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Abstract

Raw emulation capacity for flagship system-on-chip (SoC) programs keeps growing, and engineer-hour supply keeps
falling further behind it. That gap, not machine availability, is the actual bottleneck in pre-silicon verification today, driven
by workload diversity across artificial intelligence (Al), extended reality (XR), and mobile platforms converging on a single
die. This article argues that closing the gap requires a bounded, governed layer of AI-guided assistance rather than either
extreme - full automation or continued reliance on engineer-only throughput. A three-layer adoption framework is
proposed: scoping, which restricts Al involvement to stimulus generation for known-workload classes and anomaly-
flagged debug triage while keeping root-cause sign-off and tape-out risk calls fully engineer-owned; validation, which
requires every Al-generated output to be checked against a trusted reference - simulation, formal methods, or historical
regression baselines - before an engineer may act on it; and governance, an operating-review cadence with rollback
criteria defined before deployment, not improvised afterward. Pilot deployment of emulation-friendly RTL on a premium-
tier mobile SoC program produced a shift of approximately 60 percent of RTL earlier in the program schedule, with no
coverage-model exception granted to reach that outcome. The finding that emerges is not that Al accelerates verification
- that much is already argued elsewhere - but that the acceleration only survives contact with a tape-out schedule when it
is deliberately bounded. Emulation productivity under Al assistance is a governance problem before it is a technical one,
and the three-layer framework is offered as a transferable operating model for programs where the cost of an unvalidated
miss is unacceptable.
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1. Introduction doubling initiatives and virtualization approaches that put

. . . . . multiple users on a single emulation system have both
A single premium-tier mobile SoC no longer verifies one | oved the needle - but capacity was never the actual

thing. Al accelerators, XR-class graphics and sensor  congraint. Engineer-hours spent authoring stimulus,
pipelines, and conventional application-processor logic now

share a die, and each domain arrives with its own stimulus
profile, its own coverage model, its own way of failing.
Emulation capacity has kept pace on paper - capacity-

triaging regressions, and localizing debug have not scaled at
anything close to the same rate. The bottleneck sits
upstream of the hardware, and it has for some time.
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That is the specific problem this article addresses. Register
transfer level (RTL) scale and workload diversity are
outpacing engineer-hour and machine-hour supply, even as
emulation capacity keeps expanding through
infrastructure investment (a detail not always visible in
vendor-published capacity figures, which tend to report
machine counts rather than effective throughput). The gap
surfaces as compile turnaround delay, a growing backlog in
stimulus authoring for new workload classes, and debug
queues that outpace triage capacity. Operating reviews

raw

across recent flagship generations have converged on the
same finding: stimulus generation and debug triage, not
machine availability, sit on the critical path to tape-out
readiness.

Unbounded automation is not the fix. Neither is treating Al
assistance as categorically out of scope for tape-out-critical
work - that position is becoming harder to defend as the
productivity gap widens. A governed layer of Al assistance,
scoped to specific task classes and validated before any
output is trusted, can close a meaningful share of that gap
without introducing unacceptable risk into signoff. This is a
narrower claim than either extreme offers, and it is the claim
a program-execution organization is actually forced to
reason about under schedule and cost pressure - a research
group answering "does the model work on this benchmark"
is answering a different question entirely.

This article's
framework built from direct experience leading Al-enabled
emulation strategy across four flagship Snapdragon and XR
chip generations. It specifies which emulation task classes
are eligible for Al-guided assistance, what validation an Al
output must clear before an engineer acts on it, and what
governance cadence keeps the whole arrangement bounded
as adoption scales. Pilot results from a premium-tier mobile
SoC program, discussed later as the article's own primary
data, show what a governed shift-left outcome looks like in

contribution is a three-layer adoption

practice - and where it nearly went wrong.
2. Literature Review

Three bodies of work inform this article's argument, and
they answer three different questions rather than converging
on one. The first concerns machine learning applied to RTL-
level verification as a standalone algorithmic problem -
stimulus generation, coverage prediction, bug localization.
Early work in this thread establishes that learned models can
meaningfully outperform undirected stimulus generation
[1], and industrial experience with assertion-based
verification affirms that formal methods deliver real value
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while still demanding substantial engineer effort to
construct and maintain [2]. Standardization around portable
[3], SystemVerilog [4], and the Universal
Verification Methodology [5] gave the field common
ground, though none of these frameworks assumed Al-
guided generation from the outset - each was adapted to it
later, sometimes awkwardly.

