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Interdisciplinary Centre for Security, Reliability and Trust (SnT)
University of Luxembourg

29 Avenue J.F. Kennedy L-1855, Luxembourg
firstname.lastname@uni.lu

ABSTRACT

Large language models (LLMs) and agentic AI systems are
increasingly being explored for domain-specific maintenance
and prognostics tasks, raising the question of whether they
can effectively support prognostics and health management
(PHM). In this paper, we investigate remaining useful life
(RUL) estimation with multimodal large language models
(MLLMs) grounded through time-series retrieval. We pro-
pose a framework in which historically similar degradation
segments are retrieved from the training set and, together
with the test trajectory, transformed into a visual comparison
artifact that is processed by the MLLM through a struc-
tured multimodal prompt. The approach is evaluated on the
FD001 partition of the C-MAPSS benchmark under repeated
experiments comparing retrieval-based inference against a
non-retrieval baseline based on random reference selection.
The results show that time-series retrieval consistently im-
proves MLLM-based RUL prediction across the evaluated
models, yielding lower error and more stable performance.
At the same time, the magnitude of the benefit depends on
model capacity, indicating that retrieval is most effective
when the underlying MLLM is able to exploit the retrieved
evidence. Overall, the study shows that time-series RAG is a
promising mechanism for improving multimodal prognostic
reasoning, while also highlighting the current limitations of
MLLM-based RUL estimation in practical PHM settings.

1. INTRODUCTION

Predictive Maintenance (PdM) aims to reduce downtime,
maintenance costs, and operational risks by anticipating
failures before they occur. A key task in this context is
Remaining Useful Life (RUL) estimation, which provides an
estimate of the time left before a component reaches failure.
Accurate RUL estimation supports maintenance planning,
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resource allocation, and risk-aware decision making in
Prognostics and Health Management (PHM).

Conventional RUL estimation methods are typically based on
statistical degradation models, physics-informed approaches,
or data-driven architectures trained on sensor time series. Al-
though these methods can achieve strong predictive perfor-
mance, they usually operate only on numerical data and pro-
vide limited support for reasoning over external contextual
knowledge.

Recent advances in large language models (LLMs) and multi-
modal large language models (MLLMs) create an opportunity
to revisit RUL estimation from a different perspective (Zhang,
Chowdhury, Gupta, & Shang, 2024; Yin et al., 2024). Instead
of relying only on a learned numerical predictor, an MLLM
can be prompted with visual and textual evidence describing
the target trajectory. Retrieval-augmented generation (RAG)
can further enrich this input by selecting historical degrada-
tion segments that are similar to the query trajectory, follow-
ing the broader idea of grounding language-model generation
with retrieved external evidence (Lewis et al., 2020). How-
ever, in the RUL setting, the effect of such retrieval is not
obvious: relevant references may ground the model on use-
ful degradation evidence, whereas poorly matched references
may introduce noise or bias the prediction.

Therefore, this paper studies whether time-series retrieval im-
proves MLLM-based RUL estimation. We propose a frame-
work in which similar degradation segments are retrieved
from historical run-to-failure trajectories and combined with
the query trajectory into a visual comparison artifact. The
same multimodal prompt structure is then used to compare
retrieval-based inference with a non-retrieval baseline based
on random reference selection on the FD001 partition of the
C-MAPSS benchmark (Saxena, Goebel, Simon, & Eklund,
2008; DeCastro, Litt, & Frederick, 2008).

The main contributions of this study are:

• A multimodal framework that reformulates RUL estima-
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tion as an evidence-grounded visual reasoning task for
MLLMs.

• A time-series RAG mechanism that retrieves historical
degradation segments and presents them to the MLLM
as trajectory-level reference evidence.

• A controlled experimental comparison between retrieval-
based and random-reference inference on the FD001 par-
tition of the C-MAPSS benchmark.

• An analysis of the benefits, limitations, and failure
modes associated with retrieval augmentation in the
RUL estimation setting.

The remainder of the paper is organized as follows: Section 2
reviews related work, Section 3 presents the methodology,
Section 4 reports the experimental results, Section 5 discusses
the main findings and limitations, and Section 6 concludes the
paper.

