
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 22071–22094
October 24-29, 2026 ©2026 Association for Computational Linguistics

TimeClaimBench: A Claim-Level Benchmark for Grounded LLM
Explanations of Time Series

Sijia Peng1*, Fan Zhang2*, Yixi Zhou3, Changlun Li4, Yun Xiong3†

Yangyong Zhu1, Xi Chen1, Yanwei Yu5, Nan Tang4

1Shanghai Key Lab of Data Science,
College of Computer Science and Artificial Intelligence, Fudan University

2The University of Tokyo 3Hong Kong Baptist University
4HKUST(GZ) 5Ocean University of China

pengsijia1216@gmail.com zhang-fan@g.ecc.u-tokyo.ac.jp

Abstract

Large language models (LLMs) are increas-
ingly used to explain numerical time series,
but fluent explanations can misstate when a
change occurs, overstate a trend, or introduce
unsupported patterns. Existing evaluations of-
ten score forecasts, answers, or whole explana-
tions, leaving claim-level temporal grounding
undermeasured. We introduce TIMECLAIM-
BENCH, a benchmark that parses explanations
into atomic temporal claims and verifies them
against a deterministic extracted event graph.
Across five LLMs on controlled synthetic se-
ries, event-grounded prompting raises the strict
graph-supported rate by 18.3 points and re-
duces graph-unsupported claims by 27.9 points
under this fixed operational criterion. Calibra-
tion analyses show the boundary of that result.
The extractor recovers the designed primary
event in 394 of 400 series, but this does not
estimate the precision of additional extracted
events. A blinded two-annotator comparison
on one model and 40 series reverses the auto-
matic ordering: holistic ratings favor Direct and
chain-of-thought outputs over event-grounded
outputs. TIMECLAIMBENCH therefore distin-
guishes four axes that should not be conflated:
designed-event recovery, the unresolved preci-
sion of additional events, claim-to-graph consis-
tency, and whole-explanation human judgment.
Code: § GitHub.

1 Introduction
Automatically describing time series in natural lan-
guage is useful, but early time-series captioning
work already showed a core risk: fluent descrip-
tions can be factually incorrect with respect to the
underlying signal (Jhamtani and Berg-Kirkpatrick,
2021). This risk becomes more consequential as
large language models (LLMs) are increasingly
used as natural-language interfaces for time-series

*Equal contribution
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analysis. Such interfaces make time-series analy-
sis more accessible, but they also make it easier
for users to trust fluent explanations that misstate
when a change occurs, overstate the strength of
a trend, hallucinate seasonality, or introduce an
unsupported causal interpretation. Figure 1 illus-
trates why these failures need claim-level evalua-
tion rather than only whole-explanation scoring.

Existing work has moved time-series language
evaluation closer to natural-language explanations.
Truth-conditional captioning and recent time-series
captioning work study how to describe salient
temporal patterns (Jhamtani and Berg-Kirkpatrick,
2021; Trabelsi et al., 2025); feature-understanding
and exam-style benchmarks test whether models
recognize trends, noise, anomalies, causality, or
other time-series properties (Fons et al., 2024; Cai
et al., 2024); BEDTime and CaTS-Bench evalu-
ate time-series description and captioning abili-
ties at broader scale (Sen et al., 2026; Zhou et al.,
2026); and LLM-as-a-judge work studies reference-
free scoring of candidate time-series explanations
(Zheng et al., 2023; Sivalingam et al., 2026). To-
gether, these efforts show an evaluation mismatch:
users read multi-claim explanations, while most
reported scores collapse each response into a single
caption, answer, or judge score.

The gap is therefore not that time-series cap-
tioning, understanding, or explanation evaluation
is unexplored. The central missing unit is claim-
level temporal grounding. A single explanation
can contain both a correct claim and a wrong one:
for example, it may correctly identify a sharp rise,
but place the subsequent decline in the wrong in-
terval, overstate a weak trend, or add a seasonal
pattern that is absent. Reference-based text met-
rics and explanation-level judgments can hide these
mixed cases. NLP work on faithfulness, attribution,
and fact verification provides useful precedents for
checking whether generated statements are sup-
ported by evidence (Jacovi and Goldberg, 2020;
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Why claim-level time-series faithfulness?

(a) Observed time series (b) Generated explanation (c) Claim-level audit
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TimeClaimBench evaluates explanations claim by claim against temporal evidence, not by fluency alone.

Figure 1: Motivation for claim-level time-series grounding evaluation. A fluent LLM-generated explanation may
contain multiple temporal claims, some of which are supported by the observed sequence, while others are only
partially supported or unsupported. TIMECLAIMBENCH parses the explanation into atomic claims, matches each
claim to temporal evidence, and assigns claim-level verdicts.

Rashkin et al., 2023; Chen et al., 2020; Kamoi et al.,
2023; Laban et al., 2022). However, the evidence
substrate is different: document and table verifica-
tion can search for supporting sentences or cells,
whereas time-series verification must first induce
events from numerical values, intervals, slopes,
changes, periodicity, and outliers.

