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ABSTRACT

Time-series anomaly detection (TSAD) increasingly demands explanations that
articulate not only if an anomaly occurred, but also what pattern it exhibits and
why it is anomalous. Leveraging the impressive explanatory capabilities of Large
Language Models (LLMs), recent works have attempted to treat time series as text
for explainable TSAD. However, this approach faces a fundamental challenge:
LLM:s operate on discrete tokens and struggle to directly process long, continuous
signals. Consequently, naive time-to-text serialization suffers from a lack of con-
textual grounding and representation alignment between the two modalities. To
address this gap, we introduce AXIS, a framework that conditions a frozen LLM
for nuanced time-series understanding. Instead of direct serialization, AXIS en-
riches the LLM’s input with three complementary hints derived from the series:
(i) a symbolic numeric hint for numerical grounding, (ii) a context-integrated,
step-aligned hint distilled from a pretrained time-series encoder to capture fine-
grained dynamics, and (iii) a task-prior hint that encodes global anomaly char-
acteristics. Furthermore, to facilitate robust evaluation of explainability, we in-
troduce a new benchmark featuring multi-format questions and rationales that
supervise contextual grounding and pattern-level semantics. Extensive experi-
ments, including both LLM-based and human evaluations, demonstrate that AXIS
yields explanations of significantly higher quality and achieves competitive detec-
tion accuracy compared to general-purpose LLMs, specialized time-series LLMs,

and time-series Vision Language Models. The code is available in https:
//anonymous.4open.science/r/TimeSemantic—-1742/main.py

1 INTRODUCTION

Time Series Anomaly Detection (TSAD) is essential for
safeguarding critical systems across domains (Igbal et al.}
2019; Zeufack et al.,|[2021; Hundman et al., 2018)). While
deep learning models can detect anomalies with high ac-
curacy (Fig. [I(a)), their adoption in real-world systems
is limited by two challenges. First, their reasoning pro-
cess is essentially a black box. Experts remain in the dark
when asking the most practical question: why was this
anomaly flagged? Post-hoc attribution methods such as
SHAP (Fig.[I|b)) attempt to fill this void, but they merely
repackage correlations into statistical features. Such attri-
butions reveal what inputs influenced the model, but they
stop short of offering why the underlying anomaly event
occurred. Second, these models are brittle. Trained nar-
rowly - often on a single dataset - they capture dataset-
specific features rather than generalizable patterns. In
fast-changing environments where anomalies manifest in
diverse forms, this rigidity is crippling: models must be
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Figure 1: Deep learning method for
TSAD: (a) Opaque anomaly scores fail
to explain why; (b) XAI features lack
intuitive semantics;

retrained at high cost, yet still fail to transfer across domains. What is missing is the ability to han-
dle anomalies universally—to recognize and adapt across diverse failure patterns without exhaustive

retraining.
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Figure 2: Bridging the Semantic Gap in Time Series Anomaly Explanation. (a) Current LLM-based
methods fail due to: (i) poor Contextual Grounding, where observing a local pattern (e.g., the
”V-shape”) in isolation prevents a meaningful diagnosis; and (ii) Representation Misalignment,
where inputs of abstract statistics (e.g., ’variance increased”) lead to uninformative, circular expla-
nations. (b) Our approach overcomes these limitations by producing contextualized, pattern-level
explanations that align with expert reasoning.

In response to these limitations, the community has turned to Large Language Models (LLMs),
celebrated for their fluency and generalization. Yet critical obstacles remain: LLMs operate on
discrete tokens, making them ill-suited for the long, continuous nature of time series (Dong et al.,
2024). Attempting to fit these signals into tokenized inputs often incurs lossy serialization, forcing
workarounds that undercut the LLM’s capabilities. Common strategies—feeding isolated fragments
or pre-aggregated statistics—reduce the model to a mere post-hoc translator. As our motivating
example illustrates (Fig.[2[a)), this naive approach, however, suffers a critical semantic gap, driven
by two fundamental failures.

The first is a lack of Contextual Grounding. By analyzing only a narrow snippet of the series,
the LLM is deprived of the broader temporal context required to discern whether a local pattern is
genuinely anomalous or merely a benign fluctuation. The second is a failure of Representation
Alignment, which creates a chasm between the model’s analytical basis and human intuition. When
an LLM is fed abstract statistical summaries instead of the data’s intrinsic shape, its explanations
degenerate into shallow echoes of its inputs, failing to provide the qualitative, pattern-level insights
that domain experts require to understand what truly happened in the data.

Overcoming these failures requires a paradigm shift. Explanations must move beyond statistical
paraphrasing toward a native integration of temporal dynamics and linguistic reasoning. This re-
duces to two core challenges: the Contextual Grounding Challenge, which demands interpreting
local events in the context of the full series to explain not only what the data looks like but why it
is abnormal; and the Representation Alignment Challenge, which requires bridging the seman-
tic gap between low-level numerical signals and the rich, shape-based concepts underlying human
reasoning.

In this paper, we introduce AXIS, a framework designed to address these challenges and unlock the
explanatory potential of LLMs for TSAD. Our approach rest on two synergistic contributions. First,
to establish the necessary semantic foundation, we construct a novel benchmark with pattern-level
labels and rich contextual cues, providing the semantic foundation essential for both grounding
and alignment. Second, at the core of our framework is a Hint Tuner that systematically tackles
both challenges. For contextual grounding, it distills global time-series information into a compact,
informative “hint.” For representation alignment, it maps this temporal hint into the LLM’s native
semantic space. This integrated design transforms a frozen, general-purpose LLM into a context-
aware diagnostic expert, capable of generating correct and high reasonal quality answers for TSAD,
as illustrated in Fig. b). In summary, our main contributions are threefold:
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* A Benchmark for Semantic Explanations: To bridge the “semantic gap” between raw time se-
ries signals and linguistic concepts, we construct the first benchmark dedicated to semantic time
series anomaly explanation. This benchmark ensures both anomaly diversity and explanation
fidelity, providing a principled testbed for evaluating the semantic explainability of TSAD.

* A Novel Cross-Modal Alignment Framework: We present AXIS, a framework that aligns a
frozen LLM with time-series dynamics. It conditions the LLM on three synergistic inputs: a
symbolic numeric hint for numerical grounding, a context-integrated step-aligned hint for fine-
grained dynamics, and a task-prior hint for global task priors.

» Extensive Empirical Validation: Comprehensive experiments show that AXIS establishes a
new state of the art in semantic anomaly explanation, substantially outperforming strong base-
lines including general LLM, specialized time-series LLM, time series VLM.

2 RELATED WORK

State-of-the-Art TSAD Models and Interpretability Challenges Classical and statistical meth-
ods remain competitive baselines yet produce pointwise scores with weak semantics and limited
support for multivariate structure (Liu et al., [2008; [Yeh et al.| 2016). Deep TSAD improves ac-
curacy via reconstruction (Audibert et al., [2020; [Su et al., [2019; [Zhang et al.| 2019), prediction-
residual modeling (Tuli et al., [2022), and attention-centric architectures (Xu et al., 2021; Yang
et al.l 2023} |Shen et al.l 2020; |[Lan et al} 2025), with recent work exploring unified/foundation-
style formulations (Shentu et al.| 2024; |Gao et al.| 2024) and diffusion-based detectors (Wang et al.,
2025b). Explanations, however, are largely post hoc and tied to low-level contributions (e.g., time-
step or feature importance), limiting mechanism-oriented diagnosis. Time-series XAl extends at-
tribution (Bento et al., |2021) and investigates prototype/shapelet/motif views and counterfactual
recourse (Bahri et al.l 2022} [Yeh et al., 2016), but explanations remain grounded in signal-level
statistics rather than pattern-level concepts. This motivates treating TSAD explainability as a se-
mantic alignment problem.

Large Language Models for TSAD LLMs can function as zero-shot anomaly detectors under
appropriate prompting and input scaling (Alnegheimish et al., [2024; |Dong et al., [2024; [Zhou &
Yul 2024; Wang et al., 2025a). Performance degrades on long-horizon series due to context-length
limits, lossy time-to-text serialization, and chunked inference, which together induce memory de-
cay and boundary artifacts. A complementary line uses LLMs as post-hoc reasoners that verbalize
anomaly scores, SHAP attributions, or raw subsequences, or coordinate multi-agent annotation (Liu
et al.| [2025; Lin et al., 2024). In both paradigms, LLMs act mainly as summarizers of low-level
signals, yielding descriptive rather than semantically grounded explanations. Our approach directly
aligns temporal representations with language via soft-prompt-based conditioning, aiming for faith-
ful, pattern-level explanations.

Benchmarks for TSAD Existing benchmarks for time-series question answering, which are ad-
jacent to our task, can be broadly categorized into two paradigms. The first relies on fully synthetic
data generation, where normal time series are composed from trends, seasonality, and noise, after
which localized anomalies are injected to generate templated or LLM-augmented labels (Cai et al.,
2024; Xie et al.| [2024; Wang et al.| [2025a; |[Kong et al.| [2025). The second paradigm uses real-
world datasets, pairing authentic time-series data with corresponding semantic information to create
evaluation suites (Kim et al.| [2024; [Ca1 et al., 2025} |Liu et al., [2024a; (Williams et al., 2024} |(Chen
et al.l 2025). However, synthetic benchmarks often lack the contextual richness required for robust
grounding and representation alignment, while real-world data yields domain-specific explanations
that limit model generalizability. To our knowledge, a dedicated benchmark for semantic time series
anomaly explanation has remained a critical gap, which our work directly addresses by introducing
a benchmark designed for this task.

3 METHODOLOGY

This section presents our AXIS framework for the semantic anomaly explanation task. We begin
by formalizing the task in Sec. Next, we introduce the core architecture in Sec. Sec.[3.3
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Figure 3: AXIS constructs the prompt by three representation pathways: (i) symbolic numeric
grounding via window values, (ii) context-integrated local dynamics through step-aligned hints to
capture contextual information, and (iii) task-prior hints encoding global priors.

describes the two-phase training paradigm—encoder pretraining followed by hint tuning with the
LLM frozen—and the inference procedure. Finally, to enable systematic supervision, we synthesize
a benchmark with pattern-level annotations in Sec. 3.4}

3.1 PROBLEM FORMULATION

Conventional TSAD methods typically output point-wise anomaly scores for a series of length T,
but such signals rarely provide human-understandable insights. In practice, anomalies often span
contiguous intervals rather than isolated timestamps, and users are chiefly concerned with under-
standing why an interval is anomalous. To address this, we reformulate the task by introducing a
target interval (s, e) and defining the goal as generating a natural-language explanation for it. This
window-based formulation respects the temporal continuity of anomalies and makes the explana-
tion task well-posed by localizing reasoning to a specific region within the series. We formalize the
problem as follows:

Semantic time series anomaly explanation

Given a univariate time series x1.7 € R” and a natural-language query ¢, the objective
is to explain the pattern within an interval [s, e); in our setup, (s, e) is provided as input.
The model learns a mapping G that, while conditioning on the entire series x;.7 to leverage
global context, generates an explanation y for the target window:

g : (Xl:T7Qa87e) — Y-

3.2 AXIS FRAMEWORK

We now propose our novel framework called AXIS for semantic anomaly explanation task. AXIS
conditions a frozen LLM through three representation pathways: symbolic numeric hint, context-
integrated step-aligned hint, and task-prior hint. The overall framework is shown in Fig. 5] We
instantiate this conditioning through three pathways that jointly provide numeric grounding, step-
aligned dynamics under global context, and compact task-level priors, without expanding the context
length or modifying the LLM.

