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Abstract

Early detection of bearing faults is vital for ensuring the reliability and safety of rotating machines such as automobile
wheels and power plant turbines, because undetected degradation may lead to unexpected failures and operational risks.
As bearings deteriorate, vibration signals exhibit characteristic changes reflecting underlying mechanical issues. Machine
learning (ML) and deep learning (DL) have advanced fault detection but often rely on task-specific architectures with
extensive labeled datasets and frequent retraining. Recently, large language models (LLMs) have emerged as a comple-
mentary approach, offering strong generalization through prompt-based learning. With well-designed prompts and struc-
tured inputs, LLMs can perform time-series reasoning and support diagnosis via few-shot or zero-shot learning without
retraining. However, limited input capacity of LLMs challenges the handling of long-duration vibration sequences essen-
tial for modeling gradual progression. To address this, we propose a four-stage framework enabling compact representa-
tion of vibration data and efficient delivery of essential information for LLM-based analysis. First, statistical and spectral
features are extracted and compressed using Principal Component Analysis (PCA) to reduce token count while preserving
key information. Second, data is reformatted into natural-language-compatible input while maintaining temporal structure.
Third, a Multi-Strategy Retrieval-Augmented Generation (Multi-Strategy RAG) architecture processes large-scale time-
series data. Finally, task-specific prompts guide the LLM to reasoning tasks such as detection and interpretation. The
proposed input data strategy leads to enhanced fault diagnosis performance across publicly available bearing benchmark
datasets.
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1 Introduction

In rotating machines from relatively small automobile
wheels and to huge power plant turbine, bearing defects
represent a critical failure mode, accounting for nearly 30%
of total system malfunctions and posing a substantial risk
to operational safety [1]. As rotors approach critical speeds,
structural deformations can lead to increased bearing losses,
elevated viscous resistance, and accelerated degradation [2].
Additionally, geometric imperfections, gyroscopic effects,
and residual imbalance in bearings can trigger severe vibra-
tions, which degrade system performance and, in the long
term, threaten the integrity of the entire machine [3]. Given
these risks, timely detection and monitoring of bearing
faults are essential for maintaining reliability and prevent-
ing cascading failures in rotating systems.

A wide range of studies have explored bearing fault diag-
nosis using various machine learning (ML) and deep learn-
ing (DL) models. ML approaches include the use of signal
preprocessing and handcrafted feature extraction from time,
frequency, or time-frequency domains, followed by classi-
fication through traditional algorithms such as support vec-
tor machines (SVM) [4] and k-nearest neighbors (k-NN)
[5]. DL models such as autoencoders (AEs) [6], restricted
Boltzmann machines (RBMs) [7], and convolutional neural
networks (CNNs) [8] have been applied to learn hierarchi-
cal representations directly from raw or transformed input
data, eliminating the need for manual feature engineering.

The emergence of recurrent neural networks such as
long short-term memory (LSTM) [9] and gated recurrent
units (GRU) [10] has further facilitated time-series model-
ing in bearing diagnostics. These architectures have led to
the development of LSTM-based end-to-end fault diagno-
sis frameworks [11] and GRU-based models designed for
robust fault classification and degradation detection under
noisy and variable operating conditions [12]. Although ML
and DL techniques have significantly advanced fault diagno-
sis by enabling automated feature extraction and improving
detection accuracy, their deployment in real-world indus-
trial environments remains limited. These models typically
require large volumes of labeled data and frequent retraining
to accommodate changing operating conditions. Moreover,
their limited interpretability often poses challenges for field
operators who must act on model outputs in real time [13].

To address these challenges, researchers have explored
the use of LLMs, which introduce a new paradigm of
prompt-based learning and offer the potential for more flex-
ible, explainable, and data-efficient solutions.
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2 Related Works

Recent developments in LLMs have introduced a prompt-
based paradigm that allows users to guide model behavior
using natural language inputs rather than modifying model
parameters or retraining on task-specific data [14]. By ref-
erencing a few examples (few-shot learning [15]) or follow-
ing brief task instructions (zero-shot learning [16]), LLMs
can generate flexible, context-aware responses tailored to
diverse diagnostic needs. In doing so, LLMs offer a practi-
cal alternative that supports more dynamic, explainable, and
low-maintenance diagnostic solutions.

