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Abstract

Large language model (LLM) agents can perform prognostics and health management
(PHM) tasks such as bearing fault diagnosis, but most published systems rely on large,
paid, cloud-hosted models that a small or medium enterprise (SME) cannot self-host. The
diagnostic accuracy that can be achieved on free, offline, commodity hardware is a practical
question. Using an execution-based evaluation (Pass@1, Pass all 3, macro F1), this paper
benchmarks eight small, publicly accessible, locally runnable LLMs (1B-9B parameters,
via Ollama) on vibration-derived features for three-class bearing fault diagnosis (Healthy,
Outer race, and Inner race). The proposed work is evaluated on three independent datasets,
Paderborn, CWRU, and HUST, across a 0-5-shot ablation and at two decoding temperatures
to separate accuracy from reliability. The findings replicate across all three datasets, namely,
a model-capability gate that only models near 7B parameters and above clears the majority-
class floor; few-shot prompting is non-monotonic; accuracy and reliability are distinct axes;
and a single free model, gemma2:9b (5.4 GB), is the most accurate and among the most
reliable, with no task-specific training. We further propose ensemble agreement gating,
a training-free reliability rule that withholds predictions when several free local models
disagree, raising accuracy on the answered subset (e.g., 0.77 — 0.87 on Paderborn). In a
head-to-head on identical prompts and data, the free local models match a current frontier
model in the settings tested at zero cost and fully offline, and we characterize where such a
training-free local approach is and is not appropriate for resource-constrained operators
of rotating machinery. On the same features, however, a simple supervised baseline such
as logistic regression, and even an untrained physics rule, outperform all eight LLMs, so
we present this as a cautionary benchmark: the contribution of the free local approach is
training-free deployment and a reliability gating rule, not classification accuracy.

Keywords: bearing fault diagnosis; large language models; local LLM; prognostics and
health management; few-shot prompting; edge Al

1. Introduction

Rolling-element bearings are among the most failure-prone components in rotating
machinery, and their unexpected failure is a leading cause of unplanned downtime in
pumps, motors, gearboxes, and turbines. Condition monitoring of these bearings is there-
fore one of the most common and economically important tasks in the prognostics and
health management (PHM) of rotating machinery [1]. The dominant diagnostic signal is
vibration: characteristic defect frequencies such as the ball pass frequencies of the inner
and outer race, the ball spin frequency, and the fundamental train frequency appear in the
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envelope spectrum as a localized fault develops, and a large body of signal-processing and
machine-learning (ML) work has been built on top of these features [2].

Classical data-driven approaches train a supervised model, such as a support vector
machine, a random forest, or a one-dimensional convolutional neural network (CNN), on
labeled vibration data [3]. These methods achieve near-perfect in-distribution accuracy and
remain the state of the art when abundant labeled data are available. However, they carry
two practical costs that are easy to overlook in a laboratory setting: they require labeled
fault data for each machine or operating condition, and they transfer poorly across rigs, so
a model trained on one test bench typically must be retrained, retuned, and revalidated
before it can be trusted on another. For an organization without a dedicated ML team,
standing up and maintaining such a pipeline for every machine is rarely feasible.

More recently, large language models (LLMs) have been applied to fault diagnosis,
and two lines of work have shown that they can reach competitive accuracy. In the
first, LLM agents perform diagnosis by reasoning over extracted signal features within a
scenario-driven, tool-using loop [4]. In the second, a task-specific fine-tuned Qwen2.5 7B
model reaches 96.5% on a motor fault diagnosis benchmark [5]. More broadly, LLMs and
large-scale foundation models are being adopted rapidly across prognostics and health
management [6], with recent work bringing multimodal and spectral-feature LLMs to
bearing fault diagnosis [7], proposing unified health management frameworks for rotating
machinery [8], and developing autonomous LLM agents for predictive maintenance [9].
Both approaches are encouraging, but the systems that succeed do so under conditions that
reintroduce the very barriers classical ML imposes: the agentic route depends on frontier,
paid, cloud-hosted models [4], while the fine-tuning route requires task-specific training on
labeled target data [5]. Each therefore assumes access to either a recurring cloud budget or
a labeled dataset plus the in-house expertise to fine-tune, resources that a small or medium
enterprise (SME) typically lacks. This exposes a clear research gap. On one side, supervised
pipelines need per-machine labeled data and ML staff; on the other, the LLM systems that
work need either a paid cloud model or fine-tuning on labeled data. What remains untested
is the middle ground that is actually attractive to an SME: whether general-purpose, openly
available, locally runnable LLMs, used out-of-the-box with no fine-tuning, no labeling,
and no per-dataset training, can diagnose bearing faults from standard vibration features
accurately enough to be useful, whether the same model and prompt generalize across
different test rigs, and how a practitioner can know when to trust a prediction without
any training signal. To our knowledge, no prior study characterizes free, local LLMs on
this task across multiple datasets or provides a training-free reliability mechanism for
them. For an SME, the frontier-model route is often a nonstarter: recurring per-call cost,
data governance and air-gap requirements, and the absence of in-house ML staff all push
toward a self-hosted, free, offline solution. This motivates the central question of this
paper: which openly available, locally runnable LLMs, if any, are good enough to diagnose
bearing faults from vibration features on commodity hardware, and how reliable are they?
We answer it with a controlled benchmark of eight free, local models (1B-9B parameters)
on three standard datasets: Paderborn [10], CWRU [11], and HUST [12], under a single
fixed, leak-free protocol, with reliability estimated by self-consistency across repeated runs,
adapting the execution-based pass@k idea from code-generation evaluation [13].

