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Abstract: Fault diagnosis methods for mechanical equipment should not only identify fault categories but also
provide verifiable diagnostic evidence. Existing deep learning models usually output only labels or confidence
scores, making it difficult to establish an interpretable diagnostic reasoning process. Large language models
(LLMs) have strong capabilities in evidence organization and explanation generation. However, a modality gap
exists between vibration signals and discrete language tokens. In addition, key numerical evidence in generated
diagnostic reports may be inaccurate or hallucinated. To address these issues, this paper proposes a Vibration-
Language Model (ViLM). The proposed method encodes angle-domain waveforms and order spectra into
learnable vibration tokens and maps them into the embedding space of a LLM. With signal-description alignment
and diagnostic instruction tuning, this architecture enables interpretable fault diagnosis based on vibration-
informed language generation. Furthermore, a numerical evidence-constrained decoding method is designed to
embed the computation and backfilling of key numerical evidence into the generation process. Experiments show
that ViLM improves fault classification and evidence-supported explanation while maintaining high numerical
reliability in generated diagnostic reports.
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I. INTRODUCTION
Fault diagnosis is essential for ensuring the safe and reliable
operation of mechanical equipment. Machine learning
methods [1] and transformer-based models [2] have been
widely used for vibration-based fault diagnosis. Under
varying operating conditions and data distribution shifts,
transfer learning and contrastive learning have further
improved model adaptability [3–5].

However, engineering diagnosis requires more than
label prediction. It also requires the rationale behind the
conclusion to be clearly explained, and the key evidence
should be verifiable. Existing deep models usually com-
press signals into latent representations and directly map
them to fault categories. Their explanations often remain at
the level of attention weights or feature importance. Recent
studies have begun to improve the readability and stability
of diagnostic evidence through explainable modules and
causal constraints [6,7]. Nevertheless, how to form an
interpretable reasoning process supported by explicit evi-
dence remains an open issue.

The development of large language models (LLMs)
provides a new opportunity for interpretable diagnosis.
Through large-scale pretraining, instruction tuning, and
reasoning enhancement, LLMs have shown strong capabil-
ities in task understanding, instruction following, and
explanation generation [8–10]. Multimodal alignment stud-
ies further show that non-textual information can be con-
nected to language models through encoders and mapping
modules [11–13]. These advances suggest that if structural
evidence in vibration signals can be effectively integrated

into an LLM, the model may generate diagnostic reports
that better match engineering practice.

However, directly applying LLMs to mechanical fault
diagnosis still faces two key challenges. The first is the
modality gap. Vibration signals are continuous one-dimen-
sional signals, and fault-related information is embedded in
their temporal and spectral structures. In contrast, the inputs
of LLMs are discrete language tokens, and LLMs do not
have a natural interface for vibration representation. Simply
converting manually selected features into text may lead to
information loss. The second challenge is numerical reli-
ability. Diagnostic reports often need to provide numerical
evidence such as dominant orders, amplitudes, and energy
ratios. Due to the autoregressive generation mechanism of
LLMs, numerical deviations and hallucinated values may
occur. For fault diagnosis, numerical errors are not minor
wording issues because they directly undermine the evi-
dence chain and the credibility of the conclusion.

To address these challenges, this paper proposes an
interpretable fault diagnosis method based on a Vibration–
Language Model (ViLM) and numerical evidence-con-
strained decoding. The proposed method connects angle-
domain and order-domain information to a language model
through vibration tokens so that diagnostic reasoning can be
performed in a unified representation space. Meanwhile, a
numerical evidence-constrained decoding method is pro-
posed. It enables the model to call deterministic signal
analysis tools when quantitative evidence is required during
decoding. The computed results are then backfilled into the
context for subsequent explanation generation. The main
contributions of this paper are as follows.

(1) A ViLM is proposed for fault diagnosis. One-dimen-
sional vibration signals are represented as learnable
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vibration tokens and connected to the embedding
space of an LLM through two-stage training. This
enables signal understanding, evidence organization,
and explanation generation for diagnostic question
answering.

(2) A numerical evidence-constrained decoding method is
proposed. It introduces structured tool calling and
result backfilling into LLM decoding to reduce numer-
ical hallucination and metric mismatch. This improves
the numerical reliability of diagnostic reports.

The remainder of this paper is organized as follows.
Section II reviews related work. Section III presents the
proposed ViLM framework and numerical evidence-con-
strained decoding method. Section IV reports the experi-
ments and analysis. Section V concludes this paper.

