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¢ Anomaly Pattern Classification

Out-of-range Anomalies: B4 2}9] thresholdE 3 HHLI= HIHA
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& Contextual Anomalies: E& 1ZHH A W=0] HAL= HIEY Q¥ (Trend, Frequency, Point)
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Figure 1: Example time series with dif-
ferent anomaly types, with anomalous
regions highlighted in red.
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#& Zero-Shot and Few-Shot Anomaly Detection

& nJHo| P E time-seriesE 0L, HE 2 time-seriestl [HEH HIZY 2HAS HIZE (time point or time interval)

& M-LLMs (e.g. Qwen, LLaMA, Gemini, GPT)E &0, time-series HI0IEIE text 2 image HE 2 26IH 0= Jise

| "[{"start”: 875, "end": 975}]4n’ | Detect ranges of anomalies in this time series, in terms of the x-axis coordinate.
List one by one, in JSON format.
If there are no anomalies, answer with an empty list [].

Ynew

Output template:
[{'start™: ..., "end™ ..}, {"start" ..., "end"™ ..}..] Prompt

1 A AN/ YAVAVAY. VVV V! [{"start": 800, "end": 975}]
e s (X1,Y1)
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&2 Multimodal LLMs (M-LLMs)

& Text= raw numerical valuesE LLMO| 228, Image= matplotlibS S0l HIZHE visualized time seriesS =gt

& AHE HIOIEHE OI0IXIZ M2 O Ol EHXIA 8 O Ho Y 8458 HOI0= WS wAg
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@2 Hypotheses
& LLMO 0l4 EXXI SIS 0loi5H)] o, O IS HE6t0, oiE TS HAES

Hypothesis 1 (Tan et al., 2024) on Chain-of-Thought (CoT) Reasoning

LLMs do not benefit from engaging in step-by-step reasoning about time series data.

Hypothesis 2 (Gruver et al., 2023) on Repetition Bias

LLMSs’ repetition bias (Holtzman et al.}[2020) corresponds precisely to their ability to identify
and extrapolate periodic structure in the time series.

Hypothesis 3 (Gruver et al., 2023) on Arithmetic Reasoning

LLMs” ability to perform addition and multiplication (Yuan et al.,[2023) maps onto extrapo-
lating linear and exponential trends.

Hypothesis 4 (Dong et al., 2024) on Visual Reasoning

Time series anomalies can be more easily detected as visual input rather than text input.

Hypothesis 5 on Visual Perception Bias

LLMs exhibit similar detection limitations to human perceptual biases, e.g., in acceleration
perception when analyzing visual time series representations.

Hypothesis 6 on Long Context Bias

LLMs perform better for time series with fewer tokens, even if there is information loss.
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&2 Hypotheses (1, 2)

Retained Hypothesis 1 on CoT Reasoning

No evidence is found that explicit reasoning prompts via CoT improve LLMs’ performance

in time series analysis.

1) Perfect periodicity: f(t + P) = f(t) for some period P > 0
2) Noisy periodicity: f(t+ P) = f(t)+ (1) where €(t) ~ N(0,5?)

Rejected Hypothesis 2 on Repetition Bias

LLMs’ repetition bias does not explain their ability to identify periodic structures.
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Figure 3: Reflexive (prompt that
induces reasoning) / Reflective
(prompt asks for direct answer),
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Figure 4: Clean (original time se-
ries) / Noisy (time series with min-
imal injected noise), Top 3 Affi-F1
variants per noise level
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@2 Hypotheses (3, 4)

Rejected Hypothesis 3 on Arithmetic Reasoning Retained Hypothesis 4 on Visual Reasoning

The LLMs’ understanding of time series is not related Time series anomalies are better detected by M-LLMs as images than by LLMs as text.

to its ability to perform arithmetic calculations.
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Figure 5: Calc (prompt with Figure 6: Vision (prompt with
correct arithmetic example) / . . . .
visualized time series) / Text

DysCalc  (incorrect example),

Top 3 Affi-F1 variants per mode (raw numerical prompt), Top 3

Affi-F1 variants per modality
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@2 Hypotheses (5, 6)

Rejected Hypothesis 5 on Visual Perception Bias

Retained Hypothesis 6 on Long Context Bias

The LLM’s understanding of anomalies is not consistent with human perception. . . .
£ pereep LLMs perform worse when the input time series have
more tokens.
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Figure 8: Flat Trend (see above E. B.=
for an example) / Trend (trend may B A 8 A B A B A
reverse during anomalies), Top 3 Figure 7: Subsampled (time se-
Affi-F1 variants per dataset ries subsampled to be shorter)
/ Original, 0-shot raw text vs
30% text
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&2 Hypotheses (appendix)

Rejected Hypothesis 7 on Architecture Bias

LLMs’ time series understanding vary significantly across different model architectures.
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