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Abstract

Time Series Event Detection (TSED) aims to
localize semantically meaningful events in time
series data, with critical applications in high-
stakes domains. Unlike statistical anomalies,
events are often defined by natural-language
descriptions with internal temporal-logic struc-
tures across multiple physical channels. How-
ever, in real-world settings, dense event annota-
tions are expensive to obtain, making purely
supervised learning difficult. We introduce
Language-guided TSED, a setting where a
model is given textual event descriptions and
must ground them to intervals in multivariate
signals with little or no labeled data. To ad-
dress this problem, we propose Event Logic
Tree (ELT), a knowledge representation frame-
work that converts linguistic descriptions into
structured temporal logic over signal primitives.
Building on ELT, we present SELA, a neuro-
symbolic VLM agent framework that iteratively
grounds primitives from signal visualizations
and composes them under ELT constraints, pro-
ducing both event intervals and faithful tree-
structured explanations. We further release a
real-world benchmark across energy and cli-
mate domains with expert knowledge and an-
notations. Experiments show that SELA im-
proves over supervised fine-tuning and existing
zero/few-shot time series reasoning baselines'.

1 Introduction

Time Series Event Detection aims to localize tem-
poral segments in multivariate signals where spe-
cific events occur. It is important in high-stakes
domains such as health (Supratak et al., 2017; Per-
slev et al., 2019) and energy production (Khaouja
et al., 2025). Unlike time series classification,
which assigns a global label to a sequence (Mo-
hammadi Foumani et al., 2024), event detection

“Work done during Yifei’s internship at SLB.
'Our project is available at https://github.com/
cw-wan/SELA.

requires fine-grained localization at the segment
level. It is also different from anomaly detection,
which mainly targets statistical deviations (Zaman-
zadeh Darban et al., 2024). Events are semantically
defined processes, often involving cross-channel
temporal relations, such as “a sharp rise on chan-
nel A followed by a dip on channel B”.

Most existing approaches rely on supervised
learning, including CNN or Transformer-based
models (Perslev et al., 2019; Wu et al., 2023) and
fine-tuning time series foundation models (Khaouja
et al., 2025). However, in many industrial and
scientific settings, dense event annotations are ex-
pensive to obtain, while textual event descriptions
are often available from operational manuals or ex-
pert guidelines. This motivates a language-guided
setting: given a multivariate time series and tex-
tual descriptions of target events, the model should
ground the descriptions into event intervals without
large amounts of labeled data (Figure 1).

Help me locate the ‘lost seal’ events in the
time series record: a ‘lost seal’ event has
two phases: during the first phase, the
Volume channel increases linearly...

This region seems to align closely
with your description...

Figure 1: An illustration of the Language-guided Time
Series Event Detection task.

The central challenge is grounding. Textual de-
scriptions are unstructured, such as the following
description from the energy domain:

During the Buildup event, the Volume
should remain stable across the entire
phase. Simultaneously, the Pressure
should either recover slightly with the
rate of change decreasing or bounce up
quickly, and then reach a steady phase.
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This description is not a flat label. It defines
atomic signal patterns, such as Volume remains sta-
ble and Pressure recovers slightly, and relates them
through temporal-logic cues such as simultane-
ously, either, and and then. Therefore, an explain-
able detector should not only predict the global
event interval, but also ground its sub-patterns to
concrete signal segments as verifiable evidence.

To address this challenge, we introduce Event
Logic Tree (ELT), a knowledge representation
framework that “translate” textual event descrip-
tions into tree-structured temporal logic. ELT de-
composes an event into atomic signal primitives
and composes them through operators such as suc-
cession, synchronization, containment, and alterna-
tives. Based on ELT, we build SELA, a neuro-
symbolic agent system for zero-shot language-
guided event detection. A Logic Analyst parses
the textual description into an ELT schema, while
a Signal Inspector grounds the schema in the ob-
served time series by locating and refining event
intervals. ELT serves as the central intermediate
representation: it guides the grounding process
and produces an instantiated proof tree that can be
inspected by human experts.

To evaluate our approach, we release KITE, a
real-world benchmark with expert-verified event
descriptions and event annotations from energy and
climate domains. Experiments show that SELA
consistently improves event grounding and pre-
cise localization, demonstrating the benefit of ELT-
guided reasoning.

Our contributions are summarized as follows:

* We formulate a language-guided setting for
detecting semantically defined events in mul-
tivariate time series data.

* We propose ELT, a structured representation
that helps faithfully ground textual event de-
scriptions into time series intervals with in-
terpretable primitive-level evidence. Based
on this, we develop SELA, a neuro-symbolic
agent system that uses ELT to perform zero-
shot event semantic grounding.

¢ We release KITE, a real-world time series
event detection benchmark with expert de-
scriptions and annotations.

2 Problem Formulation

The objective is to detect all event instances in a
multivariate time series that match a set of linguis-

tic event descriptions.

Input. The input consists of a multivariate time
series X € RT*C and a description set £ =
{lc}eece, where T is the number of time steps, C'
is the number of channels, £ is the event type set,
and /. describes the signal pattern of event type e.

Ground Truth. The ground truth is a set of
event instances ) = {§m}M_,. Each instance
iS G = (f(m),é(m)), where [(M) = [Aé?f),f(’;)]

o
is the temporal interval and é(™ € £ is the event

type.

Output. A detector fy predicts a set of candi-
date event instances Y = fp(X, L) = {yx} ;.
Each prediction is y, = (I%%), e(®)), where I%) =
[t(()]fl), tf)’;f)] is the predicted interval and e(¥) € £ is
the predicted event type.

Objective. Predictions are evaluated by match-
ing them to ground-truth instances. A valid match
must identify the correct event type, i.e., e() = &0,
and align with the corresponding ground-truth in-
terval. Temporal alignment can be measured by
interval IoU or boundary deviation. Thus, the task
requires both event identification, determining what
event occurs, and temporal localization, determin-
ing when it occurs.

3 Event Logic Tree

To achieve accurate event detection with faithful
explanations, we need to explicitly model the in-
ternal structure of events. Based on the example
in Section 1, we define three desiderata for such a
logic structure:

D1. Hierarchical Representation. The repre-
sentation should capture how atomic patterns re-
cursively form sub-patterns and finally the global
event.

D2. Semantic Quantification. The representa-
tion should quantify how well a signal morphology
matches its linguistic semantics.

D3. Topological Elasticity. The representation
should define events by their temporal-logic struc-
ture rather than absolute duration, allowing tem-
poral stretching or compression while preserving
logical validity.

To meet these requirements, we introduce Event
Logic Tree (ELT), a tree-structured representa-
tion that separates an event’s schema from its
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Operator Natural Language Description Formalization TS Instance
“A spike in A is followed by a drop in B.” . QAN
E EQ(Spike 4, D 3
SEQ “A drop in B occurs after a spike in A.” SEQ(Spike 1, Drop;;) » AN
SYNC “A square wave in A is synchronized with a spike in B.” SYNC(SquareWave ,, Spike ) gyl 1]l
“A square wave in A and a spike in B occur simultaneously.” d e SPEes) N\
GUARD A dr'()p {Il A is found within a rise.in B,.”’ GUARD(Drop ., Rise ;) * \
A rise in B encompasses a drop in A. ‘ e
“Either a spike in A or a drop in B.” . ' 2
R R(Spike 4, Dropg
0 “At least one of a spike in A or a drop in B occurs.” OR(Spike,, Dropy;) ’ \

Table 1: Core operators of Event Logic Tree.

instantiation. The schema is parsed from the tex-
tual description only and specifies the event logic
independently of any concrete time series sample.
Each node is either a primitive or a composite:

n, = (7,¢),
Ny = <[n17"'7nk]a0p>7 (1)
op € {SEQ7 SYNC, GUARD, OR}.

