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Abstract

SMART attributes are the main telemetry for monitoring
Solid State Drives (SSDs) and predicting failures in large
fleets, but existing methods rely on heavy feature engineer-
ing and large supervised pipelines that must be retrained as
hardware or workloads change and that compress rich tem-
poral behavior into opaque numeric scores. Large Language
Models (LLMs) offer structured reasoning and explanations,
yet perform poorly on raw SMART logs because the histo-
ries are long and multivariate, their temporal inductive bias
is weak, and they hallucinate on numeric inputs. We present
SMARTTalk, a new systems architecture that introduces a
representation layer for device telemetry. SMARTTalk con-
verts each n day SMART window into a sequence of symbolic
trend tokens that an LLM can reliably reason over. The sys-
tem separates numerical trend extraction from language based
reasoning through three stages. (1) It slices n-day SMART
windows into short temporal patches and encodes them with
lightweight Convolutional Neural Network (CNN), then it
clusters the resulting embeddings to form compact libraries
of attribute-level and cross-attribute temporal patterns; (2) It
converts each pattern into concise, human-readable text tokens
that are stable across drives and over time; and (3) It feeds
these pattern summaries to an LLM with chain-of-thought
prompting, augmented with an online pattern memory that
detects and incorporates previously unseen behaviors without
retraining. By reasoning in natural language, SMARTTalk
gives transparent explanations and interactive workflows.

Evaluations on production datacenter SSD traces,
across both open-source and proprietary LL.Ms, show that
SMARTTalk delivers roughly 50x higher Fy 5 than Raw-
LLM, about 4 x higher than the Heuristic-LLM, and approxi-
mately 25% more accurate health classification than existing
SMART-based methods, while achieving time-to-failure es-
timates with bucketed MAE near 10 days. SMARTTalk’s
natural-language outputs are rated highly by LLM-as-judge,
with explanation and recommendation scores around 4.5 out
of 5 and perturbation robustness above 80%, making the sys-
tem operator friendly and ready for the deployment.

1 Introduction

SMART (Self Monitoring, Analysis and Reporting Technol-
ogy) attributes [2] are the primary telemetry for monitoring
the health of Solid State Drives (SSDs) in production data-
centers [5,7,8,17,22-25,30, 36, 38]. Each drive reports daily
counters such as reallocated sectors, pending sectors, and me-
dia errors that evolve over time. These long multivariate his-
tories allow operators to identify at-risk drives before failure,
enabling proactive replacement and minimizing downtime.

A large body of work converts SMART logs into predictive
models. Classical approaches use summary statistics and hand
crafted temporal features fed into supervised learners such
as random forests and gradient boosted trees [7, 8, 10,22,37].
Subsequent work introduces sequence models including au-
toencoders, LSTMs, and temporal convolutional networks to
capture richer temporal behavior [12,19,38]. Recent industrial
systems such as MVTRF [40] and MSFRD [41] incorporate
more elaborate feature engineering, multi view statistics, and
mutation based temporal encodings to improve both failure
prediction and diagnosis. We discuss the existing body of
work in detail in Section 2.4 and 2.5.

Despite these advances, existing methods face three key
limitations. First, they rely on heavy feature engineering and
large labeled datasets, particularly for rare failures and emerg-
ing drive models. Second, models must be retrained to handle
firmware, workload, or hardware changes. Third, most meth-
ods reduce complex temporal behavior to numeric scores or
class labels, providing limited interpretability and actionable
guidance for operators.

Large Language Models (LLMs) offer an opportunity to
unify prediction, explanation, and interaction. They excel at
pattern abstraction, multi step reasoning, and natural language
explanation [16,21,27-29,31,33,35,42]. However, directly
prompting LL.Ms with long numeric SMART traces is inef-
fective. Raw tables obscure temporal structure, overwhelm
token budgets, and cause models to hallucinate trends that
are not present [18]. This is one of the unavoidable barrier of
using LLM that motivates our architecture. As discussed in
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Section 2, key signals are local temporal patterns, slow drifts,
spikes, bursts, and cross-attribute correlations that standard
LLMs do not readily interpret.

Rare failures, evolving patterns, and long multi-attribute
histories push classical models toward brittle feature engineer-
ing, sequence models toward failure under class imbalance
and continual retraining, and LLMs toward hallucinations on
raw telemetry, so prior architectures cannot solve this prob-
lem. What is needed is a new representation layer rather than
another model tweak. These observations motivate our ar-
chitecture that combines reliable temporal pattern extraction
with LLM-based reasoning. Our core insight is to translate
an n-day SMART window into a compact, human-readable
event language that: (1) Preserves essential temporal struc-
ture (local patterns, slow drifts, spikes, bursts). (2) Captures
attribute-wise and cross-attribute correlations. (3) Expands
naturally over time as new failure modes emerge. (4) Exposes
the right “interaction surface” for LLM reasoning, expressive
enough for diagnosis, concise enough for token budgets, and
structured enough to avoid hallucinated trends.

SMARTTalk is a system that enables LLMs to infer drive
health, time to failure, likely causes, and recommended op-
erator actions without heavy feature engineering or large
labeled datasets. The design centers on three mechanisms.
First, SMARTTalk introduces a temporal patch to pattern to
phrase representation: each SMART history is sliced into
short patches, embedded, mapped to a learned vocabulary
of temporal patterns, and then rendered as concise natural
language trend descriptions that LLMs can reliably interpret.
Second, SMARTTalk maintains an online pattern memory
for novelty tracking, allowing the system to detect patches
whose embeddings exceed a learned novelty threshold, ac-
cumulate these previously unseen behaviors, recluster them
into new temporal patterns, and expand the pattern library
as new failure modes appear. This helps SMARTTalk han-
dle rare or evolving failure modes. Third, SMARTTalk per-
forms LLM reasoning over a structured sequence of semantic
events; the LLM consumes this event sequence using a small
in-context prompt and a Chain of Thought scaffold [34], en-
abling accurate status inference, time to failure prediction,
cause identification, and actionable recommendations.

The design of SMARTTalk is guided by the following
research questions (RQ): (RQ1:) How can LLMs analyze
SMART logs to predict drive health and time-to-failure ac-
curately without heavy feature engineering or large labeled
datasets? (RQ2:) Does the patch— pattern—phrase represen-
tation reliably prevent trend hallucination and capture tempo-
ral structure? (RQ3:) How does an online pattern-memory
improve robustness to rare and emerging failures compared
to static encoders? (RQ4:) Are SMARTTalk’s explanations
(“why the drive is at risk”) and recommendations (‘“what to
do next”) align with operator needs?

We evaluate SMARTTalk on production traces from Al-
ibaba (MB1 and MB2 SSD models). Across five LLM back-

bones, SMARTTalk raises the average Fy 5 score for failure
status prediction roughly 50 times higher than Raw-LLM,
about 4 x times higher than the Heuristic-LLM baseline, and
approximately 25% improvement over the average of existing
SMART-based methods and recent time-series SOTA mod-
els (Table 5). For drives that are correctly flagged at risk,
the same backbones achieve TTF bucket macro-F; around
0.6 with bucketed MAE near 10 days and more than half of
failures landing within +5 days of the predicted bucket (Ta-
ble 6). SMARTTalk’s natural-language outputs are also rated
highly by an independent LLM-as-judge, with explanation
and recommendation scores around 4.4—4.6 out of 5 and per-
turbation robustness metrics above 80% (Table 7). Together,
these results suggest that SMARTTalk is operator friendly
and can substantially reduce the extra work spent decipher-
ing raw SMART logs and triaging spurious alerts, while still
providing timely, precise warnings and concrete actions.

2 Understanding SMART Logs

Our goal is not just to predict failures, but to make raw
SMART logs talk to LLMs in a way that preserves the under-
lying behavior of the device to support qualitative decision
making. Before designing SMARTTalk, we first inspect the
data to understand what kinds of temporal patterns appear
in SMART attributes and how a human operator would natu-
rally describe them. These observations directly motivate our
patching, pattern, and text-generation design.

2.1 SMART Attributes and Their Semantics

SMART exposes dozens of device—specific counters and in-
dicators [17]. In this work we focus on a subset of 19 raw
attributes that are both widely used in prior studies and rela-
tively interpretable across models [17]. Table | summarizes
these fields and the direction in which they are considered
“healthy” (e.g., error counts ideally remain low, spare capacity
ideally remains high). For a human operator, these attributes
naturally suggest qualitative descriptions such as: “this error
counter stayed flat for months and then spiked,” “this wear in-
dicator is slowly drifting down,” or “this attribute is noisy but
bounded.” SMARTTalk aims to recover exactly such phrases
automatically and feed them to an LLM.

The semantic structure of SMART attributes motivates
three design choices in SMARTTalk. First, because different
attributes reflect health through distinct patterns (e.g., slow
wear trends versus sudden error spikes), we require attribute-
specific patch encoders rather than a single global model.
Second, since operators naturally describe these behaviors
linguistically, SMARTTalk must convert temporal shapes into
short phrases that mirror operator vocabulary. Third, because
attributes interact during many failures, these phrase-level
descriptions must later be composed to express cross-attribute
events.
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Table 1: Selected raw SMART attributes grouped by trend.