II. RELATED WORK
A. LARGE LANGUAGE MODELS AND
MULTIMODAL ALIGNMENT

Cross-modal alignment studies offer useful insights into
how non-textual information can be connected to LLMs.
Vision–language models usually extract image representa-
tions with a visual encoder and transform them into a
language-model-compatible space through a lightweight
mapping or query module. For example, BLIP-2 uses a
frozen image encoder and a frozen language model, with a
Q-Former as the visual-to-language bridge [12]. Visual
Instruction Tuning further enables language models to
answer questions, describe content, and reason based on
images [13]. These studies show that non-text modalities
can be connected to LLMs through an encoder–mapping
structure for subsequent understanding and generation.

In industrial fault diagnosis, Fault Diagnosis (FD)-LLM
constructs an LLM-based diagnostic process for complex
equipment fault diagnosis [14]. TF-ProFM combines time-
frequency representations with a prototype-based foundation
model to improve the generalization ability of bearing fault
diagnosis [15]. Computer Numerical Control-Vision-Lan-
guage Model (CNC-VLM) explores a vision–language large
model for imbalanced CNC fault diagnosis [16]. Related
studies also include adaptive industrial LLMs for mechanical
diagnosis under variable operating conditions [17], as well as
industrial fault explanation and causal-chain reasoning meth-
ods combining digital twins, vision–language models, and
knowledge graphs [18,19].

However, existing large-model-based fault diagnosis
studies mainly focus on knowledge fusion and textual
reasoning. Their input signals are often compressed into
handcrafted features, image summaries, or textual descrip-
tions, making it difficult for the model to directly perceive
continuous waveform details and local impact patterns.

B. RELIABLE EVIDENCE GENERATION
WITH TOOL-AUGMENTED DECODING

LLMs may produce numerical hallucinations during auto-
regressive generation [20]. To improve numerical reliability,
tool-augmented generation has become a promising techni-
cal direction. Toolformer enables language models to learn
when to call external tools [21]. ReAct combines language-
model reasoning with external actions, allowing models to
complete complex tasks through interactive tool use [22].

In mechanical fault diagnosis, existing studies mainly
follow two routes. One route converts vibration signals or
diagnostic knowledge into textual representations for lan-
guage models. For example, Prognostics and Health Man-
agement Generative Pre-trained Transformer (PHM-GPT)
constructs PHM instruction data through a signal-to-text
process and unifies anomaly detection, fault diagnosis, and
maintenance decision-making as language interaction tasks
[23]. Tao et al. proposed an LLM-based framework for
bearing fault diagnosis, where vibration features are orga-
nized into hierarchical textual evidence to support fault
identification and explanation generation [24]. The other
route uses LLM-based agents to organize the diagnostic
process and call computational tools or process sensor data
according to task requirements [25].

Nevertheless, these methods still have limitations.
Textual representations compress raw signal information,
including continuous waveforms, local impacts, and order-
domain structures. Agent-based diagnosis methods mainly
rely on multi-step planning and discrete tool outputs. They
lack a unified vibration representation and usually involve
higher interaction and computational overhead.

III. PROPOSED METHOD
A. OVERALL FRAMEWORK

ViLM formulates vibration-based fault diagnosis as a vibra-
tion-conditioned text generation task. Given a vibration signal
Xv, ViLM generates different types of diagnostic text accord-
ing to the input instruction. In the signal-description align-
ment stage, Xs

t denotes the signal-description prompt, and the
target output is the signal description Ys. In the diagnostic
instruction tuning stage, Xd

t denotes the diagnostic instruc-
tion, and the target output is the diagnostic report Yd,
including the fault category, numerical evidence, and explan-
atory text. The overall framework is shown in Fig. 1.

The proposed method consists of vibration preproces-
sing, a signal encoder, a projector, an LLM decoder, and a
numerical evidence-constrained decoding module. Vibra-
tion preprocessing transforms the raw time-domain signal
into angle-domain waveforms and order-domain represen-
tations, which are more suitable for analysis under different
rotating speeds. The signal encoder gð·Þ extracts the vibra-
tion representation Zv from the angle-domain waveform
and order spectrum. The projectorW maps Zv into the LLM
embedding space to obtain the projected vibration tokens
Hv. The LLM then generates response text based on the
vibration context and the text instruction. When decoding

Fig. 1. Overall framework of ViLM with numerical evidence-
constrained decoding.
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reaches a field requiring key numerical evidence, the
numerical evidence-constrained decoding module calls
deterministic signal analysis tools and inserts the computed
results into the generated context.