Symbolic Numeric Hint. LLMs possess native reasoning capabilities over discrete numerals
when presented symbolically, even in zero-shot settings. To exploit this capability without exhaust-
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ing the context budget, we textualize only the target window [s, e) after Z-score normalization of the
full series x1.7. Values are scaled by a factor 7 (default r=100) to preserve precision while avoiding
decimal tokens (Liu et al.,[2024b), rounded to integers, and serialized as a delimiter-separated string
(e.g., “123, 124,127, 128”) to constitute {t ime_series_tokens}. This pathway is compact—its
position cost scales as a(e — s) 4+ ¢ where « is the average subword tokens per integer and ¢ the
delimiter overhead—yet it preserves step-wise numeric grounding.

Context-Integrated Step-aligned Hint. While the above textualization provides direct numeric
access, it cannot capture long-range dependencies essential for TSAD such as regime shifts, season-
ality interactions, and boundary effects. We therefore condense global information into step-aligned
local representations via a pretrained time-series encoder and a Hint Tuner, in the spirit of (Jin et al.,
2023). A Transformer encoder fy consumes x1.7 and outputs embeddings Hy.p € RT*dpmoi where
dproj = 256 is the projection dimension (the details are shown in Appx. . We slice H,.. and
map it into the LLM space using a multi-head cross-attention mechanism over a prototype bank
derived from the LLM vocabulary. The prototype bank is defined as Syro0 = MEocan € REP>dn
where Eyoca, € RIVI¥4n denotes fixed word embeddings and M € RP*IVI is a learnable linear
projection (P = 1024). Specifically, we employ scaled dot-product attention with Hy,er = 8 heads.
The queries, keys, and values are computed as: Q = H,..W,, K = Sj0, V = Spro0, Where
W, € R%=iXdr projects the encoder output to the LLM hidden dimension (dj, = 4096). The
attention output is then:

H,.. = MultiHeadAttn(Q, K, V) € R(¢—*)xdn,

The resulting H,.. acts as step-aligned local hints that inject global context and temporal structure
into the LLM embedding space while keeping both the LLM and fy frozen. This pathway adds
(e — s) positions linearly while supplying detailed global context and temporal alignment.

Task-Prior Hint. To regularize decoding and inject task-level priors that remain stable across
instances, we introduce a small set of shared queries Py, € R* ¥ that attend to the same prototype

source: F = Attn(Pfix, Sprotos Sprowo) € RIEXn,

Final Prompt. The three hint pathways are integrated into a unified prompt that conditions the
frozen LLM, as illustrated in Fig. [3] The final input sequence is constructed from a template con-
taining the user’s query g, the textualized window values, and special placeholder tokens. At input
time, the embeddings for the K task-prior hints (F) and the (e — s) step-aligned hints (H..) replace
the embeddings of K + (e — s) placeholder tokens. The symbolic numeric hint is inserted directly
as text. This process yields a single, coherent input sequence for the LLM that combines natural
language with rich, multi-faceted temporal information, all without requiring architectural changes
to the base model.

3.3 TRAINING OBJECTIVE

Our method is trained in two phases. First, we pretrain the time-series encoder fy using a joint
objective that combines masked reconstruction and anomaly classification to learn robust temporal
representations. The total loss is defined as:

ﬁpretrain = )\reconﬁrecon + )\classﬁclasm

where Liecon is the Mean Squared Error (MSE) over masked timesteps, Lass is the Binary Cross-
Entropy (BCE) loss, and we set Arecon = 1.0 and Agja5s = 1.0.

In the second phase, we freeze both the encoder and the LLM, training only the Hint Tuner and its
associated parameters (IM, Pyy). This phase optimizes a standard next-token prediction objective:

N

Liy=— Z IOgP(y,L | Y<is4q, Hi.., F)7

i=1
where y is the target explanation sequence. This two-phase strategy maintains computational effi-
ciency by training only the lightweight Hint Tuner while preserving the time series encoder’s pre-
trained capabilities. The decoupled design enables stable training by separating temporal represen-
tation learning from cross-modal alignment. The detailed training process and additional hyperpa-

rameters are given in Appx. and [B.3].
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3.4 A BENCHMARK FOR SEMANTIC TIME SERIES ANOMALY EXPLANATION

Existing methods reveal a foundational limitation: the community lacks a benchmark that teaches
models to speak the language of temporal patterns. To address both the contextual grounding and
representation alignment challenges outlined earlier, we synthesize a benchmark specifically de-
signed to train models to reason about anomalies like human experts. Rather than a mere collection
of time series, our benchmark constitutes a carefully curated curriculum built around three core
design principles.

Pattern-Level Anomaly Vocabulary. To address the representation alignment challenge, we in-
troduce a procedural engine that moves beyond abstract statistical deviations to a vocabulary of
interpretable, pattern-level anomalies. As illustrated in Figure 4] our engine synthetically composes
canonical anomaly primitives—such as sudden spikes, level shifts, and periodicity breaks—onto
clean baseline series. A key advantage of our approach is the generation of paired time series: for
every abnormal series created, a corresponding normal counterpart is preserved. This methodology
establishes an unambiguous, verifiable link between anomaly time series and its linguistic label,
forming the bedrock for teaching models to reason about the semantics of temporal events.

Contextual and Comparative Reasoning.
To overcome the contextual grounding chal- E{@?}} Procedure Engine
lenge, we designed our benchmark to compel
models to reason about local events within a
global and comparative framework. Naively
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LLM-Powered Explanation Generation.

Building on this structured foundation, we leverage LLMs to generate high-quality, multi-format
supervision signals. As depicted in our pipeline, this is a multi-agent process. One LLM agent uses
the global descriptor to formulate a targeted diagnostic question. A second, more powerful agent is
then tasked with answering this question, conditioned on the global descriptor, the abnormal and
normal window data. The primary motivation here is to generate rich, conceptual explanations. Our
prompts are meticulously engineered to discourage superficial strategies (e.g., quoting raw values)
and instead elicit reasoning based on the intrinsic, morphological characteristics of the anomaly.
This process yields a diverse and consistent set of questions and detailed rationales, creating a
powerful supervisory signal for training.

Ensuring Benchmark Integrity. To guarantee the scientific utility and integrity of our bench-
mark, we implement a rigorous quality control pipeline. This process verifies the agreement be-
tween ground-truth labels and generated answers, enforces stylistic consistency, and filters potential
redundancies. We provide comprehensive dataset statistics and are releasing all generation metadata
to ensure the full reproducibility of our benchmark. The detailed integrity check protocols are de-
scribed in Appx.[D] The result is not merely a dataset but a robust training environment engineered to
finally bridge the semantic gap in time series anomaly explanation. Some examples of the generated

Q&A pairs are given in Appx.
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4 EXPERIMENTS

To validate the effectiveness of AXIS, we conduct a series of experiments designed to answer three
central research questions: RQ1: Explanation Quality. How does AXIS compare against state-
of-the-art LLM-based methods in generating high-quality, semantic anomaly explanations? RQ2:
Component Importance. How do the core components of our framework—the symbolic numeric
hint, the context-integrated step-aligned hint, and the task-prior hint—contribute to the final expla-
nation quality? RQ3: Architectural Generality. How robust is the AXIS framework when applied
to different underlying frozen LLMs? RQ4: Generalization. How well does AXIS generalize to
external public datasets representing real-world scenarios? Finally, in Appx. [B.2] we demonstrate
that our Phase I TSAD model achieves results comparable to state-of-the-art methods on real-world
public TSAD datasets.

4.1 EXPERIMENTAL SETUP

Dataset. All experiments are conducted on our newly created Semantic Anomaly Benchmark
(detailed in Sec.[3.4]and Appx.[F). This benchmark is specifically designed for the task of semantic
time series anomaly explanation, containing diverse anomaly patterns, multi-format questions (Mul-
tiple Choice, True/False, Open-Ended), and detailed, pattern-level ground-truth explanations. The
all hyperparameters for AXIS is given in Appx.[B.3]

Baselines. We compare AXIS with a comprehensive set of strong baselines, categorized as fol-
lows: Timeseries VLM:(He et al.,|2025) Tmage LLM is supported by gpt-40, which analyzes plots
of the full time series with highlighted window, treating the explanation task as a visual reasoning
problem. Specialized TS-LLM Methods: We include several recent models designed for time se-
ries analysis with LLMs: Chat TS (Xie et al.| 2024), LLMAD (Liu et al.| 2025), Chat Time (Wang
et al.,2025a), and AnomLLM (Dong et al.,2024). We evaluate AnomLLM in two settings: providing
the full series (AnomLLM (Full) ) and providing only the target window (AnomLLM (Window) ).
Heuristic Baselines: To contextualize benchmark difficulty, we introduce two non-learning base-
lines: (i) Random Template, which fills sophisticated-sounding templates with random values to
test if the task is solvable by “hallucination”; and (ii) Simple Heuristic, arule-based system
using statistical thresholds (z-score, volatility) to flag anomalies.

Evaluation Metrics. Following recent work on evaluating LLM-generated content, we use an
LLM-as-a-judge approach, specifically G-eval (Liu et al., [2023) with Gemini-2.5 as the arbiter.
The quality of explanations is assessed across multiple dimensions tailored to each question type,
including Correctness (Corr.), Reasoning Quality (Rsn. Qual.), Accuracy (Acc.), Completeness
(Comp.), Relevance (Rel.), and Justification Quality (Justif.). A final, holistic score (Final) is also
computed. The detailed definition for evaluation metrics is given in Appx.|[G|

4.2 MAIN RESULTS: EXPLANATION QUALITY (RQ1)

Table [1| presents the main results comparing our model, AXIS, against all baselines. Our method
demonstrates superior performance across all metrics and question types, establishing a new state-
of-the-art for the task.

Specifically, AXIS achieves the highest final scores on Multiple Choice (4.19), Open-Ended (3.02),
and True/False (3.65) questions. This consistent top-ranking performance highlights its robust abil-
ity to generate accurate, complete, and well-reasoned explanations regardless of the question format.
Compared to specialized TS-LLM baselines like Chat TS and the AnomLLM variants, our method
shows a significant improvement, underscoring the effectiveness of our proposed hint-based con-
ditioning strategy. The strong performance against the Image LLM baseline further suggests that
our multi-pathway representation provides richer, more aligned signals for the LLLM than raw visual
serialization.