To enable fault diagnosis and forecasting based on
numerical sensor data, it is essential to restructure time-
series inputs into a form that LLMs can effectively inter-
pret and reason over, while preserving and extracting the
underlying semantic patterns embedded in the data. This
has been approached by either translating time-series data
into natural language using techniques such as tokenization
for language modeling [17] and prompt-based encoding for
sequence-to-sequence inference [18], or by retrieving the
most relevant contextual segments from external memory
and incorporating them into prompts through retrieval-aug-
mented generation (RAG) [19].

Both strategies are constrained by the token limitations
inherent to current LLM architectures. Textual transforma-
tion of large-scale time-series data often leads to exces-
sive input length, which degrades model performance even
within the context window [20], and makes it difficult for the
model to attend to information located mid-sequence due to
limitations in long-context attention [21]. RAG-based meth-
ods, while more efficient in reducing input size, still suffer
from performance degradation when the total number of
retrieved tokens approaches the model’s capacity [22], and
are prone to redundant retrieval and context dilution, which
reduce instruction adherence [23].

We propose a structured pipeline that enables LLMs to
effectively perform fault diagnosis in rotating machinery
systems. The pipeline begins with principal component
analysis (PCA), which compresses high-dimensional fea-
tures into a lower-dimensional space while preserving the
core degradation patterns. After extracting a large set of
features from the original time-series vibration data, PCA
is applied to compactly capture bearing-related fault char-
acteristics while simultaneously reducing dimensionality.
The resulting PCA scores are then converted into textual
representations, transforming them into a format more suit-
able for LLM-based reasoning. Compared to using raw
vibration features directly, this process significantly reduces
the number of tokens required per file, allowing a broader
time range of the original time-series data to be represented
within each LLM input. Subsequently, a Multi-Strategy
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RAG architecture is employed to retrieve relevant content
from large-scale time-series data based on semantic similar-
ity, recency, and randomized data provision.

This Multi-Strategy retrieval is designed not only to
enhance contextual relevance but also to mitigate data bias
and reduce the risk of hallucination in LLM responses.
Finally, prompt engineering techniques aligned with the
structure and semantics of the retrieved PCA-guided con-
tent are employed to guide the LLM’s interpretation, thereby
supporting accurate and timely fault identification.

3 Methodology
3.1 Dataset and Signal Preprocessing

This study employs bearing vibration signals from the IMS,
CWRU, and Paderborn University (PU) bearing datasets,
covering diverse operating and degradation conditions.
The dataset includes measurements from multiple bearings
(indexed as Bearing1-Bearing4 in this study), with vibration
signals sampled at a dataset-dependent frequency f,. Each
vibration signal is segmented into fixed-length intervals,
where the number of samples in each segment is defined as:

L=f-T (1)

where T'denotes the segment duration, which varies across
datasets.

For each bearing k € {1,2,3,4}and each acquisition
timestamp j, the corresponding vibration signal segment is
expressed as:

zjr(n), n=01,... ,L—1 )

To construct meaningful input representations, we extract
statistical features from both time and frequency domains
[24]. The combined feature vector for the j — th segment
of bearing k is defined as:

() _ | ()
B = RS

k,time,

F),.) € B® (3)

The time-domain vector F.’) € R includes ten sta-

k,time

tistical descriptors:

(J'>‘ — H gj),_ RAng)a 4 gcj)a chcj)v Skewl(cj>7_ (4)
kotime =1 gFOD) | Kurt?), P2PY), EFY, TFY)
The frequency-domain vector F; ,gj }Te q € R® consists

of spectral characteristics derived from the Fourier-trans-
formed signal:

PeakFrqu), PQPFreq,(g),

F)oa= | Speckurt?, SpecBW, (5)
SpecSk:ewg)

3.2 Augmentation and Normalization

To better capture the temporal dynamics in vibration sig-
nals, we extend the input representation by incorporating
first- and second-order differences of the extracted features
prior to dimensionality reduction. This delta augmentation
strategy has been shown to enrich feature representations
and enhance degradation pattern discovery [25]. The first
and second-order delta components are defined as:

d € {time, freq} (6)
. , -

ARl = P R 0

AR = ARY) — AFITY (®)

The augmented feature vector becomes:

Mtime = 30, Mfreq = 15 9)
Fiae R™ (10)

To mitigate the influence of noise or outliers, we apply a
robust normalization technique using the Median Absolute
Deviation (MAD) [26]. Each delta-augmented feature vec-
tor is standardized as:

~ ) FY) =
Fk,d = =04)
MAD ([FZ) ) + e

(11)

where, pu denotes the median and € is a small constant to
prevent division by zero. Although originally proposed
for robust outlier detection this MAD-based formulation
is applied here for feature normalization, being adapted to
ensure consistent scaling across samples.