B. SIGNAL ENCODER

The signal encoder takes the angle-domain waveform and
the order spectrum as inputs, as shown in Fig. 2. Each raw
vibration segment is first standardized and resampled in the
angle domain according to the rotating speed. The order
spectrum is then calculated from the angle-domain wave-
form. The angle-domain waveform is used to describe local
impacts and inter-revolution periodic patterns, while the
order spectrum is used to describe fault-related orders,
harmonics, and modulation sidebands. Therefore, the signal
is represented by angle tokens and order tokens to preserve
both waveform structures and order-domain evidence.

Angle tokens are obtained by segmenting the angle-
domain waveform, and each token corresponds to a local
waveform segment. These tokens capture short-time im-
pacts, amplitude variations, and repetitive patterns across
revolutions. Order tokens are obtained by segmenting the
order spectrum with a non-uniform partition. The low-order
range is represented with finer resolution to retain fault-
characteristic orders, harmonics, and adjacent sidebands.
The high-order range is represented more coarsely to
describe broadband energy distribution.

The angle tokens and order tokens are first mapped into
a unified hidden space. Let ai denote the i-th angle token
and oj denote the j-th order token, where i = 1, : : : ,Na and
j = 1, : : : ,No. Since the three order ranges produce tokens
with different input dimensions, separate linear projection
matrices are used for the three ranges. Their value embed-
dings are obtained as:

eai = Waai þ ba,

eoj =

8<
:

Wð1Þ
o oj þ bð1Þo , 1 ≤ j ≤ 60

Wð2Þ
o oj þ bð2Þo , 61 ≤ j ≤ 85

Wð3Þ
o oj þ bð3Þo , 86 ≤ j ≤ 110

Here,Wð1Þ
o ,Wð2Þ

o , andWð3Þ
o correspond to the 0–30, 30–

150, and 150–500 order ranges, respectively.

The two types of embeddings are concatenated
into a unified vibration token sequence. Let E =
½ea1, : : : ,eaNa

,eo1, : : : ,e
o
No
� denote the concatenated embedding

sequence, where N = Na þ No. The k-th element of E is
denoted as ek. For the k-th token, type and position embed-
dings are added to distinguish token sources and preserve
angle-domain or order-domain location information:

h0k = ek þ etypek þ eposk

On this basis, a learnable CLS token is inserted before
the vibration token sequence to aggregate global signal
information during transformer encoding. The final input
sequence is expressed as:

H0 = ½h0CLS; h01; h02; · · · ; h0N�
which is fed into the transformer encoder to obtain the
vibration embedding representation:

Zv = TransformerðH0Þ
The CLS output represents the global signal state, and

the remaining token outputs retain local angle-domain and
order-domain structures. The resulting Zv serves as the
vibration representation for subsequent vibration-language
alignment and diagnostic text generation.

Before the two-stage ViLM training, the signal encoder
is pretrained with a lightweight classification head to learn
mechanical-state-aware vibration representations. The clas-
sification head is then removed, and the pretrained encoder
is kept frozen during the subsequent vibration-language
training.

C. TWO-STAGE TRAINING

As shown in Fig. 3, ViLM is trained in two stages: signal-
description alignment and diagnostic instruction tuning.
The two stages share the same vibration representation
pipeline but differ in training objectives and trainable
modules.

For compactness, the signal encoder described in
Section III.B is denoted as gð·Þ, which includes vibration
token construction, embedding, CLS token insertion, and
transformer encoding. In both stages, the vibration signal is

Fig. 2. Architecture of the signal encoder.
Note: Blue, green, and red denote value, position, and type
embeddings, respectively; * denotes the Classification (CLS) token. Fig. 3. Two-stage training pipeline of ViLM.
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first processed by gð·Þ to extract high-dimensional signal
representations:

Zv = gðXvÞ
where Xv is the input vibration signal and Zv is the encoder
output. The projector W maps Zv into the LLM embedding
space:

Hv = WZv

The projected vibration tokens Hv have the same
embedding dimension as the text token embeddings and
can therefore be concatenated with the instruction embed-
dings as LLM input context.