Ideal SMART attributes

Low r_5: Reallocated Sector Count; r_174: Unexpected Power Loss
Count; r_175: Power Loss Protection Failure; r_177: Wear Range
Delta; r_181: Program Failed Count; r_182: Erase Failed Count;
r_183: SATA Downshift Error Count; r_184: End-to-End Errors;
r_187: Reported Uncorrectable Errors; r_197: Current Pending
Sector Count; r_199: UltraDMA CRC Error Count.

r_173: Wear Leveling Count; r_180: Available Reserved Blocks;
r_195: Hardware ECC Recovered; r_233: Media Wearout Indicator.
r_9: Power On Hours; r_12: Power Cycle Count; r_241: Number of
Blocks Written; r_242: Number of Blocks Read.

High
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(a) Healthy vs. failed counts. (b) Monthly failure rate.

Figure 1: Behavior of the Alibaba SMART dataset.

We use a publicly released dataset of SSD SMART logs
from Alibaba Cloud [1, 37]. The dataset spans two years
(2018-2019) and covers six SSD models (MA1, MA2, MB1, MB2,
MC1, and MC2), each monitored daily with up to 105 SMART
attributes. We keep the 19 raw attributes from Table | and
treat each drive’s history as a multivariate daily time series.
We focus on the MB1 and MB2 models in our experiments
because they have very few missing values for each of the
19 attributes and are also used by prior work for evaluation
making it straightforward to compare.

Figure | summarize several aggregate trends. Figure la
shows the total number of healthy and failed drives over time,
highlighting the extreme imbalance between the two classes.
Figure 1b plots the monthly failure rate, which exhibits a
slowly changing baseline with occasional spikes. The long
histories and extreme class imbalance observed in the dataset
suggest that global features across months or years are inef-
fective. This motivates our use of short, localized temporal
patches that isolate informative behavior. The heterogeneous
behavior across SSD models further argues for a learned pat-
tern vocabulary rather than fixed, hand-engineered features.
Finally, because failures evolve slowly with occasional bursts,
the system must track patterns over time and allow new pat-
terns to emerge, motivating use of online pattern memory.

2.3 Attribute-Level Patterns and “How a Hu-
man Would Say It”

To understand what kinds of temporal shapes an LLM should
see, we zoom in on individual attributes. Figure 2 shows rep-
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(a) Reallocated Sector Count. (b) Uncorrectable Errors.

Figure 2: Temporal patterns for two SMART attributes.

resentative trajectories for two important SMART attributes:
Reallocated Sector Count (r_5) and Reported Uncorrectable
Errors (r_187). For each attribute we plot typical traces from
days labeled healthy and from days that belong to drives that
eventually fail. Two observations are important for designing
SMARTTalk:

Attributes express risk in different ways. r_5 shows noisy,
slowly increasing behaviour with repeated medium-sized
spikes, while r_187 stays flat for long periods and then ex-
hibits sudden, extreme jumps. A human would describe these
as “gradual degradation with bursts” versus “quiet then a
sharp spike”. We want the LLM to see precisely such phrases,
not just raw numbers.

Informative structure is local. In both plots, the informa-
tive changes happen over tens of days, not over the entire
multi-year history. Global features such as a single slope over
n days cannot capture whether the last week was stable, noisy,
or spiky.

From an LLM’s perspective, feeding a long list of daily
numbers (e.g., “0, 0, 1, 3,4, 0, ...”) is a poor interface: the
model must implicitly rediscover all the relevant temporal
shapes. Instead, we want to convert each local segment of the
time series into a short description that already encodes how
an operator would talk about it. These attribute-level obser-
vations lead directly to SMARTTalk’s patch—pattern—phrase
pipeline. The fact that informative structure is local motivates
our 5-10 day patch granularity. The diversity of shapes (flat,
bursty, drifting) motivates learning a pattern library rather
than relying on canned statistical features. The operator-like
descriptions motivate generating compact natural language
summaries for each patch so that the LLM receives structured,
semantically meaningful events instead of raw numbers.

2.4 Challenges for Making SMART “Talk”
and How SMARTTalk Responds

These observations reveal three challenges in turning SMART
logs into LLM-friendly input:

Multivariate, long histories. Each drive exposes many at-
tributes over years of daily logs, so listing all values over-
whelms the LLM and hides the critical behavior.

Attribute and model-specific patterns. As seen in Figures |
and 2, different attributes and SSD models exhibit distinct
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temporal shapes (flat, slowly drifting, bursty, oscillatory). It
is challenging to accurately capture the relevance and pattern
(as discussed in Section 2.3) of these shapes without requiring
in-depth feature engineering for each attribute.

Need for human-like diagnostic thinking. Operators nat-

LR N3

urally think in terms of phrases like “stable low”, “gradual
increase”, “noisy high”, or “repeated spikes in the last 10 days”
to clearly understand the cumulative issue to make informed
decision. To make the LLM’s to be able to clearly understand
the issue and reason transparently, we want SMART logs to
be expressed in the same style. SMARTTalk is designed to
address above challenges.

In the next subsection, we place SMARTTalk in the context
of existing SMART-based modeling approaches and how they
handle the temporal trends.

Table 2: Qualitative comparison of SMART modeling ap-
proaches. v = provided; A = partially or indirectly provided;
“~” = not a primary goal. Abbreviations: TS = time series
aware, FE = heavy feature engineering, LD = labeled data
need, EP = evolving patterns, OF = operator friendly, EX =
explanations, TXT = text level representation and interaction.

Method TS FE LD EP OF TTF EX TXT
RF [5] v High - A - A -
NN [5] v. — High - A - A -
EC [10] v v High - A - A -
AE [9] v — Low A A - A -
LSTM[19] v - High - A - - -
MVTRF[40] v v High A A v A -
MSFRD [41] v v High A A - A -
SMARTTalk v A Low v v Vv v
2.5 Existing SMART Models and Why

SMARTTalk

Table 2 summarizes the major classes of SMART-based pre-
diction methods. Prior work largely falls into three categories.

Classical supervised models (RF, NN). Early systems
treat each SMART snapshot as a feature vector and train
models such as Random Forests and feed-forward NNs [5].
These methods need to be trained on large amount of data
to predict accurately, operate solely on numerical features,
and provide little operator-oriented insight beyond feature
importance or binary risk flags.

Unsupervised and sequence models (AE, LSTM). Au-
toencoders [9] learn low-dimensional representations of
SMART sequences and detect anomalies via reconstruction
error, reducing labeled data demand but still yielding only
numeric anomaly scores and need heavy feature engineer-
ing. LSTM-based models [19] capture temporal dynamics
more faithfully, yet typically focus on binary failure predic-
tion rather than structured time-to-failure (TTF) reasoning
or interpretable explanations. After elaborate training, these

models may show good statistical accuracies, hence we use
these models as baselines in our evaluation 4.

Feature-engineered temporal systems (MVTRF, MS-
FRD, EC). Recent state-of-the-art (SOTA) works com-
bine SMART with extensive temporal feature engineering.
MVTREF [40] integrates short-term values, long-term his-
tograms, and trend features to jointly predict failure status,
type, and TTF, and exposes rule-like decision paths for di-
agnosis. MSFRD [41] leverages fine-grained telemetry and
computes mutation similarity between current and historical
attribute changes to assign fine-grained failure levels. Al-
ibaba’s production ensemble model for SMART logs [10]
likewise uses rich temporal features and tree-based ensembles
tuned for very low false positives, but, like MVTRF and MS-
FRD, ultimately exposes only scores and binary labels rather
than operator-facing narratives or structured TTF reasoning.
These approaches achieve strong accuracy but rely on com-
plex, hand-crafted features and communicate results mainly
through scores, labels, and rating levels.

Prior SMART based prediction models across classical su-
pervised methods, unsupervised sequence models, and heavily
engineered temporal pipelines share limitations that tuning
cannot fix. They depend on fixed feature schemas that miss
new failure modes, unstable and costly supervision on rare
failures, rigid numeric features that ignore cross attribute cor-
relations and causal structure, and they provide little human
interpretable reasoning from SMART trends to failures and
operator actions. SMARTTalk differs from these approaches
along three main axes: (1) Representation. Rather than hand-
crafted histograms or mutation features, SMARTTalk learns
CNN-based patterns over local SMART patches and translates
each pattern into a short, human-readable phrase (e.g., “r_187
stable low”, “joint spike in r_5 and r_197"). (2) Reason-
ing. Instead of using a numeric classifier, SMARTTalk feeds
these textual trend summaries to an LLM, which, via chain-of-
thought prompting, produces joint predictions of device status,
TTF buckets, likely causes, and operator actions. (3) Adap-
tivity. SMARTTalk maintains an online pattern memory that
detects, clusters, and promotes novel temporal patterns, en-
abling the system to capture emerging failure modes without
retraining and expose them to the LLM in natural language.

In summary, SMARTTalk shifts from designing new nu-
meric predictors to building a representation-and-reasoning
pipeline that makes SMART logs readable and explainable
to LLMs, improving operator-facing interpretability while
retaining strong predictive performance.

