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A Case Study in FPGA Timing Closure
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Abstract
Large Language Models (LLMs) have recently
been applied to Electronic Design Automation
(EDA), yet a fundamental question remains unan-
swered: when an LLM successfully diagnoses
a timing violation or proposes a constraint fix,
is it memorizing a seen pattern, retrieving ex-
ternally grounded knowledge, or reasoning com-
positionally over novel problem structure? This
distinction determines reliability, generalizability,
and trustworthiness in safety-critical hardware de-
sign flows. We present a systematic empirical
study using TIMINGLLM, an LLM-plus-RAG
framework for FPGA static timing analysis and
automated timing closure, as a controlled em-
pirical testbed for probing these three regimes.
Through controlled ablations across 658 timing
violations spanning 12 industrial-scale FPGA de-
signs, we find that: (1) memorization accounts
for approximately 68% of correct diagnoses on
high-prevalence violation types under our attri-
bution metric; (2) retrieval-augmented ground-
ing is essential for rare but consequential viola-
tions, recovering 29 F1 points lost in ablation;
and (3) compositional reasoning emerges only
on multi-constraint scenarios, where chain-of-
thought prompting improves fix success rate by
31% over retrieval alone at depth k=4. We in-
troduce the Timing Reasoning Spectrum (TRS), a
formal taxonomy and evaluation benchmark for
characterizing LLM reasoning depth in structured,
domain-specific scientific workflows.

1. Introduction
Deep generative models (DGMs), and in particular large
language models (LLMs), are increasingly positioned as rea-
soning engines for complex scientific and engineering tasks.

1AUTHORERR: Missing \icmlaffiliation. .AUTHORERR:
Missing \icmlcorrespondingauthor.
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In Electronic Design Automation (EDA), this has produced
systems that apply LLMs to RTL generation (Blocklove
et al., 2024), High-Level Synthesis optimization (Mashnoor
et al., 2025), hardware acceleration for on-device learn-
ing (Anonymous, 2026b), and timing closure (Anonymous,
2026c). Despite impressive empirical results, these systems
largely treat the LLM as a black box, leaving open a ques-
tion of fundamental importance to the FoGen workshop’s
central inquiry:

When an LLM produces a correct timing diagno-
sis or a valid constraint fix, is it memorizing a
training pattern, retrieving a grounded fact, or
genuinely reasoning over the structure of the prob-
lem?

Answering this question in the EDA domain has practical
consequences. A system that succeeds primarily through
memorization will fail catastrophically on novel device ar-
chitectures or clock topologies unseen during pre-training.
A system that reasons compositionally may transfer more
robustly, but also risks confident hallucination on out-of-
distribution cases. Disentangling these regimes is prerequi-
site to deploying LLMs reliably in safety-critical hardware
design workflows.

Our approach. We use TIMINGLLM (a framework for
LLM-assisted FPGA static timing analysis and automated
timing closure, described in Section 3) as a controlled em-
pirical testbed for studying memorization, retrieval, and
reasoning in LLMs. FPGA timing closure is an ideal do-
main for this study because: (1) violation types span a wide
prevalence spectrum in publicly available technical corpora,
used as a proxy for pre-training exposure; (2) constraint
generation requires compositional inference over multiple
interacting timing paths, clock trees, and PVT corners; and
(3) ground truth is verifiable via commercial STA tools,
providing consistent evaluation signals.

Contributions.

1. A controlled experimental framework (Section 4) us-
ing targeted ablations (RAG removal, prompting varia-
tion, violation-type stratification, and novelty injection)
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to disentangle memorization, retrieval, and reasoning in
a domain-specific LLM deployment.

2. Empirical evidence (Section 5) that LLMs operate in all
three regimes simultaneously, with the dominant regime
determined by violation-type prevalence in pre-training
data.

3. The Timing Reasoning Spectrum (TRS) (Section 6),
a formal taxonomy and evaluation benchmark suite for
characterizing LLM reasoning depth in EDA workflows.

4. Design recommendations (Section 7) for generative AI
systems in scientific discovery contexts, grounded in our
empirical findings.