Visualization. To qualitatively illustrate these performance gains, Fig. [5] presents a comparative
case study. In the Fig.[5a), the target window (steps 444 to 473) exhibits pronounced oscillations.
AXIS correctly contextualizes these dynamics against the broader series, identifying them as part
of a normal periodic pattern and concluding there is no anomaly. In stark contrast, a baseline like
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Table 1: Main Results: AXIS vs Baselines

Multiple Choice Open Ended True False
Model Final Corr. Rsn. Qual. | Final Acc. Comp. Rel. | Final Corr. Justif.
AXIS 419 4.21 4.14 3.02 287 2.93 331 | 3.65 3.60 3.74
Image LLM 409 412 402 268 253 249 307 | 264 257 274
ChatTS 329 340 3.05 2.19  1.67 2.13 2.87 | 279 276 2.83
LLMAD 273 270 2.79 2.09 2.09 1.89 231 | 249 252 243
ChatTime 1.33 1.49 0.98 096 0.95 0.98 0.95 | 1.04 1.07 1.00
AnomLLM(Full) 313 298 3.49 286 253 289 320 | 288 260 331
AnomLLM(Window) 3.78 3.81 3.70 2.84 278 2.55 324 | 332 345 3.12
Baseline 1 (Random) 1.02 1.03 1.00 1.21 1.21 1.05 1.41 1.29 1.36 1.18
Baseline 2 (Heuristic) 244 281 1.58 .72 1.98 1.15 207 | 264 274 2.50

Table 2: Ablation Studies of Hint Components

Multiple Choice Open Ended True False
Model H Final Corr. Rsn. Qual. | Final Acc. Comp. Rel. | Final Corr. Justif.
AXIS 419 4.21 4.14 3.02 287 2.93 331 | 3.65 3.60 3.74
wio-task-hint 382 3.93 3.56 233 213 222 269 | 325 331 3.7
wlo-context-hint | 4.09  4.16 391 275 256 258 3.6 | 244 248 238
w/o-windows 395  4.00 3.84 241  2.00 2.36 295 | 287 283 2.93

AnomLLM or ChatTS, when limited to the window view, lacks this broader context and erroneously
flags the internal deviations as potential outliers. In Fig. [5(b), AXIS provides a precise character-
ization by explicitly identifying the brief increase at steps 67 (2.27, 1.73, 2.38) and correctly in-
terpreting it as a transient fluctuation rather than a sustained anomaly, concluding that the pattern
is stable and anomaly-free. In contrast, alternative approaches tend to give vague or generalized
descriptions, often noting fluctuations or moderate oscillations without distinguishing whether they
indicate normal behavior or anomalies. This comparison highlights that our representation align-
ment framework enables fine-grained, context-aware interpretation of time series behavior, avoiding
ambiguous assessments and ensuring robust anomaly detection.

Human evaluation. To further validate these quantitative results from a human-centric perspec-
tive, we also performed a statistical analysis based on expert rankings of the model-generated ex-
planations. We conducted a survey where human evaluators were asked to rank the outputs from all
competing models for each question type. Fig.[6 corroborates the findings from Table[I} Note that
ChatTime is excluded from this analysis as it exhibited fundamental task-comprehension failures
(e.g., inability to parse prompts), rendering its outputs non-comparable. Our model, AXIS, con-
sistently achieves the best (lowest) average rank across all three tasks, positioning it furthest to the
right. The details for experiment setup and results are shown in Appx. [H]

Validity Check via Heuristic Baselines. As shown in Table[]] Baseline 1 (Random) per-
forms near the lower bound across all metrics (1.00-1.41), confirming that fabricated explanations
fail. Baseline 2 (Heuristic) shows modest improvement but still lags significantly be-
hind semantic models, particularly on reasoning quality (1.58 vs 4.14 for AXIS), demonstrating that
rule-based systems cannot generate coherent explanations. The substantial gap between these base-
lines and AXIS validates that the benchmark effectively discriminates between trivial heuristics and
genuine semantic reasoning.

4.3 ABLATION STUDIES (RQ2)

To understand the contribution of each component in AXIS, we conducted an ablation study, with re-
sults summarized in Table[2] The study confirms that all three input pathways are crucial for optimal
performance. Removing the context-integrated step-aligned hint (‘w/o-context-hint*) degrades per-
formance most severely on True/False questions (Final score drops from 3.65 to 2.44), confirming
that binary judgments rely on precise, step-aligned temporal cues. In contrast, Open-Ended ques-
tions are most sensitive to the symbolic numeric hint from the window (‘w/o-windows‘); without it,
accuracy drops markedly (2.00 vs 2.87) and overall quality declines (Final 2.41 vs 3.02), indicating
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(a) Visualization for contextual grounding ability

Need Contextual Grounding

U

Question: When examining the time series
window from step 444 to 473, what evidence
would you look for to support or refute the
presence of subtle anomalies, and how would
you differentiate between normal fluctuations
and genuine outlier behavior near the window
boundaries?

Question: Which of the following most
accurately describes the pattern observed in
the timeseries window from step 0 to 30, in
terms of anomaly detection? A)The window
shows abrupt spikes and unstable fluctuations
suggesting sudden data corruption. B)The
window displays cyclical irregularities that
indicate potential recurring anomalies. C)The
window contains gradual shifts that may signal
the onset of a hidden anomaly. D)The window
exhibits consistently stable behavior with no
apparent anomalies near its boundaries.

Ours (Score 5.00) : There is no evidence of
anomalies in the time serieswindow from step 444 to
473. The pattern shows a smooth transition from
positive to negative values, followed by agradual
recovery and stabilization. Near the window
boundaries, the values remain within a predictable
range, indicating normal behavior rather than outlier
activity. Thus, the observed fluctuations are
characteristic of typical time series dynamics and
do not suggest the presence of subtle or genuine
anomalies in this segment.

ChatTS (Score 1.65): In this window, the primary
concern is the transition fromthe steady trend to the
final downward trend. The periodicfluctuation
amplitude is approximately 3.3, with a low
noiselevel (standard deviation of 0.06). To
distinguish betweennormal fluctuations and outliers,
monitor deviationsexceeding +2.0 from the baseline.
The sudden decrease nearthe end of the time series
(around point 528) may appear as an anomaly in this
window.

AnomLLM (Score 1.65): To identify subtle anomalies
from steps 444 to 473,1 would examine deviations
beyond typical fluctuation ranges, such as sudden
spikes or dips inconsistent with prior patterns.
Differentiating normal fluctuations from outliers
involves assessing whether boundary points
significantly deviate from the local mean or trend,
considering the context of surrounding data.
Consistent, i iati near

suggest genuine outliers, whereas gradual, minor
variations are likely normal fluctuations.

may

LLMAD (Score 3.60): There are no segments with
persistent high or low values that deviate significantly
from the rest of the sequence. The brief dip to -2 at
index 11 is immediately surrounded by values close
to zero and quickly returns to baseline, which does
not constitute a prolonged or abrupt anomaly. Upon
careful review, all observed fluctuations are minor and
fall within the expected range of normal data. There are
no sequences or points that meet the criteria for any
anomaly type with high confidence.

(b) Visualization for representation alignment ability

Ours (Score 5.00): D) The window exhibits consistently
stable behavior with no apparent anomalies near its
boundaries. Explanation: The time series window from
step 0 to 30 primarily displays values fluctuating within
a moderate range, with no evidence of sudden spikes,
abrupt changes, or irregular patterns that would
suggest anomalous behavior. While there is a brief
increase atsteps 6 and 7 (2.27, 1.73, 2.38), thisis
quickly followed by a return to lower values,
indicating a short-lived fluctuation rather than a
sustained anomaly. Overall, the pattern remains
stable, and there are no signs of anomalies within this
window. Therefore, the correct answer is D.

ChatTS (Score 4.00): The time series exhibits a steady
trend without any significant local characteristics or
abrupt changes. The amplitude of periodic fluctuation
is approximately 2.7,indicating consistent square
periodic patterns. With a noise standard deviation of
around 0.70, the curve shows random variations but
remains stable overall. Therefore, the correct answer is
D. The window from step 0 to 30 does not show any
abrupt spikes, cyclical irregularities, or gradual shifts,
maintaining a stable pattern consistent with the overall
series.

AnomLLM Window (Score 4.30): The time series from
steps 0 to 30 exhibits fluctuations with some localized
spikes, notably around step 6(2.27)and step
8(2.37),which are significantly higher than surrounding
values, indicating potential anomalies. However
overall, the series shows no persistent abrupt spikes
or cyclical patterns, and the fluctuations appear
relatively contained, suggesting no clear signs of
instability or cyclicalirregularities. The data mostly
oscillates within a moderate range, with no
consistent trend of gradual shifts. Therefore, the
most accurate description is that the window exhibits
stable behavior with isolated anomalies rather than
sustained or cyclical irregularities.

LLMAD (Score 3.30): There are no segments with
continuous highor low values deviating from the
anticipated norm. The dataremains within a narrow
band, and the few occurrences of -1 do not persist for a
prolonged duration nor do theyrepresent a significant
deviation. Upon careful review, no data points or
intervals meet the criteria for anomaly types such as
spikes, dips, or level shifts. The data sequence is
consistent with normal operational volatility, and there
is no evidence of rare or severe anomalies.

Figure 5: Visualization of (a) contextual grounding and (b) representation alignment ability

(a) Multiple Choice

(b) Open Ended

(c) True/False

— ‘ ‘ w
e T [ S ——
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AnomLLM-Full Img-LLM LLMAD AnomLLM-Full LLMAD AnomLLM-Win
ChatTs AnomLLM-Win ChatTs Img-LLM ChatTs Img-LLM

Figure 6: Critical Difference diagrams illustrating the statistical comparison of model performance
based on human rankings for (a) Multiple Choice, (b) Open-Ended, and (c) True/False questions.

that direct numeric access provides the fine-grained grounding needed for detailed answers. Elimi-
nating the task-prior hint (‘w/o-task-hint*) also substantially harms Open-Ended completeness and
relevance (2.22/2.69 vs 2.93/3.31), suggesting that these global priors help structure the explanation
and ensure comprehensive coverage. The full model consistently yields the best scores, validating
our design choices. Additional experiments for causal contribution of hints are given in Appx.

4.4 ANALYSIS OF ARCHITECTURAL VARIANTS (RQ3)

To assess its generality, we instantiated AXIS across multiple LLM families and settings, using a
standardized Family + Size + Variant naming scheme and a fixed data schedule (R1) to isolate archi-
tectural effects. As shown in Table [ our framework demonstrates robust cross-family adaptation
(Qwen, Llama, Mistral) and its performance scales with model size (e.g., Qwen-14B > 7B > 1.5B).
The results also reveal complementary strengths among model variants: code-pretrained models like
Qwen2.5-7B Coder excel at structured discrimination tasks, achieving the highest Multiple Choice
score (4.40), whereas instruction-tuned versions such as Qwen2.5-7B Instruct lead in free-form ex-
planatory quality, with top scores in Open-Ended relevance and completeness (3.50/3.00). This
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Table 3: AXIS variants across LLM families and settings (standardized naming: family + size +
variant; Instruct denotes instruction-tuned, Coder denotes code-pretrained

Multiple Choice Open Ended True False
Family Variant H Final Corr. Rsn. Qual. | Final Acc. Comp. Rel. | Final Corr. Justif.
Deepseek-Llama 8B (Instruct) 428 430 4.23 3.02 284 284 345 3.64 355 379
Deepseek-Qwen  14B (Instruct) 431 428 4.37 303 280 293 342 | 360 355 3.69
Deepseek-Qwen 7B (Instruct) 419 421 4.14 3.02 2.87 293 331 | 3.65 3.60 3.74
Deepseek-Qwen  1.5B (Instruct) || 4.07  4.12 3.95 272 2.65 2.55 3.00 | 318 3.17  3.19
Qwen2.5 7B (Coder) 440 440 442 272 264 258 298 | 296 298 293
Qwen2.5 7B (Base) 430 437 4.12 275 273 2.45 313 | 366 3.69 3.62
Qwen2.5 7B (Instruct) 417 422 4.06 308 280 300 350 | 3.11 300 327
Mistral 7B (Base) 297  3.05 2.79 2.89  2.69 282 320 | 269 255 290
Mistral 7B (Instruct) 336 333 3.44 277 258 2.45 335 | 327 317 343

Table 4: Performance comparison on Multiple Choice (MC) and True/False (TF) tasks.

