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Abstract—Few-shot learning (FSL) models for bearing fault
diagnosis often require meta-training on dedicated datasets and
are limited by the scarcity of fault data in real industrial
scenarios. Multimodal Large Language Models (MLLMs) offer
an alternative, enabling few-shot classification via prompting on
time—frequency images of vibration signals. This work studies
medium-to-large bearings tested on a dedicated test rig and
analyzes (i) when MLLM performance is statistically superior
to a Prototypical Network FSL baseline, and (ii) how prompt
design affects few-shot classification.

On a 4-way task with Continuous Wavelet Transform (CWT)
images and 1-, 5-, and 10-shot configurations, we perform
multiple repetitions and compare models using independent two-
sample ¢-tests and effect sizes defined by Cohen’s d. At a fixed
rotation speed, advanced MLLMs significantly outperform the
FSL baseline, whereas Prototypical Networks remain competitive
under variable speeds. The prompt study shows that more
verbose templates do not bring benefits. The concise prompt gen-
erally matches or outperforms the detailed one, which can even
degrade performance. Overall, concise prompts are sufficient and
often preferable, and MLLMs emerge as an effective complement
to conventional FSL approaches in realistic industrial scenarios.

Index Terms—Few-shot learning, multimodal large language
models (LLM), bearing fault diagnosis, prototypical networks,
prompt engineering, vibration analysis

I. INTRODUCTION

Fault diagnosis in rolling bearings is a key element of con-
dition monitoring for rotating machines, as these components
are often the cause of sudden shutdowns and costly plant
downtime [1]-[3]. Machine learning (ML) methods can extract
complex patterns from vibration signals and time—frequency
representations, achieving high performance in various sce-
narios [4]-[7]. However, in industrial practice labeled failure
data are typically scarce, heterogeneous, and collected under
different operating conditions.

Few-Shot Learning (FSL) [8], [9] addresses these issues
by learning new tasks from a few observations per class,
often via episodic meta-learning and similarity metrics. Many
recent works extend FSL to fault diagnosis in bearings and
rotating machines, with variants based on meta-learning, multi-
scale prototypical networks, relation networks, and contrastive
schemes [10]-[17]. In parallel, modern architectures such as

Vision Transformers, state-space models, and Kolmogorov—
Arnold Networks have been explored to improve generaliza-
tion and interpretability [18]-[22].

However, most studies, rely on small bearing benchmarks at
constant speeds [23], while heavy industrial applications (e.g.,
rolling or paper mills) require models that handle medium-to-
large bearings under varying radial and axial loads [24], [25].
Meta-training-based FSL approaches also depend on domain-
specific ground-truth datasets, which limits flexibility when
data are fragmented or decentralized, such as in federated
settings [26], [27].

Large Language Models (LLMs) and Multimodal Large
Language Models (MLLMs) show strong in-context learn-
ing abilities, solving new tasks from a few examples in
the prompt, without further training [28]-[30]. Recent works
explore language and vision—language models for mechanical
diagnostics, both with textual pipelines and starting from time—
frequency images [31]-[36]. Using pre-trained MLLMs as
generic backbones for few-shot diagnosis directly on CWT
representations is thus appealing, but several questions remain
open.

In particular, there is a lack of studies that quantify:

1) when pre-trained MLLMs are statistically superior to a
robust FSL baseline;

2) how prompt design (concise instructions vs. detailed
defect descriptions) affects few-shot classification in
realistic industrial scenarios.

We address these points on a medium-to-large spherical
bearing test rig with independent radial and axial loads and
a systematic vibration dataset with four conditions and ten
speeds [24], [37]-[39]. We consider a 4-way K-shot protocol
on CWT images, comparing proprietary MLLMs with a Pro-
totypical Network with Swin Transformer backbone, in both
heterogeneous (all speeds mixed) and homogeneous (single
speed) regimes. Two-sample t-tests and effect sizes quantify
differences and the impact of concise vs. detailed prompts.
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Fig. 1: Test rig for medium-to-large bearings. (a) External view
of the structure with motor and shaft line. (b) Detail of the
bearing housing and accelerometer positions.

II. TEST RIG, DATASET, AND FEW-SHOT PROTOCOL

A. Test Rig and Data Acquisition

The experiments were conducted on a test rig for medium-
to-large bearings at Politecnico di Torino [39], [40]. The rig
consists of a self-supporting frame with a shaft driven by a
three-phase asynchronous motor and a hydraulic system that
applies independently controlled radial and axial loads (Fig. 1).

The bearing under investigation is an SKF® 22240
CCK/W33 spherical roller bearing, instrumented via piezo-
electric accelerometers mounted on the housing. Acceleration
signals are acquired at 20.48 kHz. Four operating conditions
are considered:

o H: healthy bearing;

o IR: defect on the inner race;

¢ OR: defect on the outer race;
o B: defect on a rolling element.

