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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 =
fU0; U1; : : : ; Un�1g, monitored over time through onboard
measurements. Each unit Ui is represented by a multivariate
time series Xi 2 RTi�M , where Ti 2 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 2 NTi

0 .

Given the dataset

D = f(Xi; Ri)gn�1
i=0 ; (1)

the objective is to learn a mapping function

fT S :
[

T2N
RT�M ! N0 (2)

such that, for a given time seriesXi, the function fT S predicts
the RUL of its last observation.

In this work, the mapping function fT S 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 = �(Sj) 2 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 = f(zj ; rj ;mj)gN
j=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 = �(Qi)
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