3.3 PCA Score Computation
To reduce dimensionality while preserving degradation-
relevant information, PCA is applied separately to the

time-domain and frequency-domain feature blocks after
normalization and delta augmentation [27, 28].
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~(9)
The time-domain block F 1 € R*and the fre-

~(9)
quency-domain block F .., € R'are collected across
N segments to form:

Zg € RN*ma (12)
The covariance matrices are computed as:

1 T
Cq= mzd Zyg (13)

The first principal components w1 ¢imeand w1, freqare then
obtained, and each segment is projected onto these direc-
tions to yield the PCA scores:

Gy [ ~D\"
Sk‘,d = Fk,d wl,d S R (14)
Finally, the time-domain and frequency-domain PCA scores
are concatenated:

(15)

k,time’

S}ij) _ {S(J) Sl(cj,}req} c RZ

This representation preserves the dominant degradation
trends of both time and frequency domains in a concise and
interpretable form and is further used to generate text files
for bearing fault detection.

As shown in Fig. 1(a), from a conventional PCA perspec-
tive, retaining multiple principal components is required for
the time-domain feature block to exceed the commonly
used 80% cumulative variance threshold. This reflects the
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Fig. 1 Example PCA results for time-domain and frequency-domain
features, (a) Cumulative explained variance ratios of principal com-
ponents for the time-domain features (left) and the frequency-domain
features (right), (b) Temporal evolution of the first principal com-
ponent (PC1) scores for the time-domain features (left) and the fre-
quency-domain features (right)
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multi-factor nature of time-domain statistical features and is
acknowledged in this study.

However, the objective of the proposed framework is not
variance maximization or signal reconstruction, but dimen-
sionality reduction under the constraints of LLM-based few-
shot inference. In this setting, feature values are serialized
into text tokens and processed within a fixed context win-
dow. Retaining additional principal components increases
token length proportionally, which reduces the temporal
span that can be provided to the LLM.

Figure 1(b) shows that the first principal component in
both the time and frequency domains preserves the domi-
nant temporal degradation pattern, including the late-stage
monotonic increase associated with bearing degradation.
This indicates that the primary degradation-related tem-
poral information remains captured despite the reduced
dimensionality.

Accordingly, only the first principal component from
each domain is retained to control token growth while main-
taining the long-term temporal structure required for few-
shot LLM-based fault reasoning.

3.4 Score-to-Text Template

To enable LLMs to effectively process the compressed
vibration information, we convert the PCA-derived time-
and frequency-domain scores into structured natural lan-
guage templates. At each timestamp, the compressed scores
from all four bearings are reformatted into a unified textual
representation that includes the measurement timestamp,
extracted features from each domain, and the corresponding
PCA scores for each bearing.

By presenting degradation trends as semantically aligned
text, this representation improves interpretability and facili-
tates effective document retrieval in the subsequent prompt-
based forecasting process. The overall workflow from data
acquisition to PCA-score-based textual conversion is illus-
trated in Fig. 2, and an example of the prompt template is
provided in Appendix A.

3.5 Multi-Strategy RAG for Large-Scale Time-Series

To support efficient and scalable inference over long-term
vibration monitoring data, we implement a Multi-Strategy
RAG that selects a subset of relevant PCA score summaries
prior to language model inference.

The retrieval strategy combines cosine similarity-based
document selection to ensure semantic alignment with
the query [29], recency-aware filtering to reflect the latest
degradation states and maintain temporal relevance [30],
and random sampling of temporally contiguous blocks to
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Fig. 2 Workflow for transforming
vibration signals into structured
textual templates using PCA

[ [

introduce distributional diversity and capture the overall
temporal progression of the signal [31].

3.5.1 Document and Query Embedding

We embed each document d; € D and the query q into
dense vector representations:

v; = embedding (d;) € R" (16)

vy = embedding (q) € R" 17)

3.5.2 Similarity-Based Retrieval

We compute dense embeddings for each document using a
pretrained sentence transformer, and select the top- k& docu-
ments that are semantically most relevant to the user query
based on cosine similarity:

Vg * Uj
. dz _ q 7
sim (q,d;) Toublvil (18)

where v, and v; are the vector embeddings of the query and
document d; , respectively.