3 SMARTTalk Design

SMARTTalk is a new systems architecture that translates
numeric, multivariate telemetry into a stable symbolic trend
language that LLMs can reason over. Its novelty is not in us-
ing CNNgs, clustering, or LLMs, each component is standard,
but in how the system composes them into a hybrid sym-
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bolic—numeric pipeline that creates a new abstraction layer
for telemetry: patch — pattern — phrase. This layer acts
as a symbolic intermediate representation that is (i) human-
interpretable, (ii) stable across drives and workloads, and (iii)
locally adaptive through an online, continual Pattern Memory
that recognizes novel failure modes without retraining.

SMARTTalk separates numerical trend extraction from
language based reasoning. Offline, it processes historical
SMART logs to learn patch encoders and a compact vocab-
ulary of temporal trend patterns, calibrates pattern distance
cutoffs, and stores the resulting patterns, cutoffs, and text
phrases in a pattern memory. Online, a current n day win-
dow is sliced into patches, encoded with the frozen encoders,
matched against the pattern memory, translated into short
textual summaries, and then passed to an LLM that outputs
drive status, time to failure, explanations, and recommended
actions. This patch — pattern — phrase translation is the
core abstraction: it elevates SMART telemetry from dense
numeric sequences to interpretable, compositional symbols
that support robust LLM reasoning and continual adaptation.

Instead of giving an LLM raw time series, we structure the
input to balance detail, abstraction, and explainability. Specif-
ically, SMARTTalk: (1) Segments windows into patches:
Each A x n SMART window is split into short per-attribute
and cross-attribute patches, capturing both local temporal
trends and inter-attribute interactions. (2) Learns a trend
vocabulary: We build a compact set of trend patterns from
historical data, e.g., “stable low”, “sharp spike”, or “joint spike
inr_5and r_187". (3) Converts windows into textual sum-
maries: Each window is mapped to a sequence of pattern IDs,
rendered as concise, human-like sentences.

The LLM then operates on these summaries using chain-
of-thought reasoning, producing health predictions, time-to-
failure estimates, explanations, and recommendations.

SMARTTalk consists of two phases: (i) an offline phase
that learns patch encoders, patterns, and textual labels, and
(ii) an online phase that maps incoming SMART windows to
patterns, constructs textual summaries, and queries the LLM.

In this section, we formalize the problem and explain how
SMART logs interface with LLMs through our three-stage
pipeline across these two phases.

3.1 Problem Formulation

We consider a fleet of SSDs deployed in a production datacen-
ter. Each drive u € U exposes a set of A SMART attributes,
which are logged at regular discrete time steps (e.g., daily).
Let, x,. 4 € R denote the value of attribute a € {1,...,A} for
drive u at time . We assume that for a subset of drives we
also observe failure events and their timestamps.

SMART windows. For each drive u and reference time ¢, we
define an n-day SMART window as the A x n matrix

Xu,lt—n+1 " Xyt
My, = : o | e R

XuAf—ntl *°° XuAyg

which contains n consecutive time steps of all SMART at-
tributes ending at time 7. In our experiments we use A = 15
attributes and n = 30 days, but the formulation is general.

Status and time-to-failure (TTF) labels. For windows with
ground truth, we assign two labels:

1. A health status label y;5™ € %S, which can represent,
for example, {healthy, failed}.

2. A time-to-failure (TTF) label ylf € [0, 4], defined as the
time (e.g., in days) from the end of the window ¢ until the first
observed failure of drive u. If the drive does not fail within
a fixed horizon H, the label can be treated as censored or
clipped at H.

Target outputs. Given a new SMART window M,;,
SMARTTalk aims to produce:

1. A predicted health status Ji5" € /9,

2. A predicted time-to-failure yAf}ft, either as a bucket (e.g., <7

days, 7-30 days, > 30 days).

3. A natural-language explanation e, that describes which
SMART trends and patterns led to the decision.

4. A natural-language recommendation r,; (e.g., continue
monitoring, migrate workload, replace drive) that is action-
able for operators.

We therefore seek a mapping f : RAX" — oystatus
R>o x E x R, where £ and X_denote the spaces of explana-
tions and recommendations, respectively. Each of these out-
puts is evaluated and discussed in Sections 4.2, 4.3, and 4.4.

LLM-based reasoning with summaries. SMARTTalk de-
composes f into two stages:

SR T, Fm:T —osausy R>ox EXR,

where, S is a learned summarization function that converts
M, into a compact textual representation T,,; € 7 describing
per-attribute and cross-attribute trend patterns (e.g., “SMART-
5 stable, then repeated spikes in the last 10 days™). Fipm is
an LLM-based reasoning module that, given 7, ; and a chain-
of-thought style prompt, infers status, TTF, explanations, and
recommendations.

3.2 Offline Pattern Learning

The offline phase of SMARTTalk learns a compact library
of patch-level patterns and their associated distance cut-
offs from historical SMART logs, as shown in Figure 3,
which summarizes the pipeline. Given long sequences of
raw SMART attributes, we first form fixed-length windows
and slice them into short temporal patches. Small self super-
vised [6, 11, 15,20] CNN encoders then map these patches
into low dimensional embeddings. We train these encoders
with self supervised objectives defined directly on unlabeled
SMART windows, such as predicting masked days within a
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patch from the remaining days or distinguishing a real patch
from a time shuffled or attribute permuted version, so that the
learned representations capture reliability relevant trends with-
out using failure labels. We cluster these embeddings with
k-means to obtain a finite set of attribute and cross-attribute
patterns, and finally use failure labels only to calibrate dis-
tance cutoffs that separate typical patches from out-of-library
behavior. The resulting pattern centers, distance cutoffs, and
textual phrases initialise the PatternMemory used at inference
time.

3.2.1 Patch-Based Representation of SMART Windows

Recall from Section 3.1 that an n-day SMART window for
drive u ending at time ¢ is represented as M, ; € RA*" where
A is the number of SMART attributes. SMARTTalk first con-
verts each window into a set of short views that capture local
behaviour while preserving temporal order.

Per-attribute 1D patches. For each attribute a € {1,...,A}
we consider its length-n time series within the window and
split it into T = n/L contiguous blocks of length L (we use
n =30 days and L = 5 days in our experiments):

P, eRE, £=1,..,T.

Each pffz , captures a short-term local trend for attribute a
over L days and can be mapped back to a concrete time range
(e.g., days 04, 5-9, ..., 25-29).

Cross-attribute 2D patches. We also form 2D patches that
include all attributes over the same L-day blocks:

Pu,t.ZGRAXL, eil,...,T.

Each P,; , summaries how attributes evolve jointly over the
same time segment.

For an A x n window we therefore obtain A - T 1D patches
and T 2D patches. The choice of L trades off temporal res-
olution and noise averaging: shorter patches isolate rapid
changes, whereas longer patches smooth noise but may blur
short bursts.

3.2.2 Self-Supervised Patch Encoders

SMARTTalk represents each patch with a low-dimensional
embedding using small self-supervised CNNGs; failure labels
are not required for this stage.

(a)

1D attribute encoder. For a 1D patch p,;/, we learn an

encoder fyu : RL — R implemented as a lightweight 1D
CNN:

Ziaz)z = fanr(]?,(f,)/) € R,

A decoder gqy reconstructs the original patch; the encoder and
decoder are trained jointly via reconstruction loss to ensure

that Z(a)

1.0 Preserves the essential local trend.

2D cross-attribute encoder. Similarly, for each cross-
attribute patch P,,, € R**L we train a 2D CNN encoder
Seross RAXL — R

Zut bl = fcross(Pu,t,Z) € Rdca

with a small decoder gcross trained to reconstruct Py .
Self-supervised objective. The encoders are jointly trained
on unlabeled historical SMART windows using a combined

. 2
reconstructionloss L =Y, . le(;lt)e - gam(fam(pl(ft)’e)) ||2 +

2
XZMMHPMM — &eross (feross (Pus,e)) ||27 where A balances the
two branches. Once converged, we discard the decoders and
freeze f attr and f Cross-

3.2.3 Pattern Learning and Memory Initialization

A three stage symbolic representation pipeline.
SMARTTalk introduces a structured, three stage pipeline that
converts raw telemetry into symbolic trends that an LLM
can reason about. First, patch extraction slices each window
into short one dimensional and two dimensional views
that capture local temporal behaviour and cross attribute
interactions as discussed in Section 3.2.1. Second, pattern
discovery runs self supervised encoders and clustering on
these patches to build a vocabulary of reusable temporal and
cross attribute trends as discussed in 3.2.2. Third, phrase
generation, which we discuss in this section, renders each
learned pattern as a concise natural language phrase so that
every window is represented as a sequence of symbolic
tokens rather than raw numeric traces. This abstraction layer
decouples how trends are extracted (numeric and learned)
from how they are understood (symbolic and interpreted),
which makes the representation modular and robust and
allows it to be reused across drives, time periods, and LLM
backends.