Recent work on reliable and data-efficient industrial Al is also relevant to this setting.
Explainable and graph neural networks have been surveyed for process fault detection and
diagnosis [14], adaptive graph neural networks have been combined with Kolmogorov-
Arnold networks for industrial soft sensors [15], and reflective large language model
inference has been explored for few-shot soft sensing under operating-condition drift [16].
For rotating machinery specifically, hybrid model-based schemes for wind turbines combine
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neuro-fuzzy Takagi-Sugeno models with interval observers [17], and structural analysis
has been paired with Gaussian-process interval estimation for fault detection [18]. These
directions are complementary to the present study, which instead asks how far untuned,
locally runnable general-purpose LLMs can go on standard bearing features. Concretely,
the study pursues five objectives: (i) to determine whether, and which, locally runnable
LLMs are accurate enough to be useful for bearing fault diagnosis without any task-specific
training; (ii) to test whether a single model and prompt transfer unchanged across three
independent datasets; (iii) to characterize reliability and derive a trust signal that does not
depend on labeled data; (iv) to situate the free/local approach against both a supervised
baseline and a current frontier model evaluated on identical prompts and data; and (v) to
distill practical deployment guidance, namely a model-size gate, a few-shot prompt budget,
and a reliability threshold, for practitioners.
The main contributions of the paper are listed below:

Training-free, expertise-free diagnosis approach: general-purpose free/local LLMs (1B-
9B) diagnose bearing faults from standard vibration features with no per-dataset training,
labeling, or tuning, removing the ML staff barrier that keeps supervised pipelines out of
reach for SMEs.

Out-of-the-box cross-setup generality: the same model and prompt transfer unchanged
across Paderborn, CWRU, and HUST and remain useful.

Practical deployment guidance: a model-size gate, a few-shot ablation, and a reliability
axis (Pass all 3/self-consistency) that flags which models can be trusted.

A contextual comparison to supervised baselines and to a current frontier model on
identical prompts and data, situating the free/local approach between “needs labeled data
plus ML expertise per machine” and “needs a paid cloud model.”

A training-free reliability method: ensemble agreement gating that combines several free
local models by majority vote and abstains when they disagree, giving a deployable trust
signal (selective prediction) at no additional training or labeling cost.

An honest baseline comparison: on the same features and the same test windows, a
logistic regression, a shallow decision tree, and a random forest all outperform every tested
local LLM, so this paper is a cautionary benchmark whose methodological contribution is
the training-free reliability gating rather than diagnostic accuracy.

2. Datasets and Methods
2.1. Datasets

We evaluate on three widely used, independently collected bearing datasets Pader-
born [10], CWRU [11] and HUST [12] each cast to the same three-class task (Healthy/Outer
race/Inner race). CWRU ball fault records and HUST Ball, combination, and variable-
speed records are excluded so the label space matches exactly. Splits are performed at
the recording (file) level so that windows from one recording never appear in both the
few-shot reference pool and the test set. The LLM test set is a fixed, seeded subset per
dataset (150/150/140 windows for Paderborn/CWRU/HUST). Dataset parameters are
summarized in Table 1. The full held-out test pools after the file-level split contain 542,
240, and 200 windows for Paderborn, CWRU, and HUST. To keep repeated LLM inference
tractable, the LLMs are evaluated on a fixed subset of up to 50 windows per class, drawn
with a fixed random seed independently of any model output: 150 windows for Paderborn
(50/50/50), 150 for CWRU (50/50/50), and 140 for HUST (50/50/40, because the HUST
healthy class has fewer test-pool files). All reported LLM numbers use these subsets.
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Table 1. Datasets, all recast to the same 3-class task (Healthy/Outer/Inner).
Dataset Signal Sample Rate ~ Window Classes  Windows (Ref/Test)
Paderborn (real, N15_MO07_F10) vibration_1 64 kHz 1.0s H/O/1 813/542
CWRU (12k drive-end) DE accel. 12 kHz 1.0s H/O/1 310/240
HUST (constant-speed) X accel. 25.6 kHz 1.0s H/O/1 300/200

2.2. Features

Each window is reduced to a compact, physically interpretable feature vector rendered
as text: time-domain statistics (RMS, kurtosis, crest/impulse/clearance factors, skewness),
spectral summaries, and envelope-spectrum amplitudes at the bearing characteristic de-
fect frequencies (BPFO, BPFI, FTF, BSF and harmonics), computed from each dataset’s
own bearing geometry (Paderborn 6203; CWRU 6205; HUST ER 16K, 9 balls) and shaft
speed. The BPFO-to-BPFI energy ratio cleanly separates the classes on all three datasets
(CWRU means: Healthy 1.15, Inner 0.85, Outer 5.35), confirming the pipeline is physically
correct. The complete feature-generation pipeline and a worked example are provided in
Appendix A.

2.3. Models and Prompt

We test eight models runnable on an 18 GB Apple silicon laptop via Ollama:
llama3.2:1b, gemma?2:2b, qwen2.5:3b, llama3.2:3b, phi3.5, mistral:7b, qwen2.5:7b, and
gemma2:9b (1.3-5.4 GB on disk) [19-24]. A neutral system prompt states textbook bearing
physics only, with no data-derived thresholds, and asks for a single class label with a brief
justification. Few-shot examples (0-5 per class) are drawn from the reference split and
interleaved round-robin to avoid recency bias.