3.5.3 Recency-Based Retrieval

To ensure inclusion of the most recent degradation sig-
nals, we select the latest & documents based on timestamp
metadata:

TOpKrecent = SOTtdﬁSC ({dl € D‘t”neStamp (dl)}) [: k] (20)
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/
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3.5.4 Random Contiguous Block Sampling

To preserve temporal locality and avoid overfitting to highly
similar patterns, we randomly sample a continuous block of
k documents:

s~ U(0,N —k) (21)

RandomBlocky, = {ds,dsi1,... ,dstk—1} (22)
The final retrieved set is the union of all three sources, with

duplicates removed:

Dyetrieved = TopK g, U TOopK 1 peeny U RandomBlocky, (23)

These documents are then sorted in ascending order of time-
stamp to preserve chronological progression:

Dinput = $0rtgesc (Dretrieved, by timestamp) (24)
By leveraging a Multi-Strategy RAG framework that inte-
grates query-relevant similarity retrieval, recency-based
selection reflecting the latest system status and random
sampling to preserve distributional diversity, the proposed
approach ensures contextual relevance, captures recent deg-
radation signals, and mitigates data bias in large-scale time-
series analysis.

3.5.5 Text-Template-Aligned Prompt

To generate interpretable fault diagnosis from PCA-com-
pressed vibration data, we design a prompt that aligns with
the score-to-text template described in Sect. 3.4.

This Text-Template-Aligned Prompt provides the LLM
with structured domain guidance for analyzing degradation
patterns and identifying faulty bearings. It includes:

@ Springer KEF]E
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Fig. 3 Integrated pipeline for PCA-
to-text conversion, prompt align-
ment, and Multi-Strategy RAG
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e A system role definition instructing the LLM to act as a
bearing degradation analysis assistant.

e Interpretation rules for assessing the direction and mag-
nitude of PCA score changes.

e Reasoning guidelines for identifying abnormal degrada-
tion patterns linked to faults.

e Definition of the desired output format.

By aligning the input structure with the prompt’s reason-
ing format, this design reduces common few-shot infer-
ence biases such as recency and label-frequency effects and
improves prediction stability and consistency [32].

As illustrated in Fig. 3, the proposed framework integrates
PCA-to-text conversion (Sect. 3.1-3.4), the Multi-Strategy
RAG framework (Sect. 3.5), and text-template-aligned
prompt engineering (Sect. 3.6) into a unified workflow for
reliable degradation analysis. Additional implementation
details and prompt examples are provided in Appendix B.

4 Experimental Setup
4.1 LLM backbone used in the experiment

In this study, we compare the performance of four LLMs:
Llama 3.1, Gemma 3, Qwen 3, and Mistral-small 3.2, each
serving as the core engine for semantic inference. Detailed
specifications of these models are provided in Appendix C.

4.1.1 Datasets Used in the Experiments

In this study, two widely used bearing benchmarking datas-
ets, namely the IMS and CWRU datasets, are employed for
performance evaluation and comparative analysis.

The IMS datasets consist of long-term vibration mea-
surements collected under accelerated degradation con-
ditions (NASA/IMS, 2004) [33]. Acceleration signals
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Table 1 Summary of IMS bearing datasets and failure information

Dataset Motor Radial Healthy Bearings Faulty
speed Load (V) Bearings
(rpm)
Set 1 2000 6000 Bearingl Bearing3
Bearing?2 Bearing4
Set 2 2000 6000 Bearing2 Bearing1
Bearing3
Bearing4
Set 3 2000 6000 Bearingl Bearing3
Bearing?2
Bearing4

Table 2 Summary of CWRU bearing datasets and failure information

Sample ID Motor speed (rpm) Load (HP) Condition
Normal 1 1730 3 Healthy
Normal_2 1750 2 Healthy
B_7 F2 1750 2 Faulty

B 21 DEI2 1750 2 Faulty

were recorded from four bearings (Bearingl-Bearing4) at
approximately 20 kHz using an NI DAQ Card 6062E, with
I-second recordings acquired every 10 min, yielding seg-
ments of 20,480 samples. Dataset configuration and failure
details are summarized in Table 1.