We introduce TIMECLAIMBENCH, a claim-level
benchmark for evaluating whether LLM-generated
time-series explanations are consistent with numer-
ical temporal evidence. Instead of scoring an ex-
planation only as a whole, TIMECLAIMBENCH de-
composes it into temporal claims and checks each
claim against a deterministic extracted event graph,
exposing mixed cases where a response is partly
supported but mislocalized or overstated. TIME-
CLAIMBENCH combines a controlled synthetic
suite covering eight temporal phenomena with a
Real-NAB localization diagnostic for real anomaly-
window behavior (Lavin and Ahmad, 2015), to-
gether with a fixed rule-based verifier and human
calibration. Across five LLMs and four prompt-
ing conditions, graph-unsupported temporal claims
are common; event-grounded prompting raises the
strict graph-supported rate by 18.3 points and re-
duces graph-unsupported claims by 27.9 points. A
blinded preference study, however, reverses this au-

tomatic ordering in a one-model, 40-series sample.
The combined evidence shows why extracted-event
consistency, representation quality, and holistic hu-
man judgment must be reported separately. Our
contributions are summarized as follows:

• We formulate claim-level temporal grounding for
LLM-generated time-series explanations, distin-
guishing SUPPORTED, PARTIAL, and UNSUP-
PORTED claims under an explicit extracted-event
criterion, with evidence intervals and error types.

• We construct TIMECLAIMBENCH, a benchmark
with eight controlled temporal phenomena and
a Real-NAB localization diagnostic for real
anomaly-window behavior.

• We provide an executable non-LLM verification
protocol and a multi-model evaluation showing
that graph-unsupported temporal claims are com-
mon, chain-of-thought can amplify them, and
event-grounded prompting substantially improves
claim-to-graph consistency.

• We calibrate the operational metric with extractor-
recovery, sparse-reference, claim-audit, and
blinded preference analyses, identifying a rank
reversal between automatic graph support and
holistic human judgment.
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2 Related Work

Time-series language benchmarks and explana-
tion evaluation. Recent work adapts language-
model architectures and pretrained LLMs to time-
series inputs through prompting, reprogramming,
embedding alignment, decoder adaptation, or foun-
dation sequence models (Gruver et al., 2023; Jin
et al., 2024; Cao et al., 2024; Sun et al., 2024;
Pan et al., 2024; Liu et al., 2024; Zhou et al., 2023;
Goswami et al., 2024; Das et al., 2024; Ansari et al.,
2024). Closer to our setting, time-series caption-
ing, description, QA, and chart-to-text work eval-
uate whether models describe or reason over tem-
poral and numerical patterns (Jhamtani and Berg-
Kirkpatrick, 2021; Kantharaj et al., 2022; Masry
et al., 2022; Tang et al., 2023; Fons et al., 2024; Cai
et al., 2024; Trabelsi et al., 2025; Sen et al., 2026;
Zhou et al., 2026; Chen et al., 2025; Xie et al.,
2025; Kong et al., 2025). LLM-as-a-judge methods
further provide reference-free or preference-style
evaluation for generated responses, including time-
series explanations (Zheng et al., 2023; Liu et al.,
2023; Kim et al., 2024; Sivalingam et al., 2026).
A controlled study of scientific-idea judges further
shows that writing style can change scores and rank-
ings under fixed content (Ji et al., 2026a). These
lines motivate language-based evaluation for time
series, but their scores target forecasts, answers,
captions, or holistic rubrics and leave individual
temporal claims inside explanations unevaluated.

Contextual time-series systems broaden the ev-
idence available to language models. TimeCAP
combines a multimodal encoder with LLM agents
for contextualized event prediction (Lee et al.,
2025), while TimeXL jointly models time-series
and textual context for prediction and explanation
(Jiang et al., 2025). These systems motivate a com-
plementary scope distinction. TIMECLAIMBENCH

evaluates claims whose evidence appears in the ob-
served signal through an operational event represen-
tation. Metadata, documents, and domain knowl-
edge fall outside this evidence scope. Extending
the benchmark to that setting would require those
sources and a multi-evidence entailment layer in
addition to temporal event matching.

Diagnostic benchmarks and deployment-
grounded evaluation. Recent benchmarks
expose intermediate failure points or tie scores to
deployment outcomes. FineState-Bench separates
GUI localization, interaction, and exact-state
success, while PMD-Bench isolates zero-shot

routing over LoRA-based external memories (Ji
et al., 2026d,b). ServImage evaluates generated
images against paid commercial tasks and payment
decisions, while TradeLens attributes profit and
inference cost to trading traces (Ji et al., 2026c;
Duan et al., 2026). These benchmarks use domain-
specific evidence but share a methodological
principle with TIMECLAIMBENCH: the evaluation
unit and evidence source should expose the failure
under study. TIMECLAIMBENCH applies this
principle to time-series explanations by evaluating
atomic temporal claims against extracted events
and reporting holistic human judgment separately.

Fine-grained factuality and time-series verifica-
tion. Fine-grained factuality and attribution work
provides the evaluation unit most aligned with our
goal: these methods decompose generated text
into smaller claims and check each claim against
evidence (Jacovi and Goldberg, 2020; Atanasova
et al., 2023; Rashkin et al., 2023; Laban et al.,
2022; Min et al., 2023; Wei et al., 2024). Fact-
checking benchmarks and revision or alignment
pipelines extend this idea to documents, tables, and
mixed evidence (Chen et al., 2020; Aly et al., 2021;
Kamoi et al., 2023; Gao et al., 2023; Zha et al.,
2023). Most closely, Strong and Vlachos (2025) in-
troduce TSVer for verifying externally sourced fac-
tual claims against time-series evidence, whereas
TIMECLAIMBENCH audits claims produced inside
LLM-generated time-series explanations. The task
checks whether temporal events, directions, magni-
tudes, and intervals induced from the observed se-
quence support each generated explanatory claim.

