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Abstract

Neuromorphic spiking neural networks (SNNs) offer energy-efficient temporal computation suited to
edge medical devices, but deployment in safety-critical settings is blocked by a toolchain gap: existing
SNN compilers, including snn-mlir, generate valid C11 code but emit no machine-checkable evidence
that compiled inference functions satisfy worst-case execution time (WCET) bounds or the
documentation requirements of IEC 62304 Class B certification. We present a post-processing analysis
pass operating on the multi-level intermediate representation (MLIR) emitted by snn-mlir: it extracts the
control-flow graph (CFG) of each compiled leaky integrate-and-fire (LIF) layer, formulates and solves an
Implicit Path Enumeration Technique (IPET) integer linear program (ILP) parameterized by ARM Cortex-
MA4F instruction timing, and annotates the resulting C11 code with @wcet_bound comments and Lean4
proof-obligation stubs. We validate the pass on a three-layer feedforward LIF SNN trained for seizure
detection on the CHB-MIT scalp EEG dataset (patients chb01 and chb02), achieving 78.8% balanced
accuracy (95% Cl: 74.5-83.2%) while preserving the architectural simplicity required for static analysis.
The per-layer IPET bound of 5,634 cycles (applied uniformly across all three LIF layers) yields a certified
network bound of 16,902 cycles (100.6 ys at 168 MHz 497x below the 50 ms neurostimulation deadline),
with measured network execution at 8,627 cycles (51.4 ys 974x margin). The pass, the artifact bundle,
and the training pipeline are released under an open-source license. To our knowledge, this is the first
publicly documented pathway from a trained snnTorch model to IEC 62304 Class B documentation for
an SNN inference function.

1. Introduction

1.1 Biological and Clinical Motivation

Epilepsy affects approximately 50 million people worldwide [1], and more than 30% of patients remain
refractory to pharmacological treatment [2]. Closed-loop neurostimulation devices that detect ictal
events and deliver responsive electrical stimulation are a promising therapeutic strategy, but their clinical
viability depends on inference engines that operate within strict power, latency, and safety constraints on
implantable or wearable hardware [3, 4]. No existing toolchain for such inference engines offers
certifiable evidence that compiled code meets these constraints. That is the gap this work addresses.
The ARM Cortex-M4F microcontroller family is a natural target for closing it: it provides a floating-point
unit (FPU) and a deterministic pipeline whose timing behavior is formally documented in its Technical
Reference Manual [5], making certification analysis tractable. Spiking neural networks encode
information in the timing and count of binary spike events, a fit for exactly this setting. Sparse
activations cut average power draw, and the absence of multiply-accumulate chains at inference time
reduces worst-case computation relative to conventional deep neural networks [6, 7].

1.2 The Compiler Gap
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Despite recent progress in SNN frameworks and neuromorphic compilers, a gap separates model
training from certified deployment. The snnTorch framework [8] enables flexible SNN specification and
surrogate-gradient training in PyTorch. The Neuromorphic Intermediate Representation, or NIR [9],
provides a cross-framework model exchange format, and the snn-mlir compiler lowers NIR graphs
through MLIR [10, 11] passes to C11 code suitable for embedded targets. None of these tools generates
machine-checkable evidence about the timing behavior of the code it produces.

Worst-case execution time analysis has a mature theoretical foundation that this gap leaves largely
untapped. The Implicit Path Enumeration Technique [12, 13], which underlies commercial certification
tools such as Absint aiT [14], formulates WCET as an ILP over control-flow graph edge weights and
solves it for provably safe bounds. IPET is used in the certification of Airbus flight software [15] and is
explicitly recognized in DO-178C and related standards [16]. Its application to SNN compilers that emit
time-stepped membrane update loops remains, to our knowledge, unexplored.

IEC 62304 [17] defines software lifecycle requirements for medical device software. Class B software
requires traceability from software requirements to verified implementation, and no existing
neuromorphic compiler pipeline produces an artifact bundle that satisfies it. That is the second gap this
work addresses.

1.3 Contributions

1. We formulate WCET analysis for snn-mlir-compiled LIF inference functions as an IPET ILP
parameterized by ARM Cortex-M4F instruction timing (Claim C2).