2. Background and Related Work
2.1. Memorization vs. Generalization in DGMs

The distinction between memorization and generalization in
deep generative models has received growing attention (Car-
lini et al., 2021; Kandpal et al., 2022; Feldman, 2020). Feld-
man (2020) showed that memorization of long-tail training
examples is not only inevitable but necessary for general-
ization on natural distributions. Carlini et al. (2021) demon-
strated that LLMs verbatim reproduce training sequences
with measurable probability, and that this tendency grows
with model scale. More recently, Tirumala et al. (2022)
established that memorization and generalization exhibit a
phase transition as a function of data repetition frequency,
providing theoretical grounding for the hypothesis that high-
prevalence problem types trigger memorization while low-
prevalence types require genuine generalization.

2.2. Reasoning in LLMs

Chain-of-thought (CoT) prompting (Wei et al., 2022b) and
its variants (Kojima et al., 2022; Wang et al., 2023) have
demonstrated that LLMs can perform multi-step composi-
tional reasoning when prompted to externalize intermediate
steps. However, recent work challenges whether this con-
stitutes genuine reasoning or sophisticated pattern match-
ing (McCoy et al., 2023; Razeghi et al., 2022). Razeghi
et al. (2022) showed that LLM arithmetic performance is
strongly correlated with the frequency of specific numbers
in pre-training data, a memorization effect masquerading as
reasoning. Our work extends this line of inquiry to struc-
tured engineering domains where ground-truth verification
is tractable.

2.3. RAG as a Grounding Mechanism

Retrieval-Augmented Generation (RAG) (Lewis et al., 2020)
reduces LLM hallucination by grounding generation in re-
trieved, verifiable knowledge. Subsequent work has stud-
ied when RAG helps versus when it interferes with model-

internal knowledge (Shi et al., 2023; Mallen et al., 2022). In
the EDA domain, Anonymous (2026c) showed a 19-point F1
degradation when RAG is ablated from TIMINGLLM, but
did not explain which violation types drive this degradation
or why. Our work provides that mechanistic explanation.

2.4. LLMs in EDA

LLM applications in EDA span RTL generation (Blocklove
et al., 2024), HLS pragma optimization (Mashnoor et al.,
2025; Xiong et al., 2024), hardware acceleration for contin-
ual learning on reconfigurable SoCs (Anonymous, 2026b),
and timing prediction (Guo et al., 2024; Ustun et al.,
2020). Multi-agent LLM frameworks have also been
explored for workflow automation in adjacent engineer-
ing domains (Anonymous, 2026a), suggesting that the or-
chestration patterns studied here generalize beyond EDA.
TIMINGLLM is, to our knowledge, among the first frame-
works specifically designed for LLM-assisted FPGA tim-
ing closure, and among the first to study the memoriza-
tion/reasoning boundary in this domain.

3. TIMINGLLM: System Overview
TIMINGLLM is a framework for LLM-assisted FPGA static
timing analysis and automated timing closure. Figure 1
illustrates the full pipeline. Given a post-place-and-route
(P&R) FPGA design, the system:

1. Extracts features from the STA timing report, de-
sign constraints (.xdc/.sdc), and netlist, computing
critical-path slack vectors, clock domain boundary lists,
and a violation-type histogram.

2. Retrieves context from a structured FPGA knowledge
base (device specifications, vendor constraint syntax,
historical optimization patterns) using Dense Passage
Retrieval (DPR) (Karpukhin et al., 2020), assembling a
grounded context block for each violation.

3. Constructs a chain-of-thought prompt encoding the
violation feature vector, retrieved context, and a step-by-
step reasoning scaffold.

4. Queries the LLM (Claude 3.5 Sonnet) to produce: (a) a
root-cause diagnosis label, (b) a .xdc constraint patch,
and (c) a calibrated confidence score.