In the signal-description alignment stage, the model
takes the vibration signal Xv and the signal description
prompt Xs

t as input and generates the signal description Ys.
After embedding the prompt as Hs

t , the projected vibration
tokens and text tokens are concatenated as the conditional
context of the LLM:

Ys = f ð½Hv;Hs
t �Þ

where ½ ·; ·� denotes token sequence concatenation and f ð·Þ
represents LLM-based conditional generation. The corre-
sponding autoregressive generation process is formulated as:

pðYsjXv,Xs
t Þ =

YNs

i=1

pðysi jYs
<i,Hv,Hs

t Þ

In this stage, the signal encoder gð·Þ and the LLM f ð·Þ
are frozen, and only the projectorW is trained. Through this
stage, the projector learns to map the vibration features into
a representation space compatible with the LLM embedding
space. This enables subsequent language generation to use
time-domain and order-domain information from the vibra-
tion signal.

In the diagnostic instruction tuning stage, the model
takes the vibration signal Xv and diagnostic instruction Xd

t
as input and generates the diagnosis and explanation Yd.
The diagnostic instruction is embedded asHd

t , and the LLM
generates the final response from both vibration and in-
struction tokens:

Yd = f ð½Hv;Hd
t �Þ

The corresponding autoregressive generation process
is expressed as:

pðYdjXv, Xd
t Þ =

YNd

i=1

pðydi jYd
<i,Hv,Hd

t Þ

In this stage, the signal encoder gð·Þ remains frozen,
while the projectorW and the Low-Rank Adaptation (LoRA)
adapters of the LLM f ð·Þ are jointly updated. This enables the
model to generate fault categories, diagnostic evidence, and
explanatory text according to diagnostic instructions.

D. NUMERICAL EVIDENCE-CONSTRAINED
DECODING

This paper proposes a numerical evidence-constrained
decoding method to improve the reliability of quantitative
evidence in diagnostic reports. As shown in Fig. 4, key
numerical fields are represented as structured tool calls
during LLM decoding. After deterministic tool execution,
the computed results are filled back into the generated
sequence.

For training samples that require quantitative evidence,
the target output is constructed with tool-call annotations.
During training, natural-language tokens, tool-call tokens,
and tool-result tokens are included in a unified autoregres-
sive target sequence and jointly optimized using the stan-
dard cross-entropy loss. Thus, the model learns when to
trigger a tool call, which metric to select, the representation
format of the returned result, and how to continue the
explanation after the numerical result is inserted. Although
the tool-result tokens participate in the training loss, their
numerical values are not generated by the LLM during
inference. Instead, they are computed by deterministic
signal analysis tools and backfilled into the decoding
context. During inference, the LLM generates diagnostic
text conditioned on the vibration tokens and the diagnostic
instruction. When a quantitative item is required, the model
does not directly generate the numerical value. Instead, it
outputs a structured tool-call field that specifies the required
metric, such as peak order, order-band energy ratio, kurto-
sis, or impact-related statistics. The decoding controller
then parses the tool-call field and dispatches it to the
corresponding deterministic signal analysis tool.

The tool computes the requested metric from the input
vibration signal and returns the numerical result in a pre-
defined format. The returned value is inserted into the
current generated text, and the LLM continues decoding
based on the updated context. In this way, the subsequent
explanation is conditioned on reproducible numerical evi-
dence rather than freely generated values.

Numerical evidence-constrained decoding integrates
tool triggering, deterministic calculation, and result back-
filling into the generation process. This design keeps the
diagnostic explanation readable while improving the accu-
racy and verifiability of key quantitative evidence.

IV. EXPERIMENTS
A. EXPERIMENTAL SETUP

To evaluate the proposed method, experiments are con-
ducted on seven bearing datasets. These datasets include six
public datasets and one in-house test-rig dataset. They differ
in rotating speed, sampling frequency, data source, and fault
type, as shown in Table I. Within-dataset experiments in
Sections IV.B and IV.D used a 70:15:15 train/validation/
test split, with results reported on the test set.

Fig. 4. Structured tool decoding process.
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Cross-dataset generalization was further evaluated
using seven-fold leave-one-dataset-out (LODO) testing.
In each fold, one dataset was used exclusively as the unseen
target test set, while signal encoder pretraining, Stage 1
alignment, Stage 2 instruction tuning, validation, and model
selection were all performed exclusively on the other six
source datasets. No sample from the target dataset was used
at any stage of model development. Samples were grouped
by dataset, fault class, and original signal record during
source-domain splitting to prevent segment leakage. The
target fault-label set was provided to all methods. ViLM
results are reported as the mean ± standard deviation over
seeds 42, 43, and 44; the two frozen baselines used greedy
decoding and produced deterministic outputs.