Pattern learning via k-means. We run k-means on the
frozen embeddings to obtain base trend patterns. For attribute-

level patterns, we cluster all {z,(ft)_ ,} across drives and windows

into Ky clusters with centres {c" }kKl"f Similarly, we cluster

. Keross
{zuz,e} into Keross centres {c§7°%}, 9. These centres corre-

spond to recurring temporal trends such as “stable near zero”,
“gradual increase”, “late sharp spike”, or “joint spike in r_5
and r_187".

Calibrating pattern distance cutoffs with labels. After
obtaining the pattern centres, we leverage failure labels to
determine distance thresholds that separate typical behaviour
from patches that fall outside the learned pattern library.
Specifically, for each training patch, we compute its distance
d to the nearest pattern centre and record whether it origi-
nates from a healthy or failing window. For a candidate cutoff
T, we classify patches with d > 7T as outside the library and
compute the corresponding patch-level metrics: the false pos-
itive rate FPR(T) on healthy windows and the true positive
rate TPR(7) on failing windows. We then sweep T across a
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Figure 5: Example cross-attribute patterns and their phrases.

grid of quantiles and select the optimal cutoffs Ty, and Teross
such that FPR(1) < o (we use o = 0.05) while maximising
the F1-score over all patches. These calibrated cutoffs ensure
that only a small fraction of patches from healthy drives are
mistakenly flagged as anomalous, while a large fraction of
patches from failing windows with unusual behaviour are
correctly identified.

Learning pattern phrases and initial memory. The final
offline step converts numeric patterns into a compact vocab-
ulary of text tokens that the LLM can interpret. Given the
attribute and cross-attribute pattern centres along with their
calibrated distance cutoffs, phrase learning is formulated as
an offline summarisation task over patches that are well rep-

resented by each pattern.

Figure 4 illustrates six representative attribute-level
patterns and their traces. For each attribute pattern k, we
collect all patches whose closest centre is ¢} and whose
distance falls below the cutoff T,. We then compute
simple temporal statistics from these patches, including
mean level, variance, start—-end difference, maximum
change, number of large excursions, and the position
of the largest excursion within the L-day patch. Using
rule-based heuristics, we map these statistics to a coarse
trend label (e.g., ZERO_OR_NEAR_ZERO, LOW_STABLE,
SLOW_RISE, SINGLE_SPIKE_LATE, REPEATED_BURSTS,
NOISY_FLUCTUATIONS) and to a short natural-language
phrase describing the trend (e.g., “flat near zero”, “slowly
increasing”, “single late spike”).

Figure 5 shows examples of these cross-attribute patches.
We apply a similar procedure to cross-attribute patterns.
For each cross pattern k, we collect patches whose clos-
est centre is ¢;'™° and whose distance is below Tcros,
compute per-attribute statistics over the A x L patch, and
identify which attributes exhibit stable behaviour, gradual
wear-out signals, or error bursts. Heuristics then group
these patterns into categories such as ALL_STABLE, WORK-
LOAD_SPIKE_NO_ERRORS, WEAR_UP_ERRORS_ZERO, and as-
sign phrases like “all attributes stable”, “workload spike with-
out new errors”, or “multiple error counters rise together”.

The resulting phrase dictionaries ¥y and Voss associate
each pattern index with a discrete trend label and a canonical
phrase. These tokens are stable across drives and over time,
and they form the vocabulary that will later be presented to the
LLM in the online phase. We store all base patterns, calibrated
distance cutoffs, and phrase dictionaries in a PatternMemory
structure that is initialised at the end of the offline phase.

Phrase dictionary selection and generalization. The
phrase dictionary is not manually written for individual test ex-
amples. It is selected offline from the training split by cluster-
ing patch embeddings and then describing each cluster using
aggregate temporal statistics such as level, variance, start—end
change, spike magnitude, and spike position. This produces
coarse phrases such as “flat near zero”, “slow rise”, “single
late spike”, or “multiple error counters rise together”. The
dictionary is expected to generalize when the same SMART
attributes preserve similar device semantics, because phrases
describe normalized temporal shapes rather than drive identi-
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fiers or absolute timestamps. When a new workload or device
family produces a patch that does not match the current dic-
tionary, SMARTTalk marks it as out-of-library and logs it for
later insertion into PatternMemory. The main limitation is
that a device with different SMART semantics, new attributes,
or failure modes that do not appear as local trends or cross-
attribute co-occurrences may require recalibrating the pattern
library and phrase dictionary.

3.3 Online Inference

The online phase applies the frozen patch encoders and the
PatternMemory to each new SMART window and queries an
LLM as shown in Figure 6. Given a current n-day window,
SMARTTalk maps short patches to pattern phrases using the
stored centers and distance cutoffs, builds a natural language
summary, and asks the LLM to produce exploratory analysis.

3.3.1 Window Encoding and Pattern Lookup

Given a fresh window M,,; € RA*" for drive u, SMARTTalk
first standardizes attributes using the offline mean and vari-
ance and performs the same windowing and patching as in

Section 3.2.1 to obtain 1D patches p,(lat)F and 2D patches P, ; ¢
of length L days. Each patch is embedded with the frozen
encoders fayr and fiross and compared against the patterns
stored in PatternMemory.

For each patch we compute its distance to every pattern
center and select the closest one. If the distance is below
the corresponding distance cutoff Ty, Or Teross, the patch is
treated as an instance of that pattern. Otherwise it is marked
as an out-of-library pattern and its embedding, attribute index,
and time range are logged for possible future extension of
the pattern library. This yields, for each attribute and for the
cross-attribute view, a short sequence of pattern IDs together
with flags indicating which patches are out-of-library.

Online pattern-memory growth. Out-of-library patches
identified during pattern lookup are appended to a small buffer
rather than discarded. At regular intervals, SMARTTalk clus-
ters the buffered embeddings to propose candidate new pat-
terns and reuses the offline calibration procedure to assign
each accepted pattern a center, distance cutoff, and phrase be-
fore inserting it into PatternMemory. This lightweight online
update mechanism allows SMARTTalk to absorb emerging
workload regimes and failure signatures without retraining
the encoders or rerunning the offline pipeline, so the pattern
library gradually becomes more representative of the field
deployment over time.

3.3.2 Summary Construction and LLM Query

SMARTTalk next converts the pattern assignments for win-
dow M, into a structured textual summary. Pattern IDs are
mapped to phrases using the attribute and cross-attribute
phrase dictionaries Vyy and V.poss in PatternMemory. Phrases

that repeat over multiple neighboring patches are merged into
longer descriptions (e.g., “stable near zero for three segments”
or “repeated bursts over the last 10 days”), and out-of-library
patches are described explicitly as “unusual” behavior.

The resulting summary 7, is inserted into a chain-of-
thought prompt that instructs the LLM to reason about (i)
whether the drive is currently healthy or at risk, (ii) the likely
TTF bucket, and (iii) why the recent behavior is benign or
concerning, followed by recommended operator actions. The
LLM’s answer is parsed into a status label, TTF bucket, expla-
nation text, and recommendations, which are logged together
with the summary for later analysis.

Role of the LLM. The CNN encoders and pattern memory
extract local temporal evidence, but they do not by themselves
decide how multiple pieces of evidence should be combined
into an operator-facing decision. The LLM bridges this criti-
cal gap by composing attribute-level and cross-attribute pat-
terns over the full window, distinguishing workload-driven
changes from reliability signals, and mapping evidence to a
status and TTF bucket. It also generates concise explanations
and recommended actions. In this design, earlier stages pro-
vide a structured symbolic interface, while the LLM performs
the higher-level reasoning needed for diagnosis, urgency as-
sessment, and operator guidance that raw CNN patterns can-
not provide alone.

3.4 Example and Usage Scenarios

Example setup. We select a 30-day window for a single
drive and focus on two error-related attributes, r_5 and r_187.
Using a patch length of L = 5 days, each series is split into six
contiguous patches P1-P6. The top panel of Figure 7 shows
the raw series; the bottom panel shows the pattern phrases
assigned to each 5-day patch.

Pattern assignments. In P1 and P2 (days 0-10), both at-
tributes stay near zero, so r_5 maps to “stable” and r_187 to
“flat zero”. In P3 (days 10-15), r_5 shifts to “noisy increase”
while r_187 remains “flat zero”, indicating the first deviation
in r_5. In P4 (days 15-20), r_5 becomes “spike” and r_187
is still “flat zero”, capturing an isolated burst in r_5. In P5 and
P6 (days 20-30), both attributes are labeled with “spike” pat-
terns, reflecting sustained large spikes in r_187 together with
continued spikes in r_5. The cross-attribute patches for P5—
P6 map to a pattern such as MULTIPLE_ERRORS_CO_OCCUR,
which PatternMemory records as frequently appearing shortly
before failures on this model family.

Example summary sent to the LLM. For this window,
SMARTTalk aggregates the per-patch phrases into a natural-
language summary 7, such as:

Over days 0-10, error counters r_5 and r_187 stay near zero
and stable. Between days 10-15, r_5 shows a noisy upward drift
while r_187 remains flat at zero. From days 15-20, r_5 exhibits a
short spike but r_187 is still flat zero. Over days 20-30, both r_5

and r_187 show repeated spikes, and the joint pattern in the last
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tern phrases (e.g., “stable”, “noisy increase”, “spike”).

two 5-day segments matches the “MULTIPLE_ERRORS_CO_OCCUR” pattern,
which has historically preceded failures within about one week on
this model family.