2. RELATED WORK

LLMs have started to attract attention in time-series analy-
sis. Recent survey studies indicate that this line of research
mainly follows several directions, including direct prompt-
ing, time-series quantization into token-like representations,
alignment of numerical sequences with language-model
spaces, the use of visual representations as an intermedi-
ate reasoning interface, and the integration of LLMs with
external tools (Zhang et al., 2024). In parallel, the rapid de-
velopment of multimodal large language models (MLLMs)
has shown that language-centered models can reason jointly
over heterogeneous modalities such as text, images and
audio, which is particularly relevant when sensor trajectories
are converted into plots or textual summaries before inference
(Yin et al., 2024).

In the specific context of PHM and RUL estimation, the
use of LLMs and MLLMs is still recent but growing. One
contribution introduced an LLM-based regression frame-
work for turbofan RUL prediction and reported competitive
results together with promising transfer-learning behavior
(Y. Chen & Liu, 2024). Another study explored a pre-trained
LLM-based approach for aircraft-engine RUL prediction on
C-MAPSS (Tan, Yang, Zhu, & Wang, 2025). More recently,
a multimodal framework was proposed to jointly exploit
temporal signals, frequency-domain images, and textual
domain knowledge for industrial time-series analysis, and
it was evaluated on the four standard C-MAPSS subsets
(Wang et al., 2026). At a broader PHM level, another work
proposed a language-model-based framework intended to
support multiple maintenance-related tasks within a unified
setting (Ren et al., 2025).

Another relevant direction concerns the integration of ex-
ternal knowledge into LLM-based PHM pipelines. RAG
was introduced to combine parametric language models
with explicit non-parametric memory, thereby improving

grounding and updateability (Lewis et al., 2020). In predic-
tive maintenance, recent studies have argued that retrieval
and knowledge augmentation can help LLM-based systems
access maintenance records, technical documentation, and
operational procedures more effectively (Jiang & Hu, 2025).

Despite these advances, only a limited number of studies
explicitly investigate the influence of retrieval augmentation
on MLLM-based RUL estimation in a controlled setting.
Existing studies mainly focus either on adapting LLMs and
MLLMs to prognostics tasks or on using textual retrieval
for broader PHM support. Consequently, the effect of time-
series RAG on RUL prediction quality remains insufficiently
studied (Y. Chen & Liu, 2024; Tan et al., 2025; Wang et al.,
2026; Jiang & Hu, 2025; Hafsi, 2025; Kirubanandan, 2025).

3. METHODOLOGY

This section describes the problem setup, proposed model
pipeline, and experimental configuration.

3.1. Problem Definition

We consider a set of n equipment units, denoted by U =
{U0, U1, . . . , Un−1}, monitored over time through onboard
measurements. Each unit Ui is represented by a multivariate
time series Xi ∈ RTi×M , where Ti ∈ N denotes the number
of observed cycles and M is the number of monitored vari-
ables. The corresponding sequence of RUL targets is denoted
by Ri ∈ NTi

0 .

Given the dataset

D = {(Xi, Ri)}n−1
i=0 , (1)

the objective is to learn a mapping function

fTS :
⋃
T∈N

RT×M → N0 (2)

such that, for a given time series Xi, the function fTS predicts
the RUL of its last observation.

In this work, the mapping function fTS is approximated using
a multimodal large language model. Since MLLMs are de-
signed to process multimodal inputs such as images and text,
each time series Xi is transformed into a multimodal repre-
sentation Zi, which may include visual depictions of sensor
trajectories and textual contextual information. The predic-
tion function can therefore be expressed as

fMM : Z → N0, (3)

where Z denotes the space of multimodal representations de-
rived from the original time series. The goal remains the es-
timation of the RUL of the last observation of each unit.
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Figure 1. Preprocessing workflow applied to the FD001 partition of the C-MAPSS dataset.

Table 1. Overview of the main pipeline modules according to their inputs, transformations, and outputs.

Module Input Transformation Output

Segment encoder Normalized sliding-window seg-
ment

Encode with an LSTM au-
toencoder.