Dataset | Metric | AmemLLM 0y ChatTS AXIS 14B  Image LLM
| Window  Full

MCScore | 278 169 248 2.83 3.07 2.80
YAHOO | MCAce. | 048 018 047 0.52 0.55 0.52
(W=0.651) | TFScore | 262 190  2.54 213 3.28 2.29
TF Acc. 053 038 051 0.45 0.67 0.52
MCScore | 207 177 233 2.67 2.90 253
TODS MCAce. | 037 030 033 0.47 0.53 0.47
(W=0.672) | TEScore | 267 253 287 2.53 3.07 227
TF Acc. 053 052 058 0.53 0.62 0.50
MCScore | 331 194 144 3.06 325 3.41
NEK MCAcc. | 063 031  0.13 0.56 0.63 0.63
(W=0.713) | TFScore | 288 1690  2.94 225 3.69 2.25
TF Acc. 056 035 059 0.47 0.74 0.50

highlights that AXIS not only universally enhances different base models but also allows for trade-
offs between discriminative and explanatory objectives through strategic variant selection.

4.5 GENERALIZATION TO PUBLIC REAL-WORLD DATASETS (RQ4)

To rigorously evaluate the generalization capability of AXIS beyond our synthetic benchmark, we
extend our evaluation to established public datasets representing real-world operational scenar-
ios. We construct a curated evaluation set derived from 108 time series sampled from three dis-
tinct sources: YAHOO, TODS, and NEK (details in Appendix [H3). We formulate two specific
tasks—True/False and Multiple-Choice Questions—and employed expert annotation to establish
high-quality ground truth, ensuring a robust testbed for real-world explanation quality.

The results, summarized in Table ] demonstrate that AXIS consistently delivers superior explana-
tion quality across these diverse domains. Our model achieves the highest scores in both MC and
TF categories on the YAHOO and TODS datasets, and leads in TF performance on NEK. Notably,
the strong inter-rater agreement (Kendall’s W > 0.65) across all datasets confirms the reliability of
our human evaluation. These findings validate that AXIS effectively generalizes to real-world data
distributions, bridging the gap between synthetic training and practical operational deployment.

5 CONCLUSION

We introduce a novel cross-modal framework that effectively adapts frozen Large Language Models
for semantic time series anomaly explanation. By using a three-stream conditioning strategy that
combines a symbolic numeric hint, a context-integrated step-aligned hint, and a task-prior hint, our
method achieves strong performance in both detection accuracy and explanation quality. Future
work will explore incorporating domain-specific knowledge graphs to enhance causal reasoning and
generating multi-modal explanations that include visualizations alongside text.

10
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ETHICS STATEMENT

This work focuses on explainable time series anomaly detection and does not involve person-
ally identifiable information or other sensitive attributes. Our benchmark primarily uses proce-
durally synthesized data and publicly available datasets; no private logs are collected, and no re-
identification is attempted. Human evaluation was conducted with informed consent, anonymized
responses, and fair compensation in line with institutional guidelines, without storing any personally
identifying information.

REPRODUCITY STATEMENT

We aim for full reproducibility. Upon publication, we will release code, configuration files, and
scripts to reproduce: (i) the benchmark synthesis pipeline (including prompts, fixed random seeds,
and parameter settings); (ii) Phase I encoder pretraining and Phase II hint tuning with exact hy-
perparameters, token budgets, and training schedules (see Appendix and Appendix [B.3); and
(iii) evaluation pipelines, including baseline configurations, G-Eval judge prompts, scoring scripts,
and human-evaluation materials. We will provide model checkpoints where licensing permits or
otherwise specify exact model identifiers and initialization procedures. The code is available in
https://anonymous.4open.science/r/TimeSemantic—-1742/main.py
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A USE OF LLMs

Our manuscript preparation involved the use of large language models (LLMs) primarily for refining
language, improving grammar, readability, and stylistic elements. Crucially, LLMs also constituted
a core component of our research process. They were leveraged as agents to participate in data gen-
eration, established as benchmarks for experimental baselines, and contributed to the comprehensive
evaluation of experimental results. For a detailed account of LLMs’ specific applications within our
methodology, please refer to Section [3.4]and Section ] We confirm that the contributions of LLMs,
whether in writing or research, do not impede the reproducibility of our reported findings.

B DETAILS FOR AXIS

B.1 TIME-SERIES ENCODER DETAILS

This section details the architecture of the time-series encoder fy used in AXIS. The overall structure
is shown in Fig.[7]

Patchify. Let P denote the patch size. We pad x;.7 to length

T’ = [T/P]P with zeros and form N = T’/P contiguous, non- Time Series Data
overlapping patches: :|:

pping p Patchify
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Stacking yields X,, € RV*¥. The patch-level attention mask is

obtained by aggregating the step mask: a patch is valid if it contains MultiHead
at least one valid step, Attention
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Patch Embedding. Each patch is projected to the model dimen-
sion dyyde1 With a linear layer

Z=X,W,+1b] € RNV*dmw = W _ g RF*dn,

Positional Encoding via RoPE. The encoder uses rotary posi- Figure 7: The structure of
tional encoding (RoPE) applied inside self-attention to the query time-series encoder.

and key of each head. Concretely, for a sequence of N patch to-

kens, RoPE generates frequency pairs that rotate the dp,04e1 channels

in 2D subspaces, providing translation-friendly relative position information.

Transformer Encoder (Non-causal). We stack L pre-norm Transformer encoder layers. Each
layer comprises: (i) multi-head self-attention with H heads and head dimension dpe,qg = dimoder/ H;
(i) an MLP block of the LLaMA style with gated GELU activation. RMSNorm is used before
attention and MLP. Attention is non-causal and operates over all [NV patches, enabling global context
aggregation. The attention mask derived from mP*“" prevents padded tokens from contributing. In
the univariate case there is no inter-feature bias term; the attention is standard scaled dot-product
with RoPE.

UnPatchify and Projection to Step Alignment. The encoder output U € R *@mea js mapped to
a patch-level representation of size P X d; through a linear projection

Y — UWp c RNX(Pdpmj)’ Wp c Rdmodelx(Pdpmj).

Reshaping and reordering yield step-aligned embeddings H € RT % dmi  We finally drop the padded
tail to obtain ~
Hy.p = Hyp € RTX%,
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B.2 TRAINING PROCESS DETAILS

Our model is trained in a two-phase process designed to first build a robust time-series representation
and then align it with the frozen LLM’s semantic space.

B.2.1 PHASE I: TIME-SERIES ENCODER PRETRAINING

In the first phase, we pretrain the time-series encoder fy to learn a versatile representation of tem-
poral dynamics. This is achieved by optimizing a joint objective function that combines masked
reconstruction and anomaly classification. The encoder is a Transformer-based architecture that
processes the entire input time series x1.7.

Masked Reconstruction. Following the principles of self-supervised learning for sequential data,
we employ a masked reconstruction objective. A portion of the input time series is randomly
masked, and the encoder is tasked with reconstructing the masked values. Let x be the input se-
ries and m be a binary mask where m,; = 1 if the -th timestep is masked and 0 otherwise. The
encoder fy, followed by a reconstruction head gy, outputs a reconstructed series

x = gy(fo(x © (1 —m))).
The reconstruction loss is the Mean Squared Error (MSE) over the masked timesteps:

1 T
Erecon == m Zmz(I1 - jfz)z

i=1
This objective forces the encoder to learn the underlying patterns and dependencies within the time
series.

Anomaly Classification. To explicitly teach the encoder to distinguish between normal and
anomalous patterns. Given a time series x and its corresponding binary anomaly label 1 € {0, 1}7,

the model predicts the probability of an anomaly I = he(fo(x)). We use the BCE loss:
T

Lo ==Y (ltlog(ly) + (1 —1;) log(1 — Iy)).

t=1

Joint Objective. The total loss for the pretraining phase is a weighted sum of the reconstruction
and classification losses:

»Cpretrain = )\reconﬁrecon + )\classﬁclassa
where Arecon and Acpugs are hyperparameters that balance the two objectives. After this phase, the
weights of the encoder fy are frozen (only fy is retained for the next phase).

B.2.2 PHASE II: HINT TUNER TRAINING

In the second phase, we focus on aligning the pretrained time-series representations with the LLM.
Both the time-series encoder fy and the LLM are kept frozen to maintain their powerful, pre-existing
capabilities. The only trainable components are the Hint Tuner and its associated parameters, namely
the prototype bank selection matrix IM and the learnable task-prior queries Pgy.

The goal of this phase is to train the model to generate a natural language explanation y =
(y1,92, .- -,yn) conditioned on the time series x, the query ¢, and the derived hints. The train-
ing objective is a standard causal language modeling loss, which maximizes the likelihood of the
ground-truth explanation.

Specifically, the input to the LLM is constructed by embedding the query ¢, the symbolic-numeric
hint, and replacing placeholder token embeddings with the outputs of the Hint Tuner (H,.. and F').
Here, s and e denote the start and end indices of the selected window within the full series x1.7. The

model then autoregressively predicts the next token in the explanation sequence. The loss function
is the negative log-likelihood of the target sequence:

N
Lim = — Zlogp(yi | y<i»(17ﬁs:evﬁ)'
i=1
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By optimizing this objective, the Hint Tuner learns to map temporal features from the frozen en-
coder into meaningful “’soft prompts” that effectively guide the frozen LLM to generate accurate
and relevant explanations for the given time-series window. During this phase, gradients update
only the Hint Tuner and its associated parameters (M and Pgy); both fy and all LLM parameters
remain frozen.

B.3 AXIS HYPERPARAMETER CONFIGURATION

This section provides a comprehensive specification of the hyperparameter configuration used in our
AXIS framework. The architecture consists of two primary components: the time-series encoder and
the hint tuner, each with distinct parameter settings optimized through systematic ablation studies.

Time-Series Encoder Configuration. The time-series encoder fy employs a Transformer-based
architecture with patch-based tokenization. The patch size P is set to 16, enabling efficient process-
ing of long sequences while preserving temporal granularity. The encoder utilizes L = 6 transformer
layers, each with a model dimension dy,oqe1 = 512 and H = 8 attention heads, resulting in a head
dimension djc,q = 64. The projection dimension dp; is configured to 256.

Hint Tuner Architecture. The Perceiver-based hint tuner serves as the cross-modal alignment
module between time-series representations and the frozen LLM embedding space. The prototype
bank consists of P = 1024 prototype embeddings derived from the LLM vocabulary through a
learned linear mapping. The number of fixed task-prior tokens K is set to 8, providing sufficient
capacity for global task-level priors while maintaining computational efficiency. The cross-attention
mechanism within the hint tuner employs 8 attention heads, matching the encoder configuration for
architectural consistency.

Language Model Integration. Our framework supports multiple LLM families with varying pa-
rameter scales. The experiments primarily utilize Qwen2.5-7B-Instruct as the base model, with
the hidden dimension d;, = 4096 for the 7B variant. The vocabulary size varies by model fam-
ily, typically ranging from 32,000 to 152,000 tokens. Special tokens <|local_hint |> and
<|fixed_hint |> are added to the vocabulary for hint injection, with corresponding token IDs
dynamically assigned during initialization.

Training Configuration. The two-phase training procedure employs distinct hyperparameter set-
tings for each phase. During Phase I (encoder pretraining), the reconstruction loss weight Arecon
and classification loss weight A 1,55 are both set to 1.0, providing balanced supervision across objec-
tives. The masking ratio for reconstruction is configured to 0.25, following established practices in
self-supervised time-series learning. Phase II (hint tuner training) utilizes standard causal language
modeling with a learning rate of 2 x 10~* and weight decay of 0.01, applied exclusively to the
trainable parameters of the hint tuner and prototype bank.