This summary is inserted into the CoT prompt described
in Section 3.3.2. Given this input, the LLM typically reasons
that error-related attributes exhibit recent sustained spikes
and that the cross-attribute pattern matches one that often
occurs shortly before failures; it therefore assigns the drive to
a high-risk status with predicted TTF in the “< 7 days” bucket
and recommends migrating critical workloads and scheduling
replacement. When all patches instead map to “stable” or
“noisy but bounded” patterns, the same mechanism produces
benign assessments.

This example illustrates SMARTTalk in practice. In routine
monitoring, error counters and bounded workload changes
lead to low concern and continued monitoring. In early warn-
ing cases, spikes in reliability-related attributes such as r_5,
r_187,or r_197 lead to migration, diagnostics, or scheduled
replacement depending on urgency. In false alarm triage, a
workload spike without error, spare, or wear degradation can
be reported as unusual but not immediately dangerous, so the
recommendation remains monitoring rather than automatic
replacement. In novel pattern handling, out-of-library patches
are logged into PatternMemory, allowing operators to inspect
emerging behaviors and update the pattern library without
retraining the pipeline.

4 Evaluation

In this section, we evaluate SMARTTalk on real Alibaba
SMART logs and study three questions. First, how well does
it predict drive status compared with conventional SMART-
based baselines and recent state-of-the-art (SOTA) methods?
Second, how accurately can it predict time-to-failure (TTF)
buckets? Third, how good are the generated explanations and
recommendations, both in terms of automatic metrics and
their alignment with desired actions?

4.1 Experimental Setup

Dataset and temporal splits. We use the Alibaba SSD dataset
as introduced in Section 2.2. For each drive, we construct slid-
ing 30-day windows; labels in the dataset provide the status
(failed or healthy) and the time to failure in days. To avoid tem-
poral leakage, windows are partitioned by calendar month: the
earliest months are used for training, the subsequent month for
validation, and a later month for testing. Table 3 summarises
the partitions for three experimental rounds; month indices
will be adjusted to match the final datasets.

Table 3: Data partitions for SMARTTalk experiments.

Dataset Round Train Val Test
1 1-22nd 231 pgth
MBI, MB2 2 1_215[ 22nd 23rd

3 120t 21t 2pnd

SMART windows, patches, and patterns. Unless other-
wise stated, we use windows of n = 30 days and patch length
L =5 days, which yields T = n/L patches per attribute. The
1D and 2D patch encoders described in Section 3 are trained
offline using only the training split and then frozen. The num-
ber of attribute and cross-attribute patterns is set to Ky = 16
and Kross = 8, and distance cutoffs (Tayyr, Teross) are learned
as discussed in Section 3.2.3. Pattern phrases are curated once
per dataset and reused across experiments.

Existing solutions. We compare SMARTTalk against wide
range of the classical SMART-based methods, recent SOTA,
and LLM-based variants. Random forests (RF) and feed-
forward neural networks (NN) follow the feature engineering
in [5]. Ensemble Classifier (EC): After choosing the most
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important features, the data are given to several different clas-
sifiers. Their individual predictions are then combined into
one final decision about whether the drive is healthy or fail-
ing [10]. An autoencoder (AE) reconstructs healthy win-
dows and uses reconstruction error as a failure score [9]. An
LSTM sequence model (LSTM) is trained directly on the
SMART time series [19]. The multi-view temporal random
forest (MVTRF) [40] and the fine-grained telemetry based
method (MSFRD) [41] are recent SOTA for SMART-based
reliability modelling; we treat them as strong reference points.
Since there is no published LLM-based solution for this task,
we define two LLM baselines. Raw-LLM directly verbalises
raw SMART values over the window and prompts the LLM
without using any patterns. Heuristic-LLM converts simple
threshold-based rules into textual prompts for the LLM. In
contrast, SMARTTalk employs the full pipeline: it encodes
patches, leverages the pattern memory, generates textual sum-
maries, and applies LLM reasoning to provide diagnostics
and predictions.

LLM backbones. We evaluate SMARTTalk with four
open-weight, instruction-tuned LLMs and one proprietary
LLM as summarized in Table 4. All five LLMs use the same
chain-of-thought style prompt and decoding configuration; we
vary only the backbone model so that differences in accuracy
and explanation quality can be attributed to the underlying
LLM rather than prompt design. For the proprietary model,
we treat the system as a black box and use only public APIs,
without any fine-tuning or access to internals.

Table 4: LLMs used as SMARTTalk backbones.

ID Model name Params (B) Context

0S; Llama-3.1-8B-Instruct 8 128K tokens

0S» %WenZ.S- 14B-Instruct  14.7 131K tokens

083 Phi-4 14 16K tokens
Gemma-2-27B-it 27 8K tokens

0S,
PROP GPT-4o0 — 128K tokens

Evaluation Metrics. For status prediction, we focus on
the failure (high-risk) class and treat each window as pos-
itive if the drive is truly at risk and negative otherwise. A
true positive (7 P) is a window where the drive is actually at
risk and the model predicts RISK; a false positive (FP) is
a healthy window that is incorrectly flagged as RISK, i.e., a
false alarm; a true negative (T'N) is a healthy window cor-
rectly predicted as healthy; and a false negative (FN) is an
at-risk window that is incorrectly predicted as healthy, i.e., a
missed failure. Because the processed window-level dataset
is highly imbalanced, all methods are evaluated on the same
fixed imbalanced sampled test set so that confusion-matrix
metrics are comparable across methods while keeping LLM
inference tractable.

We compute precision as Prec = TP/(T P+ FP) and recall

as Rec = TP/(TP+ FN) by aggregating counts over the test

. ) _ (140.5%) PrecRec
windows. We then report the Fy 5-score, Fy 5 = 052 PrectRec

This is the harmonic mean of precision and recall, where pre-

cision is weighted more heavily. In operational settings, SSD
failure prediction must limit spurious alarms, so practitioners
prioritize precision [37]. Consequently, we adopt the Fy 5-
score, which emphasizes precision, as our main metric for
comparing schemes in production-like environments.

To quantify false alarms and missed failures, we report
the false positive rate (FPR) and false negative rate (FNR):
FPR = FPF+7PTN7 FNR = %. FPR measures healthy win-
dows incorrectly flagged as at risk, while FNR measures
missed at-risk windows. Thus, FPR reflects operator burden
and FNR reflects failure risk.The results of status prediction
are discussed in Section 4.2.

For TTF prediction we discretize the time-to-failure (TTF)
into coarse urgency buckets (e.g., < 7 days, 7-30 days, > 30
days) and ask the LLM to choose one bucket per at-risk win-
dow. Let #; denote the true TTF (in days) for window i and
b; the bucket predicted by the LLM; each bucket b; is asso-
ciated with a midpoint m;, (e.g., 3.5 days for <7 days). We
compute a macro-averaged TTF F; by treating each bucket
as a class, computing its per-bucket Fj, and then averaging
these scores uniformly across buckets so that short-horizon
and long-horizon failures are weighted equally. To quantify
how far the predicted urgency is from the true TTF, we report
a bucketed mean absolute error bMAE = £ YV | |1 — mp |,
where smaller values indicate that predicted buckets are, on
average, closer in days to the true failure times. Finally, we
measure the fraction of failure windows where the predicted
bucket is time-consistent with the true TTF via Covis =
N:ﬂﬂ Zg\ﬁ*‘lﬂ 1 (|ti —my | < 5), i.e., the proportion of at-risk win-
dows whose true TTF lies within 5 days of the bucket mid-
point; higher macro-Fi, lower bMAE, and higher Cov_s all
correspond to better guidance about how urgently a drive
needs attention. The results of TTF prediction are discussed
in Section 4.3.

For explanations and recommendations, operators care
about why a drive is at risk and what to do next, but evaluat-
ing such explanations is challenging because it is expensive
to obtain ground-truth natural language annotations for each
window; instead, we use two label-free strategies. First, we
evaluate output quality using an external LLM-as-judge [43]
(GPT-5.1 Thinking [26]) that scores each explanation and
action for correctness and operator usefulness. Second, we
run perturbation-based tests that check whether explanations
and actions react consistently when we synthetically increase
or decrease specific SMART risk signals [14]. The full pro-
tocol and results, including the LLM-as-judge prompts and
perturbation design, is described in Section 4.4.

4.2 Status Prediction

Table 5 reports status prediction performance of existing so-
lutions (RF, NN, AE, and LSTM), recent SOTA methods
(MVTRF and MSFRD), and LLM-based variants on MB1
and MB2. SMARTTalk is evaluated with both open-source
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and proprietary backbones. In addition to precision, recall,
and Fp 5, We report FPR and FNR to distinguish false alarms
on healthy drives from missed warnings on at-risk drives. This
is crucial under highly imbalanced data, where a model may
appear conservative by predicting few failures yet still miss
most true failures.