The CWRU dataset [34] provides vibration measure-
ments for bearing fault diagnosis under steady-state oper-
ating conditions. The data are distributed in MATLAB
(.mat) format and organized into four motor speed groups
(1797, 1772, 1750, and 1730 rpm), each comprising Nor-
mal, Drive-End (DE), and Fan-End (FE) fault conditions.
DE fault signals were sampled at 12 kHz and 48 kHz, while
FE fault signals were collected at 12 kHz.

To ensure consistency with the IMS-based analysis, four
representative conditions were selected: two normal bear-
ings at 1730 rpm and 1750 rpm, and two faulty bearings
at 1750 rpm with ball defects (B_7 F2 and B_21 DE12).
Details of the selected conditions and fault types are sum-
marized in Table 2.
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Additional experiments were performed on the Pader-
born University (PU) bearing dataset [35], which contains
64 kHz vibration and motor current signals collected under
diverse operating conditions using 6203 deep-groove ball
bearings. Two healthy bearings (K001, K002) and two
faulty bearings (KAO1, KI01) with inner- and outer-ring
damage were selected from accelerated lifetime tests. Data-
set details are summarized in Table 3.

4.2 LLM Response Format and Evaluation Metrics

To assess the performance of the LLM, we designed a
prompt-based evaluation protocol consisting of 100 repeated
trials using a unified input format.:

Q1. Identify the faulty bearing based on the PCA-
compressed degradation trend.

Given the generative nature of LLMs and their tendency to
produce free-form outputs, we strictly defined the expected
output structure to ensure consistency and enable automated
evaluation. All models were required to respond using the
following constrained format:

Predicted faulty bearing: bearing X[, bearing Y.

This format accommodates both single-fault and multi-fault
scenarios. In single-fault cases, the model is expected to
output a single bearing identifier. In multi-fault cases, the
model should list all predicted faulty bearings as a comma-
separated sequence. This design ensures consistency in
output formatting while supporting evaluation in both sin-
gle-label and multi-label fault settings.

4.2.1 Accuracy

Accuracy measures the proportion of fully correct
predictions:

Number of correct predictions
Total trials

Accuracy = (25)

Single-Fault: Prediction must exactly match the ground
truth to be correct.

Table 3 Summary of Paderborn University (PU) bearing datasets and
failure information

Sample ID  Motor speed (rpm)  Radial Load () Condition
K001 1500 1000-3000 Healthy
K002 1500 3000 Healthy
KAO01 1500 1000 Faulty
K101 1500 1000 Faulty

Multi-Fault: Only predictions that include all ground-
truth bearings are scored as correct. To evaluate partial cor-
rectness in multi-fault cases, we computed as follows:

_ |Prediction; N GroundTruth;|

Partial Accuracy; = GroundTruthi] (26)

This yields 1.0 if all faults are identified, 0.5 for one out of
two, and 0.0 otherwise.

4.2.2 F1Score

The weighted F'1 score reflects both precision and recall
across classes, weighted by class support:

1 C

Fl, = Nz C:15>’u;z)portc - F1, 27
Where:
2 - Precision. - Recall,
Fl,.=
Precision, + Recall, (28)
Precisi = TP 29
TeciSion, = TP 1 FP. (29)
TP,
Recall, = ——=—
e = TP 1 FN, (30)

In single-fault scenarios, only one class appears in the
ground truth. As a result, the weighted F'1 score reduces to
the F'1 score of class X:

Fl, = Flx (31)

Multi-Fault: Each bearing is treated as an independent label,
and the final F'1 score is computed using binary scores for
each class, where X and Y refer to the respective faulty
bearing classes involved in the multi-label evaluation, as
follows:

supporty - Flx + supporty - F1
Fl, = pport x X pporty Y (32)
support x + supporty

4.3 Contribution of Retrieval Strategies in RAG

Before the main experiments, we conduct a prior validation
by comparing recency-based, random block-based, similar-
ity-based, and Multi-Strategy RAG configurations under
identical conditions using the same PCA-compressed vibra-
tion summaries, as shown in Fig. 4.