3 The TIMECLAIMBENCH Benchmark

3.1 Overview

Figure 2 gives the end-to-end workflow. The
key design choice is to separate evidence con-
struction from language generation: the same ex-
tracted events are used to condition event-grounded
prompts and to verify claims after generation. This
lets TIMECLAIMBENCH evaluate whether LLMs
produce auditable temporal explanations grounded
in numerical evidence, rather than merely fluent
descriptions. Event-grounded prompting therefore
tests evidence use, not a no-evidence fair baseline.
Because the same operational extracted event graph
is also used by the verifier, Section 5 includes
mismatched-event, gold-event, and human-audit
checks to characterize this coupling. Accordingly,
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Figure 2: TIMECLAIMBENCH pipeline. Each input series is converted into an extracted event graph; LLM
explanations are parsed into atomic claims, verified against the extracted event graph, optionally passed through
verifier-guided repair, and summarized as claim-level outputs and aggregate metrics.

a high verifier score means consistency with that
representation, not independent evidence that the
extractor is precise or that the complete explanation
is preferred by humans.

3.2 Design Goals

TIMECLAIMBENCH targets three design goals.
First, it evaluates individual temporal claims since
a single explanation can mix a correct trend de-
scription with a shifted interval, overstated mag-
nitude, or unsupported pattern. Second, it pairs
controlled synthetic series with real anomaly win-
dows: synthetic examples provide known event
evidence, while the Real-NAB localization diag-
nostic tests behavior under real noise. Third, it
keeps evaluation executable but calibrated. The au-
tomatic verifier enables scalable prompt and model
comparisons, and verifier ablations and blind hu-
man audits expose the boundaries of the automatic
scores.

3.3 Benchmark Components

Time-series inputs. The benchmark contains a
controlled synthetic split and a Real-NAB localiza-
tion split. The synthetic split is the main bench-
mark and covers eight temporal phenomena: up-
ward trends, downward trends, sharp rises, sharp
drops, volatility shifts, change points, seasonality,
and anomalies. Because these examples are gener-
ated with known event types, directions, intervals,

and reference claims, they support auditable claim-
level evaluation. The Real-NAB localization split is
based on the Numenta Anomaly Benchmark (Lavin
and Ahmad, 2015) and tests anomaly-window be-
havior under real noise. Detailed split sizes and
construction choices are reported in Appendix A.1.

Evidence construction. Each time series is con-
verted by a deterministic rule-based event extractor
into an extracted event graph. The extractor scans
the normalized sequence with fixed temporal opera-
tors for trend, sharp change, volatility shift, change
point, seasonality, anomaly, peak, and trough evi-
dence; Appendix A.2 gives the exact settings. Each
event node stores its type, optional direction, inter-
val, score, and numeric attributes such as slope,
magnitude, period, or z-score. Relation edges
encode temporal links such as BEFORE, AFTER,
OVERLAPS, and CONTAINS. The default verifier
uses automatically extracted events; synthetic gold
events and NAB anomaly windows are reserved for
diagnostics and oracle analyses.

LLM explanation generation. TIMECLAIM-
BENCH stores model explanations produced under
alternative prompting conditions. Direct prompt-
ing, zero-shot chain-of-thought (CoT) prompting
(Wei et al., 2022; Kojima et al., 2022), and struc-
tured prompting expose only the raw series and
question, while event-grounded prompting addi-
tionally exposes the extracted event list. The down-
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stream evaluation protocol is specified in Section 4.

Claim-level verification and verifier-guided re-
pair. The claim parser decomposes each expla-
nation into atomic temporal claims and records
attributes such as event type, direction, interval,
strength, and numeric values when present. The
automatic verifier retrieves compatible extracted
events and checks claim–event agreement using
type, direction, interval overlap, strength, and
numeric consistency. Full support-label bound-
ary cases, parser details, scoring rules, thresh-
olds, and verifier-guided repair procedures are pro-
vided in Appendices A.3–A.5. The verifier-guided
repair step preserves supported claims, corrects
partially supported claims, and removes verifier-
unsupported claims.

Outputs. The output layer returns the claim la-
bels, matched evidence, repaired explanations, and
token-cost records needed for evaluation. Sec-
tion 4.2 explains how these outputs are aggregated
in the main experiments, while Appendix A.6 pro-
vides the formal metric definitions. The first re-
lease targets signal-groundable claims. Contextual
or multivariate claims would additionally require
metadata or documents, channel-indexed events,
cross-channel relations, and corresponding parsing
and entailment rules.

4 Evaluation Protocol

4.1 Task Settings

We evaluate five LLM backbones under four
prompting conditions: direct, chain-of-thought,
structured, and event-grounded prompting. Each
run uses a model-ready input containing the uni-
variate series and question; the event-grounded
prompting condition additionally receives an ex-
tracted event list. All runs use the same input order,
generation settings, claim parser, automatic verifier,
verifier-guided repair module, and cost-accounting
pipeline. The main synthetic setting uses the 400-
example test split, with 50 examples from each of
the eight synthetic temporal phenomena. We also
include a Real-NAB localization diagnostic with
100 anomaly-centered windows and 100 normal
windows.

4.2 Scoring and Statistical Reporting

For reporting the main synthetic results, we se-
lect three headline summaries from the bench-
mark outputs: strict graph-supported rate, graph-

unsupported rate, and claims per explanation.
These metrics separately measure graph-supported
claims, graph-unsupported claims, and response
verbosity. Verifier-guided repair analyses addition-
ally report retention and supported-claim preserva-
tion, while diagnostic analyses report partial rate,
interval localization, coverage, cost, and Real-NAB
localization when relevant. In result tables, arrows
indicate the preferred direction of each metric. For
continuity across compact tables, Faith. denotes
the strict fraction labeled SUPPORTED under the
fixed extracted-event-graph criterion; it is an op-
erational graph-support metric, not a human truth
score. Unsup. denotes the fraction labeled UN-
SUPPORTED under the same criterion, Claims/Expl.
claims per explanation, and Ret. claim retention
after verifier-guided repair. Metrics marked with
+Rep. are computed after verifier-guided repair;
table-specific abbreviations are defined in the cor-
responding captions.