stimulus

Newer empirical work sits closer to production relevance
but stays scoped at the module level rather than the program
level. Broader surveys of machine learning applied to
electronic design automation confirm the field's adoption
has accelerated sharply since 2023 [6], and large language
model (LLM) approaches to Verilog generation reveal
considerable variance in specification-to-RTL correctness
depending on model and prompting strategy [7], [8]. A
comprehensive survey of LLM-assisted circuit verification
catalogs a comparable pattern across the broader
verification  stack, just RTL generation [9].
Reinforcement-learning-guided generation
demonstrates strong efficiency gains random
approaches on bounded designs such as a JTAG test-access-
port controller [10], and LLM-based assertion generation
pipelines achieve high syntactic and functional correctness
with strong design-logic coverage [11]. Automated
testbench generation and evaluation pipelines built on
LLMs push this further into the verification-environment
layer itself [12], and an LLM-aided universal-verification-
methodology (UVM) machine demonstrates that full
verification-environment construction, not just stimulus or
assertions, is within reach of current techniques [13]. LLM-
based RTL debug-automation work extends the same
production-relevance argument to failure triage specifically
[14], and open, reproducible LLM-for-RTL benchmarks are
beginning to make these comparisons less vendor-

not
stimulus
over

dependent [15]. Learned sampling for coverage closure
separately outperforms both random and prior optimization-
based baselines by a wide margin [16]. Useful results, all of
them. But this thread asks a narrower question than the one
this article poses - whether a technique beats a baseline on
one task, not whether it can be trusted inside a schedule-
constrained, tape-out-critical program without independent
re-verification.

A second thread treats emulation and verification
productivity more broadly, without a strong Al focus, and it
complicates the first thread's implicit assumption that better
algorithms are the main lever available. Surveys of directed
test generation catalog decades of technique evolution
without addressing how such techniques get adopted inside
a large verification organization managing competing
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schedule pressures [17]. Verification environment setup
overhead reportedly consumes more than half of total
project time in some co-design contexts, with scripted
frameworks cutting configuration time from days down to
roughly thirty minutes [18]. The overwhelming majority of
relevant published work on ML-for-EDA is concentrated in
just the past two years [19]. That concentration matters here:
the research base is young relative to the maturity of the
emulation infrastructure it is being layered onto, and that
immaturity is precisely why adoption risk deserves central
treatment rather than a footnote.

A third thread, thinner than the other two but the one this
article leans on most directly, concerns trust in Al-generated
outputs inside safety- or correctness-critical pipelines.
Root-cause  prediction
manufacturing demonstrates

semiconductor
that Al-assisted failure

research in
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analysis can lift prediction accuracy over engineer-only
baselines - but only within a scope that stays defined and
monitored [20]. Bug-localization work built on
information-retrieval techniques treats the Al output as a
ranked candidate list awaiting human adjudication, never as
an autonomous verdict [21]. Systematic reviews of formal-
methods approaches to validating machine-learning
behavior in safety-critical settings narrow a large initial
literature down to a small handful of studies that actually
address validating Al outputs themselves, as distinct from
Al-assisted verification of something else [22]. None of
these three threads, individually, answers the question a
verification program actually needs answered: under what
conditions can an organization trust an Al-generated
stimulus or triage result enough to act on it without quietly
re-deriving the answer by hand anyway.

Table 1. Comparison of the three literature threads by unit of analysis, typical evaluation metric, and applicability
to program-execution adoption decisions.

Literature Thread Unit of Analysis

ML for RTL-level verification

Typical Evaluation Metric Applicability to Adoption

Decisions

(stimulus generation, coverage
prediction, bug localization)

Emulation and verification
productivity (broader, non-Al-
specific)

Trust in Al-generated outputs
(safety/correctness-critical
pipelines)

Single algorithm vs. baseline

Verification organization /
project

Validation methodology itself

Coverage gain, pass rate,
speedup on a benchmark
design

Setup-time reduction, share of
project time consumed by
overhead

Number of studies meeting
rigor threshold; scope of
validated claims

Answers whether a technique
outperforms a baseline; silent
on schedule-risk trust
conditions

Identifies where effort is
spent, but does not address Al-
specific adoption governance

Most directly relevant to
governance argument, but the
literature base remains thin

3. Methodology / Adoption Framework

The framework proposed here has three layers, and each
layer answers a distinct question about how Al-guided
assistance is allowed to enter a verification program - not
how well it performs in isolation. Scoping comes first. It
determines eligibility, not performance. Two task categories
qualify: stimulus generation for known-workload classes,
where historical regression data and coverage models
already exist as a baseline, and anomaly-flagged debug
triage, where an Al-guided system surfaces candidate root-
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cause hypothesis for engineer review rather than delivering
a final verdict. Two categories are excluded outright,
regardless of how well a model demonstrates it can perform:
root-cause sign-off on any failure touching tape-out
schedule or silicon risk, and the tape-out risk call itself. That
exclusion is not a technical limitation of current models (it
would likely hold even if model accuracy improved
substantially). It is a governance decision, full stop,
reflecting where a false negative is simply not affordable.
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Validation is the second layer, and it is the one doing most
of the trust-building work. Every Al-generated output must
be checked against a trusted reference before an engineer is
permitted to act on it - no exceptions carved out for time
pressure. Three reference classes count as trusted:
simulation results for the same design point, formal
verification where applicable, and historical regression
baselines drawn from prior silicon-qualified builds of
comparable intellectual property (IP). An Al-generated
stimulus set that has not cleared at least one of these checks
holds the same status as an untested hand-written test: a
candidate, not yet evidence. This stance is deliberately more
conservative than what some published stimulus-generation
results might suggest is achievable on their own terms [16],
[10], because the cost of a bug discovered after tape-out and
the cost of additional pre-tape-out validation effort are not
remotely symmetric.

