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LiteML-Edge: A Contract-Centered Framework and
Methodology for Replay-Driven 1:1
Python—Firmware Validation in TinyML

Charles Pereira dos Santos
Carlos Mauricio Serdédio Figueiredo

Abstract—Tiny Machine Learning (TinyML) enables data-
driven inference on resource-constrained microcontrollers;
however, offline evaluation and firmware execution are often
treated as loosely coupled stages, leaving reproducibility gaps
between reference experiments and on-device behavior. This paper
presents LiteML-Edge, a contract-centered TinyML framework
and methodology for replay-driven 1:1 Python-Firmware
Validation. LiteML-Edge integrates training, optimization,
quantization, artifact export, firmware deployment, and per-stage
validation while exporting replay artifacts, preprocessing rules,
tensor I/O metadata, output mapping, post-processing, and the
Rolling-24 metric policy as a shared validation contract. The
framework supports fully quantized, fully floating-point, and
hybrid tensor interfaces within a single workflow. The evaluation
covers one environmental sensing scenario, a fixed W = 24
policy, and the TensorFlow-to-TFLM deployment path. On a
WEMOS LOLIN32 (ESP32) and a NUCLEO-F411RE (ARM
Cortex-M4), case studies based on a multilayer perceptron
(MLP), a long short-term memory network (LSTM), and a
compact one-dimensional convolutional model (ConvlD Tiny)
showed how the framework localizes agreement or mismatch
across preprocessing inputs, model payloads, raw outputs, final
predictions, and Rolling-24 metrics. Under replay on both targets,
MLP and ConvlD Tiny achieved contract agreement across the
critical path, whereas LSTM preserved input-stage agreement
but showed its first reproducible divergence at the raw-output
stage. Field execution is retained as operational evidence
collected under the same contract, complementing replay without
replacing it for equivalence claims. The resulting workflow makes
validation failures more attributable, reproducible, and auditable
before deployment decisions are made, while distinguishing
contract conformance across platforms from hardware-dependent
deployment costs.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10820

Index Terms—Contract-Based Validation, Python-Firmware
Validation, Reproducibility, TinyML.

I. INTRODUCTION

INY MACHINE LEARNING (TinyML) enables neural
inference directly on microcontrollers under strict con-
straints on computation, memory, and energy [3], [23]. Survey
and MCU-feasibility studies further show that deployment on
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these targets is attractive but tightly coupled to latency, memory,
and power trade-offs [2], [4]. Its relevance spans embedded and
low-power IoT applications that benefit from local, resource-
aware inference with reduced communication dependence [9],
[11].

Recent TinyML studies have emphasized quantization and
deployment practices, as well as hardware-aware robustness
concerns [7], [8]. In parallel, toolchains for benchmarking
and on-device evaluation automation have improved runtime
visibility and experimental reproducibility [6], [15], [18]. Yet
these advances typically report offline results and device-
side measurements as adjacent stages, not as two executions
bound by the same explicit contract. As a result, preprocessing
rules, tensor metadata, rolling-window semantics, and output
decoding may remain implicit implementation assumptions
instead of explicit, auditable comparison points. This is
particularly critical in rolling-window time-series inference,
where small deviations in alignment, numerical handling, or
output reconstruction can distort on-device predictive metrics.

LiteML-Edge addresses this gap through a TinyML frame-
work organized around an explicit validation contract that binds
preprocessing, rolling-window policy, tensor decoding/mapping,
post-processing, and Rolling-24 aggregation across offline and
firmware executions. The workflow integrates training, opti-
mization, quantization, artifact export, deployment, validation,
and on-device cost reporting under the same contract while
remaining model-aware when tensor I/O, output semantics,
or post-processing rules differ. It is also compatible with
deployment-aware extensions such as accelerator-in-the-loop
experimentation and on-device semantic management [12],
[20].

The contributions of this study are fourfold: (i) a TinyML
framework organized around an explicit validation contract that
integrates training, optimization, quantization, artifact export,
deployment, validation, and on-device reporting, with traceable
training and metric artifacts for cross-run traceability; (ii) a
replay-driven 1:1 validation methodology in which Replay is the
primary conformance mode and Field provides complementary
operational evidence under the same contract; (iii) contract
export and firmware execution governed by that contract,
supporting fully quantized, fully floating-point, and hybrid
tensor interfaces; and (iv) per-stage empirical evidence across
immediate model I/O, final predictions, Rolling-24 metrics,
and on-device cost measurements on two MCU architectures.