For the main prompt-level results and uncer-
tainty analyses, we aggregate in two stages: first
computing claim-level rates within each model–
prompt run, then averaging over the five model
runs. Diagnostic tables state any alternative ag-
gregation in their captions. For uncertainty esti-
mates, we use 5,000 bootstrap resamples of the 400
synthetic test series within each fixed model run;
paired prompt comparisons preserve shared model–
series identifiers. Appendix A.6 gives the formal
metric definitions and dataset-specific diagnostics,
and Appendix B provides the task notation, prompt
templates, and generation settings.

4.3 Human Calibration and Preference
Studies

We include blinded human studies to calibrate both
claim labels and whole-explanation quality. For
the original synthetic audit, two annotators inde-
pendently label 180 generated claims balanced by
automatic verifier label; verifier alignment is com-
puted on the 156 claims where the annotators agree.
An independent replication uses 90 new claims bal-
anced over prompt and verifier label; the two anno-
tators agree exactly on 76 claims. For Real-NAB,
one blinded annotator audits 90 event-grounded
claims to test whether verifier labels remain plau-
sible under real-world noise. Finally, two anno-
tators compare GPT-4.1-mini event-grounded out-
puts against Direct and CoT outputs on 40 strat-
ified synthetic series. Each annotator completes
80 randomized A/B comparisons and assigns an-
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chored 1–5 faithfulness and informativeness ratings
plus ternary preferences. Prompt identities, event
graphs, verifier labels, and the A/B key are hid-
den. Detailed protocols, label distributions, and
confusion matrices are in Appendices D, F, and G.

4.4 Controls and Diagnostics

All full-scale prompt comparisons use the same
fixed rule-based automatic verifier, claim parser,
verifier-guided repair module, cost-accounting
pipeline, and pre-specified thresholds. These con-
trols make prompt and model comparisons repro-
ducible under a single evaluation operator, but they
do not make automatic scores human-level truth es-
timates. To evaluate the verifier itself, we construct
1,600 controlled claim-level cases from the 400
synthetic test examples and compare majority, type-
only, type+interval, full extracted-event-graph, no-
interval, and gold-event oracle variants. Auxiliary
diagnostics include threshold calibration, cover-
age, pattern-wise breakdowns, designed-event re-
covery, sparse-gold re-verification, gold-event ver-
sus extracted-event prompting, mismatched event
lists, deterministic event verbalization, synthetic–
real shape coverage, and Real-NAB localization.
The retained 80-example multi-provider pilot is
summarized at prompt level in Tables 36 and 37.
Appendices A.6, B, and E provide metric defini-
tions, prompt templates and generation settings,
and calibration diagnostics, respectively.

5 Experimental Results

We organize the results around four evaluation
questions: RQ1: Graph Support. How often
do generated explanations receive explicit support
from the extracted event graph? RQ2: Evidence
Use. Does explicit temporal evidence improve
claim-to-graph consistency? RQ3: Verifier Cali-
bration. How reproducible and calibrated is the au-
tomatic verifier? RQ4: Human Judgment. Does
the automatic ordering transfer to blinded whole-
explanation ratings?

5.1 Extracted-Graph Support

Main synthetic scores. Free-form prompting of-
ten lacks extracted-event support. Table 1 summa-
rizes the 400-example synthetic evaluation. Graph-
unsupported claims are common under free-form
prompting: Direct yields a 0.493 strict graph-
supported rate and a 0.392 graph-unsupported rate,
while CoT lowers graph support to 0.360 and

raises graph-unsupported claims to 0.558. Event-
grounded prompting is the only condition that
consistently improves both operational metrics,
reaching 0.676 graph support and 0.113 graph-
unsupported rate when averaged over the five
LLMs. Appendix Tables 16, 34, and 35 provide per-
model, pattern-by-prompt, repair, cost, and token
diagnostics. The strongest single configuration is
DeepSeek-V4-Flash with event-grounded prompt-
ing, which reaches 0.746 graph support and a 0.077
graph-unsupported rate.

Prompt Faith. ↑ ∆Faith. Unsup. ↓ ∆Unsup. Claims/Expl. Ret. ↑
Direct 0.493 – 0.392 – 10.27 0.530
CoT 0.360 -0.133 0.558 +0.167 26.98 0.298
Structured 0.353 -0.140 0.468 +0.076 6.82 0.477
Event-grounded 0.676 +0.183 0.113 -0.279 8.46 0.850

Table 1: Prompt-level synthetic results on the 400-
series test set. Faith. and Unsup. are first computed
within each model–prompt run and then macro-averaged
equally over the five LLMs. ∆ is relative to Direct;
event-grounded differences have p < 0.001, with 95%
CIs [0.172, 0.195] and [-0.288, -0.270]. Ret. is post-
repair claim retention.

Pattern-level diagnostics. The pattern-wise
breakdown in Table 2 shows that the gain is not
concentrated in one synthetic phenomenon. Event-
grounded prompting improves graph support for
all eight pattern types, with the largest gains on
sharp drops (+0.307), seasonality (+0.273), volatil-
ity shifts (+0.227), and anomalies (+0.226). Volatil-
ity shifts, seasonality, and anomalies still have the
highest event-grounded graph-unsupported rates,
indicating that localized or composite temporal
behavior remains harder to match under the cri-
terion. Appendix Table 18 shows representative
claim-level failures.