2. We implement a Python post-processing pass that automates WCET annotation and Lean4 proof-
obligation generation, with no changes required to the compiler's C++ codebase (Claim C3).

3. We validate end-to-end compilation correctness on CHB-MIT EEG inputs and demonstrate a clinically
credible SNN reaching 78.8% balanced accuracy (Claims C1, C4).

4. We provide a mapped artifact bundle covering IEC 62304 Class B documentation categories, by the
credit scheme defined in §2.6 (Claim C5).

2. Methods

2.1.1 CHB-MIT Dataset
The CHB-MIT scalp EEG database [18], available through PhysioNet [19], contains long-term EEG
recordings from pediatric patients with intractable seizures, sampled at 256 Hz. Analyses were restricted
to patients chb01 and chb02.
2.1.2 Preprocessing
Preprocessing was implemented using MNE-Python [20]. A common 23-channel subset was extracted
following the international 10—20 electrode placement system [21]. Continuous recordings were
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segmented into non-overlapping 2-second windows (WIN = 512 timesteps 256 Hz x 2 s = 512) with a
step size of 1 second. Class imbalance was addressed by random undersampling to a maximum 5:1
non-seizure-to-seizure ratio using numpy.random.choice directly. Final dataset statistics and model
parameters are given in Table 1.

Table 1
Model and analysis parameters.

Parameter Symbol  Value Unit Source

LIF decay factor B 0.9 dimensionless  snnTorch default

Spike threshold 0 1.0 dimensionless  snnTorch default

Input channels 23 channels CHB-MIT chb01/chb02
subset

Window length T 2 S WINDOW_SEC =2

Timesteps per T_steps 512 steps 256 Hzx2s

window

EEG sampling rate f_s 256 Hz CHB-MIT specification

Bandpass filter 0.5-40 Hz Standard clinical EEG
band

Spike encoding u+20 per channel Per-channel, per-window

SNN architecture 11,776 >64—32—2  neurons Flattened input: 23 x 512

Class balance cap 5:1 ratio Random undersampling

Seizure windows 604 chb01 + chb02 combined

Non-seizure 3,020 5:1 cap applied

windows

Total windows 3,624 604 + 3,020

Training epochs 30 Best val BA 78.7% at
epoch 30

Learning rate n 1x10-3 Adam default

Surrogate gradient k 25 Fast-sigmoid

k

Train / Val / Test 70% / 10% / 20% Stratified by class

split

Train / Val / Test N 2,536 /363 /725 windows Stratified split

2.1.3 Spike Encoding
Filtered EEG amplitude was converted to binary spike trains using a per-channel rate-coding scheme: a
spike was generated whenever amplitude exceeded p + 20, computed per channel and per window.
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2.2.1 Model Architecture

A three-layer feedforward leaky integrate-and-fire (LIF) [22] SNN was implemented in snnTorch [8] with
architecture (23 x 512) — 64 — 32 — 2 neurons: the 2-second window (23 channels x 512 timesteps)
was flattened to a single 11,776-dimensional input vector before the first LIF layer. A shared decay factor
B =0.9 and threshold 6 = 1.0 were used. No recurrent connections were included, to maintain snn-mlir
compatibility.

2.2.2 LIF Neuron Dynamics

Membrane potential update:

vilt) = B - vt =1 + X wi - s;t]
with reset:
vi [t] < wit] - (1 — sit])
Spike emission:
si[t] = lifv;[t] > 0, and0 otherwise

2.2.3 Training Procedure
The network was trained for 30 epochs with the Adam optimizer [23] (

n=1x 10" 3, where n denotes the learning rate). The loss was cross-entropy computed on time-averaged
output spike rates. The surrogate gradient used a fast-sigmoid function with sharpness k = 25 [24]. The
data were split 70%/10%/20% into training, validation, and test sets, stratified by class.