Defects are introduced by material removal, with geometry
consistent with standard bearing fault datasets. A single load
case is analyzed (124.8 kN radial load, zero axial load), while
the rotational speed takes ten nominal values: 127, 227, 353,
457, 523, 607, 727, 877, 937, and 997 rpm. For each speed
and condition, 30 s of data are recorded.

B. Dataset Construction and Time—Frequency Representation

Each 30 s recording is divided into 50 overlapping segments
of duration T = 0.8 s (50% overlap). A standard pre-
processing chain is applied to each segment. Namely, mean
removal and normalization, bandpass filtering in the 1.4—
2.8 kHz band, envelope extraction, and computation of a time—
frequency representation via a Morse wavelet with 24 voices
per octave. The magnitude of the CWT is mapped to 300 x 300
pixel grayscale images, compatible with the considered vision
backbones.

Combining all speeds and conditions (H, IR, OR, B) yields
8000 CWT images, 2000 per class. Example scalograms at
607 rpm are shown in Fig. 2; differences in impulsive and
modulated high-frequency components provide discriminative
information.

(a) H (b) IR

(c) OR

(d B

Fig. 2: Examples of CWT scalograms for conditions H, IR,
OR, and B (607 rpm, 124.8 kN radial load).

C. Few-Shot Task Definition

The problem is formulated as a 4-class few-shot task with
label set C = {H,IR,OR,B}. For a given K € {1,5,10},
each N-way K-shot episode (N = 4) consists of:

o a Support Set with K labeled examples per class;

e a Query Set with one sample per class to be classified.

Support and Query samples are drawn without overlap. For
each configuration (value of K, model, prompt strategy), mul-
tiple independent episodes are generated to estimate accuracy
and its variability. Two operating regimes are considered:

o all-speeds: Support and Query sets are sampled over the
full speed range (127-997 rpm), inducing strong intra-
class heterogeneity;

o single-speed: Support and Query sets are restricted to
607 rpm, yielding a more homogeneous scenario.

III. MODELS AND PROMPTING STRATEGIES
A. Prototypical Baseline with Swin Transformer

As a conventional FSL baseline, we use a Prototypical
Network classifier [41] with a Swin Transformer visual back-
bone pre-trained on ImageNet. The backbone is used as a
frozen feature extractor. Then, given a CWT image, the model
computes a fixed-dimensional embedding. For each class,
a prototype is obtained as the mean embedding of its K
support examples, and query samples are classified by nearest
prototype in Euclidean distance.

No meta-training is performed on the fault domain. The
Swin backbone is fixed and the classifier is fully defined by
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Fig. 3: Few-shot framework. (a) 4-way K -shot episode based
on CWT images for conditions H, IR, OR, and B. (b) In-
teraction with the MLLM via a structured prompt containing
Support Set and query image.

the episode-specific Support sets. This mirrors the constraint
imposed on MLLMs, which are not fine-tuned on the diag-
nostic dataset.

B. Multimodal Large Language Models

The MLLM counterpart consists of four generative multi-
modal models that process text and images jointly:

o GPT-40;

e Claude 4.5 Haiku;

o Claude 4.5 Sonnet.

CWT images are provided as visual input via the multi-
modal APIs, and few-shot classification is handled through
in-context learning. To ensure a controlled comparison with
the prototypical baseline:
o all MLLMs are used with temperature set to zero;
o« CWT images are resized to the API-required resolution
(aspect ratio preserved), without additional augmentation;

« for each episode, the same Support Set and Query sam-
ple are used for both the Prototypical Network and all
MLLMs.

The task is always a 4-way problem (H, IR, OR, B) in 1-,
5-, and 10-shot settings. The overall few-shot framework is
illustrated in Fig. 3.

C. Prompting Strategies: Concise vs. Detailed

Each episode is repeated under two prompting conditions:

o Concise prompt provides a minimal instruction and
defines the model as a machine diagnosis assistant, lists
the four classes (H, IR, OR, B), and requires that only
the class code is returned.

o Detailed prompt provides a more verbose instruction
and frames the model as an advanced Al specialized in
interpreting CWT images, with richer task description and
redundant reminders of the required output format.

In both cases, the context is constructed identically. Namely,
a sequence of support examples per class (short sentence
plus CWT image), a message introducing the Query image,
and a final instruction to respond with only the class code
in {H, IR, OR, B}. The only difference between the two
prompts is the verbosity of the initial instruction; episode
structure, class set, and output constraints remain identical.
For reproducibility and to clarify the exact difference between
the two prompting conditions, the verbatim initial instruction
prompts are reported in Appendix A.