5.2 Evidence Use

Statistical and verifier-guided repair evidence.
Event-grounded prompting consistently improves
graph support and reduces graph-unsupported
claims. The gains are stable under paired bootstrap
resampling: relative to Direct, event grounding
raises graph support by 0.183 and reduces graph-
unsupported rate by 0.279 (p < 0.001 for both;
Appendix Table 14). CoT has low retention after
verifier-guided repair (0.298), meaning that many
generated claims must be removed, while event-
grounded explanations retain 0.850 of claims. The
mismatched-event stress test in Table 3 gives a com-
plementary check: replacing the correct event list
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Pattern Direct Faith. Event Faith. ∆ Faith. Event Unsup. Event Part. Event Claims/Expl.

Upward trend 0.519 0.691 +0.172 0.008 0.301 8.70
Downward trend 0.493 0.685 +0.192 0.023 0.292 8.54
Sharp rise 0.552 0.714 +0.162 0.047 0.240 8.96
Sharp drop 0.452 0.759 +0.307 0.059 0.183 8.74
Volatility shift 0.332 0.558 +0.227 0.254 0.187 8.40
Change point 0.513 0.719 +0.206 0.063 0.218 7.92
Seasonality 0.385 0.658 +0.273 0.214 0.128 10.19
Anomaly 0.410 0.636 +0.226 0.235 0.129 6.26

Table 2: Pattern-wise diagnostics for 400 synthetic series, pooled across five models. Direct Faith. and Event
Faith. report strict graph-supported fractions, while the remaining Event columns provide diagnostics on graph-
unsupported claims, partially supported claims, and claim volume.

with events from another series drops graph sup-
port by 0.481 for DeepSeek-V4-Flash and 0.422 for
GPT-4.1-mini. This suggests that event-grounded
improvements come from evidence use rather than
prompt formatting alone; extractor-sharing effects
are examined in the verifier controls below.

Graph support versus informativeness. Ap-
pendix Table 17 shows why graph support should
not be conflated with informativeness. CoT covers
more gold events than direct prompting because
it generates many more claims, but it also pro-
duces the highest verifier-unsupported rate. Event-
grounded prompting is more conservative: it has
higher graph support and lower graph-unsupported
rate, but lower gold-event coverage than CoT. The
deterministic event verbalizer provides an extractor-
aligned reference: direct template verbalization
reaches 0.936 graph support and a 0.040 graph-
unsupported rate, with high event coverage and
no API generation cost. This shows that strong
automatic scores are possible when language is
tightly constrained to the extracted event graph, but
it should be read as an extractor-aligned reference
rather than an LLM explanation method. It is not
an upper bound on explanation quality: it verbal-
izes the extractor’s own event representation and
omits richer but harder-to-verify explanatory lan-
guage. Its high score shows that verifier-aligned
language can be recognized reliably, but TIME-
CLAIMBENCH should not be used to optimize au-
tomatic verifier scores alone.

5.3 Verifier Calibration

Controlled verifier and event-list checks. Ta-
ble 4 first checks the verifier on controlled syn-
thetic claim cases. Type-only matching reaches
only 0.456 macro-F1, while adding interval and
extracted-event-graph checks raises macro-F1 to

0.733; the gold-event oracle reaches 0.884, indi-
cating that automatic event extraction is a major
remaining bottleneck.

The generation-side event-list ablation likewise
shows that sparse gold lists are not a simple upper
bound: they reduce claim volume and graph sup-
port for both tested models (Appendix Table 19).
The frozen extractor recovers the designed primary
event in 394/400 series (98.5%; exact type and IoU
≥ 0.5), but this does not estimate precision for ad-
ditional events. Re-verifying all 8,000 generations
against sparse gold graphs yields model-averaged
strict support of 0.074 for event grounding versus
0.130 for Direct; on gold-compatible claim types,
strict rates are 0.519 versus 0.748 and supported-
or-partial rates are 0.998 versus 0.983 (Appendix
Tables 20 and 21). Since gold graphs contain only
designed spans, this diagnoses reference sensitivity
rather than independent truth.

Human calibration. In the original 180-claim
audit (Table 5), three-way annotator agreement is
κ = 0.680, whereas verifier agreement on the 156
consensus cases is 0.410 (κ = 0.090; macro-F1
0.353). Many claims receiving automatic PAR-
TIAL/UNSUPPORTED labels are human-supported.
Thus, graph-unsupported rates should be inter-
preted as conservative representation-mismatch di-
agnostics rather than absolute hallucination rates.

The independent 90-claim audit shows the same
pattern: annotators agree on 76/90 cases (0.844;
κ = 0.572), whereas verifier agreement on the
consensus cases is 26/76 (0.342; κ = 0.003;
macro-F1 0.234). Humans confirm 23/26 verifier-
SUPPORTED claims, and in 42/50 mismatches,
the verifier assigns a stricter label to a human-
SUPPORTED claim. Because the audit is balanced
by prompt and verifier label, these results reflect
conditional calibration rather than corpus accuracy
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Model Event evidence Faith. ↑ ∆Faith. Unsup. ↓ Part. Claims/Expl. Ret. Cost/Expl.

DeepSeek-V4-Flash Matched events 0.734 +0.000 0.078 0.188 8.51 0.881 $0.00043
DeepSeek-V4-Flash Mismatched events 0.253 -0.481 0.294 0.453 8.85 0.571 $0.00047
GPT-4.1-mini Matched events 0.710 +0.000 0.085 0.205 9.26 0.865 $0.00137
GPT-4.1-mini Mismatched events 0.288 -0.422 0.302 0.410 9.30 0.589 $0.00134

Table 3: Mismatched event-list ablation on 80 stratified synthetic series. Faith./Unsup. are strict sup-
ported/unsupported fractions under the correct graph. Mismatched prompts retain the raw series but receive
another series’ events; the drop shows sensitivity to supplied evidence beyond prompt formatting.