A primitive node n,, denotes an atomic morphology
7 on a physical channel ¢, such as “a sharp pressure
increase on the Pressure channel”. A composite
node n, recursively combines child nodes through
a temporal-logic operator. Inspired by Allen’s in-
terval algebra (Allen, 1983), our operator set is
adapted to the grounding need: SEQ models suc-
cession, SYNC synchronization, GUARD containment,
and OR alternative descriptions of the same event.
Examples are shown in Table 1, and the full schema
and operator semantics are given in Appendix A.1.
Figure 2 displays how the example description in
Section 1 is parsed into an event logic tree schema.

("During the Buildup event, the Volume should remain |

| stable across the entire phase. Simultaneously, the |
Pressure should either slightly with the rate | [

“ of change decreasing or up quickly, and then “

{reacha phase.

Steady(P)

B/

Figure 2: An example of ELT schema parsing.

Given a time series X, ELT is instantiated by
grounding schema nodes to actual intervals. A
primitive instance is defined as

ﬁ‘]’ = <np717 /’L>7
I = [tonatoff]a (2)
w= M (X.I,c) € [0,1],

where p measures the semantic coherence between
the segment X [I, ¢ and the predicate 7. Composite

instances are computed bottom-up: their intervals
span the intervals of their children, and their co-
herence scores are recursively aggregated by the
corresponding operators. Thus, the root node rep-
resents the final event instance, with a numeric
score reflecting both primitive-level grounding and
global temporal consistency. Formal instantiation
rules are provided in Appendix A.3.

To avoid physically invalid trees, ELT follows
three validity principles: constructive composition,
requiring each composite to add non-trivial struc-
ture; temporal compactness, preventing unbounded
unexplained gaps inside a composite event; and
physical exclusivity, preventing one channel from
supporting incompatible primitive states at the
same time. These principles constrain grounding
while preserving temporal elasticity; their formal
definitions are given in Appendix A.2.

Overall, ELT turns event detection into the con-
struction of an instantiated proof tree: primitives
provide signal-level evidence, operators organize
the evidence into event-level logic, and confidence
propagates from leaves to the root. We compare
ELT with existing time series symbolic representa-
tions in Section 7.1.

4 The SELA Multi-Agent System

We build SELA, a neuro-symbolic VLM agent
system that uses ELT as the intermediate represen-
tation for language-guided time series event detec-
tion. The architecture is shown in Figure 3. We
explain the core concepts as follows.

ELT-guided execution. SELA directly builds
on the ELT representation introduced in Section 3.
The system first parses textual descriptions into
logic trees. During grounding, SELLA assigns in-
tervals and semantic coherence scores to primitive
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Figure 3: Overview of the SELA system.

nodes. These scores are then propagated bottom-
up through the composite operator nodes, and the
root node produces the final event interval and root
confidence. In this way, the predictions are not just
event intervals, but instantiated proof trees whose
root summarizes both primitive-level semantic evi-
dence and global temporal consistency.

Agent workflow. SELA decomposes the task
into two role-specific agents. The Logic Analyst
receives only the textual event description and sub-
mits an ELT schema. It does not access the time
series, which prevents schema construction from
being biased toward a particular sample. The Sig-
nal Inspector receives the compiled schema and
grounds it in the observed time series. It uses vi-
sualization tools to inspect global and local signal
views, places optional temporal markers, and sub-
mits primitive instances with intervals and confi-
dence scores that represent the level of semantic
coherence under the agent’s point of view. The
backend updates the ELT status for each agent sub-
mission, recomputes all composite scores, and re-
turns a joint visualization of the signal evidence
and the current logic-tree state. Agent prompts are
given in Appendix B.

Logic engine and confidence propagation. The
SELA backend maintains three coupled states: the
multivariate time series, the ELT schema, and the
current primitive instantiations. Once the Signal
Inspector submits primitive candidates, the logic
engine recursively constructs the instantiated proof
tree. Invalid compositions are filtered by hard gates,
such as temporal-order violations or physical col-
lisions on the same channel, while valid composi-
tions receive confidence scores through the corre-
sponding fuzzy operators. This makes any ground-

ing failures explicit: a low root confidence can
be traced back to weak primitive evidence, poor
temporal alignment, missing branches, or violated
operator constraints.

When multiple mutually exclusive event candi-
dates compete for the same record, we compare
their normalized root confidence rather than the raw
root confidence. This avoids unfairly penalizing
a semantically richer tree only because it contains
more conjunctive evidence. For an instantiated tree
T, we use

= Mroot(T) /K
1£4(T)],

norm T
Pmorm ( A) 3)

K(T) =
where £*(T") denotes the active primitive leaves of
the instantiated tree.

Error control with artifacts. Agents interact
with the backend through structured function calls
and typed artifacts (Qian et al., 2025). The Logic
Analyst submits a schema artifact, while the Sig-
nal Inspector submits an instantiation artifact con-
taining primitive aliases, intervals, and confidence
scores. Before updating the backend state, SELA
validates the schema, parses artifacts, and checks
action outputs against predefined formats.

5 The KITE Dataset Collection

We introduce the KITE (Knowledge-Infused Time
Series Events) benchmark, which is curated from
two real-world domains: energy and climate.

5.1 Data Collection

KITE comprises two sub-datasets:

1. Pressure Test: Pressure Test is a critical well
exploration operation in the oil & gas industry. The
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objective is to acquire underground pressure at dif-
ferent depths to characterize the reservoir. During
pressure test jobs, sensors are installed at certain
depths in drilling wells for remote measurements.
We collected a dataset of 62 multivariate time se-
ries samples from 41 real underground pressure test
jobs in drilling wells in the North Sea. Pressure
Test has two events: valid test and lost seal. Each
time series sample has two channels: volume and
pressure.

2. Climate Hazard: We created the Climate Haz-
ard dataset by aligning two public datasets: the
NOAA Integrated Surface Database (ISD)? and the
NWS Storm Events database’. Through manual fil-
tering and calibration, we acquired 86 multivariate
time series samples with high-quality event labels.
We selected three hazard event types with support
from accessible, high-quality knowledge as labels:
dense fog, frost freeze and extreme cold. Each cli-
mate time series sample has seven channels: visibil-
ity, dew-point spread, air temperature, dew point,
wind chill, wind speed, and sea-level pressure.

5.2 Data Annotation

In general, the mission of data annotation is to
obtain 1) the event labels (classes and boundaries),
and 2) the event descriptions in natural language.

For Pressure Test, the collected data were an-
notated in two stages. First, two field engineers
with over 20 years of experience in the oil & gas
industry manually inspected every sample using
Insitu Pro, a professional time series annotation
software (Fries et al., 2024), to identify the classes
and boundaries of all events. Their results were
then cross-verified to resolve boundary disagree-
ments. In the second stage, the field engineers
documented textual guidance for event detection,
assisted by an experienced Al engineer.

For Climate Hazard, we first took the event
boundaries from the NWS Storm Events database.
However, the original timestamps reflect zone-level
conditions rather than point-station measurements,
which can introduce timing offsets at the individual
station level, causing minor misalignments with
the NOAA database. To solve this, we aggregated
and summarized the official hazard event knowl-

2https://www.ncei.noaa.gov/data/global—hourly/
access/
3https://www.ncei.noaa.gov/stormevents/

Length Statistics

Set Ratio Min QI Median Q3 Max
TS Sample 467 944 1313 2228 14145
PT lost seal 22.6 151 247 346 540 1945
valid test 774 262 489 800 1363 3386
TS Sample 385 661 678 1093 1621
CH dense fog 65.1 13 46 76 106 293
extreme cold  25.6 228 259 384 453 756
frost freeze 9.3 96 120 161 396 1152

Table 2: Statistics by Dataset: PT = Pressure Test, CH =
Climate Hazard. Lengths are event durations in samples;
TS Sample is the series length. Ratio is the percentage
of samples containing that class.

edge*’ as textual descriptions. We had two anno-
tators with climate science background manually
inspect the signal samples to filter out abnormal
data and calibrate the remaining event boundaries
to align with the event descriptions. The results
were cross-verified between the two annotators to
resolve disagreements. Our full pipeline of con-
structing climate data is detailed in Appendix C.