Inference Parameters. During generation, the model employs beam search with 5 beams and a
repetition penalty of 1.15 to ensure diverse and coherent explanations. The maximum generation
length is capped at 1000 tokens to accommodate detailed explanations while preventing excessive
verbosity. No-repeat n-gram size is set to 3 to avoid repetitive patterns, and length penalty is main-
tained at 1.0 to balance explanation completeness with conciseness.

C PROMPT TEMPLATES AND Q& A EXEMPLARS

C.1 PROMPT TEMPLATES
C.1.1 QUESTION GENERATION PROMPT

System: You generate precise and relevant questions for time series
anomaly detection.

User:
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Generate a {question_type} question focused on anomaly detection for the
window [ {window_start}, {window_end} ].

Context:

— Task: time series anomaly detection on a windowed segment
- The window {may / does} contain anomalies: {has_anomaly}
— Canonical tag (if available): {canonical_tag}

— Global information: {global_information}

Requirements:
1) Output ONLY the question text (no answers, no explanations).
2) Focus on anomaly identification and pattern analysis within the window

3) Consider boundary effects near window edges.
4) Multiple choice (if applicable):
- Provide exactly 4 options (A, B, C, D).
- Options must be mutually exclusive, same style.
— Include both normal and anomalous descriptions; avoid exact numeric
values.
5) True/False (if applicable):
— Make a specific statement about a potential anomaly pattern.
6) Open-ended (if applicable):
- Ask about pattern evidence and reasoning for/against anomalies.

C.1.2 ANSWER GENERATION PROMPT

System: You analyze time series patterns and generate concise answers.

User:

You are given a time series window [ {window_start}, {window_end} 1],
which belongs to a longer series.

Global information: {global_information}

Canonical tag (if available): {canonical_tag}
Anomaly description (if any): {anomaly_description}
Data [current_value (normal_value)]: [{data_str}]

Question: {question}

Constraints:

- Focus on the pattern of current_values; avoid relying on normal_values.

— Keep the answer concise (<= 150 words), pattern-first (e.g., sustained
level change, volatility burst).

- MCQ: start with the correct option letter, then explanation (e.g., "B)

oM

- True/False: start with "True" or "False", then explanation.

- Do not quote exact numeric values; reason from shape, persistence,
variability.

- If no anomaly, state it clearly with supporting evidence.

C.2 Q&A EXEMPLARS
C.2.1 MULTIPLE CHOICE

Type: multiple_choice
Window: [668, 707]

Has anomaly: false
Anomaly descriptions: []

Question:

Which of the following best describes the anomaly detection results for
the time series window from step 668 to 70772
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A) The window contains a sudden spike suggesting an isolated anomaly near
its center.

B) The window shows a consistent pattern without any signs of anomalous
behavior.

C) The window includes a gradual drift at the boundary, indicating a
possible transition to an anomaly.

D) The window exhibits irregular fluctuations that are characteristic of
multiple overlapping anomalies.

Answer:
B) The window shows a consistent pattern without any signs of anomalous
behavior.

The time series window from step 668 to 707 displays a steady, gradual
decrease in values, with each step typically dropping by 0.01 or
remaining constant for a brief interval before continuing the gradual

trend. There are no sudden spikes, irregular fluctuations, or abrupt
changes that would indicate an anomaly. The pattern is smooth and
consistent throughout the window, suggesting stable behavior and the
absence of any anomalous events within this interval.

C.2.2 TRUE/FALSE

Type: true_false

Window: [418, 458]

Has anomaly: true

Anomaly descriptions:

["A local continuous upward spike anomaly, featuring 5 consecutive spikes
with amplitudes from 3.03 to 5.93"]

Question:

True or False: The presence of a cluster of consecutive upward spikes
within the window from step 418 to 458 suggests an anomalous
deviation from the expected time series pattern.

Answer:

True. Within the window from step 418 to 458, there is a cluster of
consecutive upward spikes-specifically, a sequence of five elevated
values (2.26, 2.05, 2.05, 2.05, 0.71) that stand out sharply against
the otherwise stable and low baseline pattern (around 0.7). This
sudden, localized series of spikes deviates significantly from the
expected behavior of the time series, which is generally flat and
consistent. The presence of these consecutive upward anomalies
suggests a notable and abrupt deviation from the normal pattern,
indicating an anomalous event within this segment of the data.

C.2.3 OPEN-ENDED

Type: open_ended
Window: [294, 311]

Has anomaly: false
Anomaly descriptions: []

Question:

How would you assess the presence or absence of anomalies in the time
series window from step 294 to 311, and what evidence from the data
supports your conclusion regarding the normality or abnormality of
this segment?

Answer:

There is no evidence of anomalies in the time series window from step 294
to 311. The values show a gradual decrease from 0.88 to 0.62,
followed by a mild recovery back up to 0.73. This pattern reflects a

18



Under review as a conference paper at ICLR 2026

smooth and consistent trend without sudden spikes, abrupt drops, or
irregular fluctuations. The transitions between values are steady and
do not indicate any unusual or unexpected behavior. Overall, the
segment demonstrates normal and stable behavior within the observed
window.

D BENCHMARK INTEGRITY CHECK PROTOCOLS

To ensure the scientific validity and reproducibility of our benchmark, we implemented a rigorous
three-stage automated filtering pipeline to identify and remove low-quality or biased samples.

1. Label Consistency Check. This step ensures that the semantic explanation aligns with the
ground-truth anomaly label. We parse the generated answer to extract the definitive judgment (e.g.,
”Yes, there is an anomaly” or "No anomaly detected””). We then compare this judgment against the
procedural injection log. If the generator claims an anomaly exists in a window that the procedural
engine marked as normal (or vice versa), the sample is discarded. This eliminates "hallucinated”
anomalies where the LLM invents patterns not present in the signal.

2. Information Leakage Check. Since the question generation agent has access to metadata about
the injected anomaly, there is a risk that the question itself might reveal the answer (e.g., "Why is
there a sudden spike at step 507”). We use a heuristic filter to detect questions that contain specific
anomaly types or location indicators that should be part of the answer. Questions that inadvertently
leak the ground truth are removed to ensure the task remains a valid test of detection and reasoning.

3. Stylistic Normalization. LLM-generated text can sometimes contain distinct stylistic artifacts
("LLM-isms”) or repetitive phrasing. If left unchecked, these could serve as spurious correlations
that a model might exploit (e.g., learning that longer answers always correspond to anomalies). We
apply a normalization step to standardize the output format, remove repetitive filler phrases, and
ensure a neutral tone. This minimizes the risk of the evaluator model relying on superficial textual
cues rather than the semantic content of the explanation.

E PHASEITSAD RESULTS

Datasets. We benchmark nine public univariate time-series anomaly detection corpora: IOPS,
MGAB, NAB, NEK, Power, SED, TODS, UCR, and YAHOO. These datasets span industrial KPIs,
synthetic chaotic dynamics, web traffic, power consumption, network/system logs, and curated
mixed-domain series. Each series is standardized via z-score normalization using training-set statis-
tics.

Baselines. The comparison covers classical, deep generative, and foundation-style models. IFor-
est (Liu et al.}[2008) and LOF (Breunig et al.,[2000) serve as nonparametric unsupervised baselines.
OmniAnomaly (Su et al.| 2019), USAD (Audibert et all [2020), and TranAD (Tuli et al., 2022) rep-
resent deep unsupervised anomaly detectors. DADA (Shentu et al.,|2024) and TSPulse (Ekambaram
et al] [2025), MOMENT _ZS (Goswami et al.,[2024), Chronos (Ansari et al., [2024), TimesFM (Das
et al, [2024), and Time MOE (Xiaoming et al.} [2025)) are pretrained time-series models evaluated
in zero-shot or lightly adapted settings. AXIS denotes a semantic representation-based detector.
Implementations follow public releases or authors’ configurations when feasible.

Metrics. We report three standard metrics. (i) PA-F1: the point-adjusted F1 that credits a hit if
any point within an anomalous window is flagged, computed from precision and recall after point
adjustment; threshold for PA-F1 is selected on a validation split when available, or via an unsu-
pervised percentile heuristic on training scores. (ii) AUC-ROC: area under the receiver operating
characteristic, threshold-free and aggregated over all test points. (iii) AUC-PR: area under the pre-
cision—recall curve, which is more informative under severe class imbalance. Higher values indicate
better performance for all metrics.
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Table 5: Model Performance Comparison Across Univariate Datasets