IV. STATISTICAL ANALYSIS METHODOLOGY

For each configuration (model, K-shot setting, operating
scenario), we run R = 10 independent few-shot episodes
with new random Support and Query sets, and report mean
accuracy with 95% confidence intervals (Cls). Precision, re-
call, and Fl-score show trends consistent with accuracy and
are omitted for brevity, given the use of a balanced dataset.
While R = 10 is sufficient to provide an initial estimate
of central tendency and variability across randomly sampled
episodes, we acknowledge that this sample size limits the
statistical power of pairwise significance tests and the stability
of effect-size estimates. Therefore, inferential comparisons
should be interpreted as exploratory, and future analyses will
benefit from a larger number of episodes to increase statistical
sensitivity and robustness.

Statistical significance is assessed via independent two-
sample ¢-tests at significance level o = 0.05, applied to the
accuracy distributions when comparing (i) each MLLM against
the Prototypical-Swin baseline and (ii) concise versus detailed
prompts. Effect sizes are quantified by Cohen’s d.

Cohen’s d is a standardized effect size measure that quan-
tifies the magnitude of the difference between two groups,
expressing the distance between the means in units of standard
deviation. For two independent samples, it is defined as
d = (1 — T2)/sp, where Z; and Ty are the sample means
and s, is the combined standard deviation of the two groups.
Unlike the p-value, which provides information on statistical
significance, Cohen’s d provides an estimate of the practical
relevance of the effect. Typically considered reference values
are d ~ 0.2 (small), d =~ 0.5 (medium), and d ~ 0.8 (large),
although this depends on the application context.

A. Volcano Plots

To jointly visualize statistical significance and effect size
over all configurations, we use volcano plots (Fig. 4). Each
point corresponds to a specific combination of model, K-
shot setting, and operating scenario; the horizontal axis reports
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(b) Detailed vs. concise prompts.

Fig. 4: Volcano plots of Cohen’s d versus —log,,(p) for
all configurations. Points above the p = 0.05 threshold
correspond to statistically significant differences.

Cohen’s d, and the vertical axis reports — log,,(p), where p
is the t-test p-value.

In Fig. 4a, d > 0 indicates that the MLLM outperforms
the Prototypical-Swin baseline on average, whereas d < 0
indicates the opposite. In Fig. 4b, d > 0 corresponds to better
performance with the detailed prompt and d < 0 to better
performance with the concise prompt. The horizontal line
marks the threshold p = 0.05; points above this line denote
statistically significant differences.

V. EXPERIMENTAL RESULTS AND DISCUSSION

We now discuss the results obtained with the protocol in
Section II and the analysis in Section IV, focusing on (i) when
MLLMs outperform the Prototypical-Swin baseline and (ii)
how the choice of prompt affects few-shot performance.

A. MLLM vs. Prototypical-Swin Comparison

Fig. 5 reports the average accuracy (with 95% CIs) for all
models and K € {1,5,10} in the all-speeds and 607 rpm
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(b) Single-speed scenario (607 rpm).

Fig. 5: Comparison between MLLMs and the Prototypical—
Swin baseline in the 4-way K -shot configuration. Bars show
mean accuracy over R repetitions with 95% Cls; asterisks
denote statistically significant differences from the baseline
(p < 0.05).

scenarios. In the all-speeds case (Fig. 5a), where episodes mix
all ten spin speeds, the Prototypical-Swin baseline remains
competitive. For 1-shot it is among the best models, and con-
fidence intervals overlap with most MLLMs. Asterisks mark
configurations where the ¢-tests detect a significant difference
from the baseline. In these cases, the corresponding effect
sizes are generally small or moderate, indicating no systematic,
large advantage for MLLMs under strong operating variability.

In the single-speed case at 607 rpm (Fig. 5b), intra-class
variability due to speed is reduced and the picture changes.
The best MLLMs achieve accuracies close to 100% for all
K, with narrow CIs, while the Prototypical-Swin baseline
reaches lower and more variable accuracy. Here, several con-
figurations show statistically significant improvements over the
baseline with medium-to-large effect sizes. Under relatively
homogeneous operating conditions, MLLMs thus exploit the
CWT information more effectively than the Prototypical-Swin
reference in the few-shot regime.

B. Impact of Prompt Design on MLLMs

Fig. 6 compares concise and detailed prompts for the same
MLLMs, in both all-speeds and 607 rpm scenarios and for
K € {1,5,10}. In many configurations, the bars and CIs
overlap and the ¢-tests do not indicate significant differences,
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Fig. 6: Comparison between concise and detailed prompts
for the considered MLLMs. Bars show mean accuracy with
95% Cls; asterisks indicate statistically significant differences
between prompts (p < 0.05).

suggesting that prompt choice often has limited impact on
accuracy.