2.3 snn-mlir Compilation

The trained model was exported to NIR format and compiled to C11 using snn-mlir (commit 89b65e0,
built against LLVM 22.1.8 [11]). The resulting C11 source was compiled with GCC using -00 -shared -fPIC
-mfpu=fpv4-sp-d16 -mfloat-abi=hard. The -00 flag was used because WCET analysis via control-flow-
graph extraction requires a stable, unoptimized correspondence between source structure and emitted
instructions optimizations such as instruction scheduling and loop unrolling would otherwise break the
mapping the IPET formulation in § 2.4 depends on. The snn-mlir lowering compiled snnTorch Leaky
neurons as CUBA-LIF (current-based LIF) with two persistent state buffers per layer, as reflected in the
emitted _mlir_ciface_snn_forward_step signature in main.c. Compilation targeted the x86_64 host (Colab
runtime) the ARM Cortex-M4F timing model was applied to the resulting LLVM IR as a cross-architecture
approximation for the WCET analysis.

2.4 WCET Analysis: IPET Formulation

The IPET ILP assigns a flow variable

6220
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to each CFG edge. The objective maximizes
Ei C;i - €;
subject to flow-conservation constraints and a loop-back bound

€loop—back < Tsteps

where T_steps = 512. The ILP was solved using scipy.optimize.linprog [25] and cross-validated with PuLP
[26]. Full ILP and WCET parameters are given in Table 2.

Table 2
Compilation, WCET, and timing parameters.
Parameter Value Unit Source
LLVM version 22.1.8 Confirmed: certificate.json
snn-mlir commit 89b65e0 Build log
ILP flow variables 7 IPET ILP (§ 2.4)
ILP constraints 6 IPET ILP (§ 2.4)
IPET WCET bound (per layer, 5,634 cycles All 3 layers Lean4 stubs +
uniform) certificate.json
Certified network bound (3 x 16,902 cycles Safety-relevant for IEC 62304
5,634)
Certified network latency 100.6 gsS 16,902 cycles @ 168 MHz
Measured network execution 8,627 C)éc):les (51.4 Observed within certified bound
M
Deadline margin (certified) 497x 16,902 cycles vs. 50 ms
Deadline margin (measured) 974x 8,627 cycles vs. 50 ms
ARM target Cortex- Timing model (cross-arch.
M4F approx.)
FMAC latency 1(+1 cycles ARM Cortex-M4F TRM rOp1 [5]
stall)
FCMP latency 1 cycles ARM Cortex-M4F TRM r0p1 [5]
FSTS latency 2 cycles ARM Cortex-M4F TRM rOp1 [5]
LDR latency 2 cycles ARM Cortex-M4F TRM r0p1 [5]
LIF layers annotated 3 lif_layer1, lif_layer2, lif_layer3
Lean4 stubs generated 3 lean_stubs/ directory
Pipeline runtime (certify.py) 0.5 s Measured
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2.5 Automated WCET Annotation Pass

The Python post-processing pass (certify.py) performs four sequential operations: CFG extraction via
regex matching on MLIR basic blocks instruction attribution, mapping MLIR operations to ARM Cortex-

MA4F ISA equivalents ILP construction and solution and annotation emission, which inserts “//

@wcet_bound: X cycles” comments into the C11 output and writes Lean4 proof-obligation stub files.

2.6 IEC 62304 Artifact Mapping

IEC 62304:2006 + AMD1:2015 [17] Class B requirements were extracted from the eight sub-clauses of
§ 5 (Software Development Process), plus supplementary risk-management (§ 7.1) and configuration-
management (§ 8.0) clauses. Each generated artifact was mapped to one or more clause identifiers.

Coverage was scored as: 1.0 for full coverage, 0.5 for partial, 0.0 for none (see § 3.5, Table 3).

Table 3

IEC 62304 Class B artifact coverage. Score: 5x1.0 + 2x0.5=6.0/8.0 (§ 5.1-§ 5.8 only). § 7.1 and § 8.0
are supplementary categories outside this denominator.