| I Foundation Models Deep Learning Classical
Dataset ‘ Metric H AXIS Chronos DADA MOMENTZS TS Pulse Time MOE TimesFM OmniAnomaly TranAD USAD IForest LOF
PA-F1 57.19 64.17 55.52 44.76 50.59 41.58 87.89 53.50 53.04 41.24 15.31 41.38
10PS AUC-ROC || 71.13 72.16 78.61 82.67 49.71 61.87 70.12 80.89 69.44 81.31 4829  66.80
AUC-PR 18.13 25.65 29.59 22.45 1.65 24.15 28.33 41.63 25.51 21.96 6.49 25.63
PA-F1 7.13 10.16 3.11 2.90 11.39 2.64 7.74 7.62 7.80 349 5.85 12.31
MGAB AUC-ROC || 69.97 50.78 54.12 47.47 49.94 37.73 49.97 60.15 61.04 51.12 43.88  50.27
AUC-PR 0.55 0.31 0.31 0.25 0.27 0.20 0.27 0.41 0.42 1.74 0.24 0.34
PA-F1 93.73 97.08 96.18 94.61 97.76 90.48 99.09 98.02 97.93 93.42 42.81 86.79
NAB AUC-ROC || 51.79 53.82 56.23 64.01 50.28 50.82 53.33 56.26 54.33 73.09 5526  49.93
AUC-PR 21.00 20.62 21.87 42.73 13.91 20.32 21.12 24.87 21.92 53.14 20.48 18.55
PA-F1 87.19 98.44 98.68 81.10 88.14 50.82 98.79 88.50 86.78 66.26 7247 8135
NEK AUC-ROC || 53.28 57.60 82.51 92.02 53.94 3741 62.64 88.85 81.25 91.65 85.66  81.38
AUC-PR 30.32 30.63 44.90 55.75 16.34 7.13 34.05 73.10 57.39 5291 5276 55.63
PA-F1 98.94 95.97 89.53 90.25 98.77 83.29 97.58 86.66 87.51 68.06 0.00 87.92
Power AUC-ROC || 62.47 48.82 46.19 43.23 50.68 38.92 46.78 59.88 57.05 66.46 50.00 38.93
AUC-PR 20.52 10.44 10.07 10.68 11.09 9.01 9.98 13.64 12.37 17.30 10.97 8.98
PA-F1 93.59 38.77 18.69 1.92 70.26 33.29 32.49 225 4.49 0.00 31.62 0.00
SED AUC-ROC || 96.35 53.03 14.85 1.43 49.23 69.08 29.64 28.93 12.89 10.71 2796 2735
AUC-PR 73.76 4.80 2.77 2.57 4.95 745 3.26 3.35 2.78 2.68 3.26 3.25
PA-F1 77.50 83.40 61.20 26.86 53.03 44.92 81.26 38.82 40.31 40.86 3325 54.62
TODS AUC-ROC || 92.40 68.45 68.16 46.17 50.20 51.68 72.96 49.69 48.87 53.92 51.16  53.12
AUC-PR 68.20 35.60 20.33 10.03 6.98 10.36 36.69 6.89 6.74 17.37 7.43 19.74
PA-F1 47.58 43.71 34.90 25.55 56.57 31.63 60.88 31.44 32.67 22.57 23.02 3243
UCR AUC-ROC || 79.34 55.79 56.27 54.92 50.57 55.38 57.21 50.67 50.64 53.74 51.93  55.86
AUC-PR 24.06 6.11 2.19 6.92 0.85 2.12 6.35 291 232 8.08 2.54 2.50
PA-F1 53.88 54.09 50.82 12.54 7.99 21.39 87.18 18.66 8.09 7.40 2.86 29.78
YAHOO | AUC-ROC || 96.55 94.64 95.95 74.37 49.02 63.08 96.35 71.71 56.47 62.54 4890  72.85
AUC-PR 86.07 70.75 76.66 4.84 1.49 22.08 79.23 16.28 2.90 3.72 1.66 44.26
Overall ‘ Avg. Rank H 3.81 4.74 552 7.48 7.70 8.70 441 548 7.00 6.78 9.07 7.30
Table 6: Model Performance Comparison Across Multivariate Datasets
| I Foundation Models Deep Learning Classical
Dataset ‘ Metric H AXIS Chronos DADA MOMENT_ZS TS Pulse Time MOE TimesFM OmniAnomaly TranAD USAD LOF  IForest
PA-F1 82.99 81.68 86.93 88.46 82.30 82.08 75.88 50.15 83.35 51.16  89.56  56.66
MSL AUC-ROC || 72.17 69.79 75.32 52.15 51.05 64.59 70.45 62.28 49.02 61.98 56.65 52.88
AUC-PR 20.56 20.21 26.42 11.60 7.46 19.83 20.34 17.19 742 17.24 15.18 11.31
PA-F1 93.50 96.82 98.99 93.97 96.10 94.32 95.18 60.53 84.45 6226  96.87  80.10
PSM AUC-ROC || 56.48 54.82 60.84 67.85 49.83 61.34 54.47 53.10 45.04 4295 5234 51.50
AUC-PR 19.47 34.56 39.92 42.83 14.45 42.46 33.83 17.18 13.38 12.64  17.00 18.49
PA-F1 86.76 66.89 69.18 81.03 81.55 71.00 64.56 25.74 62.93 26.23  85.58  58.47
SMAP | AUC-ROC | 62.61 58.53 51.24 47.89 49.83 40.23 56.46 51.96 47.99 51.38 5197 5443
AUC-PR 24.13 15.21 12.08 11.90 4.03 10.56 13.87 4.07 3.93 4.18 7.73 7.93
PA-F1 96.15 83.72 84.03 75.79 75.88 77.02 84.10 30.58 57.05 27.89 9256  55.02
SMD AUC-ROC || 74.26 69.88 72.02 66.28 49.93 66.57 70.15 55.76 52.59 49.78 65.75 60.53
AUC-PR 39.44 11.68 13.16 11.33 4.58 11.31 13.32 5.96 545 5.47 15.72 11.04
PA-F1 83.85 83.78 89.55 88.08 97.32 84.44 86.07 70.26 72.80 69.93  90.72 0.00
SWaT AUC-ROC || 55.49 29.85 79.96 81.96 50.38 80.74 24.67 42.56 41.55 4199 5038  50.00
AUC-PR 17.48 8.84 50.60 70.79 15.69 70.85 8.58 15.21 14.72 16.04  16.64 15.49
Overall ‘ Avg. Rank H 3.20 553 3.27 5.13 7.87 5.13 5.53 9.07 9.93 9.73 4.93 8.60

Results on Univariate Benchmarks. The experimental results, summarized in Table E[, demon-
strate that AXIS achieves competitive performance across nine public univariate benchmarks. To
rigorously evaluate the statistical significance of these rankings, we present a Critical Difference
(CD) diagram in Figure[8] AXIS achieves a Average Rank of 3.81. This validates that our Phase I
encoder learns robust temporal representations essential for anomaly detection.

Extensibility to Multivariate Contexts. While our current work primarily focuses on univariate
settings to establish the core “step-aligned hint” reasoning mechanism, our framework is inherently
extensible to multivariate contexts. Specifically, we incorporate the Any-variate Attention mecha-
nism 2024), which allows the model to learn cross-channel interactions. By integrating
this mechanism, we construct AXIS-multi, which effectively handles multivariate attention by en-
abling each time step to receive contextual hints incorporating information from related channels.
To validate this extensibility, we further evaluated AXIS-multi on five standard multivariate datasets
(MSL, PSM, SMAP, SMD, SWaT). As shown in Table|§|, AXIS-multi achieves the best overall per-
formance with an Average Rank of 3.20, outperforming recent time-series foundation models (e.g.,
Chronos, MOMENT). This confirms that our step-aligned hint mechanism scales effectively to high-
dimensional signals, capturing cross-channel dependencies without performance degradation.
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Figure 8: Critical Difference (CD) diagram comparing the statistical performance of AXIS against
baselines across nine univariate datasets.

F BENCHMARK ANALYSIS AND VALIDITY

Dataset Composition and Scale. Our benchmark comprises 140 unique time series generating
280 evaluation windows, of which 98 (35.0% ) contain anomalies and 182 (65.0%) are normal. The
dataset spans diverse domains and exhibits significant variability in temporal structure: original se-
ries lengths range from 64 to 1,020 time steps (median: 617), while evaluation windows range from
15 to 40 steps (median: 28). This distribution ensures the benchmark tests both short-term pattern
recognition and longer-context reasoning capabilities. The benchmark is carefully balanced across
three question types: open-ended (34.64 % ), multiple-choice (32.86 %), and true/false (32.50%).
Importantly, the anomaly ratio is consistent across question types (31.87%-37.11%), preventing any
systematic bias where certain question formats disproportionately test anomaly vs. normal cases.

Table 7: Performance of standard anomaly detection algorithms on benchmark synthetic data.
Dataset | F1-PA ROC-AUC ROC-PRC

IForest | 0.3912 0.5851 0.1616
KNN 0.4708 0.6762 0.1993
LOF 0.4596 0.7011 0.2072
PCA 0.3537 0.5908 0.1666

Difficulty Validation via Synthetic Time Series. We evaluated four standard unsupervised
anomaly detection algorithms implemented by TSB-AD on the same synthetic time series data used
in our benchmark. Table[7]summarizes their performance using F1-score with point adjustment (F1-
PA), ROC-AUC, and Precision-Recall AUC (ROC-PRC). None of the traditional algorithms achieve
high scores across the board, with the best average F1-PA score being only 0.4708 (KNN). These
metrics indicate that the underlying anomaly patterns are non-trivial and challenging for established
methods to detect reliably.

G DETAILED PROCEDURE FOR G-EVAL

This appendix documents the evaluation methodology, criteria, and prompts used by our G-Eval
variant.

G.1 METHODOLOGICAL OVERVIEW

We adopt an advanced G-Eval judge that evaluates system answers along multiple dimensions and
calibrates discrete scores using token-level log-probabilities. For each question-answer instance:

1. Determine the question type (e.g., multiple choice, open-ended, true/false) and instantiate
the corresponding set of evaluation dimensions.

2. For each dimension, query a LLM judge with a criterion-specific instruction (see the exact
prompt in Appx.) to produce a reasoning-based assessment and a final integer score s €
{1,2,3,4,5}. If score extraction is ambiguous, a conservative default is used.

3. Obtain token-level probabilities assigned to the score tokens {1, ...,5}. Exponentiate and
normalize these probabilities to construct a score distribution. Use its expectation as a log-
probability-weighted score and compute a confidence via normalized entropy (Appx.[G.3).
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G.2 EVALUATION CRITERIA AND WEIGHTS

For each question_type, the evaluator applies a fixed set of dimensions with 5-point guidelines
and combines them via type-specific weights:

Table 8: Dimension Weights by Question Type.
multiple_choice | correctness: 0.70, reasoning_quality: 0.30
open_ended relevance: 0.30, completeness: 0.35, accuracy: 0.35
true_false correctness: 0.60, justification_quality: 0.40

The dimension descriptions and scoring guidelines (1-5) are:

multiple_choice

* correctness: How accurate is the generated response compared to the expected answer?

5: Perfect match, completely correct

4: Mostly correct; minor deviations not affecting core meaning

3: Partially correct; captures some key aspects but misses important details
— 2: Somewhat relevant but with significant errors or omissions
— 1: Incorrect or completely irrelevant

* reasoning_quality: How well does the response demonstrate logical reasoning and expla-
nation?

5: Clear, logical, comprehensive reasoning fully explains the choice
— 4: Good reasoning with minor gaps

3: Adequate reasoning; lacks depth or has inconsistencies
— 2: Weak reasoning; significant gaps or flawed logic
— 1: No clear reasoning or completely flawed logic

open_ended

* relevance: How relevant and on-topic is the generated response?

5: Completely relevant; directly addresses all aspects

4: Highly relevant; minor omissions

3: Moderately relevant; addresses core aspects but misses details

2: Somewhat relevant; off-topic content or key omissions

1: Irrelevant or off-topic

* completeness: How complete and comprehensive is the response?

5: Fully comprehensive; covers all necessary aspects

4: Mostly complete; minor gaps

3: Adequately complete; missing some important details

2: Incomplete; significant information missing
— 1: Very incomplete

* accuracy: How factually accurate is the response?

5: Completely accurate; no factual errors

4: Mostly accurate; very minor inaccuracies

3: Generally accurate; some notable errors

2: Several factual errors affecting reliability

1: Major factual errors or mostly inaccurate
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true_false

* correctness: How correct is the T/F judgment and supporting explanation?

5: Perfect judgment; excellent supporting explanation
4: Correct judgment; good explanation

3: Correct judgment; adequate explanation
2: Incorrect judgment; reasonable attempt at explanation
— 1: Incorrect judgment; poor or no explanation

* justification_quality: How well does the response justify the decision?

5: Excellent justification with clear evidence and reasoning
4: Good justification with solid evidence

3: Adequate justification with some evidence

2: Weak justification with little evidence

— 1: No meaningful justification

G.3 ADVANCED SCORING FROM LOG-PROBABILITIES

Let s € {1,2,3,4,5} denote the raw score extracted from the LLM’s evaluation output. We also ob-
tain token-level log-probabilities for score tokens {1, ..., 5}. The evaluator constructs a distribution
over scores by exponentiating and normalizing these log-probabilities:

- exp(log ps
p(s) o exp(logp,),  p(s) = —XPUBP)
E:k:1eXpUngk)

The weighted score is the expectation under p:

5
WeightedScore = Z s-p(s).

s=1
G.4 ADVANCED G-EVAL PROMPT

You are an expert evaluator for natural language generation systems. Your
task is to evaluate the quality of generated responses using the G-
Eval methodology with chain-of-thought reasoning.

Control the Maximum Length to 500 words.

**Evaluation Criterion: {criterion.dimension}*x*
{criterion.description}

**Scoring Guidelines:xx
{guidelines_text}

**Question:xx {question}
*xExpected Answer:x* {expected_answer}
**Generated Response:xx {generated_response}

*xInstructions: xx*

1. Analyze the generated response step by step using chain-of-thought
reasoning

Compare it against the expected answer for the specified criterion
Consider both content quality and alignment with the expected answer
Provide detailed reasoning for your evaluation

Conclude with a single score from 1-5

Ignore error in index mismatch, Jjust focus on the content

oY U1 W W N

Please follow this exact format for your response:
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**Step-by-step Analysis:xx
[Provide detailed chain-of-thought analysis]

*xComparison with Expected Answer:*x*
[Compare generated response with expected answer]

**Final Assessment:*x
[Summarize your evaluation]

*xScore:** [Single integer: 1, 2, 3, 4, or 5]

G.5 DETAILED RESULTS OF G-EVAL

Visualize and pair-wised comparsion Figures ] to[IT] present forest plots to visually summarize
the pairwise model performance comparisons from Tables [T] to 3] The confidence intervals are
calculated from the variance of the pairwise total scores.