All samples are processed using the same pipeline. The
pipeline includes standardization, angle-domain resampling,
and order spectrum calculation. The angle-domain waveform
and order spectrum are then converted into vibration tokens,
following the encoder design in Section III.B. All experi-
ments use Qwen2.5-7B-Instruct as the LLM backbone and
are conducted on two NVIDIA RTX 3090 Graphics Proces-
sing Unit (GPUs). The main implementation settings of
ViLM are summarized in Table II.

Each input contains 20 revolutions resampled to 1,000
points per revolution. The resulting waveform is divided
into 100 angle tokens of 200 points (0.2 revolution)
each. The order spectrum is represented over 0–500 orders
with a resolution of 0.05 order. Unavailable high-order bins
are zero-padded, and the spectrum is divided into 110
tokens: 60/25/25 tokens over 0–30/30–150/150–500
orders. All angle tokens share one value-projection matrix,
whereas the order tokens in the three ranges use three
separate value-projection matrices. The signal encoder
comprises four transformer layers with a hidden dimension
of 512, eight attention heads, and an FFN dimension of
2,048, producing 211 tokens of dimension 512 including
the CLS token.

Three methods are compared: feature text+ LLM,
Tool-calling Agent, and the proposed ViLM. Feature text
+ LLM uses manually organized statistical and spectral
indicators as text prompts. Tool-calling Agent obtains
diagnostic indicators through external signal-analysis tools.
ViLM directly connects vibration tokens to the LLM. It
applies numerical evidence-constrained decoding when
quantitative evidence is required. The Tool-calling Agent
first collects tool outputs and then generates a report,
whereas ViLM uses learned vibration tokens and inserts
each tool result during decoding, enabling a more direct link
between numerical evidence and the diagnostic conclusion.
For each dataset, all compared methods use the same data
split, available fault labels, and LLM backbone unless
otherwise specified. The methods are evaluated in terms
of three aspects: fault classification, evidence-supported
explanation, and numerical reliability. Accuracy and
macro-F1 are used to evaluate fault classification perfor-
mance. Numerical accuracy (NA) is the percentage of
evaluated fields satisfying an absolute error of no more
than 0.2 or a relative error of no more than 3%:

NA = 1
M

P
M
j=1 Iðjŷj − yjj ≤ 0.2 ∨ jŷj−yjj

jyjj ≤ 0.03Þ × 100%,

where M is the number of evaluated fields, ŷj is the
generated value, and yj is the tool-computed reference.
For percentages, 0.2 denotes percentage points; integers
require exact matching, and missing or unparsable fields are
incorrect. Evidence adequacy evaluates the sufficiency of
the diagnostic evidence provided in the generated report.
Evidence adequacy was assessed by a blinded ChatGPT-5.5
evaluator (Responses API; snapshot: gpt-5.5-2026-04-23;
reasoning effort: medium; temperature: 0; top-p: 1.0; maxi-
mum output: 1,024 tokens; low verbosity; no tools). After
removing method identifiers, the evaluator scored signal
phenomena, quantitative evidence, and mechanism linkage
on a three-level scale: 0 indicates absent or incorrect
evidence, 1 indicates partially correct but incomplete

Table I. Statistics of the bearing datasets

ID Dataset Data source Rotational frequency (Hz) Sampling frequency (Hz) Fault types

D1 CWRU [26] Public 28.83/29.17/29.53/29.95 12000 N/IF/OF/BF

D2 Paderborn [27] Public 15/25 64000 N/IF/OF

D3 SEU [28] Public 20/30 5120 N/IF/OF/BF

D4 RTS In-house 25/30/35/40 12800 N/IF/OF/BF

D5 Ottawa [29] Public 29.17 42000 N/IF/OF/BF/CF

D6 MFPT [30] Public 25 48828/97656 N/IF/OF

D7 BJTU [31] Public 20/40/60 64000 N/IF/OF/BF/CF

Note: N, IF, OF, BF, and CF denote the normal condition, inner race fault, outer race fault, ball fault, and cage fault, respectively. D1–D7 denote the
dataset IDs used in Fig. 5.