Fixed-dimensional embed-
ding.

Retrieval memory builder Training segments and RUL labels Sample by RUL bin and in-
dex embeddings.

Balanced vector database.

Query retriever Last observed test segment Encode query and perform
k-nearest-neighbor search.

Top-k historical references.

Trajectory comparison builder Query trajectory and retrieved
references

Align trajectories and gener-
ate a multisensor plot.

Trajectory-comparison image.

Prompt composer Comparison image and task in-
structions

Insert visual evidence into a
structured prompt.

Multimodal prompt for RUL
estimation.

3.2. Dataset

This study uses the C-MAPSS benchmark for the empirical
evaluation of RUL estimation. C-MAPSS is a widely used
simulated turbofan-engine degradation dataset in which each
trajectory corresponds to one equipment unit monitored over
successive operating cycles through three operational setting
variables and multiple sensor measurements. The training
split contains complete run-to-failure trajectories, whereas
the test split contains truncated trajectories that end before
failure. Accordingly, the task is to estimate the RUL at the
last observed cycle of each test unit (Saxena et al., 2008;
DeCastro et al., 2008).

Owing to economic, computational, and time constraints, the
experimental campaign reported in this paper is restricted to
the FD001 partition. This design choice enables a focused
and controlled analysis within a feasible experimental bud-
get, while a broader evaluation on the remaining partitions is
deferred to future work.

For further details on the simulator and dataset construction,
the reader is referred to (Saxena et al., 2008; DeCastro et al.,
2008).

3.3. Preprocessing

The preprocessing pipeline transforms the raw C-MAPSS tra-
jectories into standardized fixed-length samples suitable for
both retrieval and multimodal inference, as illustrated in Fig-
ure 1. The raw trajectories are first grouped by equipment
unit and ordered by cycle. Next, min–max normalization is
applied independently to all sensor channels using statistics
computed from the training set. This transformation reduces
scale discrepancies across variables and yields a more compa-
rable representation of the degradation behavior across units.

After normalization, feature selection based on Pearson
correlation is applied to reduce redundancy and eliminate
non-informative measurements. Only the variables selected
through this process are kept for the subsequent stages.

The cycle-level RUL targets are then reconstructed from the
distance to failure, and a truncation threshold of 125 cycles
is applied. Finally, each normalized trajectory is segmented
through a sliding-window procedure. Given a window length
L, the method extracts fixed-length temporal segments, and
each segment is associated with the RUL value of its last
cycle. This step converts variable-length degradation trajec-
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(a) RAG builder. Training trajectories are segmented, sampled by RUL bin, encoded, and indexed in the vector database.

(b) Query retriever. The last segment of the test trajectory is encoded and used to retrieve the nearest indexed train segments.

Figure 2. Overview of the time-series RAG mechanism: (a) offline indexing of encoded training segments; (b) online retrieval
using the encoded test segment.
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tories into standardized samples that can be used consistently
by the retrieval module and by the multimodal inference
pipeline.

3.4. Time-Series RAG Mechanism

The proposed time-series RAG mechanism is composed of
three main modules: the encoder module, the retrieval mem-
ory builder, and the query retriever. Figure 2 summarizes the
overall process, distinguishing between the offline construc-
tion of the retrieval memory and the online retrieval of histor-
ical references for a test unit.

3.4.1. Encoder Module

The encoder module transforms each normalized sliding-
window segment into a compact vector representation used
for similarity-based retrieval. Its purpose is to represent
the recent temporal behavior of a unit, including sensor
levels and local degradation trends, in a fixed-dimensional
embedding space.

Let Sj denote a normalized segment produced by the prepro-
cessing step introduced in Section 3.3. The encoder defines a
mapping

zj = ϕ(Sj) ∈ Rd

where zj is the embedding of segment Sj and d is the embed-
ding dimension.

In this work, the encoder is obtained through an LSTM-
based autoencoding scheme trained exclusively on windows
extracted from the training trajectories. The LSTM encoder
processes the multivariate sensor segment and maps it to a
latent embedding. During training, a lightweight decoder is
attached to this embedding and optimized to reconstruct the
final sensor state of the segment.