As shown in Fig.[9] our AXIS model demonstrates a strong performance. On Multiple-choice ques-
tions, it significantly outperforms all models except for Image-LLM and Anon-LLM(Window). For
True/False questions, AXIS significantly surpasses all other models, highlighting its advantage in
objective answering. Furthermore, on Open-Ended questions, AXIS outperforms other models while
achieving performance comparable to the General LLM (AnomLLM).

Fig. [I0] details an ablation study of our proposed AXIS model. The results demonstrate that AXIS
consistently and significantly outperforms its variants ("w/o-windows”, ”w/o-task-hint”, and “w/o-
context-hint”) across all three question categories. The confidence intervals for the mean paired
difference are entirely below zero in all subplots, indicating that the removal of any of these com-
ponents leads to a statistically significant degradation in performance. This underscores the integral
contribution of each component to the overall efficacy of the AXIS model.

Fig.[TT]provides a comparative analysis of various open-source models against the Deepseek Llama
8B (Inst) baseline. In multiple-choice questions, Deepseek Llama 8B shows a significant perfor-
mance advantage over the Mistral 7B models, while its performance is statistically comparable to
the Qwen2.5 7B series. For open-ended and true/false questions, Deepseek Llama 8B shows compa-
rable performance to most Qwen and Deepseek-Qwen variants, showing that the robustness of our
AXIS design.
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Figure 9: Comparative analysis of baseline models against AXIS via forest plot. Each horizontal
line represents the 95% bootstrap confidence interval for the mean paired score difference relative
to the AXIS baseline. The central dot marks the point estimate of the mean difference. The vertical
red dashed line at zero indicates no difference; confidence intervals crossing this line suggest that
the model’s performance is not statistically different from the baseline.

Analysis for different LLM judge: We introduce gpt-4.1 as the second LLM judge to comple-
ment our primary judge, Gemini-2.5. We then conduct a comprehensive inter-rater reliability anal-
ysis using a human-annotated subset. Our analysis, summarized in Table[9] confirms the robustness
of our evaluation methodology. First, we observe high consistency between our two LLM judges,
Gemini-2.5 and Gpt-4.1, which achieve an overall Kendall’s W of 0.882. This demonstrates that our
evaluation prompts and criteria are stable and reproducible across different state-of-the-art models.
Second, and more importantly, both LLM judges show strong alignment with human expert ratings.
Our primary judge, Gemini-2.5, achieves a strong agreement of W=0.743 with human ratings, while

24



Under review as a conference paper at ICLR 2026

w/o-windows

w/o-context-hint

R —
-0.8 -0.6 -0.4 -0.2 0.0 0.2 -1.0 -0.8 -0.6 -0.4 -0.2 0.0 -150 -1.25 -1.00 -0.75 -0.50 -0.25 0.00
Mean Paired Difference vs AXIS (Final) Mean Paired Difference vs AXIS (Final) Mean Paired Difference vs AXIS (Final)

Figure 10: Forest plot comparing AXIS variants against the AXIS baseline. The plot displays the
mean paired score difference and the 95% bootstrap confidence interval for each variant. The vertical
red line at zero indicates no performance difference relative to AXIS.
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Figure 11: Forest plot for ablation studies, benchmarked against AXIS. This plot illustrates the mean
paired score difference and the corresponding 95% bootstrap confidence interval for each ablated
variant. The vertical red line at zero serves as the reference for no difference from the baseline.

our second judge, Gpt-4.1, also achieves a strong agreement of W=0.750. This alignment remains
robust even for the most challenging open-ended questions, where the judges score W=0.670 and
W=0.679, respectively. To contextualize these results, we measure the inter-rater agreement among
the human experts themselves, finding a Kendall’s W of 0.587. This indicates that our LLM judges
not only agree with each other but also perform at a level of consistency comparable to human ex-
perts for this subjective task. We report all correlation coefficients using Kendall’s W, as shown in
the table below.

Table 9: Inter-rater agreement (Kendall’s W) between LLM judges and human experts.
Question Type Gpt-4.1 vs. Human  Gemini-2.5 vs. Gpt-4.1  Gemini-2.5 vs. Human Human Inter-rater Agreement

Overall 0.750 0.882 0.743 0.587
Multiple Choice 0.857 0.833 0.750 0.667
Open-Ended 0.679 0912 0.670 0.587
True/False 0.749 0.856 0.784 0.535

G.6 COMPUTATIONAL EFFICIENCY ANALYSIS

We analyze the computational overhead of AXIS compared to baseline methods by measuring aver-
age prompt token counts and generation latency across question types (see Table [TT).

Token Efficiency. AXIS (14B) demonstrates high token efficiency, averaging ~335 prompt to-
kens. This is comparable to ChatTS (14B) (~363 tokens) and significantly more efficient than
text-serialization approaches like LLMAD (~1370 tokens) and Image LLM (~1479 tokens). While
AnomLLM (Window) uses the fewest tokens, it sacrifices reasoning capability by limiting context
to a local window.

Latency and Performance Balance. AXIS achieves a favorable balance between speed and per-
formance. It incurs only a modest latency overhead (~1.5-2s) compared to Chat TS while deliver-
ing superior reasoning, and is ~7 x faster than Chat Time, which suffers from prohibitive latency.
Both token counts and latencies remain consistent across question types, indicating robust efficiency
for diverse reasoning tasks.
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Table 10: G-eval results by LLM judge gpt-4.1

Multiple Choice Open Ended True False
Model Final Corr. Rsn. Qual. | Final Rel. Comp. Acc. | Final Corr. Justif.
AXIS 4.52  4.56 4.49 354 3.67 329 365|394 371 417
Image LLM 440 435 444 | 340 3.58 324 338 | 298 271 324
ChatTS 371 3.77 3.65 3.11 327 295 3.11 | 3.05 290 3.19
LLMAD 3.66  3.30 4.02 28 293 280 285 | 350 331 3.69
ChatTime 147 191 1.02 1.07 1.02 1.04 1.15 | 1.10 1.17 1.02
AnomLLM(Full) 423 412 4.35 3.13 335 2.98 3.05 | 276  2.69 2.83
AnomLLM(Window) || 2.80 2.81 2.79 293 3.05 258 3.15 | 255 257 252

Table 11: Comparison of Computational Efficiency: Prompt Tokens, Latency, and Memory

Model Multiple Choice Open Ended True False
Tokens Lat(s) Mem (GB) | Tokens Lat(s) Mem (GB) | Tokens Lat(s) Mem (GB)

Image LLM 154842  9.57 - 1455.33  10.83 - 143333 9.21 -
LLMAD 136442 244 - 1375.16  2.36 - 1372.00 2.44 -
AnomLLM(Full) 3083.81 1.75 - 3075.64  2.01 - 2983.40 1.82 -
AnomLLM(Window) | 312.53 0.73 - 258.00 0.74 - 240.43 0.70 -
ChatTime 14B 288.49  31.06 38.5 18245  28.88 37.4 181.05  29.15 38.1
ChatTS 14B 411.95 5.02 323 347.24 577 31.9 330.10 4.75 32.1
AXIS 14B 376.05 13.70 41.6 321.29 13.76 40.5 303.90 12.98 41.0

H PROCEDURE AND DETAIL RESULTS FOR HUMAN-BASED EVALUATION

H.1 DESIGNS OF EXPERIMENTS

Questionnaire Design and Structure. Our human expert questionnaire is systematically designed
to evaluate model explanations across multiple dimensions with rigorous controls for bias and con-
sistency. Each questionnaire comprises: (1) Question Information: the original question, expected
answer, and question type classification (multiple choice, open-ended, or true/false); (2) Time Se-
ries Visualization: a plot showing the full time series with the target window highlighted to provide
visual context for assessment; (3) Model Responses: all baseline model outputs presented in a
randomized order to eliminate position bias; (4) Evaluation Criteria: dimension-specific scoring
guidelines adapted from the G-Eval methodology, employing 5-point Likert scales for correctness,
reasoning quality, relevance, completeness, accuracy, and justification quality tailored to each ques-
tion type; (5) Scoring Tables: structured evaluation forms for systematic criterion-based assess-
ment; (6) Model Ranking: comparative ranking of all models with written justifications to capture
qualitative insights.

Expert Recruitment and Annotation Protocol. For this study, we evaluate 140 unique questions,
resulting in 280 completed questionnaires. We recruit 28 human experts through a rigorous vetting
process targeting researchers with established expertise in time-series analysis and machine learning.
All annotators hold advanced degrees (Ph.D. candidates or post-doctoral fellows) and are recruited
from our institution and collaborating academic research laboratories. Experts are compensated at
standard academic research rates for their time and effort. To ensure annotation quality and mitigate
individual bias, we implement a double-blind protocol wherein each questionnaire is independently
evaluated by three randomly assigned experts from the pool of 28, with neither annotator aware
of the other’s identity or responses. To quantify inter-rater reliability, we compute Kendall’s W
(Coefficient of Concordance), which is well-suited for measuring agreement among multiple raters
on ordinal data. Our analysis yields Kendall’s W = 0.587, indicating a “moderate” to ’substantial”
level of agreement among our expert panel. This coefficient is notably comparable to inter-rater
agreement levels reported in similar expert evaluation studies, confirming that our human-annotated
dataset provides a reliable and internally consistent gold standard for model assessment.
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Human Expert Evaluation Questionnaire Example

Question 1

Question Type: multiple_choice

Question: Which of the following best describes the likelihood of detecting an anomaly
within the time series window from step 491 to 521, given its observed behavior?

A) There is a sudden spike at the start of the window that indicates potential anomalous
activity B) The window displays periodic irregularities that suggest subtle anomalies C) The
window exhibits consistent and stable behavior, suggesting no detectable anomalies D) The
pattern shows gradual drift, implying an evolving anomaly towards the window’s end
Expected Answer: C) The window exhibits consistent and stable behavior, suggesting no
detectable anomalies. The current_value data fluctuates around zero with both positive and
negative values but does not display any abrupt spikes, sustained trends, or irregular period-
icities...

Time Series Visualization: [Plot showing full time series with highlighted window]
Model Responses:

Model 1 To determine anomaly likelihood in the window from step 491 to 521, let’s examine
the values: [0.12, -2.45, -1.15, ...]. Within this window, there is a sharp drop from 0.12 to
-2.45 at the very start... **A) There is a sudden spike at the start of the window that indicates
potential anomalous activity**

Model 2 Within the specified window (indices 491 to 521), the data shows fluctuating values
without any abrupt spikes or consistent irregular patterns...