5.3 Dataset Statistics

We provide the statistical details of the two KITE
datasets in Table 2. Overall, the time series samples
are long, especially those in Pressure Test, which
have a median length of 1313 timestamps. For
Pressure Test and Climate Hazard, the label dis-
tributions are imbalanced, posing additional chal-
lenges for supervised learning. Moreover, both
sample lengths and event durations vary substan-
tially across the two datasets, requiring models to
understand event semantics whose concrete signal
realizations can be highly variable. This observa-
tion empirically supports the desideratum of Topo-
logical Elasticity in Section 3.

6 Experiments

We develop our analysis based on two research
questions:

RQ 1. How well do LLMs/VLMs understand
event structures from natural language descrip-
tions?

RQ 2. Could Event Logic Tree improve VLM
agents’ performance in time series event detection?

*https://www.weather.gov/media/ajk/brochures/
Wind_Chill_Temperature_Index.pdf

5ht’cps: //www.weather.gov/media/directives/010_
pdfs_archived/pd@1016005c.pdf
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6.1 RQ 1. Benchmarking ELT Parsing

Experimental Setup. We construct ground-truth
ELTs for five events across the two KITE datasets.
We evaluate four models: GPT-5°, GPT-4.17,
Qwen-3.5 27B8, and Gemma-4 31B°. Each model
parses each event five times, yielding 100 parse
runs in total.

Evaluation Dimensions. We first report the pass
rate (Pass), the probability that a model produces
a valid schema that can pass the syntax check
within a fixed number of turns (20). Each valid
parse is then compared against the human-parsed
schema along four dimensions: Structural Fidelity
(Struct), measuring whether the tree topology is
logically equivalent to the ground truth; Primitive
Coverage (Cov), measuring whether all ground-
truth primitives are included; Primitive Accuracy
(Acc), assessing whether each predicted primitive
is grounded in the original description and penalis-
ing fabricated primitives; and Semantic Alignment
(Sem), measuring how well each primitive’s de-
scription matches the corresponding part of the
original event description. Scores are assigned on a
0-5 scale by two independent VLM judges, Claude
Opus-4.6 and GPT-5.5, averaged and normalised
to [0, 1], and validated by human. Implementation
details of judges are provided in Appendix D.

Model Pass Struct Acc Cov Sem
GPT-5 I8 0.90

GPT-4.1 NN 0.86

Qwen-3.527B | 0.88

Gemma-4 31B BRIIN 0.70

Table 3: ELT parse quality scores averaged over five
independent runs and normalised.

Results. As shown in Table 3, all valid parses
achieve perfect Primitive Accuracy (1.00). GPT-
5 attains perfect Coverage and Semantic Align-
ment, with strong Structural Fidelity (0.90). Qwen-
3.5 27B shows the weakest Pass Rate (0.88) but
achieves the highest Structural Fidelity (0.92) when
successful. GPT-4.1 trails in Structural Fidelity
(0.86), occasionally collapsing complex operator
relations into simpler ones. Gemma-4 31B scores

6https ://ai.azure.com/catalog/models/gpt-5
7https ://ai.azure.com/catalog/models/gpt-4.1
8https ://huggingface.co/Qwen/Qwen3.5-27B
’https://huggingface.co/google/gemma-4-31B-it

Pressure Test Climate Hazard

Method
MF1@0.5 MF1@0.9 MFI1® MF0.5%"
Random 9.0+4.2 0.0£0.0 12.020.6 9.2+0.5
CNN 38.6+2.3 22.4+25 45.1+32 40.7+£22
Trans. 27.7+2.1  17.7+1.1 46.4+65 40.8+6.6
Sup.  Timer 32.0+34  3.3x04 18.0+04 17.1x0.6
Models Moment  43.6£54 3.6212 209253 20.425.6
Chronos 434456 2.620.5 37.7#6.8 39.9+8.3
TimesFM  46.616.1  3.920.6 44.5+3.0 47.4+34
Num. Zs  15.4+39 12.6£29 38.3+26 46.2+2.4
Num. Fs 25460 17.2+50 43.4+3.1 49.4435
GPT-4.1 VL-T.Zs 37.5+12 20.3%25 9.6x0.1 11.0+03
VL-T. Fs 40.1x22 24.9+33 12.8+1.3 15.2+2.1
SELA Zs 439+23 32.7+55 52.2+52 53.9+5.2
Num. Zs  53.2+3.1 49.9+4.1 40.8+32 45.7+36
GPT5 Num. Fs  57.84+6.0 54.2+3.1 43.4x1.6 49.4+1.1
thinki-ng VL-T.Zs 51.9+2.1 428435 23.8£1.9 26.0+3.3
VL-T.Fs 53.6+£32 46.0+2.6 30.0+3.0 33.2+4.0
SELA Zs 66.8:39 60.0:3.6 50.7+1.5 57.1x2.2
Human 82.3 79.7 69.5 75.9

Table 4: Comparison of different models and methods
on the two KITE datasets. Zs=Zero-shot; Fs=Few-shot
In-Context Learning.

lowest on both Structural Fidelity (0.70) and Se-
mantic Alignment (0.85), over-compressing primi-
tive descriptions.

6.2 RQ 2. Evaluation on KITE Datasets

Experimental Setup. We compare SELA with
four groups of baselines: (i) Random guess-
ing; (ii) supervised models, including CNN (Le-
Cun and Bengio, 1998), Transformer (Vaswani
et al., 2017), and fine-tuned time series founda-
tion models, i.e., Timer (Liu et al., 2024), Mo-
ment (Goswami et al., 2024), Chronos (Ansari
et al., 2024), and TimesFM (Das et al., 2024); (iii)
few-shot/zero-shot LLM/VLM baselines, includ-
ing Numeric (Xue and Salim, 2024; Gruver et al.,
2023), which directly takes numerical time series
as input, and VL-Time (Liu et al., 2025), which
lets VLMs reason over time series visualizations;
(iv) human, where two data scientists with no
prior task knowledge independently identify events
based only on the provided pattern descriptions.

Evaluation Metrics. For Pressure Test, the event
boundaries are definite and clear, as the signals are
grounded in human engineer operations. Therefore,
we apply IoU-based macro F1 scores (MF1@) as
metrics to measure performance, following previ-
ous work on time series event detection in the oil &
gas domain (Khaouja et al., 2025). We set two IoU
thresholds, 0.5 and 0.9, to better distinguish models
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Pressure Test (M-F1)

Climate Hazard (M-Coverage)

GPT-5 GPT-4.1 Avg. GPT-5 GPT-4.1 Avg.