After training, the decoder is discarded and only the encoder,
together with the embedding projection, is retained. The main
architectural and training settings of the encoder are summa-
rized in Table 2.

3.4.2. Retrieval Memory Builder

The retrieval memory builder constructs the non-parametric
memory used by the proposed time-series RAG mechanism.
This module corresponds to the offline stage shown in Fig-
ure 2(a). It operates only on the training partition, in order to
avoid information leakage, and transforms historical degrada-
tion data into a searchable collection of representative exam-
ples.

Window-to-Embedding Transformation. The module is
built from the windowed training segments produced by the
preprocessing step described in Section 3.3. Each segment is
associated with the RUL value of its last cycle. The trained

Table 2. Configuration of the learned LSTM encoder used to
generate retrieval embeddings.

Aspect Configuration

Input window length L = 30 cycles
Input variables Selected sensor features
Encoder type LSTM encoder
Number of recurrent layers 1
Embedding layer Linear projection
Embedding dimension d = 64
Hidden dimension 128
Decoder type Feed-forward head
Training objective Final-step reconstruction
Loss function Mean squared error
Optimizer AdamW
Training epochs 200
Batch size 128
Learning rate 10−3

Weight decay 10−5

Embedding normalization L2 normalization

encoder described in Section 3.4.1 is then used to transform
each selected segment into a fixed-dimensional embedding.

RUL-Balanced Retrieval Memory Construction. To re-
duce redundancy and improve coverage across degradation
stages, the training segments are grouped according to their
RUL values, and a subset of representative segments is sam-
pled from each RUL bin.

The resulting retrieval memory can be represented as

C = {(zj , rj ,mj)}Nj=1

where zj is the segment embedding defined by the encoder
module, rj is the associated RUL value, and mj contains
metadata such as the source unit and cycle position. The em-
beddings and metadata are then stored in a vector database,
forming a searchable memory of historical degradation ex-
amples.

3.4.3. Query Retriever

The query retriever is the online module responsible for
selecting the historical references used to ground the MLLM
prediction. This module corresponds to the online stage
shown in Figure 2(b). For each test unit, only the last ob-
served segment is used as the query, since the objective is to
estimate the RUL at the most recent cycle.

The query segment is encoded using the same encoder
adopted during memory construction. This ensures that
both training and test segments are represented in the same
embedding space. Given the last observed query segment Qi,
its embedding is obtained as

z
(q)
i = ϕ(Qi)
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(a) Multimodal prompt-generation workflow. (b) Example of the trajectory-comparison image.

Figure 3. Multimodal prompt generation and example comparison artifact used for MLLM inference.

A nearest-neighbor search is then performed in the retrieval
memory to identify the k most similar historical segments:

Nk(Qi) = top -kj∈{1,...,N} sim
(
z
(q)
i , zj

)
where sim(·, ·) denotes the similarity measure used by the
retrieval engine.

The retrieved neighbors provide historical references whose
recent sensor behavior is close to that of the test unit. Their
metadata are used to recover the corresponding training tra-
jectories, cycle positions, and RUL values. These references
are then used in the next stage to generate the visual compar-
ison artifact for multimodal prompting.

3.5. Multimodal Prompt Generation and MLLM Infer-
ence

The multimodal prompt-generation stage is composed of
three main modules: the trajectory comparison builder, the
multimodal prompt composer, and the structured output
parser. Figure 3 summarizes the overall process, showing
how the query trajectory and the retrieved historical ref-
erences are transformed into a visual comparison artifact,
inserted into a structured multimodal prompt, and processed
by the MLLM to produce an RUL estimate and a textual
explanation.

3.5.1. Trajectory Comparison Builder

The Trajectory Comparison Builder transforms the query
trajectory and the retrieved historical references into a
trajectory-comparison image. This image contrasts the recent
behavior of the test unit with similar training trajectories,
allowing the MLLM to inspect sensor levels, temporal trends,
and degradation-stage alignment in a compact visual form.