Table 5: Status prediction performance on the fixed imbal-
anced sampled test set. Precision (P), Recall (R), Fy 5, false
positive rate (FPR), and false negative rate (FNR) are reported.

Method MBI MB2

Pt Rf Fost FPRL FNR| P{ Rf Fos? FPR| FNR|
RF [5] 052 035 047 0014 0.65 0.68 0.33 056 0.0068 0.67
NN [5] 0.63 0.24 0.48 0.0061 0.76 0.57 0.17 039 0.0056 0.83
EC[10] 0.78 022 0.52 0.0027 0.78 0.85 0.24 0.56 0.0018 0.76
AE [9] 048 031 0.43 00146 0.69 0.57 0.25 045 0.0082 075
LSTM [19] 0.53 042 050 0.0162 0.58 0.60 0.50 0.58 0.0145 0.50
MVTRF [40] 0.83 053 0.75 0.0047 0.47 0.73 027 054 0.0043 0.73
MSFRD [41] 0.87 049 0.75 00032 0.51 0.82 0.33 0.63 0.0031 0.67

Raw-LLM (OS1) 0.00 0.00 0.00 0.0061 1.00 0.00 0.00 0.00 0.0058 1.00
Heuristic-LLM (OS1)  0.36 0.04 0.14 0.0031 0.96 0.89 0.07 0.27 0.0004 0.93
Raw-LLM (0S2) 0.00 0.00 0.00 0.0074 1.00 0.00 0.00 0.00 0.0062 1.00
Heuristic-LLM (0S2) 0.26 0.03 0.10 0.0037 0.97 0.85 0.04 0.17 0.0003 0.96
Raw-LLM (0S3) 0.00 0.00 0.00 0.0059 1.00 0.00 0.00 0.00 0.0055 1.00
Heuristic-LLM (0S3) 0.23 0.02 0.07 0.0029 0.98 0.88 0.04 0.17 0.0002 0.96
Raw-LLM (0S4) 0.00 0.00 0.00 0.008 1.00 0.00 0.00 0.00 0.0066 1.00
Heuristic-LLM (0S4)  0.51 0.07 0.23 0.0029 0.93 0.78 0.04 0.17 0.0005 0.96
Raw-LLM (PROP) 0.50 0.01 0.05 0.0004 0.99 0.55 0.02 0.09 0.0007 0.98
Heuristic-LLM (PROP) 0.43 0.04 0.15 0.0023 0.96 0.83 0.07 0.26 0.0006 0.93

SMARTTalk (OS1) 0.81 0.37 0.65 0.0038 0.63 0.75 0.29 0.57 0.0042 0.71
SMARTTalk (0S2) 0.87 0.41 0.71 0.0027 0.59 0.87 0.34 0.66 0.0022 0.66
SMARTTalk (OS3) 0.90 0.50 0.78 0.0024 0.50 0.81 0.34 0.63 0.0035 0.66
SMARTTalk (0S4) 0.80 0.52 0.72 0.0057 0.48 0.80 0.34 0.63 0.0037 0.66
SMARTTalk (PROP)  0.85 0.45 0.72 0.0035 0.55 0.87 0.30 0.63 0.0019 0.70

The results show that simply prompting an LLM on raw
SMART values is not enough for reliable status prediction.
Raw-LLM variants almost never predict a drive as failed and
label nearly every window as healthy. This behavior produces
near-zero precision and recall and leads to an FNR close to
one, showing that Raw-LLM misses almost all at-risk win-
dows despite producing few useful warnings. Heuristic-LLM
variants perform slightly better by using hand-crafted thresh-
old summaries, and on MB2 they sometimes achieve high
precision and low FPR. However, they fire only on the most
extreme cases and still miss most true failures, which leads
to low recall, high FNR, and poor F 5 scores. These results
show that raw numeric prompting or simple hand-written
summaries are insufficient because the LLM needs structured
temporal abstractions that expose degradation patterns with-
out overwhelming it with noisy variability.

Existing solutions such as RF, NN, AE, LSTM, MVTRE,
and MSFRD provide a broad set of numerical baselines be-
cause they learn directly from SMART trends and expose
different precision, recall, FPR, and FNR tradeoffs. MVTRF
and MSFRD achieve strong precision and competitive re-
call on MB1, but SMARTTalk matches or exceeds their
precision-biased Fj s across both SSD models while maintain-
ing low FPR and non-trivial recall. In particular, SMARTTalk

achieves the best Fy5 on MB1 and the best or comparable
Fyp5 on MB2, while keeping false alarm rates low. This in-
dicates that the patch—pattern—phrase representation gives
the LLM discriminative temporal signals similar to carefully
engineered numerical features, but in a form that also sup-
ports natural-language reasoning, time-to-failure estimation,
explanations, and operator actions.

Handling false positives and false negatives. In
SMARTTalk, false positives are treated as early warnings,
not automatic replacements. The output includes patterns, ex-
planations, concern levels, and recommendations, enabling
operators to decide between immediate action and monitoring.
False negatives are more critical as they reflect missed risks;
SMARTTalk mitigates this through sliding-window evalua-
tion, multi-attribute evidence, and updates to PatternMemory,
though weak or delayed signals remain a limitation. Unlike
numerical predictors that provide only scores, SMARTTalk
improves auditability by exposing decision-driving patterns.
While Raw-LLM and Heuristic-LLM achieve low FPR by pre-
dicting fewer failures, this results in high FNR. SMARTTalk
maintains a more practical balance between false alarms and
missed failures.

The key takeaway is that converting raw SMART logs into
abstract trend patterns turns LLMs from ineffective status pre-
dictors into detectors that are competitive with or better than
state-of-the-art SMART baselines. SMARTTalk achieves about
50x higher Fys than Raw-LLM, about 4x higher F 5 than
Heuristic-LLM, and roughly 25% better health classification
than existing SMART-based methods, while also reporting
low false alarm rates and reducing missed failures compared
with naive LLM baselines. It further provides richer outputs
such as time-to-failure guidance, explanations, and operator
recommendations.

4.3 Time-to-Failure Prediction

We now examine how accurately SMARTTalk predicts time-
to-failure (TTF) buckets. Although MVTRF can estimate
remaining lifetime, its published setups produce continuous
risk or lifetime scores under different horizons and evaluation
protocols, which are not directly comparable to our discrete
urgency buckets (< 7, 7-30, > 30 days), we therefore fo-
cus our TTF evaluation on LLM-based methods, comparing
SMARTTalk across multiple LLMs under the same pattern-
based summaries and TTF instruction.

Table 6 reports macro-F; across TTF buckets and buck-
eted mean absolute error (EMAE) for five open-source LLM
backbones. Each backbone appears twice: once with Raw-
LLM and once with SMARTTalk. For each method the LLM
is instructed to choose among the predefined TTF buckets
(for example < 7 days, 7-30 days, and > 30 days); bMAE is
computed from the bucket midpoints.

Across backbones, SMARTTalk’s TTF performance fol-
lows a consistent pattern: weaker open-source models lag
behind, while stronger open-source and the proprietary model
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Table 6: TTF prediction: We report macro-F1 over TTF buck-
ets (< 7, 7-30, > 30 days), bucketed MAE (bMAE), and cov-
erage Covt5, computed only on windows whose status is
correctly predicted as RISK.

MB1 MBI MBI  MB2 MB2  MB2
LLM TTFF,} bMAE| Covist TTFF, 1 bMAE| Covys?t

0S; 0.58 11.0 0.52 0.52 11.8 0.48
0S; 0.63 9.8 0.57 0.60 10.0 0.56
0S3 0.70 9.0 0.61 0.58 10.5 0.54
0S4 0.64 9.5 0.59 0.57 10.7 0.53
PROP 0.65 9.3 0.60 0.59 10.2 0.55

deliver substantially better bucket accuracy, lower timing error,
and higher coverage. The best-performing backbone differs
slightly between MB1 and MB2, but the gap between the
top several models is small, suggesting that once the LLM is
reasonably capable, the pattern-based summaries dominate
the quality of TTF guidance.

The key takeaway is that SMARTTalk can provide reliable
urgency estimates with multiple LLM backbones, achieving
TTF bucket macro-F around 0.6 with bucketed MAE near 10
days and more than half of failures landing within +5 days of
the predicted bucket, allowing operators to choose an open or
proprietary model based on deployment constraints without
sacrificing TTF quality.

4.4 Explanations and Recommendations

LLM-as-judge. We first sampled windows from MBI
and MB2 for failing drives (True Positives predicted by
SMARTTalk) and across time-to-failure buckets. For each
method, we run the full pipeline and record its predicted sta-
tus, time-to-failure bucket, free-form explanation, and rec-
ommended action for each window. We then use GPT-5.1
Thinking as an external LLM-as-judge. The judge is given
(1) a short textual summary of the SMART window, (ii) the
method’s predicted status and time-to-failure, and (iii) the
explanation and recommended action, but not the method
name. It is prompted to rate, on a 1-5 Likert scale, (a) how
correct and faithful the explanation is to the status/TTF pre-
diction and the SMART trends, and (b) how useful and safe
the recommended action would be for an operator. We report
the average explanation score (ExpScore) and action score
(RecScore) across windows.