Sec. II situates LiteML-Edge relative to benchmarking and
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profiling toolchains. Sec. III, especially Sec. III-B, details the
contract-centered architecture and artifact export mechanisms.
Sec. IV presents stage-wise Replay validation, prediction and
metric agreement, and secondary on-device cost evidence
under Rolling-24. Sec. V discusses the main implications and
limitations, and Sec. VI concludes the paper.

II. RELATED WORK

Prior TinyML research can be grouped into three comple-
mentary directions: (i) embedded constraints and system trade-
offs, (i) benchmarking and evaluation toolchains, and (iii)
deployment-time optimization strategies.

Embedded constraints and system trade-offs: Surveys and
MCU-feasibility studies frame TinyML around microcontroller
resource limits and recurring trade-offs among accuracy, latency,
memory footprint, and energy consumption [2]-[4], [23].
Adaptive embedded inference work further highlights resource-
aware model-selection decisions on constrained targets [10].
These works motivate measurement-aware deployment, but they
generally stop short of defining an explicit offline-to-firmware
semantic equivalence protocol (i.e., a verified rule set for
preprocessing, windowing, tensor decoding, and aggregation).

Benchmarking and evaluation toolchains: A first subset
of toolchains focuses on repeatable profiling and target retar-
geting, enabling standardized measurements across devices
and backends [1], [5], [6]. These infrastructures improve
comparability of performance results, but they mainly treat the
model workflow as the object to benchmark, not as a contract to
be checked stage by stage across offline and firmware execution.

A second subset emphasizes on-device evaluation automa-
tion, combining predictive metrics with device-side latency,
energy, or operational monitoring [15], [18], [22]. Related
evaluation studies also report feasibility limits or embedded
performance observations under concrete system conditions
[16], [17], [21]. This strengthens runtime reporting and
experiment management, yet consistency of preprocessing,
rolling semantics, and tensor decoding is usually assumed
at deployment time, not enforced by an explicit conformance
check.

Deployment-time optimization strategies: Another re-
search direction targets efficiency and robustness through
quantization practices and deployment reliability assessment
[71, [8]. Related work also addresses hardware—model co-design
and coordinated TinyML across interconnected devices [13],
[14]. These contributions improve deployment flexibility and
stability of embedded inference, but they are orthogonal to a
contract-first methodology whose primary objective is to make
explicit and verify preprocessing semantics, rolling-window
policy, tensor decoding/mapping rules, post-processing order,
and metric-update rules before interpreting accuracy or cost
results.

Despite advances in benchmarking, profiling, and deploy-
ment optimization, the surveyed works generally do not
make offline-to-firmware semantic equivalence explicit as a
primary experimental requirement. This motivates a contract-
first methodology in which equivalence is an explicit, auditable
prerequisite, not an implicit assumption.
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TABLE I
VALIDATION ELEMENTS IN TINYML STUDIES
Papers Rel'Jlay- Offline Statge- Explorted On-de\"ice
driven < firmware wise artifacts reporting
[5] v
[6] v
[7] v
[8] v
[15] v
[16] v
[18] v
(22] v
Paper

Table I summarizes the reported validation elements across
representative TinyML studies. A check mark indicates that
the corresponding element is explicitly described in the cited
paper, whereas a blank cell means that the element was not
explicitly identified in the reported scope and should not be
interpreted as a negative quality judgment. The matrix is
intended as a descriptive scope comparison, not a score-based
ranking. Within this conservative summary, LiteML-Edge is
distinguished by formalizing offline-to-firmware validation as
an explicit, contract-centered and replay-driven methodology.

III. METHODOLOGY
A. Framework Design and Contract-Bounded Iteration

LiteML-Edge is a contract-centered framework operational-
ized through a replay-driven pipeline that explicitly binds
TensorFlow-side training, optimization, quantization, and arti-
fact export to firmware-side deployment and validation through
a shared experimental contract. The contract is defined at
the artifact and policy level, not around any single code
implementation, while the empirical validation reported here
is limited to the TensorFlow reference/TFLM runtime pair on
the two evaluated MCU architectures. The core requirement
is that contract artifacts (schema, scalers, windowing, tensor
metadata, and metric policy) remain explicit and stable and
are consumed consistently by the validated runtime.