Verifier Macro-F1 Sup. F1 Part. F1 Unsup. F1 IoU

Majority unsupported 0.222 0.000 0.000 0.667 0.000
Type-only 0.456 0.552 0.000 0.817 0.531
Type+direction 0.456 0.552 0.000 0.815 0.531
Type+interval 0.733 0.819 0.564 0.817 0.604
Event graph (no interval) 0.458 0.552 0.005 0.817 0.537
Event graph 0.733 0.819 0.564 0.817 0.601
Gold-event oracle 0.884 0.856 0.797 1.000 0.651

Table 4: Verifier baselines and ablations on 1,600 synthetic claims from 400 test examples: one supported, one
interval-mislocalized partial, and two unsupported claims per series. Sup., Part., and Unsup. denote class-specific
F1; IoU is computed on supported and partial claims with predicted support intervals.

Comparison N Exact Macro-F1 κ Auto-Sup. Accept Non-Sup. F1

Annotators (3-way) 180 0.867 – 0.680 – –
Annotators (binary) 180 0.883 – 0.696 – –
Verifier vs consensus gold 156 0.410 0.353 0.090 0.807 0.333

Table 5: Original balanced 180-claim audit. Consensus
uses 156 annotator-agreement cases. Auto-Sup. Accept
is human confirmation of verifier-SUPPORTED; Non-
Sup. F1 merges PARTIAL/UNSUPPORTED.

(Appendix Table 25). Threshold tuning does not
close this gap (Appendix E).

Real-world stress test. Both representative
LLMs identify 0.960 of positive Real-NAB win-
dows with an overlapping anomaly-like claim and
have low explicit false-anomaly rates on normal
windows (Table 6). Broad precision (0.505), in-
terval IoU (0.080), and verifier–human agreement
on a 90-claim audit (0.389; κ = 0.083) remain
low, so the controlled split is the main setting
(Appendix G). Across eight z-normalized descrip-
tors, mean synthetic-range coverage is 84.6%, with
79.5% of real windows covered on at least six; this
is descriptive shape coverage, not distributional
equivalence (Appendix Table 11).

5.4 Operational Consistency and Human
Judgment

On the same 40 series, graph-supported
fractions are 0.711/0.577/0.355 for event-
grounded/Direct/CoT. Blinded ratings reverse this
ordering: event-grounded outputs score below

Model Faith. ↑ Unsup. ↓ Pos. Hit ↑ FA ↓ Prec. ↑ IoU ↑
DeepSeek-V4-Flash 0.671 0.049 0.960 0.020 0.505 0.080
Event verbalizer 0.961 0.015 0.960 0.560 0.505 0.080
GPT-4.1-mini 0.617 0.049 0.960 0.010 0.505 0.080

Table 6: Real-NAB localization. Pos. Hit is positive-
window overlap; FA is explicit false-anomaly rate on
normal windows; Prec. is broad anomaly-like local-
ization precision; IoU uses positive NAB windows.
Faith./Unsup. use the extracted graph.

Metric EG vs. Direct EG vs. CoT

Faith. ∆ [95% CI] −1.938 [−2.225,−1.638] −2.000 [−2.288,−1.688]
Info. ∆ [95% CI] −0.900 [−1.088,−0.688] −1.525 [−1.738,−1.300]
Overall EG/Base/Tie 2/70/8 3/75/2

Table 7: Blinded preference study on GPT-4.1-mini,
40 series, and two annotators. Deltas are EG minus
baseline; CIs use 5,000 series bootstraps. All Holm-
adjusted paired tests have p ≤ 1.082 × 10−6. Counts
pool 80 descriptive judgments per comparator.

both baselines on faithfulness and informativeness
(Table 7). This is a same-sample rank reversal, not
a faithfulness–informativeness trade-off.

A period-4 event occurs in 25/40 extracted
graphs and the same 25 event-grounded texts, but
in 0/40 Direct/CoT texts. The human-rating gap is
descriptively larger in this post hoc subgroup. Al-
though strata confounding and absent claim-level
adjudication preclude an error-rate or causal inter-
pretation, the trace shows how graph-to-text adher-
ence can propagate an additional event accepted by
the shared verifier (Appendix F).
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5.5 Summary of Findings
Event grounding improves consistency with the
supplied representation, but not holistic preference
in this sample. The calibration studies distinguish
designed-event recall, the unresolved precision of
additional events, claim-to-graph consistency, and
whole-explanation human judgment.

6 Conclusion

We introduced TIMECLAIMBENCH, an executable
claim-level benchmark for measuring consistency
between LLM-generated time-series explanations
and extracted temporal events. Across five LLMs,
event-grounded prompting increases support under
the shared graph, but a blinded study on one model
and 40 series reverses that ordering under holistic
human ratings. TIMECLAIMBENCH therefore re-
ports claim-to-graph consistency as an operational
diagnostic alongside designed-event recovery and
human evaluation. It leaves the precision of addi-
tional extracted events unresolved.

Limitations

TimeClaimBench is limited to univariate series and
a fixed rule-based event graph that both conditions
and verifies event-grounded outputs; scores there-
fore measure representation consistency, not in-
dependent truth. Designed-event recovery does
not establish precision for additional events, gold
graphs are non-exhaustive, and negative-polarity
parsing is imperfect.

Synthetic series isolate one primary phe-
nomenon rather than realistic multi-pattern mix-
tures, while Real-NAB lacks complete event-type
labels. The preference study covers one model, 40
series, and two annotators; its period-4 analysis
is post hoc, stratum-confounded, and lacks claim-
level adjudication.