The system is evaluated on 658 timing violations across
12 FPGA designs (6 industrial-scale Intel Agilex 7 designs
and 6 VTR 8.0 benchmarks retargeted to Agilex 7 fabric),
spanning networking, signal processing, and AI accelerator
application domains. Ground-truth labels and fix valida-
tion are performed by replaying violations through Quartus
Prime STA with and without the proposed constraint patches.
All reported metrics are averaged over three independent
runs; standard deviations are below 2% for all reported
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Step 1 — inputs

STA timing report
.rpt — violation list

Design constraints
.xdc / .sdc

Post-P&R netlist
placed & routed design

Feature extraction

Feature extraction
critical paths, clock topology, violations

RAG path

FPGA knowledge base
specs, constraints, patterns

Dense retrieval (DPR)
top-k context passages

Context assembly

Reasoning path

CoT prompt constructor
step-by-step scaffold

LLM reasoning engine
Claude 3.5 Sonnet

to output layer

retrieval regime reasoning regime

LLM reasoning engine
Claude 3.5 Sonnet

Violation diagnosis
root cause label

Constraint fix
.xdc patch for STA re-run

Confidence score
calibrated per regime

Timing Reasoning Spectrum — regime attribution across 658 violations

Memorization 43% Retrieval 41% Reason 16%

High-prevalence violations (SUP, MCP)Low-prevalence violations (CDC, GCDC)Multi-constraint (HLD, k≥

Figure 1. TIMINGLLM pipeline in three layers. Top: STA report, design constraints, and post-P&R netlist feed feature extraction. Middle:
the RAG path (blue) retrieves grounded context via DPR; the reasoning path (teal) constructs a CoT prompt and queries the LLM. Bottom:
outputs (diagnosis, .xdc patch, confidence score) with the TRS bar showing the 43/41/16 regime attribution across 658 violations. The
pipeline separates retrieval and reasoning pathways, enabling controlled ablations of each component.

values, indicating stable performance trends. All prompts
were length-matched across ablation conditions to isolate
the effect of reasoning scaffolding from prompt size. To
support reproducibility, we will release anonymized viola-
tion traces, evaluation scripts, and prompt templates in a
public repository upon acceptance.

3.1. Violation Taxonomy

We categorize the 658 violations into five types by root
cause, which serve as the primary independent variable in
our memorization/reasoning study:

• Setup (SUP): 312 violations (47.4%). Synchronous data-
path setup time violations. Extremely common in online
technical literature.

• Clock Domain Crossing (CDC): 89 violations (13.5%).
Asynchronous handshaking failures. Moderately docu-
mented.

• Multicycle Path (MCP): 71 violations (10.8%). Con-
straint misconfiguration on paths requiring multiple cy-
cles.

• Hold (HLD): 106 violations (16.1%). Hold-time viola-
tions due to tight path timing. Sparsely covered in techni-
cal literature.

• Glitch-Induced CDC (GCDC): 80 violations (12.2%).
Metastability induced by glitchy clock sources. Rarely
documented outside proprietary engineering notes.

This taxonomy establishes a prevalence gradient: SUP vi-
olations appear frequently in publicly available technical
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corpora (Stack Overflow, HDLCoder documentation, IEEE
Xplore abstracts), used as a proxy for pre-training exposure;
GCDC violations are nearly absent. This gradient allows us
to test whether LLM performance tracks prevalence, which
would be the signature of memorization.

4. Experimental Design
4.1. The Three-Regime Hypothesis

Let V be the space of timing violations, p(v) be the preva-
lence of violation type v in publicly available technical
corpora (used as a proxy for pre-training exposure), and
F1(v) be the LLM’s diagnostic F1 score on type v.

Hypothesis 4.1 (Memorization Dominance). For high-
prevalence violation types (p(v) ≫ 0), LLM performance
derives primarily from memorized patterns. RAG ablation
should cause minimal F1 degradation; novelty injection
should cause large F1 degradation.

Hypothesis 4.2 (Retrieval Dependency). For low-
prevalence, high-consequence violation types, LLM
performance is retrieval-dependent. RAG ablation causes
large F1 degradation; chain-of-thought prompting provides
limited additional benefit beyond retrieval.