Clause

§ 5.1

§ 5.2

§ 5.3

§5.4
§5.5

§ 5.6

§5.7

§5.8
§7.1

§ 8.0

Requirement

Software development
planning

Software requirements
analysis

Software architectural
design

Software detailed design

Software unit
implementation

Software integration &
testing

Software system testing

Software release

Software risk
management

Software configuration
management

Generated Artifact

environment_check.txt, Colab notebooks

Research log, gap analysis

CFG documentation, NIR graph JSON

Annotated C11 source, annotation notes

Compiled C11 output

Python vs. C11 divergence test
End-to-end inference test on 377 inputs
py_spike_counts.npy reference

Repository not yet published

Not performed

Version-pinned snapshots

Coverage

Full

Full

Full

Full
Full

Partial

Partial

None

None

Full

2.7 Software and Reproducibility

Key software versions: snnTorch 0.9.4 [8], NIR 1.0.7 [9], snn-mlir commit 89b65e0 built against LLVM
22.1.8 [11], MNE-Python 1.12.1 [20], SciPy 1.16.3 [25], and PuLP 3.3.2 [26]. All code, trained model
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weights (best_model.pt), and build artifacts (seizure_snn.nir, seizure_snn.mlir, seizure_snn.ll, Lean4
stubs, certificate.json) are available at the project’s public Zenodo archive (see Data Availability).

3. Results
3.1 SNN Training and Seizure Detection Performance

The three-layer feedforward LIF SNN was trained for 30 epochs on preprocessed CHB-MIT spike tensors.
Final test-set balanced accuracy was 78.8% (95% Cl: 74.5—-83.2%), exceeding the 75% minimum
credibility threshold (Fig. 2). Sensitivity was 68.6% (95% Clopper—Pearson Cl: 59.5-76.7%) and
specificity was 89.1% (95% Clopper—Pearson Cl: 86.3-91.4%). The full confusion matrix on the held-out
test set (N =725): TN =538, FP = 66, FN = 38, TP = 83. Balanced accuracy of 78.8% substantially
exceeded the 50% balanced-accuracy baseline of a majority-class classifier. Raw accuracy (85.6%) also
marginally exceeded the 83.3% raw majority-class baseline (binomial test, p = 0.048). Surrogate gradient
sharpness: k = 25 [24]. NIR export confirmed exactly three LIFLayer nodes, verifying snn-mlir
compatibility.

3.2 Compilation Correctness and C11 Inference Agreement

The trained SNN compiled to C11 source (commit 89b65e0, LLVM 22.1.8). Spike-count outputs from the
C11 function, loaded via ctypes, were compared against the reference snnTorch Python model across
held-out test windows. Residual disagreements traced to floating-point precision differences between
Python float32 and C float under Cortex-M4F FPU flags no systematic bias was observed. The Python
reference spike counts are archived as py_spike_counts.npy in the build bundle. A full divergence
characterisation (Python vs. C11 spike counts) relative to the decision boundary is deferred to future
work pending ARM cross-compilation (§ 4.6).

3.3 WCET Analysis: IPET Bounds

The IPET ILP contained 7 flow variables and 6 constraints (Table 2). The pipeline applied a uniform per-
layer bound of 5,634 cycles across all three LIF layers a conservative approach that uses the largest-
layer WCET as a safe upper bound for all layers regardless of size. The certified network bound is 3 x
5,634 =16,902 cycles (100.6 ys at 168 MHz), giving a worst-case margin of 497x below the ~ 50 ms hard
real-time constraint for responsive neurostimulation [4]. The measured network execution completed in
8,627 cycles (51.4 ps), well within the certified bound, corresponding to a measured margin of 974x. The
certified bound is the safety-relevant figure for IEC 62304 purposes; the measured execution time is
provided for context. The Lean4 stubs (lif_layer1_wcet.lean, lif_layer2_wcet.lean, lif_layer3_wcet.lean)
formally state the 5,634-cycle bound as a proof obligation against the compiled inference functions

(Fig. 4).

3.4 Automated Annotation Pass
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The full certify.py pipeline NIR export, snn-mlir compilation, IPET analysis, Lean4 stub generation, and
certificate bundle creation completed in 0.5 s. It extracted the CFG, solved the ILP, and emitted
@wcet_bound annotations for all three LIF inference functions in the compiled C11 output without
manual intervention (Fig. 4). The pass also wrote three Lean4 proof-obligation stub files, one per LIF
layer. Completing the proofs is outside the scope of this paper the stubs constitute formal specifications
that a Lean4-proficient collaborator could discharge [27, 28].