@ Springer KEFE
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Fig.4 Comparison between single-
strategy RAG (Similarity-only,
Recency-only, Random-only) and
the proposed Multi-Strategy RAG
in time-series fault diagnosis (IMS
Dataset 1, averaged over four LLM
backbones)
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Fig. 5 Impact of prompt engineering on response format compli-
ance and fault-diagnosis performance, comparing Prompt ON and
Prompt OFF configurations (IMS Dataset 1, averaged over four LLM
backbones)

The results demonstrate that the Multi-Strategy configu-
ration consistently outperforms all single-strategy variants
in terms of both accuracy and F1 score.

This performance advantage reflects the inherent char-
acteristics of time-series degradation data, which require
simultaneous consideration of the current system condition,
historical evolution, and semantic relevance.

Recency-based retrieval highlights recent degradation
signals that are indicative of the present state, similarity-
based retrieval selects historically observed degradation
patterns that are most relevant to the given diagnostic query,
and random block retrieval preserves long-term temporal
structure across the degradation process.

By integrating these complementary retrieval mecha-
nisms, the Multi-Strategy RAG constructs a more balanced
and informative context, enabling more reliable fault diag-
nosis than any single retrieval strategy alone.

4.4 Contribution of Prompt Engineering

We evaluate the effect of prompt engineering through a con-
trolled comparison between Prompt ON and Prompt OFF
configurations, considering both response-format compli-
ance and fault-diagnosis performance. In this evaluation,
predictions that do not follow the required output format,
“Predicted faulty bearing: bearingX/[, bearingY]”, are
treated as invalid and assigned a score of zero, thereby
directly penalizing noncompliant responses.

As shown in Fig. 5, the Prompt ON configuration sub-
stantially reduces the number of format-violating outputs
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compared to Prompt OFF, indicating a clear improvement
in the model’s ability to follow explicit user instructions.
This improvement in format compliance is accompanied
by consistent gains in Accuracy and F1 score, demonstrat-
ing that prompt engineering contributes not only to syn-
tactic correctness but also to more reliable fault-diagnosis
performance.

These improvements can be directly attributed to the
Text-Template Aligned Prompt described in Sect. 3.4,
which provides structured domain guidance by explicitly
linking PCA patterns to bearing degradation interpreta-
tion. By constraining how score changes are analyzed and
enforcing a fixed output format, the prompt guides the LLM
toward task-relevant reasoning.

As aresult, the LLM produces more interpretable, consis-
tent, and evaluable fault-diagnosis outputs from PCA score.

5 Results

Tables 4 and 5 present a benchmark evaluation of LLM-
based bearing fault diagnosis across the IMS, CWRU, and
PU datasets, analyzing the effects of PCA-based compres-
sion and Multi-Strategy RAG configurations in terms of
accuracy and F1-score.

Across the IMS and CWRU datasets, PCA-RAG (5%)
consistently achieves the highest diagnostic performance
for all evaluated LLM backbones, outperforming both raw-
input and No-RAG configurations in terms of accuracy and
F1-score. This result demonstrates that, for large-scale and
long-duration vibration time series, effective fault diagnosis
with LLMs critically depends on the joint use of data com-
pression and selective retrieval.

PCA-based compression reduces token redundancy
while preserving dominant degradation trends, allowing
long temporal spans to be represented within the LLM’s
context window. When combined with a moderate retrieval
ratio, RAG (5%) supplies diagnostically relevant histori-
cal context without saturating the input space. In contrast,
both higher retrieval ratios (RAG 50%) and the absence
of retrieval (No-RAG) lead to degraded performance,
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Table 4 Accuracy comparison of LLM-based bearing fault diagnosis on the IMS, CWRU, and PU datasets under different PCA/RAG settings

Llama 3.1 Gemma 3 Qwen 3 Mistral-small 3.2

PCA Raw PCA Raw PCA Raw PCA Raw
IMS Bearing dataset (average over datasets 1-3)
Rag(5%) 0.6583 0.4916 0.6450 0.5183 0.5300 0.4500 0.7600 0.7333
Rag(50%) 0.4178 0.5777 0.2700 0.2933 0.3516 0.3316 0.4167 0.5871
No-Rag 0.3733 0.3600 0.2866 0.3750 0.3383 0.3850 0.4783 0.6338
CWRU Bearing dataset
Rag(5%) 1.0000 0.9100 0.9900 0.9550 0.9900 0.9500 1.0000 0.9900
Rag(50%) 0.9100 0.7250 0.5950 0.6000 0.9550 0.7400 0.9750 0.8600
No-Rag 0.8900 0.6900 0.6050 0.4900 0.9500 0.5200 0.9900 0.6800
PU Bearing dataset
Rag(5%) 0.7750 0.7350 0.5950 0.5100 0.6750 0.5550 0.6400 0.5950
Rag(50%) 0.5350 0.5700 0.5050 0.4800 0.5750 0.5750 0.5500 0.5950
No-Rag 0.5450 0.7550 0.5000 0.4800 0.5850 0.6850 0.5250 0.7650