Hypothesis 4.3 (Compositional Reasoning Emergence).
For multi-constraint, compositionally novel scenarios, nei-
ther memorization nor retrieval suffices. Chain-of-thought
prompting provides substantial additional benefit; perfor-
mance degrades with increasing compositional depth.

4.2. Ablation Protocol

We design four experimental conditions across all 658 vio-
lations:

Condition A: Full system (RAG + CoT). The complete
TIMINGLLM pipeline as described in Section 3.

Condition B: No RAG (LLM only). RAG retrieval is dis-
abled; the LLM receives only the structured feature vector
and a standard (non-CoT) prompt. This isolates the LLM’s
pre-training knowledge.

Condition C: RAG only, no CoT. Retrieved context
is provided but chain-of-thought scaffolding is removed;
greedy decoding is used. This isolates retrieval without
structured reasoning.

Condition D: Novelty injection. For each violation, we
modify 3 of the 8 feature dimensions with values from
held-out designs not present in the retrieval corpus, approxi-
mating distribution shift.

4.3. Compositional Depth Sweep

To study reasoning emergence, we construct 120 synthetic
composite violations (timing scenarios that require reason-
ing over k ∈ {1, 2, 3, 4} interacting constraint relationships
simultaneously). For example, a depth-3 scenario involves a
setup violation on a path that crosses a clock domain whose
driving PLL is also subject to a jitter budget constraint. We
measure both diagnosis accuracy and constraint fix success
rate as a function of k.

4.4. Evaluation Metrics

• Diagnosis F1: Macro-averaged F1 across violation types.

• Fix success rate (FSR): Fraction of LLM-proposed con-
straint patches that, when applied, reduce the worst nega-
tive slack by ≥10% in Quartus Prime STA re-run.

• Regime Attribution Score (RAS): A novel metric (Sec-
tion 6) estimating the fraction of correct predictions at-
tributable to each regime.

• Compositional degradation slope (γ): The linear regres-
sion slope of FSR against compositional depth k.

5. Results
5.1. Overall Diagnostic Performance

Table 1 reports Diagnosis F1 and Fix Success Rate across
all four experimental conditions and all five violation types.
This study focuses on regime attribution rather than absolute
performance benchmarking. Preliminary comparisons with
rule-based STA heuristics showed lower fix success rates
on multi-constraint scenarios; a full benchmarking study
against classical and learning-based baselines is left for
future work.

Key observation 1: Memorization dominates for high-
prevalence types. For SUP violations, Condition B (no
RAG) achieves 0.91 F1, only 3 points below the full system,
while Condition D (novelty injection) causes a 15-point
collapse (0.94 to 0.76). This is the diagnostic signature
of memorization: the LLM leverages internalized knowl-
edge that breaks down under distribution shift. We estimate
that approximately 68% of SUP correct diagnoses in Con-
dition A are driven by memorization under our Regime
Attribution Score (Section 6).

Key observation 2: Retrieval is critical for rare violation
types. For CDC and GCDC violations, the gap between
Conditions A and B is dramatic: 29 F1 points for CDC
(1.00 to 0.71) and 43 points for GCDC (0.71 to 0.28). Con-
dition C (RAG without CoT) recovers most of this loss (0.98
for CDC, 0.62 for GCDC), confirming that retrieval rather
than reasoning is the primary mechanism for rare violation
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Table 1. Diagnosis F1 and Fix Success Rate (FSR) by violation
type and experimental condition. Bold = best per row. †CDC
achieves F1=1.00 under Condition A on this dataset, reflecting
the relatively constrained structure of CDC violations and their
strong dependence on known synchronization patterns; perfor-
mance drops significantly without retrieval (F1=0.71), indicating
reliance on external grounding rather than memorization.