Fig. 1 summarizes the contract-centered workflow for
deterministic 1:1 validation between Python reference and
firmware execution. A Replay artifact is processed by a
shared data pipeline, executed as a Python reference, exported
through a contract-binding step, and then reproduced on-
device for per-stage validation. The lower block represents
the shared validation contract anchoring reproducibility across
both environments.

The workflow is organized into six methodological blocks:

o Replay Artifact: a validated dataset is serialized in
deterministic order so that the same input sequence can
be consumed offline and on-device.

« Shared Data Pipeline: filtering, rolling-window construc-
tion (W=24), and scaling/normalization are defined once
and treated as shared contract elements, not environment-
specific implementations.
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o Python Reference Execution: the shared pipeline, infer-
ence, and post-processing are executed offline in float32
as the reference path for conformance validation.

o Contract Export: compile-time artifacts are generated to
bind Python and firmware execution, including exported
headers, parameter binding, tensor metadata, and output-
mapping rules.

o Firmware Execution: the embedded implementation re-
produces the same contractual semantics under TensorFlow
Lite Micro, including model-aware tensor handling and
shared post-processing.

« 1:1 Validation: equivalence is assessed across internal
stages and aggregated outputs, including the preprocessed
input, tensor payload, raw output, post-processed predic-
tion (y*), and Rolling-24 metrics.

For the experimental campaign reported here, the same
validation workflow was used across three model families:
a multilayer perceptron (MLP), a long short-term memory
network (LSTM), and a compact one-dimensional convo-
Iutional model (ConvlD Tiny). LiteML-Edge nevertheless
allows model-level contract instantiation whenever tensor
I/O, output semantics, post-processing rules, or comparison
checks must be specialized. In practice, model-aware checks
specialize tensor-payload interpretation, raw-output decoding,
and output mapping according to each model’s I/O contract
while preserving the same experiment-level workflow.

B. Artifact Export Contract and Reproducibility Checks

Traceable artifacts are generated and consumed directly
by embedded firmware, preventing implicit or duplicated
transformations between offline evaluations and on-device
executions. For each experiment, preprocessing and post-
processing definitions are exported as C/C++ headers, including
feature ordering and tensor shapes, normalization or scaling
parameters, rolling-window configuration (e.g., W = 24),
and tensor I/O metadata (type and, when quantized, scale
and zero-point). LiteML-Edge supports fully quantized, fully
floating-point, and hybrid tensor configurations and treats tensor
decoding as part of the execution contract by exporting the

Replay | |Shared Data|| Python || Contract | | Firmware || 1:1
Artifact Pipeline Reference Export Execution | | Validation
Validated Filtering Execution Header export| | Contract x*, p*,
data Window Shared Parameter execution o_raw, y*
Fixed (w=24) pipeline binding Shared Rolling-24
order Scaling + Inference Python—fw postproc. metrics
normalization | | postprocess mapping Debug trace| | Model checks

T T — T T T

| | | R —_— | |

: ¥ vy :

| Shared Validation |

L —— —> Contract <—-——"———- -

(Reproducibility Anchor)

Validation policy
Feature order + W=24
Scaling + normalization
Tensor I/0O mapping
Output + postprocess
Replay + Rolling-24

Fig. 1. LiteML-Edge workflow for replay-driven 1:1 Python-Firmware
Validation.
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required metadata per I/O tensor and enforcing consistent
decoding and output mapping. The same contract also links
exported artifacts to traceable training and metric artifacts,
supporting cross-run traceability. In the present framework,
serializing these artifacts avoids runtime parsing overhead and
enforces identical data handling across environments.

Formal contract definition: LiteML-Edge makes the exper-
imental semantics explicit through a contract C that must be
satisfied by both the offline evaluator and the firmware runtime:

CE(S, K, W, 9, P, M), (1)

where S is the feature schema (order, shapes, and time-feature
policy), K is the scaler definition (forward/inverse parameters
and application stage), W is the rolling policy (window size,
stride, and warm-up exclusion), @ is the tensor I/O specification
(type and, when quantized, scale/zero-point, with explicit
output mapping for multi-output or concatenated outputs), P
is the post-processing order (e.g., residual decoding and unit
reconstruction), and M is the metric acceptance/aggregation
policy (valid-event definition and update rules). Equivalence is
assessed only for runs in which both sides satisfy C; deviations
are treated as contract violations, not model effects.