2.4. Protocol and Metrics

We use an execution-based evaluation: a prediction is graded correct only if it is
a valid canonical label and an exact match to the ground-truth class. We report Pass@1
(correct on the first run) and Pass all 3 (correct on all three reruns), adapted from the
execution-based pass@k evaluation of code-generation models [13] together with macro F1.
This follows the execution-based philosophy of the agentic PHM benchmark PHMForge [4],
which grades whether an agent’s output meets task-validation criteria (reported there
as a task-completion rate). We report temperature 0 for the deterministic headline and
temperature 0.7 (three reruns) for reliability, since at temperature 0 the reruns are identical
and Pass all 3 collapses to Pass@1. Temperature 0.7 is available for all three datasets and is
therefore the setting used for every cross-dataset comparison in this paper, whereas the
deterministic temperature 0 headline is reported for Paderborn; because sampling at 0.7
can only match or fall below greedy (temperature 0) accuracy, the temperature 0.7 figures
are conservative. The k-shot ablation covers 0-5 examples per class. Every experiment
is autosaved and resumable. We distinguish the zero-shot and few-shot settings. In the
zero-shot setting, the model receives no labeled examples and the method is fully label-free;
in the k-shot setting, a few labeled reference windows are placed in the prompt, so it is not
label-free. Throughout, training-free means no fine-tuning, no parameter updates, and no
per-machine model training: the few-shot examples are a handful of labeled windows in
the context, not a training set.

2.5. Ensemble Agreement Gating (Proposed Method)

Because an SME must act on predictions it cannot independently verify, we propose
a simple, training-free reliability mechanism that turns disagreement among several free
models into a trust signal. Given M locally runnable models (here M = 3: gemmaZ2:9b,
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gemma2:2b

qwen2.5:3b

1lama3.2:3b

phi3.5:1latest

1lama3.2:1b

qwen2.5:7b, mistral:7b), each labels a window independently; the ensemble returns the
majority label and an agreement level a € {1, ..., M} equal to the size of the winning vote.
Predictions are then gated: windows below an agreement threshold (e.g., not unanimous)
are withheld and routed to a human inspector, producing a selective-prediction (risk—
coverage) trade-off. The rule needs no training and no labels, only additional inference on
the same commodity hardware and is evaluated in Section 3.8.

3. Results
3.1. Headline

The best single configuration is qwen2.5:7b at 4-shot, 0.78 Pass@1/0.78 macro F1 on
Paderborn at temperature 0, on hardware an SME already owns. At temperature 0.7, the
common setting we use for every cross-dataset comparison, the best local model reaches
0.87 Pass@1 on CWRU (gemma2:9b) and 0.70 on HUST (gemma2:9b and mistral:7b); as
noted in the Methods, these temperature 0.7 figures are conservative relative to greedy
decoding. For context, the agentic benchmark PHMForge reports [4] its strongest paid, cloud-
hosted frontier agent reaching 68% overall task completion (73.3% on its fault-classification
scenarios); the tasks are not identical, so we do not treat this as a controlled comparison.
Our like-for-like test against a frontier model on the same data and prompt is reported in
Section 3.9, where the free local models show no accuracy gap. Figures 1 and 2 give the full
Pass@1/Pass all 3 grids.

Local LLMs on Paderborn bearings — 8 models x 0-5 shots (temperature 0.7, 3 reruns/window)

Pass@1 (correct on first try) Pass-all-3 (correct in all 3 reruns)

gemma2:9b

qwen2.5:7b 4

mistral:7b -

qwen2.5:3b
gemma2:2b 0.15 0.33 0.21 0.25 0.37 0.29
1lama3.2:3b 0.21 0.33 0.23 0.21 0.29 0.33
1lama3.2:1b 0.33 0.33 0.33 0.33 0.33 0.31
phi3.5:latest 0.31 0.25 0.39 0.21 0.01 0.01
0-shot 1-shot 2-shot 3-shot 4-shot 5-shot O-S'hot 1-slhot 2-svhot 3-s‘hot 4-s'hot 5-slhot

gemmaz2:9b (highlighted, top row) is the most stable: highest scores AND the smallest Pass@1 - Pass-all-3 drop (0.04). Small models fall much more.

Figure 1. Paderborn: Pass@1 and Pass all 3 across 0-5 shots (temperature 0.7).

CWRU bearings — 8 local LLMs x 0-5 shots (temperature 0.7, 3 reruns/window)

Pass@1 (correct on first try) Pass-all-3 (correct in all 3 reruns)

gemma2:9b
mistral:7b
qwen2.5:7b 4
gemma2:2b
qwen2.5:3b
1lama3.2:3b 0.22
0.02

phi3.5:latest 0.28

0.33 0.33 0.33 1lama3.2:1b 0.33 0.33 0.33 0.33

0-shot 1-shot 2-shot 3-shot 4-shot 5-shot 0-shot 1-shot 2-shot 3-shot 4-shot 5-shot

Same protocol as Paderborn, second dataset. gemmaz2:9b (highlighted) is again the top model and the most stable (Pass@1-Pass-all-3 drop only 0.02)

Figure 2. CWRU: same protocol, second dataset.
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3.2. Per-Class Behavior

Table 2 reports per-class F1 at the 4-shot operating point on Paderborn, and Figure 3
shows representative confusion matrices. Capable models spread their errors between
the two fault classes (Outer/Inner), which share an envelope-spectrum structure, whereas
the collapsed 1lama3.2:1b assigns a single class to every window visually, an all “Healthy”
column, exactly the “consistent but wrong” failure that a single accuracy number hides. The
overlap between the inner- and outer-race signatures is expected, because both produce
periodic impacts whose harmonics fall close together in the envelope spectrum, so a
competent model’s residual error is mostly confusion between the two fault types rather
than a failure to notice a fault at all. By contrast, llama3.2:1b earns a per-class F1 of 0.5 for
Healthy and 0.0 for both fault classes, which confirms that its 0.33 accuracy reflects the
absence of a diagnosis rather than a weak one. Reading performance class by class, rather
than as a single accuracy number, is what separates a genuine diagnosis from a lucky guess.
The capable models are strongest on the Healthy class and weakest on the Inner-race fault:
gemma?2:9b, for example, reaches a per-class F1 of about 0.73 for Healthy, 0.73 for Outer,
and 0.60 for Inner at this operating point.