Type N Diagnosis F1

A B C D

SUP 312 0.94 0.91 0.93 0.76
CDC 89 1.00 0.71 0.98 0.81
MCP 71 0.93 0.88 0.90 0.68
HLD 106 0.79 0.51 0.76 0.44
GCDC 80 0.71 0.28 0.62 0.31

Macro 658 0.87 0.66 0.84 0.60

Type Fix Success Rate (FSR)

A B C D

SUP 0.88 0.84 0.87 0.61
CDC 0.91 0.53 0.88 0.72
MCP 0.85 0.77 0.83 0.55
HLD 0.67 0.38 0.64 0.29
GCDC 0.58 0.19 0.49 0.22

types. This explains the 19-point aggregate degradation
from RAG ablation reported in Anonymous (2026c): it is
driven disproportionately by the 22% of violations with low
training prevalence.

Key observation 3: CoT prompting matters for hold and
glitch violations. Comparing Condition C to Condition A
reveals that CoT scaffolding provides meaningful gains pri-
marily for HLD violations (+3 F1 points, 0.76 to 0.79) and
GCDC (+9 points, 0.62 to 0.71). HLD violations require rea-
soning over simultaneous hold and setup margin constraints,
a multi-step inference task. GCDC requires compositional
reasoning about PLL jitter propagation, clock gating cell be-
havior, and glitch filtering thresholds. For high-prevalence
types (SUP, MCP), CoT adds less than 1 point.

5.2. Compositional Depth Experiments

Figure 2 shows Fix Success Rate as a function of compo-
sitional depth k for the 120 synthetic composite violations,
across all four experimental conditions.

At k=1 (single-constraint scenarios), all conditions per-
form similarly, with Condition B (no RAG) achieving
0.83 FSR. As k increases, Condition B degrades sharply
(γB = −0.22), while Condition A degrades more gradu-
ally (γA = −0.12). The gap between Conditions A and
C grows with k (from 0.02 at k=1 to 0.18 at k=4), con-
firming that chain-of-thought reasoning provides increasing
marginal value as compositional depth increases. At k=4,
even the full system achieves only 0.55 FSR. These results
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D: Novelty injection

Figure 2. Fix Success Rate vs. compositional depth k (number of
interacting constraint relationships). The performance gap between
Condition A (full system) and Condition C (RAG without CoT)
grows with k, indicating that compositional reasoning provides
increasing marginal benefit as problem structure deepens.

suggest a practical reasoning boundary near k=4 under our
experimental setup.

5.3. Novelty Injection Analysis

For SUP violations, where we hypothesize memorization
dominance, novelty injection causes the largest absolute
FSR drop (0.88 to 0.61, ∆=0.27). For GCDC violations,
the absolute drop is similar (0.58 to 0.22, ∆=0.36), but from
a lower baseline. Crucially, the relative degradation is ap-
proximately uniform across violation types (∆rel ≈ 0.60×
the baseline FSR), suggesting that LLM timing diagnosis
exhibits consistent degradation under distribution shift, re-
gardless of whether the primary success mechanism is mem-
orization or retrieval. Achieving robust generalization will
require architectural interventions beyond prompting strate-
gies.

6. The Timing Reasoning Spectrum (TRS)
6.1. Formal Definition

Definition 6.1 (Regime Attribution Score). Let C be the set
of correctly diagnosed violations. For each v ∈ C, define:

RASM (v) = ⊮[F1(v|no RAG) ≥ F1(v)− ϵ]

· ⊮[F1(v|novelty) < F1(v)− δ] (1)
RASR(v) = ⊮[F1(v|no RAG) < F1(v)− ϵ]

· ⊮[F1(v|RAG, no CoT) ≥ F1(v)− ϵ] (2)
RASC(v) = 1− RASM (v)− RASR(v) (3)

where ϵ=0.05 and δ=0.10 are threshold parameters. We
set these values to balance sensitivity and robustness;
TRS trends remain stable for ϵ ∈ [0.03, 0.08] and δ ∈
[0.08, 0.15]. The aggregate Regime Attribution Scores are:

RASj =
1

|C|
∑
v∈C

RASj(v), j ∈ {M,R,C}. (4)

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

Memorization, Retrieval, and Reasoning in LLM-Driven EDA

Table 2. Timing Reasoning Spectrum attribution (fraction of cor-
rect diagnoses attributable to each regime). M=Memorization,
R=Retrieval, C=Compositional reasoning.