As shown in Figure 3a, this visual artifact is generated be-
fore prompt composition and serves as the main grounding
evidence for the subsequent MLLM-based RUL prediction.

Visual encoding choices. The visual artifact is designed to
make the degradation comparison readable within the con-
straints of a paper figure and an MLLM input. The query
trajectory and the retrieved references are plotted on a com-
mon temporal axis, so that their recent behavior can be com-
pared directly. The selected sensor channels are shown as
separate trajectories, allowing the model to evaluate whether
the similarity between the query and the references is consis-
tent across multiple variables.

The example reported in Figure 3b includes two selected sen-
sors and the corresponding RUL profile for readability. In
the actual inference pipeline, the comparison artifact incor-
porates the sensor variables selected during preprocessing, as
described in Section 3.3. The RUL information associated
with the retrieved training references is used to contextualize
their degradation stage, while the RUL of the test unit remains
the target to be estimated.

These visual encoding choices are intended to provide the
MLLM with evidence about three main aspects: the current
degradation level of the query unit, its recent temporal trend,
and its similarity to historical run-to-failure examples.

3.5.2. Multimodal Prompt Composer

The Multimodal Prompt Composer combines the trajectory-
comparison image with a textual prompt template, as shown
in Figure 3a. The resulting prompt provides the MLLM with
visual evidence, a description of the RUL estimation task,
instructions for comparing the query trajectory with the re-
trieved references, and an explicit output schema.

This structure ensures that all evaluated MLLMs receive a
consistent multimodal input. The system prompt, instruction
prompt, and user prompt template used in this study are re-
ported in the Appendix, Figure 5.

3.5.3. Structured Output Parsing

For each query unit, the MLLM is required to return a struc-
tured response containing both the numerical RUL estimate
and a short textual explanation. The expected output has the
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form

yi =

{
“rul” : r̂i,
“explanation” : ei

}
,

where r̂i ∈ N0 denotes the predicted RUL of the last obser-
vation of the query trajectory, and ei is the explanation gen-
erated by the model.

The predicted RUL value is used for quantitative evaluation,
whereas the explanation provides qualitative information
about the reasoning process followed by the MLLM. In this
way, the model is used not only as a regressor, but also as a
reasoning component that can justify its prediction with ref-
erence to the visible degradation evidence. A representative
explanation returned by the model is provided in Section 5.

3.6. Experimental Protocol

The experimental protocol compares two reference-selection
strategies for multimodal RUL estimation: random trajec-
tory selection and RAG-based trajectory selection. Let M
denote the set of evaluated MLLMs. The experiment is re-
peated N = 10 times to account for variability induced by
the MLLM inference parameters and by the non-deterministic
construction of the RAG component.

At each repetition n, a repetition-specific environment

E(n) =
(
θ(n), C(n), I(n)

)
is instantiated, where θ(n) denotes the sampled inference pa-
rameters, C(n) is the reference corpus derived from the train-
ing set, and I(n) is the corresponding retrieval index. For
each reference-selection strategy, the prompts are generated
once under the current environment and then used to query
all MLLMs inM. This produces a paired evaluation setting
in which, within each repetition, all models are assessed using
the same prepared prompts.

Input: Train set Dtrain, test set Dtest, window length L,
number of references k, prompt template T , set
of MLLMsM, parameter search space Θ,
repetitions N

Output: Predictions and scores for all strategies,
MLLMs, and repetitions

for n← 1 to N do
E(n) ← BUILDENVIRONMENT(Dtrain, L,Θ);
foreach s ∈ {random,rag} do
P(n,s) ← PROMPTS(Dtest, E

(n), s, k, T );
foreach m ∈M do
Ŷ(n,s,m) ← CALLLLM(P(n,s),m,E(n));
M (n,s,m) ← SCORE(Ŷ(n,s,m));

end
end

end
Algorithm 1: Experimental protocol used to compare
random and RAG-based reference selection across mul-
tiple MLLMs over repeated non-deterministic environ-
ments.