Governance, the third layer, sets the operating-review
cadence at which Al-guided adoption gets measured against
its own stated goals, plus the rollback criteria that pull back
Al involvement when outputs underperform. Reviews run
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on a cadence aligned to existing program milestones rather
than bolted on as a separate process, tracked against
baseline engineer-only performance on matching task
classes. Rollback criteria are set before deployment, not
improvised after something breaks: a task class reverts to
engineer-only ownership if validated Al-output accuracy
drops below an agreed threshold over a defined window, or
if even one validated miss occurs on a task class feeding a
tape-out risk decision. This last condition was tightened
mid-pilot, after an early anomaly-triage run flagged a false
negative that the validation layer caught before it reached a
regression gate - a moment addressed in more detail in
Section 4, because it shaped the framework more than any
success did.

These three layers loop rather than run in sequence. Scoping
decisions get revisited at every governance review based on
what validation performance actually shows, which means
a task class can move from eligible to excluded, or back
again, as evidence accumulates over successive program
generations.

Figure 1, Three-Layer Al-Guided Adoption Framework

SCOPE
GENERATE
Eligible: known-workload
stimulus, anomaly-flagged Al-guided stimulus /
triage candidate triage
Excluded: root-cause hypotheses produced
sign-off, tape-out risk for review.
calls.

VALIDATE GOVERN
Checked agzinst
simulation, farmal, or
historical regression
baseline before use.

Operating-review
cadence; rollback
criteria fixed before
deployment.

Figure 1 Three Layer Al Guided Adoption Framework

Notice what the framework does not specify: which particular ML technique performs the generation step at any layer.
That silence is deliberate. The governance question - is this output trustworthy enough to act on - does not hinge on model
architecture, and a framework that pretended otherwise would be solving the wrong problem.

4. Results / Case Findings

The primary evidence behind this framework comes from a
pilot deployment of emulation-friendly RTL practices on a
premium-tier mobile SoC program, presented here as the
author's primary research data rather than an externally
sourced result. The pilot restructured RTL delivery and
verification sequencing so a defined share of design content
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entered emulation earlier than prior-generation baselines
allowed, with Al-flagged prioritization helping identify
which RTL blocks stood to benefit most from earlier
emulation exposure. The measured outcome was that
approximately 60 percent of RTL was shifted earlier in the
program schedule, reached without any coverage-model
exception - none was requested, and none would have been
granted.
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Post-pilot operating reviews credited three factors with
most of the shift-left result: earlier availability of stable RTL
partitions suitable for emulation compile, Al-guided triage
that trimmed engineer-hours spent on false-lead debug paths
before a validated root cause surfaced, and a scoping
decision - the same one specified in the framework above
- that kept root-cause sign-off fully engineer-owned even
as candidate generation accelerated. There was a fourth
factor too, and it is less flattering, but it belongs in this
record rather than out of it: one workload class initially
scoped as Al-eligible for stimulus generation produced a
stimulus set that cleared validation against the historical
regression baseline, then required rework once a mid-
program design-spec revision landed, because the Al-
guided generation had been trained implicitly on the pre-
revision workload profile. Validation caught this before it
went further. That is the entire point of having a validation
layer, and this article treats the incident as evidence the layer
earns its cost rather than as a mark against the framework.
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External evidence, drawn from different design scales and
organizational settings, at least supports the plausibility of
the mechanisms behind the pilot's result - it does not stand
in for the pilot's Coverage-closure
acceleration using learned sampling reports gains large
enough to be operationally meaningful, not marginal [16],
and reinforcement-learning-guided stimulus generation on
bounded designs reaches full coverage several times faster
than undirected approaches [10]. Verification environment
configuration-time reductions of the magnitude reported in

own numbers.

scripted co-verification frameworks [ 18] are consistent with
the kind of setup-time savings that made the pilot's
compressed schedule is workable in the first place. None of
these external figures is claimed as direct proof of the pilot's
own outcome. They are cited as context for why the
underlying mechanisms - faster stimulus availability, faster
triage, lower setup overhead - are independently plausible
at other scales too.