Variant @0.5 @09 @05 @09 F1 F0.5 F1 F0.5
SELA 66.8 60.0 439 327 50.9 50.7 57.1 522 539 53.5
Event-logic structure

w/o ELT (Geo. Mean) 41.84%30 39 14209 4] 5424 322105 38 74122 29 44213 34 51226 48 5137 49 7442 4 54130

w/o ELT (Arith. Mean) 41.84%30 3924208 42 9410 39 7100 39 2dI1.7 29 GI21:1 34 74224 47 4348 48 6453 40,1434

w/o ELT (Minimum)  34.7+321 3204280 381438 289138 3344175 26 44243 31 14260 48 6136 50,1438 39 14144
Confidence scoring

w/o 1/K norm @T0.0 607.0T0'0 42.6“‘3 32.3¢0.4 ij 49.4“‘3 55.9,L142 517.7,L0.5 537.2.1,047 mws

w/o operator penalties  67.2704 61.8718 42,841 278449 499110 51,0103 587116 443479 44 8401 497438
Inspection tool

w/o zoom 63.2136 51.8182 45.5M16 33,4107 485124 499108 560+ 514108 5009430 52 1414

Table 5: ELT ablations on Pressure Test and Climate Hazard. Avg. averages the four backbone-metric entries. Bold
and underline denote the best and second-best results per column.

by their ability to perform precise grounding. For
Climate Hazard, event boundaries are more grad-
ual. We therefore follow Tatbul et al. (2018) and
adopt coverage-based macro F1 and F0.5 scores
(MF1% MF0.5%V). More details on the metric
design are provided in Appendix E.

Implementation Details. For CNN and Trans-
former, we add linear heads for timestamp-wise
classification and fine-tune the entire models. For
native time series foundation models, we freeze
the model weights and fine-tune only the attached
bounding-box classification heads. All supervised
models are tested using 5-fold cross-validation
(80% training, 20% testing), and average scores
over 3-seed runs are reported. Regarding Numeric
and VL-Time, we provide the prompts in Appendix
F. We also report the token usage of these VLM-
based settings in Appendix G.

Results. As shown in Table 4, SELA consis-
tently outperforms zero-shot and few-shot Numeric
and VL-Time baselines on both KITE datasets, de-
spite itself operating in the zero-shot setting. The
advantage is particularly clear for precise localiza-
tion on Pressure Test: with GPT-5, SELA reaches
66.8 MF1@0.5 and 60.0 MF1@0.9, improving
over few-shot VL-Time by 13.2 and 14.0 points,
respectively. On Climate Hazard, SELA also
achieves the strongest automated results, with GPT-
4.1 obtaining the best MF1°®V of 52.2 and GPT-5
obtaining the best MF0.5" of 57.1. In contrast,
supervised baselines show no consistent advantage
in this low-resource setting; in particular, time se-
ries foundation models perform poorly under the
strict MF1@0.9 metric on Pressure Test, indicat-

ing limited boundary-localization ability. Overall,
the consistent gains across GPT-4.1 and GPT-5
demonstrate that ELT-guided reasoning improves
both event detection and precise temporal ground-
ing, while human data scientists still retain a sub-
stantial performance margin.

Ablation Study. As shown in Table 5, the event-
logic structure is the most critical component of
SELA. In the w/o ELT variants, we discard the
tree structure and directly aggregate primitive-level
confidence scores using three basic strategies: geo-
metric mean, arithmetic mean, and minimum. Re-
moving ELT causes substantial performance drops
under all three aggregation strategies, reducing the
average score by up to 17.5 points on Pressure Test
and 14.4 points on Climate Hazard. In comparison,
ablating confidence normalization, operator penal-
ties, or the zoom inspection tool leads to smaller
but consistent degradations. Among them, opera-
tor penalties are particularly important for Climate
Hazard, while zoom mainly benefits precise local-
ization on Pressure Test.

6.3 Case Study

Figure 4 presents a Frost Freeze case from Climate
Hazard, where SELA closely matches the ground-
truth. The instantiated ELT grounds the event in a
sequential temperature evolution from mild-above-
freezing conditions through sustained cooling to a
warming rebound, while synchronizing and guard-
ing these phases with complementary wind and
dew-point-spread primitives. In contrast, Numeric
predicts only a short fragment, VL-Time assigns
the wrong event class, and CNN and Transformer
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Frost / Freeze

TEMP_C - DEWP_C - TD_SPREAD - WND_KT

Overnight radiational-cooling events: a Freeze
Warning (temperature drops to or below freezing)
or the milder Frost Advisory (near-freezing under
clear skies and calm wind), typically during
growing-season shoulder months (spring/fall)
rather than the deep winter cold air masses of
Extreme Cold / Wind Chill.

TEMP_C Descends overnight to < 2 °C. Shape is
diurnal-radiational — steady descent through the
night, minimum near sunrise, recovery afterward
— rather than the abrupt arctic-airmass-arrival
shape of Extreme Cold.

DEWP_C / TD_SPREAD Efficient radiational
cooling requires dry air, so TD_SPREAD should
stay wide (dry) rather than collapsing toward zero
the way Dense Fog's does.

WND_KT Stays low / calm throughout — wind
mixing suppresses radiational cooling, so a
genuine Frost/Freeze night shows persistently
light wind, distinguishing it from wind-driven
cold-air-advection events.

O RO RO RO RO RO RO K

Climate Hazard / 629556_A0688400416

VIS km \/
7 sLp_hpa
I |
loU 0.92
I |
l—l too short
i wrong class
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 — right region, wrong class
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 — right region, wrong class
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=== frost freeze === dense fog == extreme cold wind chill

(a) Comparison of event predictions on a Climate Hazard case.

Signals & Primitive Instances

Logic Tree - frost freeze
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(b) Instantiated primitive instances and Event Logic Tree for the selected case.
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WindMixingRise
(WND_KT)
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Figure 4: Case study from Climate Hazard, showing predictions from different methods against the ground truth,
together with the instantiated primitive instances and Event Logic Tree (ELT).

6645



D1: Hierarchical D2:S tic D3: Topological

Representation  Quantification Elasticity
SAX / ABBA X X
Logical-Shapelets v
Z-Time v
Chronicle / STL v X
Event Logic Tree v v v

Table 6: Comparison of frameworks against our desider-
ata. (v: Satisfied; A: Limited / Partially satisfied; X:
Not satisfied)

substantially mislocalize the interval; the time se-
ries foundation models identify a relevant region
but also predict the wrong class. This example il-
lustrates how ELT-guided compositional reasoning
helps SELA jointly resolve event semantics and
temporal boundaries in noisy multivariate signals.

7 Related Work

7.1 Time Series Symbolic Representation

We analyze existing symbolic time series represen-
tation frameworks based on our desiderata (sum-
marized in Table 6).

(1) SAX (Lin et al., 2003; Malinowski et al.,
2013) and ABBA (Elsworth and Giittel, 2020) map
time series into string sequences where each char-
acter represents a specific amplitude. Moreover,
the repeated sub-strings carry semantics but do not
quantify coherence (partially satisfying D2), and
do not allow hierarchical structure (failing D1) or
complex topological relationships (failing D3).

(2) Logical-Shapelets (Mueen et al., 2011) rep-
resents entire time series with a series of discrim-
inative sub-sequences , i.e., shapelets (satisfying
D3). Z-Time (Lee et al., 2024) improves the repre-
sentation by making the length variable (satisfying
D3). Both the shapelets and discrete representa-
tions of Z-Time carry limited semantic abstraction
(partially satisfying D2). Regarding structural mod-
eling, Logical-Shapelets only considers boolean
relations, and while Z-Time uses Allen’s algebra
(Allen, 1983), only limited hierarchy structures can
be represented by stacking temporal relation pairs.
Therefore, both approaches partially satisfy D1.

(3) Chronicle System (Dousson and Le Maigat,
2007) applies graph structure to represent tempo-
ral events, where each sub-event is considered as
a node in the graph, and STL (Maler and Nick-
ovic, 2004) represents events as recursive logical
formulas over signals intervals, both satisfying D1.
However, both systems model semantic coherence
as binary values (true/false) (partially satisfying

D2), and their reliance on actual interval durations
does not meet D3.