Table II. Implementation settings of ViLM

Item Setting Item Setting

Input revolutions 20 Batch size 1

Points per revolution 1000 Gradient accumulation steps 4

Angle/order/CLS tokens 100/110/1 Projector/LoRA learning rates 2e-5/5e-6

Signal encoder pretraining epochs 30 LoRA layers/rank/alpha/dropout 4/8/16/0.05

Stage 1/Stage 2 epochs 5/10 Optimizer AdamW

Decoding temperature 0 Max new tokens 1024

Note: Stage 1 denotes signal-description alignment, and Stage 2 denotes diagnostic instruction tuning. LoRA layers indicate the last LLM layers
equipped with LoRA adapters.
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evidence, and 2 indicates complete and relevant evidence.
For sample i, EAi = ðsi þ qi þ miÞ=6. Each report was
evaluated three times, with median dimension scores re-
tained. Dataset-level scores were averaged and reported as
percentages. The same prompt, scoring criteria, and evalua-
tion settings were used for all methods. Supported Attribu-
tion Rate (SAR) measures the proportion of fault attributions
supported by the reported evidence. For method k on dataset
d, SARk,d = 1

Nk,d

PNk,d

i=1 Isupi × 100%, where Nk,d is the num-
ber of test samples and Isupi = 1 if the fault attribution is
supported by sufficient evidence; otherwise, Isupi = 0.
Diagnostic correctness is evaluated separately by accuracy.

B. DIAGNOSTIC PERFORMANCE AND
NUMERICAL RELIABILITY

Table III compares the three methods under the same train/
validation/test split, fault label space, and LLM backbone.
The feature text and tool outputs provided to the two
baselines contain the same types of quantitative indicators
used for numerical evidence in ViLM. Therefore, the results
reflect the combined effects of vibration representation and
evidence organization in the compared frameworks. ViLM
outperforms the two baseline methods in both diagnostic
accuracy and explanation reliability. The two baselines
achieve nearly 100% NA, but their diagnostic accuracy
remains low. This indicates that the main limitation is not
inaccurate calculation, but the ineffective use of calculated
evidence. In contrast, ViLM connects vibration tokens with
diagnostic generation and triggers tool calls during decod-
ing, leading to better diagnosis and explanation quality.

Figure 5 shows the dataset-wise performance of the three
methods on seven datasets. The two baseline methods show
large fluctuations in diagnostic accuracy and explanation
reliability. This suggests that their diagnosis and attribution

are sensitive to data distribution changes. ViLM maintains
relatively high and consistent performance on most datasets.
This indicates a more stable coupling among vibration repre-
sentation, tool calling, and diagnostic generation.

In Fig. 6, each small marker represents one method on
one dataset, while each large black-edged marker denotes
the unweighted mean over the seven datasets; the two
coordinates are calculated using the evidence adequacy
and SAR definitions given in Section IV.A. Feature text
+ LLM can generate evidence-rich descriptions, but its
attribution support remains lower than that of ViLM.
This shows that evidence description does not necessarily
lead to reliable explanation. Tool-calling Agent performs
poorly on both dimensions, indicating that tool calling
alone cannot ensure explanation reliability. The mean point
of ViLM is closest to the upper-right region, showing better
evidence adequacy and attribution reliability.

Figure 7 shows the diagnostic results of different
methods on the same outer-race fault sample. All three
methods can provide accurate numerical evidence, but the
sources of these values are different. Feature text+ LLM
relies on precomputed features that are directly included in
the prompt. The Tool-calling Agent obtains features
through external tool calls. ViLM generates the special
token <tool_call> during decoding, which enables tool
invocation and returns quantitative evidence.

Although the numerical evidence is mostly correct, the
diagnostic conclusions are different. The two baseline
methods both identify impact responses and concentrated
order-domain energy. However, they fail to link the
observed spectral peak to the characteristic order of the
outer-race fault and therefore misclassify the sample as an
inner-race fault. In contrast, ViLM captures the match
between the 3.60-order spectral peak and the candidate
outer-race fault order of 3.58. It correctly links the

Table III. Overall performance comparison of different diagnostic methods

Method Accuracy Macro-F1 Evidence adequacy SAR Numerical accuracy

Feature text+ LLM 28.57% 13.41% 82.82% 65.71% 99.64%

Tool-calling Agent 32.86% 20.61% 61.77% 28.57% 99.02%

ViLM (ours) 81.43% 81.87% 87.23% 85.71% 100%

Note: Evidence adequacy is scored by ChatGPT-5.5 using a fixed rubric after removing method names from the generated reports. SAR denotes the
supported attribution rate.