The benchmark does not assess forecasting,
causality, or external semantics. Extensions re-
quire broader data and models, independent event-
precision annotation, and multivariate or contextual
evidence protocols.

Ethical Considerations

TimeClaimBench is intended for evaluation and di-
agnosis, not as a substitute for domain expertise or
automated decision-making in high-stakes settings.
Experiments use synthetic and public time-series
data, and the public artifact contains no private or
personally identifiable information.

Human annotations support claim-level calibra-
tion and whole-explanation preference evaluation.
Only aggregate results and de-identified records
released with annotator permission are included;
annotator identifiers, private randomization keys,
and identifying metadata are excluded. The artifact
documents data provenance, evaluation code, and
the verifier’s operational limits.
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A Details for TIMECLAIMBENCH

A.1 Benchmark Construction

Synthetic split. The controlled synthetic split
makes event types, intervals, directions, and ref-
erence claims known by construction, support-
ing claim-level verification alongside explanation-
level preference judgments. It covers eight first-
release temporal phenomena: upward and down-
ward trends, sharp rises and drops, volatility shifts,
change points, seasonality, and anomalies. Each
JSONL record contains a length-80 time series,
metadata, gold events, a question, and reference
claims; each series has one designed primary phe-
nomenon.

The split contains 1,200 training, 200 develop-
ment, and 400 test examples. Main experiments
use all 400 test examples, with 50 per phenomenon;
a stratified 80-example pilot subset supports faster
provider checks. Table 8 gives the exact param-
eter ranges. The generator randomizes locations,
spans, directions, and magnitudes where applica-
ble but does not simulate the full complexity or
co-occurrence structure of real signals.

Real-NAB localization diagnostic. To test
whether the pipeline transfers beyond syn-
thetic control, we add a real-world local-
ization diagnostic based on the Numenta
Anomaly Benchmark (NAB) (Lavin and Ah-
mad, 2015). We use the real NAB subsets
realKnownCause, realTraffic, realTweets,
realAWSCloudwatch, and realAdExchange.
NAB provides timestamped univariate series and
labeled anomalous windows. We convert these
labels into gold ANOMALY events for localization
diagnostics while still using the same automatic
event extractor to detect trends, sharp changes,
seasonality, volatility shifts, change points, and
anomalies.

The Real-NAB localization diagnostic contains
200 fixed-length windows: 100 anomaly-centered
windows and 100 normal windows. Values are nor-
malized within each window for compatibility with
the event operators. Original values, timestamps,
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Phenomenon Randomized parameters Gold event span

Upward/downward trend |slope| ∼ U(0.08, 0.22); random start/end randomized subinterval
Sharp rise/drop magnitude ∼ U(4, 8); end-start 2–5; random location transition interval
Volatility shift standard deviation 0.25 ↔ 1.4; random direction/split split to end
Change point levels U(96, 99) and U(101, 104); random direction/split split point
Seasonality period ∈ {6, 8, 10, 12, 16}; amplitude ∼ U(1.5, 3.5) full series
Anomaly magnitude ∼ U(5, 9); random sign/location anomaly point

Table 8: Synthetic generator settings. Every series has length 80, Gaussian background noise with σ = 0.5, and one
designed primary phenomenon. Locations, spans, directions, and magnitudes are randomized where applicable.

Split Size Use

Synthetic train 1,200 development and prompt checks
Synthetic dev 200 validation and debugging
Synthetic test 400 main evaluation
Synthetic pilot subset 80 fast provider checks
Real-NAB localization diagnostic 200 real-world localization check

Table 9: Benchmark splits. The synthetic test split is
the main evaluation set and contains 50 examples for
each of the eight synthetic phenomena. The Real-NAB
localization diagnostic contains 100 anomaly-centered
windows and 100 normal windows.

source file names, and NAB label windows are
preserved in metadata.

We treat Real-NAB as a localization diagnostic
rather than as the primary benchmark. NAB primar-
ily supports anomaly-window and change-like eval-
uation under real noise. It does not provide com-
plete gold labels for all eight synthetic phenomenon
types, and its anomaly windows can be coarser than
the temporal spans expressed in natural-language
claims. Therefore, Real-NAB results should be
read as localization and robustness diagnostics, not
as complete human-equivalent claim verification.

Subset Windows Annotation used

Anomaly-centered 100 NAB windows converted to gold anomaly events
Normal 100 no NAB anomaly window in selected span

Table 10: Real-NAB localization diagnostic construc-
tion.

Synthetic–real shape diagnostic. We compare
400 synthetic series with the 200 Real-NAB win-
dows using eight descriptors after z-normalizing
each window. For each descriptor, coverage is the
fraction of Real-NAB values inside the synthetic
5th–95th percentile range. Table 11 reports feature-
wise coverage of 0.780–0.905, with mean 0.846.
In addition, 79.5% of Real-NAB windows are cov-
ered on at least six of eight descriptors. These sum-
maries test coarse shape overlap, not distributional
equivalence or semantic realism.

Z-normalized descriptor Real within synthetic Q05–Q95

Absolute trend slope 0.835
Lag-1 autocorrelation 0.820
First-difference std. 0.790
Maximum absolute step 0.780
Spectral entropy 0.895
Peak absolute z-score 0.885
Standardized range 0.905
Log volatility ratio 0.855

Mean 0.846

Table 11: Descriptive shape coverage for 200 Real-
NAB windows relative to 400 synthetic series after
per-window z-normalization. Overall, 79.5% of real
windows fall in the synthetic 5th–95th percentile range
for at least six of eight descriptors. This is not a test of
distributional equivalence.