In summary, existing symbolic systems can only
make structured representations from time series
but not language, thus not satisfying the require-
ments of L-TSED. In contrast, our proposed ELT
framework uses tree structures based on Allen’s
algebra and boolean operators to support D1. The
definition of tree schema and instantiation on ac-
tual time series data are separated to satisfy D3.
ELT supports quantifying semantic coherence with
neural models over any combination of basic time
series signal attributes, satisfying D2.

7.2 Multimodal LLMs for TS Reasoning

Although time-series foundation models show
promising zero-shot or limited-supervision capabil-
ities (Ansari et al., 2024; Liu et al., 2024; Goswami
et al., 2024; Das et al., 2024), they are not natively
designed for language-conditioned event localiza-
tion and generally require task-specific adaptation
for downstream detection tasks. Recently, LLMs’
potential to serve as few/zero-shot time series rea-
soners has been widely explored. ChatTS (Xie
et al., 2025) designed an encoder with synthetic
data to align time series with language for QA
tasks. However, the domain gap between synthetic
and real-world data is difficult to bridge, and em-
bedding time series can still introduce the risk of
hallucination. VL-Time (Liu et al., 2025) visual-
izes time series data as figures to directly adopt
vision-language reasoning capabilities without ex-
tra TS-language alignment. While it has shown ad-
vantages in classification, visualization inevitably
loses precision, and hallucination is still a risk. Our
approach employs active visualization tools to over-
come precision loss and effectively mitigates hallu-
cination with ELT representations.

8 Conclusion

We introduce a new language-guided setting for
time-series event detection and present KITE, the
first real-world benchmark for this task. To address
the low-resource and knowledge-intensive nature
of this setting, we propose the Event Logic Tree and
build SELA, a zero-shot neuro-symbolic agent sys-
tem that combines ELTs with large vision-language
models. Experiments, ablations, and case studies
show that ELT-guided reasoning improves precise
event localization and provides interpretable evi-
dence for human-in-the-loop verification.
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Limitations

Benchmark scope. KITE remains limited in
scale and domain coverage because expert event
descriptions and interval annotations are costly to
obtain. We plan to include more real-world multi-
variate time-series data from more key domains in
the future.

Faithfulness of instantiation. Currently, we
rely on VLMs to provide confidence scores for
primitive-level text—time-series alignment during
instantiation. Human evaluation of such grounding
faithfulness is extremely costly since it requires
domain experts to evaluate the alignment between
all primitive-level textual descriptions and detected
signal sections. Direct automatic evaluation is also
difficult because reliable embedding models specif-
ically designed to align domain-specific time-series
primitives with textual descriptions are currently
lacking. We therefore plan to reduce the impact of
LLM/VLM subjectivity by developing a founda-
tion model that can more objectively evaluate the
alignment between domain-specific primitive-level
textual descriptions and detected signal segments.

System complexity. SELA relies on LLM/VLM
reasoning, which is costly and inherently stochas-
tic, and may lead to variation in parsing, ground-
ing, and confidence estimation across runs. This
randomness is difficult to remove completely in an
agent-based system. Future work will explore more
stable and efficient models, together with improved
reasoning and grounding methods, to reduce com-
putational cost and support low-latency inference.
We will also maintain the goal of transparency and
explainability throughout the reasoning process, so
that predictions and intermediate evidence can be
inspected by domain experts and safely used under
human supervision.

Potential Risks. Potential risks arise if incor-
rect event detections or overconfident explana-
tions are used for operational decisions in safety-
sensitive settings. SELA is intended as a research
and human-in-the-loop decision-support frame-
work rather than an autonomous safety-critical sys-
tem, and its predictions should be verified by do-
main experts.
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A Event Logic Tree
A.1 ELT Schema

The Event Logic Tree schema is parsed from tex-
tual descriptions only, independent of actual time
series data. One event corresponds to one tree.

Definition 1 (Node Schema). The Event Logic Tree
Schema is denoted as S. Any node in the schema
n € S belongs to two categories: primitives and
composites.

1. Primitive (Leaf Node) : The atomic signal
patterns over single physical channels, denoted as
ny, = (T, ¢), where:

» 7: The semantic predicate that describes sig-
nal morphology, which can be a compound
of basic time series attributes, e.g., “‘a steep
linear increase with high-frequency noise”.

e ¢ The physical channel index where this
atomic pattern would occur.

2. Composite (Internal Node). The temporal-
logic relations that form the global event hierarchi-
cally with the primitives, denoted as ng = (N, op),
where:

e N = [n1,...,n]: An ordered list of child
nodes, either primitives or lower-level com-
posites.

* op € {SEQ, SYNC, GUARD, OR}: The temporal-
logic operator defining the relationship be-
tween child nodes.

A.2 Constitutive Axioms

Based on the definitions above, we establish three
axioms to serve as preconditions for valid schema
construction, and properly control the search space
during instantiation.

Axiom 1 (Constructive Composition). A composite
node must add structural meaning. Formally, for

N| > 2.

Remark. Axiom 1 excludes bad structures with
self-nesting, and any logical NOT as composite with
a single child. We require all primitives to be de-
fined positively.

any composite n,

Axiom 2 (Temporal Compactness). The semantics
of any node must cover its full temporal span. Any
undefined gap inside the temporal spans of com-
posites must be bounded by a hyperparameter.

Remark. Primitives are considered to be com-
pact by definition. For any composite, assuming
the compactness tolerance is 1, a composite whose
children are assigned disjoint intervals like [1, 2]
and [4, 6] will be prohibited by Axiom 2.

Axiom 3 (Physical Exclusivity). A physical chan-

nel c can only support one active primitive state at
any time point t.

A.3 Instantiation of ELT

Definition 2 (Node Instance). An instance implies
designating a specific time interval to a schema
node n.

1. Primitive Instance. A primitive instance f, is
defined as: (ny, T, 1), where:

* T = [ton, torf]: The detected time interval.

e u = M (X,Z,c) € [0,1]: The semantic
coherence score, which quantifies the align-
ment between the signal and the predicate.
The implementation of the semantic function
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M, is not restricted to rule-based functions.
Measurement can be evaluated based on the
distance between the embeddings of linguistic
description and signal pattern in an aligned
latent space.

2. Composite Instance. A composite instance N
is defined as (ng, Ly, fip):

* Iy = [min, tgﬁ) , Max, _ ¢ tc()ﬁ)]: The com-
posite interval, which is the temporal span
of constituents’ intervals (subject to Axiom 2).
N = [f,. .., 7| denotes the child instances.

* gy = op(ni,...,ny): The recursive confi-
dence score by applying the operator on the
constituents.

To ensure the coherence of Axiom 3, we need to
introduce a collision operator W. If the Axiom 3 is
violated by any instance, ¥ = 1.

Definition 3 (Channel-Semantic Collision).

\IJ n n = ]_ =
(aip) = max 1|(cp=cq) A
q€T1(Rp) %)

(UT,NT,) > o)]

I1(n) denotes the set of primitive instances de-
scendants of n, if 7 is a composite instance, or the
set of 7 itself, if 7 is a primitive instance. 1[-] de-
notes the indicator function. For discrete sampling,
a change point may belong to both adjacent inter-
vals at the same time. This violation case should
be ignored. Therefore, Semantic Nullity Threshold
€ is introduced to set up a tolerance.

Definition 4 (Temporal-Logic Operators). We de-
fine the core operator set to comprise four oper-
ators: Ocore = {SEQ, SYNC, GUARD, OR} (Table 1).
The operators aggregate confidence scores in a
bottom-up manner with product T-norm, while re-
specting Temporal Compactness and Physical Ex-
clusivity.