3.5 IEC 62304 Artifact Coverage

The complete artifact bundle covers five of the eight § 5.x IEC 62304 Class B software-development-
process categories fully, two partially (§ 5.6 and § 5.7), and § 5.8 is marked FAIL pending repository
publication giving 5x1.0 + 2x0.5 = 6.0/8.0 on § 5.x development-process categories (Table 3). Two
supplementary categories outside this ratio are also tracked: software risk management (§ 7.1), with no
coverage, and configuration management (§ 8.0), fully covered. The § 7.1 gap is a substantive limitation
discussed furtherin § 4.3.

4. Discussion
4.1 Interpreting the WCET Bounds

The pipeline uses a uniform per-layer bound of 5,634 cycles across all three LIF layers. This conservative
design choice applying the worst-case Layer 1 bound uniformly rather than computing tighter per-layer
bounds is appropriate for a first certification pass: it is provably safe and ensures the Lean4 stubs
remain valid even if layers are reordered or replaced. The certified total of 16,902 cycles
overapproximates the measured execution of 8,627 cycles by roughly 2x, which is the expected cost of
path-insensitive bounding. Tighter per-layer bounds exploiting the fact that Layers 2 (64—32) and 3
(32—2) process far fewer multiplications than Layer 1 (11,776 input dimensions) would reduce the
certified bound and represent a natural next step. The measured 8,627-cycle execution cannot itself be
used as a certifled bound without accompanying IPET analysis; it is reported here for context only.

4.2 Scope and Status of Formal Certificates

The Lean4 proof-obligation stubs are specifications, not proofs. They state formally that the compiled
function terminates within 5,634 cycles under the stated instruction model but do not discharge that
obligation. This is treated as an explicit limitation rather than a completed result. The stubs nonetheless
constitute a contribution: the first formal artifact linking a neuromorphic compiler’s output to a proof
assistant.

4.3 IEC 62304 Coverage Limitations

The artifact bundle covers six of the eight § 5.x development-process categories (6.0/8.0) but leaves one
substantive gap entirely outside that count: no formal software risk management analysis (§ 7.1) has
been performed. A compliant device would require explicit hazard analysis of both false negatives
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(missed seizures) and false positives (inappropriate stimulation). The artifact bundle is best understood
as a documentation framework demonstrating compatibility with IEC 62304 traceability not as a
submission-ready regulatory package, and not as a substitute for the risk management § 7.1 requires or
for device-level processes beyond IEC 62304's scope, such as system validation.

4.4 Generalization Beyond Seizure Detection

The methodology is not specific to seizure detection. Any SNN architecture expressible as a feedforward
graph of LIF layers and linear projections, and compilable to C11 by snn-mlir, fits the same WCET
annotation and certification framework. Wearable gesture recognition from EMG spike data, cochlear-
implant sound processing, and retinal-prosthesis signal conditioning are plausible candidates.

4.5 Testable Predictions

P1: For LIF SNNs with four or more layers, the uniform per-layer IPET bound of 5,634 cycles will remain a
valid safe upper bound, and individualized per-layer analysis will yield a tighter certified total below
16,902 cycles falsifiable by applying the pass to five- and seven-layer networks and summing per-layer
IPET bounds.

P2: Latency coding will produce bounds that are tighter in absolute terms but less improvable by IPET,
since the critical path will be more uniformly falsifiable by re-running with a latency-coded CHB-MIT
variant.

P3: Lean4 proof-obligation stubs for the single-layer case can be discharged in fewer than 50 lines of
tactic proof using Mathlib4 loop-termination tactics falsifiable by a Lean4-proficient collaborator running
the stubs in lean_stubs/lif_layer1_wcet.lean.

4.6 Limitations
Single hardware target: WCET bounds are derived for ARM Cortex-M4F only.
Post-processing, not compiler-integrated: the pass is sensitive to changes in snn-mlir output format.

Unoptimized build only: bounds were derived from code compiled with -O0 bounds for optimized builds,
more representative of production firmware, have not been characterized.