Algorithm 1 summarizes the full evaluation procedure.
BUILDENVIRONMENT samples the inference parameters,
constructs the reference corpus, and builds the retrieval
index. PROMPTS extracts the last observed test segments,
selects the references according to the considered strategy,
generates the comparison figures, and instantiates the prompt
template. Finally, CALLLLM queries each MLLM, and
SCORE evaluates the resulting RUL predictions. The scores
are aggregated across repetitions to compare random and
retrieval-based reference selection.

Evaluated MLLMs. The experimental evaluation consid-
ers three Gemini-based multimodal large language models,
namely Gemini 3.1 Flash-Lite, Gemini 3 Flash, and Gem-
ini 3.1 Pro. These models were selected to cover different
levels of model capacity and computational cost. In partic-
ular, Flash-Lite represents a lighter and more efficient vari-
ant, Flash provides an intermediate configuration, and Pro
corresponds to a more capable model intended for more de-
manding reasoning tasks. This selection allows us to ana-
lyze whether the effect of retrieval augmentation is consistent
across models with different capability–efficiency trade-offs.

4. RESULTS

Figure 4 reports the predictive performance of the three
evaluated Gemini MLLMs under the two considered in-
ference settings, namely random multimodal inference
(MLLM+Random) and retrieval-augmented multimodal in-
ference (MLLM+RAG). Across all evaluated models, the
inclusion of time-series retrieval leads to a consistent im-
provement in predictive quality, yielding lower error and
more stable behavior than random reference selection. This
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Figure 4. Predictive performance over 10 repetitions for the three evaluated Gemini MLLMs under the two inference settings,
MLLM+Random and MLLM+RAG.

Table 3. FD001 test-set comparison between baseline methods and Gemini-based RAG variants.

Baselines Gemini RAG

Metric Mean Random predictor LSTM (Z. Chen et al., 2021) Flash-Lite Flash Pro

RMSE 41.98 ± 0.00 57.19 ± 2.49 14.54 43.12 ± 2.72 32.85 ± 3.30 22.69 ± 1.44
MAE 36.07 ± 0.00 47.53 ± 2.66 – 32.91 ± 2.19 22.47 ± 1.99 17.91 ± 1.24
R2 -0.021 ± 0.000 -0.897 ± 0.165 – -0.080 ± 0.135 0.370 ± 0.125 0.701 ± 0.037
PHM’08 Score 20302 ± 0 181531 ± 74903 322.44 127441 ± 66610 27712 ± 15830 1488 ± 323

trend indicates that the retrieved historical trajectories pro-
vide useful grounding evidence for the MLLM during RUL
estimation.

Among the proposed configurations, the strongest results
are obtained by the Pro + RAG setting, while Flash + RAG
also shows clear gains over its non-retrieval counterpart. The
Flash-Lite variant benefits less from retrieval, suggesting that
the usefulness of the retrieved information depends not only
on the retrieval mechanism itself, but also on the reasoning
capacity of the underlying multimodal model. Overall, the
results support the claim that similarity-based reference
selection is preferable to arbitrary reference sampling when
MLLMs are used for RUL estimation.

The comparison reported in Table 3 further helps position
the proposed approach with respect to the literature. On the
one hand, the proposed RAG-based variants outperform sim-
ple baselines and improve consistently over the correspond-
ing random-reference MLLM setting. On the other hand, the
best proposed configuration does not yet surpass the strongest
task-specific and more sophisticated deep learning architec-

ture included in the comparison.

A second relevant observation concerns performance disper-
sion across the repeated experiments. For the Flash and Pro
variants, the RAG-based setting tends to produce more com-
pact distributions than the non-retrieval baseline, especially
for the main error metrics. This suggests that retrieval not
only improves the central tendency of the predictions, but
also reduces sensitivity to arbitrary reference selection. In
summary, the results indicate that time-series retrieval is a
beneficial component within the proposed MLLM pipeline,
even though the overall architecture remains simpler than the
strongest predictive models reported in the literature.