When the difference is significant (p < 0.05), the trend
generally favors the concise prompt. The detailed variant tends
to yield similar or slightly lower accuracy, and only rarely
provides a benefit. In this setup, increasing verbosity and
textual complexity in the initial instructions does not improve
few-shot performance and can even slightly reduce robustness.

Overall, Figs. 4 to 6 indicate that:

o In the all-speeds scenario, the Prototypical-Swin baseline
remains a strong benchmark and MLLMs provide only
limited gains. In the five configurations, where differences
are statistically significant, MLLMs are on average 26.0%
less accurate than the baseline.

« In the single-speed (607 rpm) scenario, advanced MLLMs
clearly outperform the baseline, achieving near-perfect
accuracy with narrow Cls and large effect sizes across all
K -shot settings. In the 22 statistically significant compar-
isons, MLLMs are on average 27.7% more accurate than
Prototypical-Swin.

o Regarding prompt design, the concise prompt is at least
competitive and often preferable to the detailed one; no
systematic advantage of longer descriptions is observed.
Only one configuration reaches statistical significance,
where at fixed speed Claude 4.5 Haiku performs about

15% worse with the detailed prompt than with the concise
one.

From an application perspective, MLLMs are particularly
attractive for few-shot diagnosis when operation can be seg-
mented into relatively homogeneous regimes, whereas in
highly heterogeneous conditions a lightweight model such as
Prototypical-Swin remains a robust and easy-to-implement
option. Simple, standardized prompts are sufficient to exploit
MLLM capabilities in this context, and excessive prompt
engineering does not appear necessary.

VI. CONCLUSIONS AND FUTURE WORK

This work investigated Multimodal Large Language Models
for few-shot fault diagnosis of medium-to-large bearings, using
CWT images acquired on a test rig designed for medium-
sized rolling bearings. We compared several MLLMs against
a Few-Shot Learning baseline based on Prototypical Networks
with a Swin Transformer backbone, and assessed the impact
of concise versus detailed prompts.

When few-shot episodes aggregate all rotational speeds,
strong intra-class heterogeneity makes the Prototypical-Swin
baseline competitive. In a single-speed regime (607 rpm),
instead, advanced MLLMs reach very high accuracy for all K
and significantly outperform the baseline, showing that multi-
modal pre-training can be effectively transferred to industrial
diagnosis without episodic meta-training. Prompt design has a
limited influence. Namely, concise prompts are generally suffi-
cient and sometimes preferable, while more verbose templates
do not yield systematic benefits.

Future work will focus on: (i) extending the analysis to
varying loads, additional fault types, and other rotating ma-
chines; (ii) exploring more complex few-shot protocols and
aggregation strategies across operating regimes; (iii) studying
hybrid schemes that couple specialized feature extractors with
MLLMs, including distributed or federated deployments; and
(iv) performing ablation studies on the adopted time—frequency
representation, by analyzing the sensitivity to CWT parameter
choices and benchmarking against alternatives such as STFT.

APPENDIX A
VERBATIM PROMPTS USED IN THE MLLM EXPERIMENTS

As discussed in Section III, the concise and detailed prompt-
ing strategies differ only in the verbosity of the initial task
instruction, while the support-example structure, query-image
introduction, and final output constraint remain unchanged.
The verbatim initial instructions are reported below.

A. Concise Prompt

You are a machine diagnosis
assistant. I will provide you
with example continuous wavelet
transform (CWT) images, each
describing a specific condition.
Then, I'11 ask you to analyze a
test image and provide ONLY the
condition code.



Your response MUST be ONLY one
of these codes: H, IR, OR, or B.
Do NOT provide any explanation or
additional text. ONLY output the
single code.

B. Detailed Prompt

Imagine you are an advanced
AT specialized in interpreting
Continuous Wavelet Transform (CWT)
images for machine diagnosis.
I will provide you with a set
of CWT images, each accompanied
by a description specifying
its condition, in the format
" [condition description] ([codel])’,
such as ’'bearing damaged on the
inner race (IR)’. After reviewing
these examples, I will present
you with a test image. Your task
will be to classify this test
image based on the similarities
you recognize with the provided
examples.

Your response MUST be ONLY the
code letter in this exact format:
"[code]’, for example: 'IR’ or
"OR’ or "H’" or ’"B’. Do NOT provide
any additional text, analysis, or
commentary. ONLY output the single
letter code.

For completeness, in both prompting conditions each sup-
port example is then introduced with a short textual label
followed by the corresponding CWT image, the query image is
presented in a separate message, and a final reminder is added
in the form: “Respond with ONLY the condition code (H, IR,
OR, or B). Nothing else. No explanation. Just the code.”
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