Table 2. Per-class F1 at 4-shot on Paderborn (temperature 0). H/O/I = Healthy/Outer/Inner.

Model Pass@1 Fly Flp F1;
qwen2.5:7b 0.780 0.79 0.82 0.73
mistral:7b 0.733 0.80 0.68 0.70
gemma2:9b 0.680 0.73 0.73 0.60
qwen2.5:3b 0.493 0.57 0.20 0.59
llama3.2:1b 0.333 0.50 0.00 0.00

Paderborn confusion matrices (temperature 0; rows = true class, 50 windows/class)

qwen2.5:7b (4-shot) gemmaz2:9b (4-shot) llama3.2:1b (0-shot)
Pass@1=0.78, macro-F1=0.78 Pass@1=0.68, macro-F1=0.69 Pass@1=0.33, macro-F1=0.17
Healthy 36 Healthy Healthy 0 0
% Outer 45 % Outer 3 Outer 0 0
= = =

Inner 36 Inner Inner 0 0

< X X < X X

\Ae°\w o o \Aea\“ﬂ o w® \Aeb\‘“\) o o

Predicted Predicted Predicted

Figure 3. Representative Paderborn confusion matrices (temperature 0; rows = true class, 50 win-
dows per class): two capable models versus the collapsed llama3.2:1b, which labels every window
“Healthy”.

3.3. Finding 1: A Model-Capability Gate

The clearest pattern in the results is that model size, not prompt design, decides
whether a model can perform the task at all. Models at roughly 7B parameters and above
rise consistently above the 0.33 majority-class floor (Figure 4); model capability, not prompt
engineering, is the binding constraint. The ~7B models reach a peak Pass@1 of roughly 0.73
to 0.78 on Paderborn, while the 1B and 2B models never move meaningfully off the 0.33
floor no matter how many examples they are shown. The strongest of the smaller models is
qwen2.5:3b, which climbs to about 0.62 at its best; it shows that training quality can partly
offset size, but it stays below the 7B tier and is less steady.
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A model-size gate governs local-LLM diagnosis skill

sub-4 GB: no model clears 0.65
s 0.8 1 (qwen2.5:3b best; rest near floor) quen2.5:7b
g“ mistral:7b
8 gemma2:9b
5 0.7
o
<
- 2.5:3b
qwen2.5:

3 L)
> 0.6
[
S =4 GB: 0.71-0.78
o
@ )
a 0.5 .ph|3.5:latest
—
% llama3.2:3b
© 4
< 0.4 gemmaz2:2b
~
3 llama3.2:1b majority-class floor (0.33)
o Ay S guifp . Ay

0.3 1

1 2 3 4 5 6

Model size on disk (GB)

Figure 4. Peak Pass@1 versus model size on disk.

3.4. Finding 2: Few-Shot Is Non-Monotonic

More context does not translate into better accuracy in a simple, monotonic way.
Accuracy typically rises to a 4-shot sweet spot, then declines (Figure 5); phi3.5 breaks down
entirely at >4-shot on all three datasets. For the two strongest 7B models, the peak sits at
four examples per class (qwen2.5:7b reaches 0.78 and mistral:7b 0.73 on Paderborn) before
longer prompts begin to hurt, while gemma2:9b keeps improving slightly out to five shots.
The phi3.5 failure is the most striking: its valid-output rate falls to about 0.13 at four and
five shots, so it stops returning usable answers rather than merely losing accuracy.

More context helps — until it doesn't (nhon-monotonic)

0.8 A — -

°
N
.

o
o
|

o°
0
A

|- o= - g - —————————— == ®---
:4-shot sweet spot

Pass@1 (temp 0)
o
B

i
w
!

0.2 A
=@ gemmaz2:9b @~ phi3.5:latest
0.1 = qwen2.5:7b ®— gemma2:2b
—&— mistral:7b llama3.2:3b
@®— gwen2.5:3b @~ llama3.2:1b
0.0 T T T T T T
0 1 2 3 4 5

Few-shot examples per class

Figure 5. Pass@1 versus number of few-shot examples per class.

3.5. Finding 3: Accuracy Is Not Reliability

A model that is right on average is not the same as a model that can be trusted on
any single run. At temperature 0.7, self-consistency separates steady from volatile models
(Figure 6). llama3.2:1b appears “consistent” only because it always predicts the same
wrong class. Gemma2:9b is both accurate and steady, agreeing with itself on roughly 87 to
97 percent of windows across repeated runs, while some mid-sized models swing from run
to run even when their average accuracy looks acceptable. This is why we treat reliability as
a second axis and, in Section 3.8, turn agreement across models into an explicit trust signal.

https:/ /doi.org/10.3390/computation14090220


https://doi.org/10.3390/computation14090220

Computation 2026, 14, 220 8 of 16

Reliability # accuracy: only gemma2:9b has both

0.65 A ‘emmaZ:Qb
want: top-right
0.60 A (accurate + steady)
~ 4 wen2.5:7b
o 0.55 istral:7b O
- @
§
+ 0.50 4
9 .qwen2.5:3b
©
o 0.45 1
]
©
a
c
© 0.40 -
= ||nma3€§mmaz;2b consistent BUT
O collapsed to one class
0.35 A1
0.30 A .Dhi3.5:|atest

0.65 0.70 0.75 0.80 0.85 0.90 0.95
Self-consistency @ temp 0.7 (agreement across 3 reruns)

Figure 6. Accuracy versus self-consistency (temperature 0.7).