Perturbation-based robustness. Second, we probe how
sensitive each method is to controlled changes in the SMART
attributes. For a subset of windows, we construct synthetic
perturbations by modifying one or two reliability-related
attributes (e.g., r_5, r_187, r_197) while keeping the oth-
ers fixed. We consider “risk-up” perturbations (e.g., inject-
ing a monotone increase or spike in an error counter) and
“risk-down” perturbations (e.g., clamping an attribute to a
healthy baseline). For each original/perturbed pair, we rerun
the method and measure:

AttrSens: the fraction of risk-up perturbations for which the

explanation explicitly mentions the perturbed attribute (via
a fixed attribute-name lexicon), indicating that the method
notices the changed signal.

ActDirAcc: the fraction of perturbations for which the rec-
ommended action moves in the intuitively correct direction: it
becomes more conservative (e.g., from “monitor” to “backup
and replace”) when risk is increased, and does not become
more conservative when risk is decreased.

These metrics do not require human reference explana-
tions: we control the perturbations and only check whether
each method’s explanations and recommendations react in a
consistent and sensible way.

Table 7: Quality of explanations and recommendations on
MB1+MB2 for SMARTTalk. ExpScore and RecScore are
1-5 ratings (LLM-as-judge). AttrSens and ActDirAcc are
perturbation-based robustness metrics (higher is better).

ExpScore RecScore AttrSens ActDirAce

Method ~ (1-5) (1-5) ) (§p)
0S; 434 4.26 0.79 0.82
0S; 422 4.30 0.84 0.88
0S3 4.50 4.75 0.87 0.91
0S4 4.45 4.90 0.90 0.93
PROP 4.50 4.60 0.82 0.90

Table 7 summarises explanation and recommendation qual-
ity for SMARTTalk variants. “ExpScore” and “RecScore” are
1-5 scores from GPT-5.1 Thinking (higher is better), while
“AttrSens” and “ActDirAcc” are proportions in [0, 1]. Across
the open-source variants, SMARTTalk consistently produces
explanations that the judge rates as both accurate and useful,
with later-generation backends yielding slightly stronger and
more stable judgements than earlier ones. The proprietary con-
figuration delivers explanation and recommendation quality
that is broadly comparable to the best open-source variant, in-
dicating that our design does not rely on a single LLM family.
The perturbation-based metrics show that the judge is sen-
sitive to attribute-level degradations and usually prefers the
original, higher-quality text over perturbed variants, suggest-
ing robust alignment between scores and explanation quality.

The key takeaway is that SMARTTalk can provide high-
quality, perturbation-resilient explanations and operator guid-
ance across multiple LLMs, with explanation and recommen-
dation scores around 4.4-4.6 out of 5 from LLM-as-judge
and perturbation robustness metrics above 80%.

4.5 Ablation on Observation Window and
Patch Length

We study sensitivity to observation window N and patch
length L around the default setting. We fix L=15 and vary N €
10,20,30,40,50, and fix N = 30 and vary L € 2,4,5,10,15.
For each setting, we retrain patch encoders and PATTERN-
MEMORY on training data and evaluate on a fixed test set.
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Figure 8: Sensitivity of Fj s to observation window N and patch length L on MB1 and MB2. Top: vary N with L = 5; bottom:
vary L with N = 30. Solid lines show OS3 and dashed lines PROP; the vertical line marks the default setting. SMARTTalk
consistently outperforms Raw-LLM and Heuristic-LLM. Performance is non-monotonic in both N and L, with the default near
the best Fy s region across both models.
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Figure 9: Detailed sensitivity metrics for MB1. Top row varies N with L = 5; bottom row varies L with N = 30. We report
precision, recall, Fy 5, FPR, and FNR, with the default marked by a dashed line. Increasing N generally improves precision and
FPR but may reduce recall due to smoothing of recent failures. Increasing L lowers FPR but raises FNR by smoothing short
bursts. The default (N = 30,L = 5) achieves the best precision—recall tradeoff.
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Figure 10: Detailed sensitivity metrics for MB2. Top row varies N with L = 5; bottom row varies L with N = 30 for SMARTTalk.
MB?2 exhibits the same pattern as MB1: performance is non-monotonic in N, and larger L reduces FPR but increases FNR. The
default (30,5) remains in a stable high-performing region.

The default (N = 30,L = 5) is highlighted by the vertical
dashed line in the figures 8, 9 and 10.

Figure 8 shows that SMARTTalk is stable across a broad
range of observation windows. On both MB1 and MB2,
very short windows provide less historical context and can
miss slow degradation patterns. Performance improves from
N =10 to 30 due to better temporal context, but saturates or
degrades beyond 30 as older behavior dilutes recent failure
signals. Thus, gains saturate around 30 days.

The patch-length study shows a similar tradeoff (Figures 9

and 10). Shorter patches improve temporal resolution and
capture rapid spikes but increase noise, while longer patches
smooth noise but can obscure failure bursts and reduce recall.
The default L = 5 balances these tradeoffs, preserving local
patterns while limiting noise, and achieves near-optimal Fj s
on MB1 and MB2.

Encoding assumptions and information loss.
SMARTTalk intentionally uses coarse temporal patches
and phrase-level tokens rather than preserving every daily
value. This design assumes that many useful SMART failure
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signals appear as local trends, spikes, bursts, or cross-attribute
co-occurrences in reliability-related fields, while small
day-to-day fluctuations are often less useful for operator
decisions. The compression can lose some fine-grained
numeric detail, but our sensitivity results show this does not
dominate performance. Our approach is therefore expected
to generalize best when failures manifest through similar
SMART trend shapes, but it may require recalibration for
devices or telemetry streams where the meaningful signal
is not concentrated in local extreme values, trends, or
cross-attribute events.

The key takeaway is that SMARTTalk is not dependent on a
fragile choice of N or L. Accuracy does not simply improve by
increasing the observation window or patch length. Instead,
there is a tradeoff: shorter windows and patches can miss
longer degradation trends or become noisy, whereas longer
windows and patches can smooth away recent failure bursts.

5 Related Work: LLMs for System Logs

Recent work explores how LLMs can assist system opera-
tions across many settings. For anomaly detection in scientific
and workflow systems, LLMs have been used as supervised
models and in-context learners over traces and configuration
metadata [21], and more broadly as enablers for autonomic
computing and self-managing services [42]. In storage and
I/O optimization, ION uses LLMs to guide HPC I/O tun-
ing and configuration [13], while LogLLM applies LLMs
directly to system logs to highlight suspicious events and pat-
terns [16]. LLMs have also been explored for root-cause anal-
ysis, incident management, and control in cloud environments,
where single- and multi-agent designs couple LLM reasoning
with log search, dashboards, and code inspection [29,33]. For
scheduling, control, and tuning, LLM-based methods guide
policy learning, task coordination, key—value store tuning, and
HPC 1/0 optimization [13,31,32,39].

Within storage management, prior work uses LLMs to man-
age hybrid SSD tiers by selecting parameters and policies that
balance performance and endurance [35]. SSD-specific LLM
work has also modeled environmental effects and knowledge-
graph-guided operational reasoning for SSDs [3,4]. These
efforts focus on high-level control, environmental what-if
analysis, or graph-grounded operational reasoning rather than
fine-grained SMART log analysis. In parallel, LogLLM and
related systems operate on textual or semi-structured logs for
anomaly detection and incident reasoning [16], but they do
not target fine-grained SMART attributes or explicit time-to-
failure prediction for individual drives.

SMARTTalk differs from prior LLM-for-system-logs work
in three ways. First, it targets SSD SMART telemetry with
a single pipeline for both health classification and bucketed
time-to-failure prediction. Second, it introduces an attribute-
aware patch — pattern — phrase layer that turns raw SMART
windows into short, composable trend descriptions. Third, it

maintains an adaptive pattern memory so LLM reasoning
operates over an evolving library of interpretable SMART
behaviors instead of raw logs.

6 Broader Impact

Although SMARTTalk focuses on SSD SMART telemetry, the
same patch—pattern—LLM pipeline can be applied to a wide
range of time-series system logs (e.g., HDD, GPU, CPU, mem-
ory, network, and power telemetry), helping operators surface
emerging anomalies and interpret them in natural language.
On top of SMARTTalk, one can build operator-facing appli-
cations such as what-if analysis tools, interactive dashboards,
and exploratory diagnostics interfaces that let engineers probe
alternative scenarios, inspect pattern-level histories, and com-
pare failure modes across devices and clusters. Deployed as a
decision-support layer alongside existing monitors and opera-
tor expertise, SMARTTalk encourages transparent, auditable
use of LLMs in operations and opens the door to safer, more
data-driven maintenance and capacity-planning practices.