5. DISCUSSION

The experimental results provide a positive answer to the
main research question of this paper: in the considered
FD001 setting, time-series retrieval improves MLLM-based
RUL estimation. The observed gains suggest that retrieved
training trajectories provide useful grounding evidence,
enabling the model to compare the query with historically
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similar degradation patterns rather than relying only on
generic multimodal reasoning over the input artifact. In this
sense, the proposed time-series RAG mechanism strengthens
the link between the observed trajectory and previously seen
run-to-failure behaviors.

Another relevant aspect concerns explainability. Unlike con-
ventional regression baselines, the proposed framework can
return not only a numerical RUL estimate but also a tex-
tual explanation of the rationale behind the prediction. Al-
though this advantage does not compensate for the current
performance gap with stronger specialized models, it remains
valuable in PHM settings, where analysts may benefit from
inspecting the prediction together with the retrieved histori-
cal references and the model’s explanation. This explanatory
capability is one of the motivations for exploring language-
model-based approaches in prognostics.

To illustrate this qualitative aspect, Example 1 reports a repre-
sentative explanation produced by the MLLM. The response
shows that the model is able to relate the predicted RUL to
observable properties of the query trajectory, such as the ab-
sence of visible degradation and the similarity with early-life
train references. We also manually inspected a subset of the
explanations and found them broadly consistent with the vi-
sual evidence provided in the trajectory-comparison figures.
However, explanation quality was not evaluated systemati-
cally in this study.

Example 1. Representative explanation returned
by the MLLM.
The TEST unit’s sensor readings across all informative
channels (such as s2, s3, s4, s7, s11, and s12) are com-
pletely flat and show no signs of degradation. The lev-
els closely match the baseline values of the TRAIN ref-
erences during their earliest recorded cycles, well before
any degradation trends begin. Since there is no visible
progression towards failure, the unit is clearly in its early
life stage. Therefore, the estimated RUL is 125 cycles.

At the same time, the comparison with the literature must be
interpreted carefully. The proposed approach does not yet
match the predictive accuracy of the strongest architectures
included in Table 3. However, this gap should be read in light
of the purpose of the study. The main objective of this paper
is not to introduce the most sophisticated possible multimodal
architecture for RUL prediction, but rather to isolate and eval-
uate the influence of time-series RAG within a comparatively
simple and controlled pipeline.

Several additional limitations should nevertheless be ac-
knowledged. First, the evaluation is restricted to FD001,
which is the simplest C-MAPSS subset. Therefore, the
findings should not yet be generalized to more challenging
settings involving multiple operating conditions, multiple
fault modes, or previously unseen failure mechanisms. In
particular, the proposed time-series RAG component can

only retrieve degradation patterns that are represented in
the indexed historical memory. If a failure mode has not
occurred before, or is not sufficiently covered by the training
trajectories, the system may retrieve only partially similar
references and provide misleading grounding evidence to the
MLLM. Second, the current study relies on a specific prompt
design, a specific visual comparison artifact, and a single
retrieval formulation, which may influence the quality of both
the numerical predictions and the generated explanations.
Third, although the experiment is repeated multiple times to
account for variability, MLLM-based inference remains in-
herently non-deterministic and the proposed framework does
not provide a formal guarantee of correctness. The repeated
evaluation should therefore be interpreted as an empirical
robustness assessment rather than as a correctness guarantee.
Finally, the present analysis remains mainly descriptive and
does not yet include systematic uncertainty estimation, nov-
elty detection, or mechanisms for flagging cases in which the
retrieved evidence is insufficient. Altogether, these limita-
tions support interpreting the present work as a preliminary
study on the role of retrieval in MLLM-based prognostics.

6. CONCLUSIONS

This paper presented a framework for studying RUL estima-
tion with multimodal language models under retrieval aug-
mentation. The proposed approach combines a time-series
RAG module, which retrieves historically similar train seg-
ments, with a multimodal prompting pipeline that transforms
the query and retrieved references into an input suitable for
MLLM-based inference.

The empirical results on FD001 show that retrieval augmenta-
tion consistently improves the proposed MLLM pipeline rel-
ative to non-retrieval multimodal inference. Across all eval-
uated Gemini variants, the RAG-based setting yields better
predictive performance and more stable behavior than ran-
dom reference selection. These results support the main con-
clusion of the paper: time-series RAG has a positive influence
on multimodal RUL estimation.