3.6. Finding 4: One Model Leads on Both Axes, on All Three Datasets

Taken together, the accuracy and reliability axes point to the same model. A single
model, gemma?2:9b, is the most accurate real model on all three datasets and among the
steadiest (smallest or near-smallest Pass@1 — Pass all 3 gap); on HUST, qwen2.5:7b has a
marginally smaller gap (Table 3). Its mean Pass@1 leads on every dataset (about 0.64 on
Paderborn, 0.75 on CWRU, and 0.60 on HUST), and its drop from Pass@1 to the stricter
Pass all 3 metric is small, which is what makes it dependable rather than merely good on
average. That the same 5.4 GB model wins on both axes across three independent test rigs
is the result that matters for an SME, because it removes the need to pick a different model
for each machine.

Table 3. Mean Pass@1 and Pass@1 — Pass all 3 gap (temperature 0.7). A smaller gap indicates a
steadier model; the best Pass@1 per dataset is in bold.

Paderborn CWRU HUST
Model Pass@1 Gap Pass@1 Gap Pass@1 Gap
gemma2:9b 0.643 0.036 0.749 0.020 0.604 0.054
qwen2.5:7b 0.548 0.039 0.629 0.021 0.500 0.038
mistral:7b 0.535 0.061 0.699 0.039 0.549 0.090
qwen2.5:3b 0.468 0.155 0.516 0.116 0.539 0.192

llama3.2:1b (collapsed) 0.331 0.001 0.334 0.002 0.285 0.004

3.7. Cross-Dataset Replication

The strongest evidence that these findings are real, and not an artifact of one test rig,
is that they reappear on two further datasets collected by different groups on different
hardware. All four findings hold on the second and third datasets (Figure 7): the model
ordering is preserved, gemma2:9b is the most accurate real model on all three, phi3.5
collapses at high shots on all three (on HUST its valid-output rate falls below 0.15 at
4-5-shot), and the “consistent but collapsed” trap recurs (on HUST llama3.2:1b predicts
essentially one class: self-consistency 0.99 but Pass@1 0.28). CWRU scores are uniformly
higher (cleaner dataset), and HUST is the hardest of the three, but the patterns, not the
absolute numbers, are what transfer. CWRU confusion matrices are shown in Figure 8.
The absolute accuracies shift with dataset difficulty, but the ordering of the models and
the shape of every finding are preserved. For a practitioner, this is the reassuring part: the
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True

same model and the same prompt carry from one machine to another without re-tuning.
The absolute accuracies differ across the three datasets because they differ in sensor and
mounting, sampling rate (64 kHz for Paderborn, 12 kHz for CWRU, and 25.6 kHz for HUST),
bearing geometry, and operating condition, all of which change the envelope-spectrum
features. What replicates is the ordering of the models and the shape of each finding,
which is dataset-level replication rather than machine-identity-level or field-condition
generalization; we do not claim the latter.

Findings replicate on a second dataset (Paderborn - CWRU)

Accuracy: same ordering on both datasets Stability: g 2:9b steadiest on both
0.16
0.8 B Paderborn mmm Paderborn
W CWRU 0.144 W CWRU
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o
'

o
N

°
-

o
o
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Figure 7. Findings replicate on a second dataset (Paderborn — CWRU).

CWRU confusion matrices (counts; rows = true class)
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s Outer - g Y 0
= =
Inner 4 0 0
Inner Hea‘lthy Oulter Inner Healthy Oulter Inrl|er
Predicted Predicted

Predicted

Figure 8. Representative CWRU confusion matrices (counts; rows are the true class).

3.8. Ensemble Agreement Gating: A Training-Free Reliability Method

Table 4 and Figure 9 evaluate the gating rule (Section 2.5) at 4-shot on all three datasets.
Majority voting alone does not beat the best single model (Paderborn 0.767 vote vs. 0.767
best single; CWRU 0.827 vs. 0.853), so we claim no accuracy gain from voting. The agreement
level, however, is a strong trust signal: keeping only windows where all three models agree
raises accuracy on the answered subset on every dataset: Paderborn 0.77—0.87 (60%
coverage), CWRU 0.83—0.86 (59%), and HUST 0.56—0.70 (21%). An operator can therefore
auto-accept the high-agreement majority and flag the remainder for inspection, using only
free local models and no labels, directly addressing the “which predictions can I trust?”
question an SME faces in deployment.
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Table 4. Ensemble agreement gating at 4-shot (temperature 0.7) over three models (gemma2:9b,
qwen2.5:7b, mistral:7b). “Gated” keeps only windows where all three models agree.

Dataset Best Single =~ Majority Vote  Gated Acc. (3/3) Coverage
Paderborn 0.767 0.767 0.867 0.60
CWRU 0.853 0.827 0.864 0.59
HUST 0.664 0.564 0.700 0.21

Ensemble-agreement gating (3 free local models, 4-shot):
abstaining where models disagree raises accuracy on the answered subset

1.0
0.87 0.86
@60% cov @59% cov
0.83
0.8 1 0.77 0.70
@21% cov

> 0.6 1 0.56
9
©
~
=]
v
<

0.4

0.2 1

All windows (100% coverage)
B Gated: keep only where 3 models agree
0.0 - f
Paderborn CWRU HUST

Figure 9. Ensemble agreement gating: abstaining on windows where three free models disagree
raises accuracy on the answered subset across all three datasets (coverage annotated).