Fig. 5. Dataset-wise performance comparison of different diagnostic methods.
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numerical evidence to the fault mechanism and diagnoses
the sample as an outer-race fault.

C. CROSS-DATASET GENERALIZATION

Table IV presents the LODO results, where each dataset is
used once as an unseen target domain. ViLM achieves the
highest accuracy on all seven target datasets and obtains an
average accuracy of 63.45%� 0.60%. This exceeds feature
text+ LLM and the Tool-calling Agent by 37.41 and 35.04
percentage points, respectively. The improvement is observed
across datasets with different data sources, speeds, sampling
frequencies, and experimental platforms. These results indi-
cate that the learned vibration tokens and signal–language
alignment provide more transferable diagnostic information
than fixed feature-text inputs or tool observations alone.

D. ABLATION STUDY

Two targeted ablation variants are evaluated under the same
settings as the complete model to assess the overall effects
of the complete Stage 2 configuration and the numerical
evidence-constrained scheme. w/o Stage 2 retains signal-
description alignment but removes the complete Stage 2
configuration, including diagnostic instruction tuning,
LoRA adaptation, and further projector updating. The w/
o Numerical Decoding variant retains the same two-stage
training framework and is retrained under the same data
splits and optimization settings as the complete model but
removes structured tool-call annotations during training and
deterministic result backfilling during inference. In this

variant, reference numerical values are represented as ordi-
nary text tokens in the training targets and are generated
directly by the LLM during inference.

As shown in Table V, accuracy and SAR are not
applicable to w/o Stage 2, because Stage 1 performs sig-
nal-description alignment without generating diagnostic con-
clusions. Its NA of 89.85% indicates that Stage 1 has already
acquired partial tool-calling capability. The higher NA of the
complete model suggests that this capability is further
improved by the complete Stage 2 configuration. Its evidence

Fig. 6. Dataset-wise evidence reliability comparison.

Table IV. Classification accuracy in leave-one-dataset-out experiments

Target dataset Feature text+ LLM Tool-calling Agent ViLM (ours)

D1 31.07% 15.53% 69.51% ± 0.40%

D2 54.95% 53.15% 60.87% ± 0.44%

D3 21.05% 31.58% 67.40% ± 5.82%

D4 13.64% 28.18% 50.65% ± 0.59%

D5 12.77% 11.06% 57.84% ± 1.27%

D6 36.11% 41.67% 80.67% ± 0.94%

D7 12.71% 17.68% 57.25% ± 2.16%

Avg. 26.04% 28.41% 63.45% ± 0.60%

Note:ViLM results are reported as the mean ± standard deviation over seeds 42, 43, and 44. The two frozen baselines use greedy decoding and therefore
produce deterministic outputs.

Fig. 7. Case study of diagnostic reasoning across different methods.
Note: Blue and red denote correct and incorrect content, respectively.
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adequacy is only 48.13%, showing that signal-description
alignment alone cannot organize complete diagnostic evi-
dence. After the complete Stage 2 configuration is introduced,
evidence adequacy increases to 87.23%, demonstrating its
overall effectiveness for diagnostic evidence organization.

Removing the numerical evidence-constrained train-
ing-and-decoding scheme reduces accuracy, evidence ade-
quacy, SAR, and NA by 51.43, 48.40, 59.71, and 73.15
percentage points, respectively. This substantial degrada-
tion demonstrates the overall contribution of the numerical
evidence-constrained scheme to numerical reliability, fault
attribution, and explanation generation. Therefore, Stage 2
and numerical evidence-constrained decoding are both
essential to the complete ViLM.

V. CONCLUSION
This paper developed ViLM for bearing fault diagnosis
with evidence-supported diagnostic report generation. Ex-
periments on multiple bearing datasets yield the following
conclusions.

(1) The two-stage training strategy enables ViLM to
connect vibration representations with diagnostic
language generation. Compared with feature text
prompting and Tool-calling Agent, ViLM achieves
better fault classification performance and generates
more reliable diagnostic explanations.

(2) During inference, numerical evidence-constrained de-
coding ensures that key quantitative evidence is ob-
tained from deterministic signal-analysis tools rather
than freely generated by the LLM. This mechanism
maintains numerical consistency and helps the model
link quantitative evidence to fault mechanisms more
reliably.
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