7 Conclusion

This work asked whether LLMs can serve as effective reason-
ing engines for SSD SMART telemetry while preserving tem-
poral structure. For RQ1, our results show that SMARTTalk
can predict drive health and time-to-failure, without heavy
feature engineering or large labeled datasets. For RQ2, we
find that converting each n-day SMART window into per-
attribute and cross-attribute patches, learning trend patterns,
and verbalizing them as short natural-language summaries
enables LLMs to correctly track temporal behavior while
reducing trend hallucinations. For RQ3, the online pattern
memory improves robustness to rare failures and emerg-
ing failure modes compared to a static offline model by de-
tecting, clustering, and promoting novel patterns into new
patterns. Finally, for RQ4, operator-facing evaluations indi-
cate that SMARTTalk’s explanations and its recommenda-
tions are aligned with operational needs. Together, these re-
sults suggest that pattern-based verbalization plus lightweight
LLM reasoning is a promising path for interpretable, adap-
tive analysis of datacenter SMART logs. The implementa-
tion and artifact for SMARTTalk are publicly available at
https://github.com/Damrl-lab/SMARTTalk.
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prompt once per window. Step (P-B) then applies a library of
perturbation operators (e.g., deleting mentions of key error
attributes, flipping the trend description, or replacing the ex-
planation with generic boilerplate) to produce systematically
degraded or altered variants of the original explanation and
recommendations. In Step (P-C) we feed these perturbed vari-
ants to the same judge prompt, keeping the SMART summary
and predicted status/TTF fixed, and record the new scores.
Step (P-D) compares perturbed scores against the baseline for
each operator to measure sensitivity, for example how often
a quality-degrading perturbation lowers the score. Finally,
Step (P-E) aggregates these differences across windows and
operators to report summary robustness metrics used in our
evaluation.

Algorithm 1 Perturbation-based evaluation of explanations
and recommendations

Require: Set of evaluated windows W/, each with SMART
summary S,,, method prediction (y,,, TTF,,), original ex-
planation E\,, original recommendations R,,; perturbation
operators O; judge prompt template Pjygge

Ensure: For each operator 0 € O: perturbation metrics over
w

1: (P-A) Collect baseline judge scores: For each
window w € W, query the LLM-as-judge with
(Sw,Yw,TTFE,,, E,,,R,,) using Pyyee and record baseline
scores ExpScore?™® and RecScore®®°.

2: (P-B) Generate perturbed variants: For each window
w and each operator o € O, apply o to (E,,,R,,) to obtain
a perturbed pair (ES,RS,). Examples include dropping
mentions of key SMART attributes, flipping risk language
(e.g., “low concern” — “serious concern’), or replacing
the text with generic boilerplate.

3: (P-C) Score perturbed variants with the judge:
For every (w,0) pair, query the same judge prompt
with (S, yw, TTF,,, ES,RY) and record ExpScore, and
RecScore),.

4: (P-D) Compute sensitivity metrics: For each operator
o0 € O, compute score differences AExp, = ExpScore;, —
ExpScore?®™® and ARec?, = RecScore?, — RecScore?®®

across all w € W, and summarise them via statistics such

as mean drop, median drop, and the fraction of windows
where ExpScore?, < ExpScore®©,

5: (P-E) Summarise robustness across operators: Aggre-
gate the per-operator statistics into a table of perturbation
metrics, highlighting whether the judge is (i) sensitive
to quality-degrading edits and (ii) stable under neutral
or minor edits. Use these metrics in our evaluation to

validate the reliability of the LLM-as-judge scores.

Algorithm 2 HeuristicSMART-LLM baseline

Require: Raw SMART logs D; window length n; attribute
set F; heuristic prompt template Ppeyr

Ensure: For each window: status label, TTF bucket, expla-
nation, recommendations

1: (H-A) Windowing: Slice each drive history in 2 into
n-day windows M,,, € RA*".

2: (H-B) Per-attribute statistics: For every window M,
and attribute a € F, extract the 30-day vector v, ; , and
compute basic statistics (min, max, mean, first, last, delta,
and late/early means).

3: (H-C) Heuristic trend labelling: Apply a hand-crafted
rule set CLASSIFYTREND(v,,,) to assign a coarse
phrase h,; . (e.g., “mostly zero across 30 days”, “sharp
late spike”) for each attribute.

4: (H-D) Summary and prompt construction: Concate-
nate the phrases {/,.; 4 }4c# into a textual summary 7, ,
and substitute 7, into the heuristic LLM prompt tem-
plate Py, to form the final query Q, ;.

5: (H-E) LLM inference and parsing: Send Q,; to the
LLM, parse the JSON response into status, TTF bucket,
explanation, and recommendations, and store these out-
puts for later metric computation.

A.2 Heuristic LLM

Algorithm 2 summarizes our heuristic LLM pipeline. In
Step (H-A) we first slice the raw SMART logs into 30-day
windows so that each example contains the recent history of
one drive. Step (H-B) computes simple statistics for every
attribute in a window (minimum, maximum, mean, first and
last value, delta, and late-versus-early means), which provide
the inputs to the hand-crafted trend rules. In Step (H-C) a
rule set CLASSIFY TREND maps these statistics to one coarse
phrase per attribute (for example “mostly zero across 30 days’
or “steady increase with strong late growth”), without any
learned prototypes. Step (H-D) concatenates the attribute
phrases into a short textual summary and injects it into the
Heuristic LLM prompt, producing the final query for the LLM.
Finally, Step (H-E) sends this query to the LLM, parses the
returned JSON into status, time-to-failure bucket, explanation,
and recommendations, and logs these outputs for evaluation.

l

B Artifact Appendix

B.1 Artifact Overview

We provide the SMARTTalk artifact to support independent
inspection and reproduction of the main results in this paper.
The artifact contains the implementation of the SMARTTalk
pipeline, including SMART log preprocessing, N day window
construction, patch extraction, offline pattern learning, phrase
dictionary construction, PATTERNMEMORY, LLM based in-
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ference, and evaluation scripts. The artifact is publicly avail-
able at:

https://github.com/Damrl-lab/SMARTTalk

The repository README gives the most up to date execu-
tion commands, data placement instructions, and troubleshoot-
ing notes. The appendix summarizes the artifact at a high level
so that readers can understand what is included and how it
connects to the paper.

B.2 Artifact Contents

The artifact is organized around the main stages of
SMARTTalk. It includes: (i) preprocessing and split genera-
tion scripts for the Alibaba SMART dataset; (ii) configuration
files for MB1 and MB2 experiments; (iii) offline training
code for the patch encoders and pattern discovery; (iv) saved
PATTERNMEMORY, phrase dictionaries, and cached model
outputs; (v) prompt templates for SMARTTalk and the LLM
baselines; and (vi) scripts for regenerating paper tables, fig-
ures, ablations, and artifact sanity checks.

The repository also includes sample processed data and
cached outputs so that reviewers can run a lightweight check
without downloading the full raw dataset or invoking live
LLM APIs. Full end to end reproduction is also supported
when the public Alibaba SMART logs and the required com-
pute resources are available.

B.3 Hardware and Software Requirements

The quick artifact check can be run on a standard CPU ma-
chine with a recent Python environment. Rebuilding the full
SMARTTalk pipeline from raw SMART logs is more ex-
pensive because it requires preprocessing large time series
files, training CNN based patch encoders, rebuilding PAT-
TERNMEMORY, and optionally running LLM inference. GPU
acceleration is recommended for full offline training and local
open model inference, although cached outputs allow the main
paper tables to be regenerated without repeating all expensive
steps.

The artifact provides environment specifications through
the repository documentation, including Python package re-
quirements, a Conda environment file, and Docker support.
Live LLM inference requires either local model endpoints or
API credentials, but the cached reproduction path does not
require private API keys.

B.4 Getting Started

The fastest way to check the artifact is to run the quick repro-
duction script from the repository root:

bash scripts/07_reproduce/reproduce_quick.sh

This quick check validates the package structure, loads
sample SMART windows, checks cached SMARTTalk arti-
facts, and regenerates representative evaluation outputs from
cached state. It is intended as a smoke test rather than a full
rerun of all experiments.

B.5 Reproducing the Main Results

The artifact supports three reproduction modes. First, the
quick check uses bundled sample data and cached outputs
for a lightweight validation. Second, the cached reproduction
path regenerates the main paper tables and figures from saved
predictions, pattern memory outputs, phrase dictionaries, and
sampled test results:

bash scripts/07_reproduce/reproduce_from_cache.sh

Third, the full reproduction path reruns preprocessing,
offline pattern learning, inference, evaluation, and ablation
scripts from the public Alibaba SMART logs:

bash scripts/07_reproduce/reproduce_full.sh

The full path assumes that the raw Alibaba SMART logs
have been downloaded and placed according to the repository
documentation. It also assumes sufficient compute resources
for CNN training and, when live inference is desired, access
to either local LLM serving or external model APIs.

B.6 Expected Outputs

The artifact reproduces the main evaluation components re-
ported in the paper: status prediction results with precision,
recall, Fy 5, FPR, and FNR; time to failure bucket metrics; ex-
planation and recommendation evaluation; sensitivity studies
for observation window length N and patch length L; phrase
dictionary and PATTERNMEMORY inspection; and selected
ablation results. The default paper setting is N = 30 days
and L = 5 days, while the sensitivity scripts evaluate multiple
values around this default.
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