1. SEQ (Sequence). SEQ represents the temporal
precedence relationship (B follows A). The confi-
dence score is computed with product T-norm while
controlled by validity gates:

SEQ(Ra, ip) =(pa - pB) - (1 — ¥ (fia, p))
'gcausal(ﬁAa ﬁB) : gcoh (ﬁAa ﬁB)

&)

where the term (1 — W (4, ng)) enforces Physical
Exclusivity. The causality gate Goausar(fia, np) =
1t8 > td] - 11tB. > /L] enforces the tempo-
ral precedence relationship. The coherence gate
Geon(fia, i) = 1[(t8 — t2c — §) < 0] prohibits
any significant semantic gap beyond the bound §
to ensure the Temporal Compactness principle.

2. SYNC (Synchronization). SYNC represents tem-
poral identity (La = Lg). A penalty term based
on IoU, denoted as 1o0U(Z4,TIp) = %, is
applied to penalize the joint confidence in case of

temporal misalignment.

SYNC(7a,ip) = (A - pB) - (1 — ¥(7a,np))
e <_1 —IoUIiIA,IB)> ©

where  is the alignment tolerance.

3. GUARD (Containment). GUARD represents
T4 C Ip. Boundaries of A that spill outside B are
penalized:

GUARD (714, np) = (pta - pB) - (1 — ¥(na,np))
( Aon + Ao1’1‘>
exp | ———————— (N

g

where Ay, = max(0,t5 — tg‘n) and Agee =
max(0, tfff — tﬁf) quantify how much A extends

beyond B, controlled by temperature o.

4. OR (Disjunction). OR models semantic alterna-
tives for the same instance. We encourage the two
alternatives to refer to the same interval by using
the same loU-based alignment penalty as SYNC:

OR(7v4,np) = max(pa, uB)
exp <_1 - IOU(IA,IB)) )

K

A4 Operational Completeness

From a logical perspective, SEQ, SYNC, and GUARD
are conjunctive, representing the Boolean AND (co-
existing relation (Lee et al., 2024)) projected onto
temporal relationships. We can thus unify them as
a generalized Temporal Conjunction ANDy:

ANDy(Ra, fip) = (pa - pg) - K(fa, ip)
(1= U(ha,nip))

where C maps to SEQ/SYNC/GUARD by working
as corresponding soft/hard validity gates.

©)
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Proposition 1 (Conditional Completeness). Un-
der the constraints of Axioms 1-3, the operator set
Ocore forms a complete basis for the 13 fundamen-
tal Allen’s interval relations.

Proof Sketch. We demonstrate that the general-
ized conjunction ANDx (as SEQ, SYNC, GUARD)
exhaustively cover the Allen’s algebra partition:

(1) The Precedence Group (SEQ): The relations
implying temporal precedence are handled by the
SEQ. The causality gate (tZ, > ta AtE. > o)
distinguishes it from SYNC and GUARD. (i) Meets
and Before: While Meets naturally corresponds
to SEQ, the disjoint Before relation is bounded by
horizon ¢ to prevent any semantic gap that would
violate Axiom 2. Therefore, the Before relation is
treated as a relaxed variant of Meets. (ii) Overlaps:
a special case corresponding to SEQ if and only if
Physical Exclusivity is ensured across all channels
over the overlapping interval (¥ = 0).

(2) The Containment Group (GUARD): The Dur-
ing, Starts, and Finishes relations can be defined by
nesting Z4 C Zpg, which corresponds to the GUARD
operator. Fine-grained temporal relations under
GUARD like Starts and Finishes can be represented
by adding constraints to the corresponding validity
gates.

(3) The Identity Group (SYNC): The Equal rela-
tion is defined by temporal equivalence Z4 = Zp,
corresponding to the SYNC operator.

(4) The Inverse Group: The After, Contains,
and Overlapped-by relations can be expressed by
swapping the arguments of SEQ and GUARD (e.g.,
SEQ(np,na) resolves After).

Conclusion: Since all 13 relations map to param-
eterizations of O or their constructive inverses,
the set is operationally complete. O

B Implementation Details

We summarize the prompts used by SEL A below.
Runtime-dependent inputs are represented by place-
holders for readability.

ELT Schema Parser

You are a Signal Logic Architect for time-
series event detection using
Event Logic Trees (ELTs).

# Input
event_name: <event_name>

channels: <channels>
event_specification: <description>

# Task
Compile the natural-language event
specification into a binary ELT.

Use the structure:
Root = SEQ(Pre, SEQ(Main, Post))

where Main is the core event phase. If Pre or
Post is unspecified,

use an observable background/holding state
rather than inventing an event.

Primitive nodes:

- use exactly one available signal channel;

- describe an observable temporal morphology
over an interval;

- have unique aliases.

Composite nodes use one of:

- SEQ(A,B): A is followed by B;

- SYNC(A,B): A and B substantially overlap;
- GUARD(A,B): A occurs within B;

- OR(A,B): either morphology may occur.

# Constraints

- Use a strict binary tree with unique
aliases.

- Keep the tree compact while preserving
event semantics.

- Prefer SYNC for simultaneous cross-channel
patterns.

- Do not use purely negative or unobservable
primitives.

- Do not duplicate equivalent morphology.

Validate the schema using ‘submit_schema‘,
refine it if needed, and

return the final schema with root_alias="Root
" using ‘submit_result‘.

SELA Event Inspector

You are an expert multivariate time-series
analyst using an
Event Logic Tree (ELT).

# Input

candidate ELT(s): <tree_information>

dataset description: <description>

time series: accessed through visualization
tools

# Task

Ground each candidate ELT in the observed
time series by assigning

intervals and confidence scores to its
primitive nodes.

# Tools

- ‘view_full‘: inspect the full multivariate
signal.

- ‘view_window‘: inspect a candidate region
in detail.
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- ‘instantiate‘: assign primitive intervals
and confidence scores.

- ‘compare_trees‘: compare candidate ELTs
when multiple classes are loaded.

# Procedure

1. Inspect the full signal and identify
plausible event regions.

2. Zoom into candidate regions before fixing
boundaries.

3. Instantiate the relevant Pre, Main, and
Post primitives.

4. Verify that each assigned interval matches
its primitive morphology.

5. Refine intervals or confidence scores when
ELT constraints are violated.

6. For multiple candidate classes, compare
the normalized root confidence

(‘mu_norm‘) and select the best-supported

ELT.

# Grounding Rules

- SEQ: child phases must form a coherent
temporal sequence.

- SYNC: child intervals should substantially
overlap.

- GUARD: the guarded child must lie within
its parent interval.

- OR: only supported branches need to be
instantiated.

A primitive description must hold over its
entire assigned interval.

Tighten boundaries when only a sub-region
matches the morphology.

Use conservative and consistent confidence
calibration:

0.9--1.0 strong match;

0.7--0.9 good match;

0.4--0.7 partial match;

0.1--0.4 weak match;

@ unsupported.

Do not inflate confidence to favor a
particular event class.

Return a concise summary of the decisive
evidence using ‘submit_comment*‘.

Parallel Single-Tree Inspector

When parallel inspection is enabled, each
inspector receives only one
candidate event class and its ELT.

Instantiate the tree following the same
grounding, operator, boundary,

and confidence rules above. Other event
classes are evaluated independently.

A low normalized root confidence is the
correct output when the observed
signals do not support the assigned event
class. The final prediction is
obtained by comparing the independently

computed ‘mu_norm‘ scores.

Shared ReAct Instruction

Before each tool call, briefly state what is
currently observed,

what will be inspected or modified next, and
why the action is useful.