Violation Type M R C

Setup (SUP) 0.68 0.24 0.08
CDC 0.14 0.73 0.13
Multicycle (MCP) 0.52 0.35 0.13
Hold (HLD) 0.28 0.44 0.28
Glitch-CDC (GCDC) 0.11 0.51 0.38

Overall 0.43 0.41 0.16

0 0.2 0.4 0.6 0.8 1.0

Overall

GCDC

HLD

MCP

CDC

SUP

Fraction of correct diagnoses
Memorization Retrieval Compositional

Figure 3. TRS attribution per violation type. Each bar shows
the fraction of correct diagnoses attributable to memorization, re-
trieval, and compositional reasoning. High-prevalence types (SUP,
MCP) are memorization-dominated; rare types (CDC, GCDC) are
retrieval-dominated; compositional reasoning peaks for HLD and
GCDC.

6.2. TRS Results

Table 2 and Figure 3 report TRS attribution by violation
type.

The TRS reveals a clear prevalence-to-regime correspon-
dence. High-prevalence violation types (SUP, MCP) are
dominated by memorization (68% and 52%, respectively).
Low-prevalence types (CDC, GCDC) are dominated by re-
trieval (73% and 51%). Hold violations, requiring reasoning
over interacting margins, show the highest compositional
attribution (28%), consistent with the CoT gains observed
in Section 5. Overall, an estimated 43% of correct diag-
noses are attributable to memorization, 41% to retrieval,
and 16% to compositional reasoning. This distribution has
important implications for system design: a substantial frac-
tion of LLM successes in this domain are explained by two
mechanisms that fail under distribution shift.

6.3. TRS as an Evaluation Framework

The TRS metric can be applied to any LLM deployed in a
structured engineering domain, provided that: (1) ground-
truth evaluation is available; (2) a retrieval corpus can be

ablated; and (3) novelty can be injected by modifying prob-
lem features. We propose TRS as a standard evaluation
dimension for future work on LLMs in scientific discovery
workflows. A system with RASC > 0.4 would indicate rel-
atively strong compositional reasoning capability; current
LLMs, including the one powering TIMINGLLM, fall far
short of this threshold in the EDA domain.

7. Discussion
7.1. Implications for Trustworthy EDA

The estimated 43% memorization attribution means that
nearly half of successful diagnoses depend on training-
corpus familiarity with specific violation patterns. Novel de-
vice architectures, custom IP blocks, or process corners ab-
sent from vendor documentation will systematically trigger
this failure mode. Our confidence scores are well-calibrated
in the memorization regime (Brier = 0.08 on SUP) but
poorly calibrated in the compositional regime (Brier = 0.31
at k=3), precisely where reliability matters most. Results
may vary across model families and prompting strategies,
particularly in compositional regimes. In practice, these
results suggest that LLM-based timing assistants are most
reliable when paired with retrieval systems and should be
deployed with caution in deeply compositional scenarios.

7.2. Scaling, Continual Learning, and RAG
Maintenance

The k=4 performance floor (FSR = 0.55 with full RAG
and CoT) may mark a practical compositional boundary
for current models; emergent reasoning capabilities (Wei
et al., 2022a) suggest this boundary could shift with scale
or domain-specific fine-tuning. The elastic weight consol-
idation approach of Anonymous (2026b) illustrates how
hardware-aware training can preserve domain knowledge
without catastrophic forgetting, a template worth adapting
for incremental TIMINGLLM specialization across device
generations. A related risk is retrieval-mediated memoriza-
tion: RAG produces correct outputs on rare violations only
because the knowledge base encodes the relevant template.
Treating the RAG corpus as a versioned, living artifact up-
dated with each device-generation release is therefore as
important as model scaling.

7.3. Toward Genuine Reasoning in EDA

TRS analysis reveals where genuine compositional reason-
ing is needed but mostly absent: k ≥ 3 interacting constraint
scenarios. Three directions are most promising.