For per-stage validation, LiteML-Edge distinguishes four
operational artifacts: z*, the preprocessed input produced by
the shared data pipeline; p*, the effective tensor payload
delivered to the model; o0,y , the immediate raw output obtained
from the model/runtime path; and y*, the post-processed
prediction used directly for final reporting and Rolling-24
metric aggregation. This separation allows the framework to
localize mismatches to the correct execution stage instead of
collapsing all discrepancies into final metrics alone.

Contract invariants cover rolling semantics, feature schema
and scaler parity, tensor decoding metadata (including output
mapping), post-processing order, and metric policy. For re-
gression models predicting residuals, the post-processing order
is fixed by the exported contract (residual decoding and unit
reconstruction), preventing order-of-operations divergence that
would otherwise affect numerical stability and reported metrics.

Replay Mode is the deterministic conformance mechanism:
offline scripts export a deterministic sample sequence, from
which the firmware reconstructs the same windows in the
same order. This isolates contract mismatches from variability
introduced by live sensing in Field Mode. Numeric precision is
treated as a controlled variable: offline evaluation uses float32
arithmetic to match firmware behavior, avoiding hidden float64
paths that can affect rolling aggregation. All offline arrays
and metric accumulators are explicitly cast to float32. On-
device, metric computation and post-processing are performed
in float32; quantized tensors (when present) are decoded using
their exported scale and zero-point.

Logging is standardized to enable direct comparison between
offline and on-device results. Each inference record includes
a window index, decoded predictions, optional ground truth
(Replay Mode), and rolling metric updates. Under the explicit
Rolling-24 policy, the nine final metric components comprise
MAE, RMSE, and R?, each computed at the aggregate
level and separately for temperature and humidity. A valid
inference event requires a full window (W=24), successful
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TABLE 11
CoONVI1D TINY CONTRACT INSTANTIATION

Element Instantiated contract

S Before lag construction, Hj, is processed by the contract-defined
causal EMA. Fixed feature order: T_out, H_out, T_in_lagl,
H_in_lagl, T_out_lagl, H_out_lagl, T_in_lag2,
H_in_lag2, sin_hour, cos_hour, weekday, and month;
identical order and lag semantics in Python and firmware.

K Training-fitted MinMax bounds for inputs and residual targets
(X_MIN, X_MAX, DY_MIN, and DY_MAX); inputs are clamped
to their training bounds, and all parameters remain fixed during
validation and deployment.

w A 24-step sliding window with stride 1; inference starts only after
warm-up, with the same ring-buffer update in Replay and Field.

Q INTS input tensor [1,24,12] in fixed chronological order, with
scale and zero-point read from the input tensor; two float32 outputs
for the scaled residuals AT, and AH;,.

P Map outputs 0 and 1 to AT;, and A Hj,, inverse-scale them, and
add them to the corresponding lag-1 values to recover 7;, and
Hiy.

M MAE, RMSE, and R? over valid post-warm-up predictions, with
checks at the normalized input =*, tensor payload p*, raw output
Oraw, reconstructed prediction y*, and final metrics.

TABLE III
STAGE-WISE CONTRACT CONFORMANCE CHECKS

Check Offline-On-Device Consistency Requirement

Replay artifact Identical sample order, epoch alignment, and window
indexing

Same filtering, windowing, normalization/scaling, and
warm-up policy

Contract-consistent preprocessed input and effective
tensor payload under the exported schema
Contract-consistent raw tensor bytes/metadata and
decoded raw outputs under model-aware mapping
Contract-consistent output mapping, inverse scaling,
and reconstruction order

Contract-consistent final predictions, valid-event rules,
and Rolling-24 aggregation

Same post-acquisition contract; treated as operational
evidence, not primary proof of equivalence

Shared data pipeline
Critical input (z*, p*)
Immediate output
(oraw)
Post-processing (y*)

Predictions and metrics

Field operation

invocation, and decoded outputs that satisfy the exported tensor
contract, including the tensor type, quantization metadata when
applicable, and output mapping. Metrics are accumulated only
over valid post-warm-up inference events; in this study we
report n=24 valid events.

Table II provides a worked instantiation of C for Conv1D
Tiny. Dataset preparation precedes Replay generation and
remains outside the inference contract; the validated x* path

begins with the transformations shared by Python and firmware.

To reduce common sources of error in TinyML deployment,
explicit equivalence checks are defined. Table III summarizes
the conformance checks to be applied to each model variant

and firmware build before interpreting cost or accuracy metrics.