To characterize the full selective-prediction trade-off rather than a single operating
point, Table 4 should be read together with the following risk—coverage behavior. As the
agreement threshold increases, coverage falls but accuracy on the retained windows rises
and the selective risk falls: on Paderborn, accuracy is 0.72 at full coverage, 0.78 when at least
two of three models agree (0.91 coverage), and 0.87 at unanimous agreement (0.60 coverage);
on CWRU, 0.81, 0.82, and 0.86 (coverage 1.00, 0.99, 0.59); and on HUST, 0.56, 0.59, and
0.70 (coverage 1.00, 0.91, 0.21). The rejected windows are markedly less accurate than the
retained ones; for example, 0.14 on the Paderborn windows where all three models disagree,
which is the behavior a useful gate should show. The HUST unanimous point reaches 0.70
accuracy only at 0.21 coverage, meaning the rule abstains on about four windows in five; we
regard this as a marginal operating point rather than a practical gain, whereas Paderborn
and CWRU retain about 60 percent of windows with a clear accuracy improvement. Cross-
model agreement therefore predicts correctness. Single-model self-consistency, by contrast,
does not on its own: across all model-and-shot cells its correlation with accuracy is near
zero, and a collapsed model such as llama3.2:1b is almost perfectly self-consistent while
sitting at the majority-class floor, which is why the gate combines several different models
rather than repeated runs of one model. Self-consistency is defined as the fraction of test
windows on which all three temperature 0.7 reruns return the same label, and the headline
numbers are reported with bootstrap 95% confidence intervals. We also note a limitation
of this gating analysis: the three models used for the ensemble (gemma2:9b, qwen2.5:7b,
and mistral:7b) are the three most accurate models in Table 3, so the agreement signal is
measured among already-strong models. Agreement among models selected for accuracy
is not by itself evidence that inter-model agreement is a universal trust signal, and a fully
model-agnostic ensemble would be a stronger test of that claim.
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3.9. Head-to-Head Against a Frontier Model

To test whether paying for a frontier model buys better diagnosis, we ran a current
frontier model (Claude Sonnet) through the identical prompt, features, test windows, and
grading. Any difference is therefore model quality, not prompting. The free local models
match it in the settings we evaluated (Table 5, Figure 10).

Table 5. Frontier versus best free/local model, identical prompt and data (Pass@1). The HUST row is
the 0-shot comparison.

Setting Frontier (Claude Sonnet) Best Free/Local

Paderborn 0-shot 0.540 0.540 (gemma2:9b)
Paderborn 4-shot 0.760 0.767 (qwen2.5:7b)
CWRU 0-shot 0.493 0.553 (gemma2:9b)
CWRU 4-shot 0.827 0.853 (qwen2.5:7b)
HUST 0-shot 0.479 0.521 (gemma2:9b)

Free local LLMs match a frontier model on identical prompts & data

Pass@1

I Frontier: claude-sonnet-5 (paid, cloud)
B Best free/local LLM (this work, $0, offline) 0.85

0.76

Paderborn Paderborn CWRU CWRU
0-shot 4-shot 0-shot 4-shot

Same features, same prompt, same test windows, same execution-based grading. Frontier is paid/cloud; local runs free & offline.

Figure 10. A paid frontier model confers no accuracy advantage over free, local models on this task.

For reproducibility, the frontier model is claude-sonnet-5, accessed on 1 August 2026,
queried at temperature 0 with a 512-token limit and a single response per window, using
the identical system prompt, feature text, test windows, and grading as the local models.
The comparison covers only the settings listed in Table 5 (Paderborn and CWRU at 0 and
4 shots, HUST at 0 shots); we restrict the claim to these settings and note that the closest
values, frontier 0.76 against local 0.767 on Paderborn at four shots, lie within the bootstrap
confidence interval and are therefore not distinguishable. The frontier comparison is a
targeted control rather than an exhaustive grid: its only purpose is to test whether a
paid model buys an accuracy advantage. The zero-shot setting, which is the label-free
headline of this study, is reported for all three datasets, and the four-shot cell is added
for the two datasets where we probe the strongest local operating point. On HUST, the
best free local model already matches or exceeds the frontier at zero-shot (0.52 versus 0.48),
so the no-advantage conclusion holds for HUST without the four-shot cell; across every
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evaluated setting, the frontier never exceeds the best local model, and the claim is limited
to those settings.

3.10. What the Training-Free Approach Replaces

The value of an off-the-shelf, training-free method is clearest against the alterna-
tives an SME would otherwise face (Table 6). Supervised pipelines reach near-ceiling
in-distribution accuracy on the identical features (random forest 0.998 Paderborn/0.958
CWRU; our prior raw-signal CNN 0.993), but only after a per-machine cycle of data col-
lection, labeling, training, and validation by ML staff, and they do not transfer; the CNN
collapses to 0.29-0.40 on unseen rigs (Figure 11). Fine-tuned LLMs [5] reach ~96.5% but
require LoORA /QLoRA fine-tuning on labeled target data (ML expertise and compute per
setup). Frontier LLM agents [4] (best ~68% task completion with a paid cloud model)
require a paid, cloud-hosted model. The off-the-shelf free/local approach requires none of
these: no labeled data, no training, no ML staff, no cloud, and the same model and prompt
work unchanged across all three datasets.

Table 6. What each approach demands of an SME.