More broadly, the study highlights two promising aspects
of language-model-based approaches for prognostics. First,
they can benefit from explicit access to relevant historical
trajectories rather than relying only on internal model reason-
ing. Second, they can naturally provide textual explanations
alongside the numerical prediction, which may be valuable
in human-centered PHM decision support settings.

Several directions can be explored in future work. First, the
evaluation should be extended beyond FD001 to the more
challenging C-MAPSS subsets and to additional predictive
maintenance datasets. Second, the retrieval component could
be improved through stronger embedding models, alterna-
tive similarity measures, and re-ranking strategies tailored to
degradation trajectories. Third, future work should investi-
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gate how time-series RAG interacts with more advanced mul-
timodal architectures, including richer temporal backbones
and more effective cross-modal fusion mechanisms. Finally,
it would be valuable to study jointly the relationship between
retrieval quality, predictive accuracy, and explanation quality
in order to better understand when MLLM-based prognostic
reasoning is most useful in practice.
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APPENDIX
Prompt Templates

Æ System Prompt

You are an expert Remaining Useful Life (RUL) estimation analyst for industrial equipment monitored over time through multiple sensors.

Your task is to estimate the RUL of the TEST unit at the most recent cycle shown.

You will receive:
• a plot comparing a TEST time series against one or more TRAIN time series;
• optional contextual text describing how to interpret the trajectories.

Decision policy:
1. Estimate the TEST unit’s latest RUL directly from the visual evidence.
2. Compare the TEST unit’s recent sensor behavior against the TRAIN references.
3. Use visible evidence such as level, slope, curvature, and degradation stage to judge where the TEST unit lies in its degradation process.
4. Infer the RUL by assessing which TRAIN degradation stage the TEST unit most closely resembles, with emphasis on the most recent

cycles.
5. Use agreement across multiple sensors more than any single noisy signal.
6. If the evidence is weak, noisy, or contradictory, return a cautious estimate consistent with the overall visible trend.

Constraints:
• Output MUST be valid JSON matching the schema.
• rul must be an integer in [0,{clip rul}].
• explanation must contain 2–5 sentences and must be grounded only in visible trends from the plot.
• Do NOT claim access to hidden metadata.

Instructions
• Focus on recent degradation trend and relative alignment to train trajectories.
• Give more weight to multi-sensor agreement than to isolated fluctuations.
• Infer degradation stage from visible evidence, not from any assumed external prediction.
• Prefer estimates that are visually well-supported by the TEST-to-TRAIN comparison.
• Keep uncertainty calibrated when the evidence is weak.

Æ User Prompt Template

Task: estimate the Remaining Useful Life (RUL) of the TEST time series shown in this plot.

Problem description:
• Each unit is monitored over time through multiple sensor measurements.
• The TRAIN references show complete run-to-failure trajectories or long degradation trajectories from similar units.
• The TEST unit is only observed up to its current cycle, and your goal is to estimate how many cycles of useful life remain.
• Lower RUL means the unit appears closer to failure or to a late degradation stage.
• Higher RUL means the unit appears to be in an earlier degradation stage.

Important:
• Estimate the RUL directly from the plot.
• Do not assume any external model prediction is available.
• Base your estimate only on the visible sensor behavior and alignment with the TRAIN references.

What to do:
• Compare the TEST trajectory against the TRAIN references, especially in the most recent cycles.
• Focus on the recent degradation stage of the TEST unit.
• Use agreement across multiple sensors more than any single noisy signal.
• If the TEST unit appears close to late-life degradation patterns, predict a lower RUL.
• If the TEST unit appears to be at an earlier degradation stage, predict a higher RUL.
• If the evidence is mixed, provide a cautious estimate that best matches the overall visual pattern.

Return:
• rul: the estimated integer RUL for the most recent TEST cycle;
• explanation: a short explanation of how the visible sensor evidence supports the estimate.

Before generating the final answer, ensure that the predicted RUL value is compliant with all constraints and aligned with the explanation.

Figure 5. Prompt templates used for visual RUL estimation.
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