Two execution contexts are supported: Replay is the primary
conformance mode because it provides artifact-driven, auditable
alignment, whereas Field preserves the same post-acquisition
contract as operational evidence.
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IV. EXPERIMENTS AND RESULTS

A. Scenario, Deployment, and Rolling-Window Protocol

To exercise the contract mechanisms under controlled
conditions, a deterministic time-series artifact derived from
a tropical-climate indoor/outdoor temperature—humidity study
[24] was adopted. Starting from synchronized Singapore
temperature and relative-humidity records, the artifact was
built by inner-joining both variables on timestamp, mapping
non-suffixed columns to outdoor temperature and humidity,
averaging the indoor sensors per timestamp to obtain 73, and
Hi,,, dropping incomplete timestamps, and rounding the final
variables (Tout, Tiny Hout, Hin) to two decimals for determinis-
tic regeneration. This produced a four-variable reference series
with 9,932 synchronized observations.

Because the original subset contains irregular sampling
intervals, the resulting series is regularized hourly to satisfy
Rolling-24 while preserving seasonality and bounded value
ranges. Replay headers are then generated deterministically
from that fixed artifact within the LiteML-Edge export flow. The
artifact is used as a controlled validation artifact for framework
behavior, not as a real-world predictive benchmark.

Heterogeneous reference models (MLP, LSTM, Conv1D)
are used as validation vehicles to stress distinct tensor layouts
and output mappings under a unified export and execution
contract. All models are exported to TensorFlow Lite and
integrated into matched TensorFlow Lite Micro projects for
a WEMOS LOLIN32 (ESP-WROOM-32, Xtensa) and a
NUCLEO-F411RE (STM32F411RE, ARM Cortex-M4), follow-
ing embedded inference integration practices and quantization-
related deployment considerations [7], [11]. Both builds share
the contract headers, Replay sequence, tensor metadata, post-
processing, logging, sensor roles, and event boundaries; only
platform bindings differ. In Field Mode, two DHT22 (AM2302)
temperature and humidity sensors are used to acquire the indoor
and outdoor temperature and humidity variables, whereas
Replay Mode reconstructs these variables from the exported
header-based dataset artifact rather than from live sensing.
LiteML-Edge exports the tensor type and, when quantized, the
scale and zero-point for the corresponding input/output tensors.
In this study, the MLP model operates with INTS input and
INTS output, the LSTM model operates in float32 input/output,
and the Conv1D model operates in a hybrid configuration with
INT8 input and float32 outputs. Deterministic decoding and
output mapping rules prevent mismatches arising from implicit
quantization assumptions or runtime-side ambiguity [8].

Evaluation employs MAE, RMSE, and coefficient of de-
termination (R?) under a rolling-window regime with size
W = 24 and unit stride; warm-up and incomplete-window
events are excluded from aggregation in both Replay and Field.
The choice W = 24 is treated as a fixed deployment-facing
contract parameter, not as a tuned hyperparameter.

To keep the protocol auditable while enabling multi-model
experimentation, device evaluation uses a time-compressed ac-
quisition schedule in which each logged step corresponds to one
hourly sample of the artifact (i.e., 1 min of runtime represents
1 h of the dataset timeline). This preserves the ordering and
cardinality required by Rolling-24 without impractical 24-hour
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wall-clock runs. The conformance horizon is fixed to n = 24
valid post-warm-up inference events; for stride-1 Rolling-24,
this structurally requires W + (n — 1) = 47 sequential samples.

In Replay Mode, these samples are exported deterministically
as header-based artifacts, reconstructing time features from a
fixed epoch reference. Firmware logs confirmed 1:1 window
sequencing and stable platform-specific heap headroom, as
summarized in Table VI.

In Field Mode, live sensing is enabled and time features
are reconstructed from device time. Field preserves the same
post-acquisition contract used in Replay, but is interpreted as
operational evidence under live acquisition, not as the primary
basis for deterministic equivalence claims.

B. Stage-Wise Conformance Evidence

Conformance evidence is produced under Replay and inter-
preted hierarchically rather than from aggregate metric deltas
alone. LiteML-Edge first checks the shared data pipeline and
critical input path, then the immediate output path, followed by
the post-processed prediction path (y*), and finally the Rolling-
24 metrics. This ordering prevents downstream agreement from
masking earlier contract violations. Table IV summarizes the
resulting stage-wise conformance evidence under Rolling-24
(n = 24).