Approach Labeled Data Per-Machine Training ML Expertise =~ Cloud Cross-Dataset
Supervised classifier required required required no retrain each time
Frontier LLM agent none none low required yes
Free/local LLM (this work) none none none no yes, unchanged

The accessibility trade-off: trained accuracy vs. training-free portability

Ceiling: a trained CNN is far higher Robustness: the trained CNN collapses off its rig

99%

1.0 1.0

0.8

4
©

peak 72%

64%

0.6

o
o

0.4

o
IS

Accuracy (in-distribution, Paderborn)
Accuracy on an unseen rig

o
N

0.0 0.0- T T T
Supervised CNN Local LLM gemma2:9b Paderborn KAIST'24 vIT'24 HUST24

(trained per dataset) (no training) (source)

CNN numbers = our prior supervised work (Paderborn 99.3% in-distribution; 28-40% zero-shot on 3 external rigs). The training-free LLM never sees labels yet holds ~75% across an entirely different dataset

Figure 11. Trained accuracy versus training-free portability: the supervised CNN is accurate in
distribution but collapses off its rig.

3.11. Comparison with Simple Baselines on the Same Features

A central question, raised by the reviewers, is whether the diagnostic signal comes
from the language model’s reasoning or from the engineered features themselves. To
separate the two, we trained standard classifiers on the same feature text and evaluated
them on the identical test windows used for the LLMs, with the trained models fitted only
on the disjoint reference split. Table 7 reports the results. A logistic regression, a shallow
(depth-2) decision tree, and a random forest all substantially outperform every local LLM,
and even an untrained rule based only on the BPFO-to-BPFI energy ratio exceeds the best
local model on two of the three datasets. Using its strongest few-shot setting, the best
local LLM reaches 0.78, 0.87, and 0.70, which still sit below the trained baselines on all
three datasets; the gaps exceed the bootstrap 95% confidence intervals. This shows that

https://doi.org/10.3390 /computation14090220


https://doi.org/10.3390/computation14090220

Computation 2026, 14, 220

13 of 16

on these separable hand-crafted features the discriminative work is done largely by the
features, and that a simple supervised model is the better choice when the features and a
few labels are available. We therefore present this study as a benchmark and cautionary
result rather than a claim that local LLMs are competitive classifiers; the value of the free
local approach lies in requiring no machine-learning pipeline and in the reliability gating
of Section 3.8, not in accuracy. We also note that computing the envelope spectrum and the
characteristic-defect-frequency features itself requires signal-processing expertise, which
every method compared here shares, so the free local route removes the machine-learning
pipeline rather than all expertise.

Table 7. Simple baselines versus the local LLMs on the identical feature text and test windows
(accuracy). Trained baselines are fitted on the labeled reference split; the physics rule and the LLMs
use no labels. Bootstrap 95% confidence intervals are reported in the text.

Method Paderborn CWRU HUST Labels
Logistic regression 0.97 1.00 0.99 yes
Decision tree (depth 2) 0.83 091 0.96 yes
Random forest 1.00 0.97 0.99 yes
Physics BPFO/BPFI rule 0.74 0.81 0.46 no
Best local LLM (few-shot) 0.78 0.87 0.70 no
Best local LLM (zero-shot) 0.55 0.55 0.52 no

4. Discussion

For an SME that cannot label data, retrain per machine, or hire ML staff, a single 5.4 GB
general-purpose model (gemma?2:9b) delivers roughly 0.7-0.87 accuracy with quantified
reliability, offline and free, and the identical setup works on two further datasets with no
changes. This is the core claim: useful bearing diagnosis without a per-setup Al project.
A supervised classifier remains superior when abundant labeled data and ML expertise are
available exactly the resources an SME lacks. The size gate gives a deployment guideline
(target >7B parameters), the few-shot ablation a sensible prompt length (~2-4 examples per
class), and the reliability axis warns against trusting small “self-consistent” models. That a
paid frontier model confers no accuracy advantage on this feature-based task removes the
last practical reason to incur cloud cost or send data off-site. We now qualify this: on the
same features, a simple supervised baseline outperforms the local models (Section 3.11),
so the free local approach is attractive only where labeled data and machine-learning staff
are genuinely unavailable, and its contribution is the training-free setup and the reliability
gating rather than accuracy.

Construct validity. The models classify hand-crafted features rather than the raw signal,
so the results reflect the feature set as much as the model; execution-based exact-match
grading also credits only the final label, not the (sometimes partially correct) justification.
Internal validity. The LLM evaluation uses a single seed and 50 windows per class, so abso-
lute numbers carry sampling noise; reliability is estimated from three reruns at temperature
0.7. Splits are made at the recording level; the zero-shot setting is leak-free by construc-
tion, and few-shot exemplars are drawn from disjoint recordings, but we do not claim
bearing-identity-level generalization, a known confound in supervised bearing studies.
External validity. We cover three public datasets, a three-class task (Ball faults excluded
for label parity), and laboratory test-rig data rather than field deployments; both the local
models and the frontier baseline (Claude Sonnet) are specific versioned checkpoints, so
exact numbers may drift as models are updated. Reproducibility. Every configuration is
autosaved, and the code is public, but the frontier comparison depends on a hosted model
that may change over time.
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5. Conclusions

This study set out to determine whether general-purpose, openly available LLMs that
run locally on commodity hardware can diagnose bearing faults from vibration features
without any task-specific training, and how far such a solution can be trusted. Across
three standard datasets, Paderborn, CWRU, and HUST, evaluated under a single fixed,
leak-free protocol, the answer is that small, free, local LLMs can indeed diagnose bearing
faults, though less accurately than a simple supervised baseline on the same features.
A single 5.4 GB general-purpose model, gemma2:9b, emerged as a clear best choice: it
delivered roughly 0.70-0.87 accuracy with quantified reliability, offline and at no cost,
and the identical model and prompt worked on all three datasets with no changes. This
supports the core claim of the paper, that useful bearing diagnosis is achievable without
a per-machine labeling, training, or fine-tuning project. As Section 3.11 shows, a simple
supervised classifier on the same features is more accurate, so the contribution of this work
is the honest cross-dataset benchmark and the training-free reliability gating rather than a
claim that local LLMs are competitive classifiers.