C Climate Hazard Construction Details

Historical weather-event records are collected from
heterogeneous sources and may not always provide
fully reliable event annotations. NOAA notes that
some external reports in the NWS Storm Events
database may remain unverified because of time
and resource constraints, and therefore “does not
guarantee the accuracy or validity of the informa-
tion”!%. Detecting historical events directly from
time series data can therefore provide additional ev-
idence for checking and improving existing event
records. To construct the Climate Hazard bench-
mark for this setting, we first select hazard types
suitable for multivariate interval detection, then
align the corresponding NWS records with ISD
station observations and filter low-quality samples,
and finally ask data scientists to inspect the signals
and calibrate the event intervals.

C.1 Event Type Selection Rationale

The Storm Events database contains dozens of haz-
ard types, but not all of them are suitable for our
task. We select Dense Fog, Extreme Cold, and
Frost Freeze based on the following considerations.

Event frequency. Rare hazard types yield too
few episodes to construct a dataset of meaningful
scale, and calibrating near-singular events offers
limited practical value. Dense Fog, Extreme Cold
and Frost Freeze are among the more frequently
recorded hazards in the continental US, striking a
balance between data availability and operational
relevance.

ISD data quality and coverage. NWS event
zones and ISD station networks are independent,
so a recorded event does not guarantee a co-located
station with adequate coverage. Many hazard types
are further hindered by their spatially concentrated
impact area: when a station lies outside the event
core, the recorded signal may be too weak to be
representative.

Ohttps://www.ncei.noaa.gov/stormevents/faq. jsp
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Event duration. Short-lived hazards such as
Thunderstorm Wind or Lightning last only min-
utes which at or below the resolution of both ISD
records and NWS timestamps, reducing ground-
truth boundaries to near-point annotations unsuit-
able for interval detection. All selected types per-
sist over hours to days.

Multivariate necessity. Some hazards are de-
tectable by a single threshold on one channel (e.g.,
Excessive Heat reduces to a sustained tempera-
ture exceedance), making multivariate knowledge-
guided detection unnecessary.

C.2 Candidate Sample Construction

Event-station alignment. Each NWS event is
associated with a geographic zone rather than a
point station. For every event, we identify candi-
date ISD stations within or near the corresponding
event zone whose active date ranges cover the event
period. We retain only FM-15 (METAR) reports to
ensure consistent observation timing and measure-
ment fields.

Episode deduplication. A single meteorological
episode may generate multiple NWS records across
affected counties or zones. We group records be-
longing to the same episode and retain the station
with the highest observation quality. Stations are
ranked by -

J— nc
L+ A
where 71, is the mean observation count per channel
and A is the maximum inter-observation gap in
minutes.

q 10)

Quality filtering. Four filters are applied before
a candidate is accepted: (1) >5 non-NaN readings
per channel; (2) no gap exceeding 120 consecutive
minutes; (3) >3 observations in each of the pre-
and post-event sub-windows; (4) at least one obser-
vation with VIS_km < 5.0 for Dense Fog; TEMP_C
< —10°C / WIND_CHILL < —20°C for Extreme
Cold; TEMP_C < 2.0,°C for Frost Freeze

Event ratio constraint. Letr = (feng—tstart)/L
denote the fraction of the window occupied by the
GT event, where L is the window length. Accepted
ranges are r € [0.10, 0.80] for Dense Fog as well
as Frost Freeze, and r € [0.20, 0.80] for Extreme
Cold. Where ISD station records do not extend to
the full target window on either side, the available
data is retained as-is; no zero-padding or forward-
filling beyond the last observation is applied.

C.3 Event Description and Boundary
Calibration

Event descriptions. We construct textual de-
scriptions of the selected hazard types from official
NWS documentation and the American Meteoro-
logical Society Glossary!!!2, with additional guid-
ance for Extreme Cold from the NWS Wind Chill
Temperature Index'3. The descriptions summa-
rize the relevant signal morphology, relationships
among meteorological variables, and their tempo-
ral evolution. These descriptions provide domain
knowledge for both language-guided detection and
subsequent expert inspection.

Manual signal inspection and calibration. The
original event intervals are initialized from the
NWS Storm Events database. As discussed above,
these records are not always fully reliable and
may therefore require further verification. More-
over, even when an event record is accurate at the
geographic-zone level, its reported timestamps may
not precisely match how the event appears at an
individual ISD station. We therefore ask two anno-
tators with climate-science backgrounds to indepen-
dently inspect each candidate time series together
with its event description. Samples with abnor-
mal signals are removed, and the boundaries of the
remaining events are manually adjusted when nec-
essary to better match the observed meteorological
evidence.

Cross-verification. The two annotators indepen-
dently verify the event category and boundaries. At
the event-category level, their agreement is 100%.
For boundary annotations, we use an event-specific
disagreement threshold 7" that reflects the charac-
teristic duration and formation/dissipation behavior
of each hazard. When the two annotations dif-
fer by no more than 7, their mean is used as the
final boundary; otherwise, the annotators review
the sample jointly and resolve the disagreement
through discussion. We use 7' = 1 hour for Dense
Fog, T' = 4 hours for Extreme Cold, and T' = 2
hours for Frost Freeze. Across the climate hazard
data, the pre-discussion boundary agreement rate
is 91%.

11ht’cps: //www.weather.gov/media/directives/010_
pdfs_archived/pd@1016005c.pdf

12https: //glossary.ametsoc.org/

13ht’cps: //www.weather.gov/media/ajk/brochures/
Wind_Chill_Temperature_Index.pdf
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D ELT Parse Quality Evaluation

D.1 Evaluation Dimension Details

Each valid parse is scored against the ground-
truth ELT and the original event description by
two independent VLM judges, Claude Opus-4.6
and GPT-5.5 (thinking mode), drawn from differ-
ent model families to reduce scoring bias. Each
judge evaluates the same parse three times. To
mitigate position bias, we randomise whether the
LLM parse or the ground-truth tree is shown first in
each evaluation. Scores on a 0-5 scale across four
dimensions are averaged and normalised to [0, 1].
The two judges show strong agreement (Spearman
p = 0.86, p < 0.001 across all scored parses),
and VLM scores on a held-out subset of 30 parses
correlate strongly with independent human anno-
tations (p = 0.83), supporting the reliability of the
evaluation.

D.2 Judge Prompt

LLM Judge Instruction

# Role & Objective

You are an expert judge evaluating the
quality of Event Logic Trees (ELTs)

automatically parsed by LLMs from natural-
language event descriptions. You

will be given:

1. A ground-truth ELT (GT) parsed by a human
expert

2. An LLM-parsed ELT for the same event

3. A side-by-side visualisation of the two
trees

4. The original natural-language event
description

Your task is to score the LLM-parsed ELT on
four dimensions (@-5 scale).

# Scoring Dimensions
## Structural Fidelity (@-5)

How similar is the LLM tree structure to the
GT in terms of operator

types and tree topology?

- 5: Identical operator types and tree shape,
or logically equivalent
(e.g., different grouping but same
logical meaning)

- 4: Minor differences in nesting or operator
choice, but overall
structure preserved

- 3: Similar but with extra nesting, wrong
operators, or different
grouping that changes logical meaning

- 1-2: Major structural differences

- 0: Completely different structure

Are all ground-truth primitives accounted for
in the LLM parse? A

primitive may be covered at a different
granularity (e.g., split into

sub-stages) as long as it is logically
equivalent.

- 5: All GT primitives fully covered (exactly
or logically equivalent)

- 3: Most GT primitives present; minor
omissions

- @: Major GT primitives missing

## Primitive Accuracy (0-5)

Are all LLM-parsed primitives grounded in the
original event description?

This dimension penalises hallucinated or
fabricated content, regardless

of how many GT primitives were covered.