Stage-specific checks use fixed scopes and acceptance criteria.
Replay indices, integer payloads, tensor metadata, and memory
order require exact agreement. Normalized float32 inputs and
decoded raw outputs are compared using an absolute tolerance
of 2x 10~°, while post-processed predictions (y*) use 2x 1075,
Rounded prediction agreement is assessed at two decimal
places, and final Rolling-24 metrics at four decimal places.
The float32 tolerances were empirically calibrated from the
numerical spread observed in replay-consistent executions
and then applied unchanged to all models. Since they are
empirical engineering criteria rather than universal thresholds,
they carry a risk of threshold tuning. Even so, relaxing both
tolerances by a factor of 100 leaves the LSTM stage-wise
mismatch classification unchanged: the maximum differences
at the decoded-output and post-processing stages still exceed
the corresponding relaxed limits by factors of approximately 56
and 11. Aggregate MAE and RMSE values provide supporting
evidence but do not override failures detected at earlier
validation stages.

MLP and ConvlD Tiny achieved agreement across the
critical validation path, matching the shared data pipeline,
immediate model input, raw tensor dump, decoded raw output,
and post-processed prediction stage (y*). Conv1D Tiny matched
all nine final Rolling-24 metric components at four decimal
places, while MLP matched eight, with only a rounding-level
difference in R% (0.7038 offline vs. 0.7039 on-device). On
each target, LSTM preserved agreement at the critical input
stage but showed its first reproducible divergence immediately
after inference at the raw-output stage, with 3 of the 24 valid
events above tolerance (12.5% of the evaluated Replay trace), a
maximum decoded-raw difference of 0.01127, and a maximum
post-processed prediction difference of 0.02277. For the same
traces, its prediction agreement was 21 of 24 for temperature
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TABLE IV
REPLAY STAGE-WISE CONFORMANCE ON BOTH TARGETS
UNDER ROLLING-24 (n=24 FOR EACH MODEL-TARGET

PAIR)
Model Shared Crit. Raw Dec. Post. Pred. Metric
pipe. input dump Oraw y* (T/H) checks
(z*,p™)
MLP v v v v T2424 gy
H24/24
LSTM v v X x x o T2l24 g
H23/24
Tiny H24/24

v = MATCH; x = MISMATCH

and 23 of 24 for humidity, and one of nine final Rolling-24
metric components matched at four decimal places. Because
stage-wise outcomes were identical across targets, conformance
is reported once, whereas deployment costs remain platform-
specific.

As complementary visual evidence for the final-prediction
stage, Fig. 2 compares ground truth and post-processed
temperature predictions for offline execution and firmware
Replay over the valid-event block (n=24). The close alignment
to the identity line for the replay-consistent case provides an
intuitive view of final-prediction agreement, while Table IV
remains the primary stage-wise evidence.

C. Secondary Deployment Cost Evidence under Rolling-24

Deployment cost is reported as secondary evidence. Under
Rolling-24, LiteML-Edge separates inference-only execution
cost, deployment feasibility, and baseline electrical behavior.
Table V reports mean per-inference energy and latency for each
model-hardware pair in Replay and Field using the protocol’s
valid-event and invocation-boundary semantics. Table VI
summarizes serialized model size, tensor arena, and minimum
heap headroom, whereas Table VII reports IDLE current and
power separately from inference-only estimates.

Baseline vs. inference-only reporting: Baseline current
and power are computed from IDLE samples outside inference
windows. Inference-only cost uses per-inference energy AFE
and latency ¢ from fixed invocation-boundary snapshots. Replay
shows lower variability because execution is artifact-driven.
Field exhibits slightly higher minimum free-heap values
(Table VI), without changing the contract for windowing, tensor
decoding, or metric acceptance.

Instrumentation and conditions: All cost results use the
Rolling-24 contract (W =24), n=24 valid post-warm-up events
per model-hardware pair, matched run lengths in Replay
and Field, and fixed clocks of 240 MHz for the WEMOS
LOLIN32 and 100 MHz for the NUCLEO-F411RE. An external
INA219 measures the complete-board 5 V supply rail on both
targets. To align the functional boundary, Wi-Fi, Bluetooth,
and OLED display output are disabled on the WEMOS
LOLIN32 because these functions are not part of the evaluated
pipeline and have no corresponding hardware or workload
in the evaluated NUCLEO-F411RE configuration; sensing,
inference, serial logging, and electrical measurement remain
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Fig. 2. Conv1D Tiny final-prediction agreement on both targets (n=24
per target); the two on-device prediction vectors overlap exactly.

active. This setup supports protocol-consistent comparisons
under fixed boundaries rather than laboratory-grade absolute
power metrology.