Model 3 The observed behavior within the time series window from step 491 to 521 indi-
cates no sudden spikes or abrupt changes... **C) The window exhibits consistent and stable
behavior, suggesting no f anomalies.**

Model 4 The time series visualization highlights the analysis window from step 491 to
521... **C) The window exhibits consistent and stable behavior, suggesting no detectable
anomalies.**

Model 5 {“briefExplanation”: {“stepl_global”: “The overall trend of the latest 31 data
points is stable...”, “is_anomaly”: false, “anomalies™: [], ...}

Model 6 **Answer: C) The window exhibits consistent and stable behavior, suggesting
no detectable anomalies.** The time series window from step 491 to 521 shows a mix of

positive and negative values with moderate fluctuations, but there are no sudden spikes...
Evaluation Criteria:

Correctness (1-5): How accurate is the generated response compared to the expected an-
swer? Reasoning Quality (1-5): How well does the response demonstrate logical reasoning
and explanation?

Model Correctness | Reasoning Quality | Comments
Model 1 . . .
Model 2 - . .
Scoring Table: | Model 3 - . .
Model 4 ,,, . .
Model 5 - . .
Model 6 - . .
Model Ranking: Rank all models from best (1) to worst (6) with justifications.

H.2 DETAILED RESULTS FOR HUMAN EVALUATION

Fig. [12] provides a criterion-level breakdown of human evaluation across the three question types.
AXIS ranks first consistently. On Multiple Choice questions, it achieves the best scores in both
Correctness and Reasoning Quality, with a clear margin over the next best visual baseline. This in-
dicates that our hint-based conditioning not only selects the right option but also articulates concise,
logically grounded rationale.

For Open-Ended questions, AXIS leads on Relevance, Completeness, and Accuracy, reflecting faith-
ful, fully supported explanations rather than surface descriptors. On True/False questions, it also
tops both Correctness and Justification Quality, showing strong calibration and evidence-backed
decisions. Overall, these results demonstrate that the proposed three-pathway design (symbolic
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numeric grounding, context-integrated local hints, and task-prior hints) confers robust advantages
across formats—surpassing specialized TS-LLMs and multimodal vision—language approaches in
both accuracy and human-judged explanatory quality.
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Figure 12: The mean scores by human evaluation for (a) multiple choice question, (b) open ended
questions and (c) true/false questions

H.3 BENCHMARK CONSTRUCTION & EVALUATION FOR PUBLIC DATASETS

To evaluate the generalization capabilities of our model on real-world data, we construct a compre-
hensive human evaluation benchmark using 108 time series from three public datasets: YAHOO,
TODS, and NEK. These datasets cover diverse domains including web traffic, distributed system
metrics, and sensor data. For each time series, we design two distinct question formats: a True/False
(TF) question and a Multiple-Choice Question (MCQ), to assess the quality of generated explana-
tions from different perspectives.

The benchmark construction process begins with a deterministic, seed-based sampling procedure to
select two representative windows from each of the 108 time series, ensuring reproducibility. For
each series, we sample:
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* An Anomaly Window: A segment of 15 to 40 time steps that contains at least one point
labeled as an anomaly.

* A Normal Window: A segment of the same length range (15-40 steps) containing exclu-
sively normal data points.

Each selected window is visualized by highlighting it on a plot of the entire time series, providing
essential visual context for the evaluation. These selected windows and their corresponding visual-
izations form the basis for both the TF and MCQ tasks.

True/False (TF) Question Generation For the TF task, we formulate a standardized question
for every window: “True or False: The time series window from step {start} to {end} shows only
normal behavior, with no evidence of sudden deviations or irregular patterns that would indicate an
anomaly.” The ground truth answer is ’False” for anomaly windows and ~’True” for normal windows.
The ground truth explanation for an anomaly window is derived from a predefined set of detailed
descriptions corresponding to expert-provided labels (e.g., "downward spike,” ”sudden increase”),
while the explanation for a normal window confirms the absence of anomalous patterns.

Multiple-Choice Question (MCQ) Generation Using the same set of windows, we design an
MCAQ task to assess a model’s ability to not only detect but also correctly classify anomalies. The
question asks: "Which of the following best describes the anomaly detection results within the time
series window spanning steps {start} to {end}?” For each question, we generate three distinct
options:

* The Correct Option: This option accurately describes the window’s content. For an
anomaly window, it corresponds to the specific, expert-labeled anomaly type (e.g., ~up-
ward spike”). For a normal window, it is the “normal” option.

* Distractor Options: Two incorrect options are provided to serve as distractors. If the win-
dow is anomalous, the options include “normal” and another randomly selected anomaly
type from the overall pool of labels. If the window is normal, the distractors are two differ-
ent, randomly selected anomaly types.

Crucially, each option is presented not just as a short label but as a full descriptive sentence (e.g.,
”Upward Spike anomaly: There is a sharp upward jump in the measurements.”) to ensure clarity
and prevent ambiguity. This design forces the model to discern nuanced differences between various
anomaly types and normal behavior.

Evaluation Criteria To ensure a granular assessment of the models’ explanatory power, we estab-
lish a detailed scoring rubric for both TF and MCQ tasks, administered by expert human annotators.
For the True/False task, we use a 6-point scale (0-5) to evaluate both the correctness of the binary
answer and the quality of the accompanying justification. A score of 5 represents a correct T/F
judgment with a clear, accurate, and comprehensive explanation. Lower scores are assigned for an-
swers with less precise, generic, or irrelevant justifications. A score of 0 indicates an incorrect T/F
judgment with a nonsensical explanation. For the Multiple-Choice task, scores are assigned based
on the model’s ability to not only detect but also correctly classify the anomaly:

* 4-5 (Correct Classification): A score of 5 is awarded for correctly identifying the specific
anomaly type (or ‘normal‘) with a clear and accurate explanation. A score of 4 is given for
a correct classification with a more generic or slightly flawed explanation.

e 2-3 (Correct Detection, Incorrect Classification): A score of 3 is assigned if the model
correctly identifies the window as anomalous but selects the wrong anomaly type, providing
a plausible justification for its incorrect choice. A score of 2 is given for the same error but
with a poor or irrelevant explanation.

* 0 (Incorrect Detection): A score of 0 is given if the model fails to correctly determine
whether an anomaly is present (e.g., classifying an anomalous window as ‘normal® or vice
versa).

This multi-faceted evaluation framework allows us to capture nuanced differences in the quality of
explanations beyond simple accuracy metrics.
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I CAUSAL ABLATION ANALYSIS FOR HINT TOKENS

To analyze the individual contribution of each local hint token to the model’s generation quality, we
implement a causal ablation study. This method systematically removes or modifies specific hint
tokens to quantify their importance in producing accurate explanations.

Given hint embeddings I:Im € R(e=s)%dn e measure the contribution of each local hint token at
position ¢ within the target window [s, e) through the following procedure:

Baseline Computation. First, we compute the baseline log-likelihood using the complete hint
embeddings:

Ebaseline = - 10g P(y|I:Is:e7 q, F)7

where y is the target explanation, g is the query, and F represents the task-prior hints.

Ablation Methods. For each position i € [s, e), we create an ablated version of the hint embed-

dings ﬁgl)e using Zero Replacement: I:Igl)e[z —s]=0.

Contribution Score. The contribution score for position ¢ is computed as:
Ci = »Cbaseline - E;Qatem

where ‘Cgliaiated = —log P(y[H\, ¢, F). A positive C; indicates that removing the hint at position i
degrades the model’s performance, suggesting that this position contributes positively to explanation
generation.

Validation of Context-Integrated Hints via Causal Ablation Analysis. As depicted in Fig. [I3]
and Fig. [T4] the causal ablation analysis provides empirical evidence for the efficacy of our pro-
posed hint mechanism. A predominant observation across both examples is that the majority of the
contribution scores, denoted by C}, are positive (C; > 0). According to the formulation presented
in Appx. [l a positive C; indicates that ablating the hint token at position ¢ degrades the model’s
performance, as measured by an increase in the negative log-likelihood of the target explanation.
This finding strongly supports our hypothesis that the context-integrated, step-aligned hints furnish
valuable guidance for the model, making a net positive contribution to the generation of high-quality
answers.

Furthermore, a more nuanced pattern emerges from the results. We observe that in regions where
the time series exhibits significant volatility or sharp fluctuations, the corresponding contribution
scores are comparatively lower. This suggests that the inherent complexity and unpredictability of
volatile segments in the time series can diminish the marginal utility of individual hint tokens. In
essence, while the hints remain beneficial overall, their directional impact is partially mitigated by
the increased difficulty of the task in these challenging temporal regions.

J ADDITIONAL SENSITIVITY AND ROBUSTNESS ANALYSES

Analysis of Distractor Design in Multiple Choice Questions. We investigate the hypothesis that
the divergent impact of the context-integrated hint across question types stems from the distinct rea-
soning processes required. While True/False questions demand binary judgments often necessitating
global context, Multiple Choice Questions (MCQs) allow for elimination strategies. To validate this,
we constructed an evaluation set of 140 MCQs with varying numbers of options (N € {2,3,4}).
Table [I2] presents the performance of AXIS and its ablated variants. We observe that with fewer
options (2 or 3), where choices are broader, the performance gap between the full model and the
‘w/o-context-hint‘ variant is significant. As the number of options increases to 4, distractors become
more specific, allowing the model to rely more on localized features (symbolic numeric hints) for
elimination, thereby reducing the relative impact of the global context hint. This confirms that the
utility of context hints in MCQs is modulated by distractor complexity.
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Figure 13: Causal Ablation Analysis of Step-Aligned Hint Tokens. The figure visualizes the contri-
bution score C; for each hint token, computed via our causal ablation method, alongside the original
input time series.
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Figure 14: Causal Ablation Analysis of Step-Aligned Hint Tokens. The figure visualizes the contri-
bution score C; for each hint token, computed via our causal ablation method, alongside the original
input time series.
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Table 12: Impact of Distractor Options on Model Performance across Ablations

Model 2 Options 3 Options 4 Options

AXIS 3.961 £0.304 3.874+0.372 3.983 £ 0.344
w/o-context-hint ~ 3.425 £ 0.336  3.371 £0.332 3.791 £ 0.334
w/o-fixed-hint 3249 £0.346 3.369 +0.419 3.772 £ 0.381
w/o-windows 3.507 £0.299 3.823 £0.311 3.734 £0.344

Analysis of Window Length Sensitivity. We further analyze the impact of the input question-
window length [s, €) on performance by varying it from 10 to 160 time steps. Figureillustrates
the sensitivity patterns across question types. For Multiple Choice and Open-Ended questions, per-
formance follows an inverted U-shaped trend. Initial increases in window size improve reasoning
by providing more information, but performance declines beyond 40-80 steps, likely due to the pro-
cessing burden of long numerical sequences on the LLM. In contrast, True/False questions exhibit
stability across window sizes. This robustness suggests that binary judgments rely more on the
global semantic context provided by the ‘context-integrated hint* rather than precise local numerical
patterns, making them less sensitive to the granularity of the windowed input.
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Figure 15: Performance sensitivity to variations in question-window length across different question
types.

Robustness Against Global Noise Injection. To assess model robustness without introducing
ambiguity often caused by local perturbations in anomaly detection tasks, we evaluate performance
under global Gaussian noise injection. We add zero-mean Gaussian noise € ~ A/ (0, o%) with scales
o € {0.1,0.3,0.7,1.5} to the input series. As shown in Figure the model demonstrates strong
robustness in discriminative tasks (Multiple Choice and True/False), maintaining stable performance
up to noise scales of 0.7. This indicates effective filtering of high-frequency noise to focus on
dominant anomalous features. Conversely, the generative Open-Ended task shows higher sensitivity,
with performance decreasing monotonically as noise increases, reflecting the challenge of generating
detailed semantic descriptions from obscured signal morphologies.
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Figure 16: Model robustness evaluation under varying scales of global Gaussian noise injection.
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