Beyond the headline result, the benchmark yields concrete deployment guidance. A
model-size gate indicates that capability tended to rise around the 7B mark for the models
we tested, so practitioners should consider models of at least this size, while noting that
architecture and training also matter; a few-shot ablation shows that a small number of
examples per class, roughly two to four, is sufficient and that adding more is not reliably
beneficial; and a reliability axis based on self-consistency warns against trusting small
models that merely appear confident. We further found that a current paid frontier model
confers no accuracy advantage on this feature-based task, which removes the last practical
reason for an SME to incur cloud cost or send data off-site. The paper’s methodological
contribution is ensemble agreement gating: a training-free rule that combines several free,
local models by majority vote and abstains when they disagree, turning the reliability
axis into a deployable selective-prediction mechanism. It flags low-confidence cases for
human review and raises accuracy on the predictions it retains, at no additional training or
labeling cost. These results are naturally bounded by the study’s scope. The models classify
hand-crafted features rather than raw signals; the evaluation uses laboratory test-rig data
and a three-class task rather than field deployments; and both the local models and the
frontier baseline are specific versioned checkpoints, so exact numbers may shift as models
are updated. These considerations qualify the magnitude of the reported numbers rather
than the central finding, which holds consistently across three independent datasets. The
most promising direction for future work is an agentic variant: giving the capable 7B-class
models actual tools, namely feature extraction and envelope-spectrum analysis, inside a
reasoning loop, producing a true local counterpart to agentic PHM benchmarking. Such a
system would be informative under either outcome and would extend the present training-
free, offline approach from feature classification toward more autonomous diagnosis.
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Abbreviations
The following abbreviations are used in this manuscript:
BPFI Ball pass frequency, inner race

BPFO  Ball pass frequency, outer race
BSF Ball spin frequency

CNN Convolutional neural network
CWRU Case Western Reserve University (bearing dataset)
FTF Fundamental train frequency

HUST  Huazhong University of Science and Technology (bearing dataset)
LLM Large language model

ML Machine learning

PHM Prognostics and health management
RMS Root mean square

SME Small or medium enterprise

SVM Support vector machine

Appendix A. Feature Extraction Pipeline and Example

Every one-second window is processed identically for all three datasets. Time-
domain features are RMS = sqrt(mean(xz)), peak-to-peak = max(x) — min(x), crest factor
= peak/RMS, shape factor = RMS/mean(|x|), impulse factor = peak/mean(|x1), clear-
ance factor = peak/(mean(sqrt( | x| )))?, and kurtosis and skewness (the fourth and third
standardized moments of x). The envelope spectrum is obtained by band-pass filtering
with a fourth-order Butterworth filter between 1 and 5 kHz, taking the magnitude of
the Hilbert analytic signal, removing its mean, and applying a real FFT; the amplitude
at a characteristic frequency is the peak within a plus or minus 3 Hz band around that
frequency and its first three harmonics, with bpfo_energy and bpfi_energy summing the
first three BPFO and BPFI harmonics and bpfo_to_bpfi_ratio their ratio. The character-
istic frequencies are BPFO = (n/2)(1 — (d/D)cos f) fr, BPFI = (n/2)(1 + (d/D)cos f) fr,
FTF = (1/2)(1 — (d/D)cos f) fr, and BSF = (D/2d)(1 — ((d/D)cos f)?) fr, with n balls, ball
diameter d, pitch diameter D, contact angle f, and shaft frequency fr (Paderborn 6203, n =8,
d =6.75mm, D =28.5 mm, f = 0; CWRU 6205, n = 9; HUST ER-16K, n = 9). The 21 features
are supplied in this order, to three decimal places: rms, peak_to_peak, crest_factor, kur-
tosis, skewness, impulse_factor, clearance_factor, spectral_centroid_hz, spectral_entropy,
shaft_freq_hz, bpfo_hz, bpfi_hz, env_bpfo_1x, env_bpfo_2x, env_bpfo_3x, bpfo_energy,
env_bpfi_1x, env_bpfi_2x, env_bpfi_3x, bpfi_energy, bpfo_to_bpfi_ratio. Ollama model
tags can change over time, so the exact tags and pull dates are recorded with the released
code. One complete example of the feature text for an outer-race window (each feature is on
its own line in the prompt, shown here separated by semicolons): rms: 0.482; peak_to_peak:
5.112; crest_factor: 6.058; kurtosis: 5.414; skewness: —0.456; impulse_factor: 8.212; clear-
ance_factor: 10.060; spectral_centroid_hz: 8317.410; spectral_entropy: 0.917; shaft_freq_hz:
24.997; bpfo_hz: 76.306; bpfi_hz: 123.668; env_bpfo_1x: 8184.375; env_bpfo_2x: 4202.570;
env_bpfo_3x: 1985.647; bpfo_energy: 14372.591; env_bpfi_1x: 917.545; env_bpfi_2x: 986.856;
env_bpfi_3x: 1129.068; bpfi_energy: 3033.470; bpfo_to_bpfi_ratio: 4.738.
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