default 0 and passed an
independent standard-normal value to every instance, leaving
kp and the N(LW) scaling unchanged. Only the size bins used
by the cell were kept. For the bitcell devices the oxide-
thickness and threshold-voltage slopes are non-zero, giving
two mismatch variables per device. A check on a logic nFET
of 0.42/0.15 um gave a threshold shift of 13.7 mV for a +1c
draw, against 13.4 mV from the foundry formula.

APPENDIX B

1S Truth Campaign

Table XIV summarizes the canonical truth. The value,
standard error, proposal, and effective sample size at every
unseen condition, together with the predictions of all
estimators, are provided in the supplementary material.

TABLE XIV
CANONICAL IS TRUTH: SOURCES AND CROSS-CHECK

Study Condition Proposal A/B |z]>2 |z/>3 MinESS
s B used pairs (B)

SkyWater 130 nm, 110 38 37 1 0 266

read

ASAP7 7 nm, read 66 12 12 0 0 858

ASAP7 7 nm, write 66 16 14 3 3 753

Proposal A: defensive mixture at the linearized design points with re-
centering; proposal B: defensive mixture at the converged FORM design
points. z: difference of the two estimates over their combined standard error.
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