(1) Graph-structured state representations. Replacing
the flat feature vector with a graph-encoded netlist embed-
ding (Ustun et al., 2020; Guo et al., 2024) could supply

6
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the structural inductive bias needed for multi-hop constraint
reasoning, since GNN encodings capture path-level interac-
tions that flat features miss.

(2) Multi-agent debate and verification. Multi-agent LLM
debate (Liang et al., 2023) improves reasoning by surfacing
contradictions; for FPGA timing, a checker agent could val-
idate constraint patches before they enter ECO loops. The
MCP-based orchestration of Anonymous (2026a) demon-
strates clean role partitioning for complex engineering work-
flows, directly applicable to propose-then-verify timing re-
pair.

(3) Neuro-symbolic integration. Coupling LLM-generated
hypotheses with a lightweight STA solver (Lu et al., 2025)
that verifies each reasoning step would enforce consistency
constraints that LLMs currently violate in the compositional
regime, at GPU-accelerated interactive latency.

7.4. Calibration and Deployment Safeguards

Our Brier score results reveal that confidence calibration is
good in the memorization regime (Brier = 0.08 on SUP)
but poor in the compositional regime (Brier = 0.31 at k=3),
precisely where it matters most. Three mitigations are worth
exploring: conformal prediction wrappers (Cheng et al.,
2024) for distribution-free coverage guarantees; abstain-
on-uncertainty logic that defers to a symbolic solver when
k ≥ 3 and confidence falls below a threshold; and online
calibration using a small pool of labeled violations from
the target device family to recalibrate scores at deployment
time without retraining.

7.5. Limitations

Single backbone. We selected Claude 3.5 Sonnet for its
strong reasoning performance on structured engineering
tasks; TRS scores may vary for GPT-4o, Llama 3, or Gemini,
particularly in the compositional regime where capabilities
are scale-sensitive (Wei et al., 2022a). Evaluating TRS
across multiple model families is an important direction for
future work.

Prevalence estimation. The pre-training prevalence gradi-
ent is inferred from corpus proxies (Stack Overflow counts,
IEEE Xplore keyword frequency) rather than measured di-
rectly from training data.

FPGA-specific scope. Benchmarks cover Intel Agilex 7
only; violation taxonomy and constraint syntax differ across
Xilinx/AMD UltraScale+ and ASIC flows. The TRS frame-
work is vendor-agnostic, but attribution scores need valida-
tion on broader benchmarks.

Synthetic composite violations. The depth-k sweep uses
synthetically constructed feature vectors; while these cap-
ture realistic constraint interactions observed in production

STA reports, validating the observed degradation trends
on naturally occurring multi-constraint violations from pro-
duction tapeouts remains an important direction for future
work.

8. Conclusion
We presented a systematic study of memorization, retrieval,
and compositional reasoning in TIMINGLLM, an LLM-
assisted framework for FPGA timing closure. Our key find-
ings are:

1. LLMs operate simultaneously in all three regimes, with
the dominant regime determined by violation-type preva-
lence in pre-training data.

2. An estimated 43% of correct diagnoses are
memorization-driven, 41% retrieval-driven, and
16% reflect compositional reasoning, a distribution
fragile under distribution shift.

3. Chain-of-thought prompting provides meaningful gains
only for multi-constraint compositional scenarios, im-
proving FSR by 31% relative to retrieval alone at depth
k=4.

4. These results suggest a practical reasoning boundary
near k=4 for current-generation LLMs under our exper-
imental setup, beyond which even full RAG and CoT
scaffolding cannot maintain reliable performance.

We introduced the Timing Reasoning Spectrum (TRS), a
formal taxonomy and evaluation metric that attributes LLM
successes to specific cognitive regimes. We propose TRS
as a standard diagnostic tool for future work on LLMs in
scientific discovery workflows, wherever ground truth is
verifiable and retrieval can be controlled. Our findings
call for architectural advances beyond prompting: struc-
tured state representations, multi-agent verification, and
neuro-symbolic integration are the most promising direc-
tions toward LLMs that reason genuinely rather than recall
confidently.
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