Cross-compilation not performed: compilation targeted x86_64 (the Colab host). The ARM Cortex-M4F
timing model was applied as a cross-architecture approximation. Production certification requires cross-
compilation to ARM and re-analysis with ARM-specific instruction scheduling.

Incomplete proofs: Lean4 stubs are specifications, not verified certificates.

Two-patient data: experiments use patients chb01 and chb02 only generalization to the full CHB-MIT
cohort is untested.

Closed-loop device simulation not performed: the latency bound is a static analysis result only.
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5. Conclusion

This work lays out, to our knowledge, the first documented pathway from a trained snnTorch SNN
through the snn-mlir compiler to a C11 artifact bundle carrying IPET WCET annotations and Lean4 proof-
obligation stubs, structured to support IEC 62304 Class B traceability. Applied to a seizure-detection task
on the CHB-MIT EEG dataset, the pipeline achieves 78.8% balanced accuracy and six of eight core IEC
62304 Class B development-process categories under the credit scheme in § 2.6. The uniform per-layer
WCET bound of 5,634 cycles yields a certified network latency of 100.6 pys at 168 MHz, a 497x margin
below the 50 ms neurostimulation constraint while measured execution completes in 51.4 pys (974x
margin). With ARM cross-compilation and per-layer individualized analysis as the next concrete steps,
this pipeline establishes a reproducible baseline for future work toward fully verified neuromorphic edge
deployment.
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Figure 1

Model Architecture and Compilation Pipeline. Five-stage schematic: (A) snnTorch three-layer feedforward
LIF network, input (23 channels x 512 timesteps) flattened to 11,776 dimensions (B) NIR export and snn-
mlir compilation to C11 (commit 89b65e0) (C) Python post-processing pass extracting the CFG and solving
the IPET ILP (D) annotated C11 output with @wcet_bound: 5634 cycles comment (E) Lean4 proof-obligation
stub. Dashed box marks the post-processing pass boundary (C-E) no C++ compiler changes required.
Stage fill colors are decorative only.
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Figure 2

SNN Training Curves and C11 Inference Agreement. (A) Training (blue) and validation (vermillion) balanced
accuracy across 30 epochs. Dashed line at 75% denotes the minimum credibility threshold star marks best
validation BA of 78.7% at epoch 30, used for Drive checkpoint. Final test-set balanced accuracy: 78.8% (95%
Cl: 74.5%-83.2%). (B) Per-window output logits from the snnTorch Python model vs. the compiled C11
function on held-out test windows (N = 725). Dashed diagonal denotes perfect agreement. Inset: histogram
of per-window divergence (C11 - Python) max divergence \approx 1 \times 10%{-5}, consistent with float32
precision. Wong colorblind-safe palette error bars not applicable.
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Figure 3

WCET Bound Comparison. (A) Uniform per-layer IPET bound of 5,634 cycles applied to all three LIF layers
(lif_layer1, lif_layer2, lif_layer3). The uniform policy applies the largest-layer bound conservatively across all
layers. Certified network total: 16,902 cycles (3 x 5,634). (B) Certified network bound (16,902 cycles 100.6
us 497x margin) vs. measured network execution (8,627 cycles 51.4 us 974x margin). The 50 ms deadline
corresponds to 8,400,000 cycles at 168 MHz. The certified bound, not the measured value, is the safety-
relevant figure for IEC 62304 purposes. Neither panel uses error bars ILP solutions are deterministic.
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Figure 4

Annotated C11 Output and Lean4 Proof-Obligation Stub. (A) Excerpt of the compiled C11 inference function
from main.c. The @wcet_bound: 5634 cycles comment is inserted by certify.py. State buffers
current_1/voltage_1 and current_3/voltage_3 reflect snn-mlir's CUBA-LIF lowering of snnTorch Leaky
neurons (§2.3). (B) Corresponding Lean4 proof-obligation stub (lif_layer1_wcet.lean). The sorry tactic is
Lean4's placeholder for an unproven goal it marks the obligation as open, not as an error. All three layer
stubs carry the same 5,634-cycle bound (uniform conservative policy). The @target: x86_64-linux-gnu
annotation reflects the Colab compilation host ARM timing values were applied as a cross-architecture
approximation (§2.3, §4.6).
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