Within each platform, baseline current and power re-
main comparable across models, consistent with the sens-
ing/control loop dominating model-specific effects. The lower
STM32F411RE baseline does not imply uniformly lower
inference energy, particularly for recurrent execution.

Energy and latency measurement: Per-inference energy
is obtained from the firmware cumulative counter as AF =
Einvoke-post — Finvoke-pre- The event-pre and event-post readings
are retained as supporting telemetry for the complete inference
pipeline. Per-inference latency is measured over that invocation
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interval. Mean energy and latency are calculated over n = 24
valid post-warm-up events for each model-hardware pair and
reported separately for Replay and Field. MLP latency is similar
across targets, whereas LSTM shows the largest difference.

V. DISCUSSION

LiteML-Edge complements existing TinyML toolchains
by treating stage-wise protocol equivalence as a primary
experimental concern. Whereas benchmarking platforms em-
phasize cross-target profiling and reproducible performance
measurement [5], [6], and deployment-oriented works focus
on quantization robustness and integration stability [7], [11],
the proposed workflow makes the shared data pipeline, tensor
decoding/mapping, post-processing, and rolling-window policy
explicit and checks them before metric interpretation. As
summarized in Table I, representative TinyML studies report se-
lected deployment and on-device evaluation elements, whereas
LiteML-Edge combines replay-driven validation, offline-to-
firmware equivalence, per-stage checking, and exported contract
artifacts within a single framework. The replay results also
show why aggregate agreement alone is insufficient: MLP
and Conv1D Tiny remain consistent across the full validation
path, whereas LSTM preserves input-stage agreement but
exhibits its first reproducible mismatch at the raw-output stage.
In the present evidence, this supports strong localization of
divergence without claiming closed causal attribution. Because
the preprocessed features, tensor shape, element order, scaling
metadata, and input payload remain conformant, the evidence
narrows the likely fault domain to the recurrent execution path
or the converted operator representation. Plausible mechanisms
include differences in hidden- and cell-state initialization
or update, gate ordering and parameter packing, fused or
decomposed kernels, sequence layout, and implementation-
dependent numerical accumulation or activation evaluation.
Recurrent feedback may then propagate and amplify small
numerical or semantic differences over successive steps. Dis-
tinguishing among these possibilities would require traces
of gate activations, cell and hidden states, and intermediate
accumulations.

A methodological consequence is the explicit separation
between the baseline system cost and the inference-only
cost. By fixing artifact definitions and measurement seman-
tics, ambiguity in latency and energy reporting is reduced,
although such deployment-cost evidence remains secondary
to the paper’s primary validation contribution. This practical

TABLE V
PER-INFERENCE ENERGY AND LATENCY (n = 24) UNDER
ROLLING-24
Replay Field

Model Hardware AE t AE t
(uWh)  (ms) (uWh) (ms)
MLP WEMOS LOLIN32  0.165 1.08 0.146 1.06
NUCLEO-F411RE  0.181 1.03 0.195 1.04
LSTM WEMOS LOLIN32 1376 14.04 1.309 13.84
NUCLEO-F411IRE 1910 2546 2134 2548
ConviD Tiny WEMOS LOLIN32  0.605 589 0573 5.72
Y NUCLEO-F411RE  0.598 6.55 0.628 6.56
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TABLE VI
MODEL SIZE, TENSOR ARENA, AND HEAP HEADROOM

Min. free heap

Model Hardware Mo(dl:e]ls)s 1ze A(E]E;l)a Repla;kB) Field
Lp oS 6.46 091 2387 2390
N}}i%fg' 6.46 0.89 1022 1033
LSt E‘(’)ELTI\%SZ 9.46 342 2387 2393
NUCLEO- 9.46 341 1022 1033
Conv1D Tiny IEY)%\IAI\%SZ 712 239 287 20
N;i%fg‘ 7.12 256 1022 1033
TABLE VII
BASELINE IDLE CURRENT AND POWER
Replay Field

Model Hardware Imean  Pmean  Imean  Pmean

(mA)  (@mW)  (mA)  (mW)

e s 6183 31614  60.62 31075
NFE%ES' 5512 27029 58.12  286.43

st %ELI\I/II\%SZ 61.88 31669  60.14  308.49
NUSHO 5158 25447 5795 28577

ConviD Tiny X)ELI\I/II\%Sz 60.75 31107 5990  307.23
NFE%IEIE:} 5552 27207 5778  285.07

relevance is strengthened by the fact that the framework is
demonstrated with compact, optimized, and deployable models
under real ESP32 and STM32F411RE on-device constraints.
Cross-platform conformance despite differing latency, memory,
and energy supports separating semantic portability from
platform-dependent deployment cost. Replay-based equivalence
verification therefore serves as an interpretive safeguard for
Field observations.