Table 2. Pilot-scale outcome alongside external verified productivity metrics from cited empirical studies.

Metric Source

~60% of RTL shifted earlier in
program schedule

Author's primary data
(premium-tier mobile SoC
pilot)

Coverage-closure gains from
learned sampling exceed
random and prior
optimization-based techniques
by a substantial margin

Gal, Haber, Ziv [8]

RL-guided stimulus Gadde et al. [16]

generation reaches full FSM
coverage several times faster
than random

Verification environment Zulberti et al. [21]

configuration time reduced
from days to ~30 minutes

Capital efficiency, while not the pilot's stated objective,
shaped how it was resourced in practice. Emulation
hardware is a capital-intensive asset class, and a governance
layer that reduces wasted machine-hours on invalidated or
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Design / Program Scale Applicability Caveat

Flagship SoC program, full Program-specific outcome; not

emulation estate a controlled experiment

Academic/industrial Cited as plausibility context,
not direct evidence of pilot

result

benchmark designs

JTAG TAP controller
(bounded design)

Smaller-scale design;
illustrates mechanism, not
pilot-scale magnitude

Hardware/software co-design Supports plausibility of setup-

environment time savings enabling earlier

emulation entry

mis-scoped stimulus runs carries a capacity-utilization
benefit independent of the shift-left schedule result. That
benefit was never formally measured in the pilot. It is
reported here as a secondary observation, not a claim.
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5. Discussion

The pilot findings and the literature converge on the same
tension from different angles, and it helps to name the
tension directly rather than let it stay implicit. RTL-level
ML research keeps demonstrating that algorithmic
performance on narrow verification tasks continues to
improve, in some cases substantially [16], [11], [13], [10] -
but improvement on a narrow task metric does not answer
the question a program executive is actually stuck with,
which is how much of that improvement can be trusted
without independently
productivity literature suggests, separately, that a large share
of verification effort is consumed by overhead unrelated to

re-verifying it anyway. The

any single algorithm's performance - environment setup,
regression maintenance, triage labor [18] - which indicates
adoption gains may come as much from cutting that
overhead as from a better generation model. The framework
in Section 3 is built to capture value from both sources at
once, rather than betting the entire productivity case on
model improvement.

Trust-validation literature is where this article's governance
argument finds its firmest external footing, and also its
clearest limitation. Systematic reviews of formal validation
approaches for Al behavior in safety-critical settings turn up
only a small number of studies that directly address
validating Al outputs themselves [22] - which suggests the
field has not yet produced a mature, general answer to the
exact question a tape-out-critical program needs answered:
how much independent checking an Al-generated output
requires before it earns trust. The three-layer framework's
validation requirement is a practical, program-level answer
to that open gap, not a theoretical resolution of it. It manages
the trust problem operationally - by refusing an Al output
any authority it has not earned against a trusted reference -
rather than claiming to have solved it.

Two limits deserve to be stated plainly rather than buried in
a caveat. The framework does not substitute for coverage-
model rigor. Nothing in the pilot results should be read as
license to relax coverage requirements in exchange for
faster Al-guided cycles; the pilot's own governance layer
treated coverage exceptions as categorically off the table,
and this article holds the same position as a general rule, not
a pilot-specific one. Separately, false-negative risk in tape-
out-critical debug paths remains genuinely open - this
framework manages that risk, it does not eliminate it. A
validation layer built on historical regression baselines is
only as strong as those baselines, and a truly novel failure
mode with no precedent could in principle clear validation
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and still be wrong (the mid-pilot incident in Section 4 is a
mild version of exactly this scenario). The framework's
answer to that residual risk is organizational rather than
technical: keeping root-cause sign-off engineer-owned
means a person, not a model, stays accountable for the call
in precisely the cases where validation is weakest. That is a
limitation. It should be treated as one by any program
considering this framework, not smoothed over as a solved
problem.

6. Conclusion

Capacity investment alone will not solve emulation
productivity for flagship SoC programs. Unbounded Al
automation will not solve it either. The argument this article
has developed points to something narrower and, in the
author's view, more defensible: the constraint on pre-silicon
emulation throughput is increasingly a governance and
integration problem before it is a technical one, and closing
it requires deliberately scoping where Al assists, validating
every Al-generated output against a trusted reference before
anyone acts on it, and governing the whole arrangement
through an operating-review cadence with rollback criteria
fixed before deployment rather than invented after
something goes wrong. The pilot outcome discussed here
shows that this bounded approach can produce a measurable
shift-left result without touching the coverage discipline
tape-out signoff depends on. The three-layer framework -
scoping, validation, governance - is offered as a
transferable practice for any verification organization facing
the same pressure: a schedule and cost environment that
makes unbounded automation tempting, and a tape-out risk
profile that makes it unacceptable.
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