- 5: Every primitive has clear grounding in
the event description;
no hallucinated channels or fabricated
signal names

- 3: Minor extras or slightly imprecise
channel references

- 0: Many hallucinated or fabricated
primitives

## Semantic Alignment (0-5)

How well does each primitive’s description
match the corresponding part

of the original event description?

- 5: Precise and accurate descriptions for
all primitives

- 3: Roughly correct but imprecise or
incomplete

- @: Wrong or contradicts the event
definition

# Important Notes
- Logical equivalence counts as a match for
both Structural Fidelity
and Primitive Coverage (e.g., different
granularity, reordered
children with same semantics)
- Primitive Accuracy and Coverage are
orthogonal: a parse with one
perfectly grounded primitive but all others
missing scores 5 on
Accuracy but ©-1 on Coverage

# Output Format
Return a JSON object with the following

structure:
{
"structural”: <float 0-5>,
"coverage": <float 0-5>,
"accuracy”: <float 0-5>,
"semantic"”: <float 0-5>,
"rationale”: "<brief explanation of scores
S
3

E Evaluation Metrics

## Primitive Coverage (0-5) Why F1-IoU is insufficient for Climate Haz-
ard. NWS event times reflect zone-level condi-
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tions rather than point-station measurements, and
physical event boundaries are inherently gradual
(e.g., fog dissipates over 30-60 min). We ob-
serve F1@IoU-0.5 is much larger than F1 @1oU-0.9
across all models, confirming that hard IoU thresh-
olds collapse meaningful performance differences:
a model that detects the correct event with a 20%
boundary error receives the same zero score as one
that misses the event entirely.

Coverage-based metrics. We adopt a coverage-
based formulation following Tatbul et al. (2018),
instantiated with flat positional bias and no cardi-
nality penalty. For a matched pair (GT interval
[sq, €4, predicted interval [s,, ep]), let

0= maX(O, min(egy, e,) — max(sg, sp)). (11
and define coverage recall and precision as
O = L7 C. = _° (12)
€9 — Sy €p — Sp

These correspond to range-based recall and preci-
sion respectively under the framework of Tatbul
et al. (2018). Their harmonic mean gives the neu-
tral aggregate:

FlCov — 209 CP .

Cy+Cp

Intervals are matched one-to-one (greedy, by de-

scending F1°°V) within each event class; un-

matched GT intervals contribute C;; = 0. The

resulting scores are computed independently for

each event class and macro-averaged across classes.

We denote the reported macro-averaged metric as
MEF1c,

(13)

Precision-weighted metric F0.5%V. F1%V treats
Cy and C), equally. We argue that precision de-
serves higher weight in this setting for two com-
plementary reasons. First, NWS boundaries rep-
resent gradual physical transitions; C, therefore
penalises boundary errors that fall within the inher-
ent uncertainty of the annotation itself, making it
a noisier signal than C),. Second, in operational
hazard detection a false alarm—predicting an event
outside its true temporal extent—triggers unneces-
sary emergency response, whereas a conservative
boundary miss is less disruptive. We therefore ad-
ditionally report F0.5°" (3 = 0.5), which weights
precision twice as heavily as recall. Following Tat-
bul et al. (2018), this corresponds to their REWARD-
Low-FP application profile:

oscov _ 125G, Gy

=09 p 14
0.25C, + C, 19

F1%V is retained as the unweighted baseline. Anal-
ogously, F0.5° is computed per event class and
macro-averaged across classes, yielding the re-
ported MF0.5%°V metric.

F Numeric and VL-Time Baseline
Prompts

F.1 Numeric Baseline

Numeric Direct TS Event Detection

You are an expert in time-series analysis.

# Input

event_types: <event_types>

dataset_description: <description>

time_series: <raw time-series values in CSV
format>

# Task

Identify the temporal subsequence
corresponding to each target event

type and predict its start and end indices.

For every event type, output exactly one best
candidate interval.

If an event appears absent, still provide the
most plausible candidate

with a low confidence score. The event type
believed to be present

should receive the highest confidence.

# Output
Return ONLY a JSON array:

[
{
"className"”: "<event_name>",
"start"”: <integer>,
"end"”: <integer>,
"confidence”: <float in [0,1]>
3
]

Output one entry per event type, with no
additional text.

F.2 VL-Time Baseline

VL-Time Visual TS Event Detection

You are an expert in signal processing and
time-series analysis.

# Input

event_types: <event_types>

dataset_description: <description>

time_series_info: <plot metadata>

time_series_visualization: <full-range
multichannel plot>

# Task
Inspect the visualization and identify the
temporal subsequence
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corresponding to each target event type, with
precise start and end
indices.

For every event type, output exactly one best
candidate interval.

If an event appears absent, still provide the
most plausible candidate

with a low confidence score. The event type
believed to be present

should receive the highest confidence.

# Output
Return ONLY a JSON array:

L
{
"className"”: "<event_name>",
"start"”: <integer>,
"end": <integer>,
"confidence"”: <float in [0,1]>
}
1

Qutput one entry per event type, with no
additional text.

F.3 Few-Shot Demonstrations

Numeric Few-Shot Demonstration

# Annotated Example

The following time series comes from the same
dataset and is accompanied

by its ground-truth events. Use the example
to learn the output format

and the numeric signatures of the event types

# Time Series Data
<raw time-series values in CSV format>

# Ground-Truth Output
L
{
"className"”: "<event_name>",
"start"”: <integer>,
"end": <integer>,
"confidence”: 1.0

VL-Time Few-Shot Demonstration

# Annotated Example

The following visualization comes from the
same dataset and is

accompanied by its ground-truth events. Use
the example to learn the

output format and the visual morphology of
the event types.

# Time Series Info
<plot metadata>

Zero-shot Few-shot

Set  Method Tokens  Cost Tokens  Cost
SELA (GPT-5) 233.6 0.623 - -
SELA (GPT-4.1) 125.9 0.189 - -

T Num. (GPT-5) 33.6 0.081 91.9 0.143
Num. (GPT-4.1) 29.2  0.059 92.2 0.185
VL-T. (GPT-5) 5.1 0.033 6.7 0.031
VL-T. (GPT-4.1) 2.3 0.005 4.7 0.010
SELA (GPT-5) 2954 0.638 - -
SELA (GPT-4.1) 188.5 0.296 - -

CH Num. (GPT-5) 39.6 0.091 142.3  0.203
Num. (GPT-4.1) 35.0 0.071 139.5 0.280
VL-T. (GPT-5) 5.5 0.033 8.2 0.033
VL-T. (GPT-4.1) 3.0 0.008 6.5 0.014

Table 7: Average per-sample token usage (K) and in-
ference cost ($) for LLM-based methods. The slightly
lower few-shot cost of VL-Time with GPT-5 on Pressure
Test results from reduced output-token usage despite the
longer input prompt.

# Time-Series Visualization
<full-range multichannel plot>

# Ground-Truth Output
[
{

"className": "<event_name>",
"start"”: <integer>,

"end"”: <integer>,
"confidence”: 1.0

G Token Budget

Table 7 reports the average per-sample token us-
age and inference cost of the LLM-based meth-
ods. SELA uses more tokens than Numeric and
VL-Time because it performs iterative ELT reason-
ing, signal inspection, and confidence estimation
through multiple agent interactions. Despite this
additional computation, its average inference cost
remains below $0.65 per sample in all settings. No-
tably, SELA with GPT-4.1 uses a token budget
comparable to few-shot Numeric, while achiev-
ing substantially better detection and localization
performance. Numeric requires fewer tokens in
the zero-shot setting, while VL-Time is the most
token-efficient baseline because it reasons directly
over compact time-series visualizations. Few-shot
prompting increases the token usage of both base-
lines by including annotated demonstrations.
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