A. Threats to Validity

Although LiteML-Edge is defined as an end-to-end offline
validation framework operationalized through a replay-driven
pipeline, the empirical validation presented here is limited
to the TensorFlow/TFLM instantiation in one environmental
sensing scenario, W = 24, and two MCU architectures.
Broader validity across runtime ecosystems, window policies,
or modalities requires dedicated evaluation. Changing W
affects warm-up, window count, buffering, and smoothing; the
contract structure may remain applicable to other modalities, but
each modality would require specific sampling, preprocessing,
tensors, tolerances, and metrics. Formal statistical comparison
of machine-learning results typically depends on appropriate
metrics and sufficient repeated evaluation values [19]; in con-
trast, the evaluated sequence forms a bounded diagnostic trace
for execution equivalence under a fixed experimental contract.
The 3/24 fraction (12.5%) exactly describes the evaluated trace,
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not a population rate or evidence of statistical sufficiency.
Consecutive Rolling-24 events share input history and are not
treated as independent for population inference; extending the
Replay could alter both the observed event fraction and the
final Rolling-24 values, and hence the number of the nine
metric components that agree at four decimal places, without
invalidating event-level comparisons or stage localization. The
one-of-nine result is therefore a bounded component count
for the evaluated trace, not a statistical estimate. Accordingly,
the LSTM case is interpreted as localization of the earliest
reproducible mismatch stage, not as definitive proof of a unique
runtime mechanism.

Field Mode measurements remain subject to device-specific
timing, sensing noise, synchronization behavior, and seeding
progression. Replay is therefore the primary conformance mode
for 1:1 equivalence claims, with Field retained as operational
evidence. Energy comparisons are limited by complete-board
5 V rail sensing and firmware event boundaries; these choices
support internally consistent comparison across runs but do not
replace dedicated power metrology. Matched functional builds
reduce platform-specific confounding, but the results do not
establish a definitive ranking of the two hardware platforms.

B. Limitations and Future Directions

LiteML-Edge does not aim to standardize model architectures
or establish performance benchmarks. Instead, it formalizes
auditable evaluation contracts that maintain consistent data,
preprocessing, tensor, inference, post-processing, and metric
definitions across reference and deployed implementations.
Future work will extend validation beyond n = 24 to additional
datasets, input modalities, window sizes, runtimes, hard-
ware platforms, and automated contract-verification pipelines.
Broader adoption across toolchains may enable community-
level validation of experimental contracts as explicit method-
ological artifacts.

VI. CONCLUSION

This paper presented LiteML-Edge as a contract-centered
TinyML framework for replay-driven 1:1 validation between
Python reference execution and firmware execution on resource-
constrained microcontrollers. LiteML-Edge integrates offline
training, optimization, quantization, artifact export, deployment,
and per-stage validation so that agreement and mismatch
become easier to trace and audit through replay artifacts, shared
data pipeline rules, and execution governed by the exported
contract.

Experiments on the WEMOS LOLIN32 and NUCLEO-
F411RE yielded the same critical-path agreement for MLP
and Conv1D Tiny, while localizing the earliest reproducible
LSTM mismatch to the raw-output stage, not to input packaging.
Replay supported conformance claims, while Field character-
ized operation under live sensing. Within the evaluated scope
of one environmental sensing scenario, a fixed W = 24 policy,
and the TensorFlow-to-TFLM deployment path, LiteML-Edge
supported reproducible and auditable comparison of embedded
TinyML validation outcomes for the fully quantized, fully
floating-point, and hybrid tensor configurations represented
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by the evaluated models, without extending these findings to
other datasets, window sizes, or runtimes. Its contribution is
therefore methodological: a validation framework centered on
an explicit contract, demonstrated with compact, optimized,
and realistically deployable TinyML models.
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