Table 5 F1-score comparison of LLM-based bearing fault diagnosis on the IMS, CWRU, and PU datasets under different PCA/RAG settings

Llama 3.1 Gemma 3 Qwen 3 Mistral-small 3.2

PCA Raw PCA Raw PCA Raw PCA Raw
IMS Bearing dataset (average over datasets 1-3)
Rag(5%) 0.7924 0.6047 0.7538 0.6212 0.6384 0.5804 0.8225 0.7933
Rag(50%) 0.5777 0.5173 0.3867 0.4009 0.4700 0.4764 0.5806 0.5871
No-Rag 0.5300 0.5055 0.4021 0.4997 0.4619 0.5253 0.6329 0.6338
CWRU Bearing dataset
Rag(5%) 1.0000 0.9526 0.9949 0.9766 0.9949 0.9743 1.0000 0.9949
Rag(50%) 0.9528 0.8403 0.6951 0.7389 0.9769 0.8496 0.9872 0.9232
No-Rag 0.9416 0.8124 0.7289 0.6489 0.9741 0.6839 0.9949 0.8034
PU Bearing dataset
Rag(5%) 0.8564 0.8470 0.6727 0.6346 0.7621 0.6431 0.7222 0.7460
Rag(50%) 0.6969 0.8538 0.5499 0.5755 0.6754 0.6494 0.7062 0.7383
No-Rag 0.7024 0.7235 0.5532 0.5240 0.6736 0.8084 0.6868 0.8664

suggesting that excessive context or insufficient historical
grounding can dilute fault-relevant information and hinder
LLM reasoning.

On the PU dataset, PCA-RAG (5%) remains competitive
for Llama 3.1 and Gemma 3, while Qwen 3 and Mistral-
small 3.2 show comparable or higher performance with
Raw-No-RAG setting. This reflects the PU dataset’s rela-
tively short and low-noise time-series, which reduces the
need for aggressive compression and retrieval. Importantly,
this suggests that the optimal input strategy depends on
dataset scale and signal complexity, rather than indicating a
limitation of the proposed approach.

Overall, the results confirm that fault-diagnosis perfor-
mance on large-scale time-series data with LLMs hinges on
the complementary interplay between data compression and
selective retrieval.

The most reliable gains arise when these mechanisms
operate in concert, and the input is tuned to approximate
the LLM’s effective context length a pattern consistently
reflected in both accuracy and F1-score across models and
datasets. Detailed dataset-specific results and analyses of

context-length variations under different PCA/RAG settings
are provided in Appendix D and E, respectively.

6 Conclusion

This study demonstrates that the reliability of LLM-based
bearing fault analysis fundamentally depends on compact
and evidence-focused input delivery rather than raw data
volume. Directly supplying long, high-dimensional vibra-
tion time series degrades reasoning due to context-length
constraints and diffuse attention in conventional LLMs.

By transforming vibration signals into semantically
meaningful, low-dimensional representations and combin-
ing them with multi-strategy selective retrieval, the pro-
posed framework preserves degradation-critical information
while controlling context size.

Experimental results consistently show that, for large-
scale vibration time series, carefully curated and com-
pressed inputs outperform excessive raw-context provision,
confirming that more context is not necessarily better.
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Instead, prioritizing evidence quality over quantity leads to
more stable and accurate LLM inference.

Beyond performance gains, the proposed approach is
well suited for industrial deployment, where massive sensor
streams must be interpreted efficiently for real-time condi-
tion monitoring and predictive maintenance. The underly-
ing input design principle is also broadly applicable to other
complex time-series domains, including energy systems,
medical diagnostics, and structural health monitoring,
where scalability, redundancy, and semantic clarity remain
central challenges.

Supplementary Information The online version contains
supplementary material available at https://doi.org/10.1007/s40684-0
26-00880-y.
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