A.2 Event Extraction and Extracted Event
Graph

The verifier converts each time series into temporal
events using deterministic operators with fixed set-
tings across all models and prompts; Table 12 sum-
marizes the default settings. The extractor emits
typed events with intervals, scores, and attributes
such as direction, magnitude, slope, period, or z-
score. Overlapping events of the same type are
deduplicated when interval IoU is at least 0.8, keep-
ing the higher-scoring event.

The extracted events form an extracted event
graph whose nodes are temporal events. Edges
encode temporal relations such as BEFORE, AFTER,
OVERLAPS, and CONTAINS. The verifier retrieves
candidate events by claim type and uses the graph
to check whether the claimed temporal structure is
compatible with the extracted evidence.

A.3 Claim-Level Labels and Error Taxonomy

Table 13 expands the three claim-level labels, SUP-
PORTED, PARTIAL, and UNSUPPORTED, into oper-
ational boundary cases for annotation and verifier
diagnostics. For claims not fully supported, finer
error types are recorded to characterize specific
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Operator Evidence emitted Key fixed settings

Trend Upward/downward trend events with
slope, interval, and strength.

Least-squares slopes over full, first-half, second-half, and
middle-half spans; minimum length 8; slope threshold
0.03; weak < 0.08, moderate < 0.16, strong otherwise.

Sharp rise/drop Local sharp-change events with direc-
tion, magnitude, and interval.

Difference window 5; z-normalized change at least 2.0
relative to first-difference standard deviation.

Volatility shift Intervals where local variability changes
substantially.

Before/after window 10; variance-ratio-style volatility ra-
tio at least 1.8.

Change point Mean-shift events with split point and
affected interval.

All candidate splits scanned; at least four points per side;
best mean-shift score > 1.0.

Seasonality Periodic events with period and
strength.

Periods 4–24, capped at half the sequence length; autocor-
relation at least 0.45.

Anomaly Point or short-window anomaly events. Absolute z-score at least 3.0.
Peak/trough Local extrema used as auxiliary evi-

dence.
Prominence at least 1.0.

Deduplication Removal of redundant events. Same-type events deduplicated when interval IoU is at
least 0.8; higher-scoring event is kept.

Table 12: Fixed event-extraction settings used by the default TIMECLAIMBENCH verifier.

failure modes, including interval shifts, overstate-
ment, numeric mismatch, hallucinated events, un-
supported causal statements, and chronology viola-
tions. These error types support failure analysis but
are not additional classes in the main evaluation.

A.4 Claim Parsing and Verification

Claim parsing. The claim parser maps free-form
explanations to atomic temporal claims. It detects
event types with lexical patterns, including trends,
rises, drops, volatility changes, change points, sea-
sonality, anomalies, peaks, troughs, and recoveries.
It extracts explicit index spans such as “indices
20–30”, maps coarse phrases such as “early”, “mid-
dle”, “late”, “first half”, and “final segment” to
approximate spans, and records optional direction,
strength, and numeric values.

The parser is conservative. If a sentence con-
tains multiple temporal phenomena, it is split into
separate claims when possible. If no temporal
phenomenon can be identified, the claim type is
marked as unknown and normally requires strong
matching evidence to be labeled supported. Unsup-
ported causal language is marked when the expla-
nation introduces an external cause not observable
from the univariate sequence.

Claim–event scoring. Let c be a parsed claim
and e a candidate event from the extracted event
graph. For each claim c, the verifier retrieves can-
didate events whose types are compatible with the

claim. It computes a weighted agreement score:

S(c, e) = wtStype(c, e)

+ wdSdirection(c, e)

+ wiSinterval(c, e)

+ wsSstrength(c, e)

+ wnSnumeric(c, e).

The fixed weights are (wt, wd, wi, ws, wn) =
(.35, .20, .25, .10, .10). The type score measures
compatibility between the claim type and event
type. The direction score checks sign or trend di-
rection when present. The interval score is interval
IoU when a claim has an explicit or inferred span.
The strength score compares coarse strength or
magnitude categories. The numeric score checks
extracted values when the claim contains a concrete
value, count, index, or period.

Optional attributes absent from the claim receive
a neutral component score of 1.0 rather than trig-
gering weight renormalization. If the claim speci-
fies direction, strength, or numeric content but the
matched event lacks the corresponding attribute,
the verifier assigns a conservative default score of
0.8 for that component. If a claim has no explicit
or inferred interval, the interval component is there-
fore neutral and the interval score is not used as a
hard support gate, but the matched event must still
be compatible in type and direction.

Label assignment. The best event match deter-
mines the automatic label. A claim is labeled SUP-
PORTED when the best score is at least 0.75 and, for
claims with explicit intervals, interval IoU is at least
0.5. After parsing, a direction-incompatible atomic
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Label Error type Definition Typical example Boundary rule

SUPPORTED – The main temporal phenomenon, direction, and
approximate interval are grounded in the series.

“A sharp rise occurs around indices
20–25.”

Exact wording need not
match the event name if
the phenomenon and inter-
val are compatible.

PARTIAL

interval shift The right phenomenon is present but localized
to a shifted, too broad, or too narrow interval.

“The increase lasts through the final
third” when the event ends near the
middle.

Use PARTIAL when the
claim would become sup-
ported after interval cor-
rection.

overstatement A grounded pattern is described with excessive
strength, magnitude, duration, or frequency.

“A strong trend” for a weak but de-
tectable trend.

Use PARTIAL when the
phenomenon exists but a
salient attribute is wrong.

numeric error The event is present, but the claim gives an inac-
curate value, count, period, or index.

“The cycle repeats every 8 steps”
when the detected period is closer
to 12.

Use PARTIAL when
the temporal pattern is
grounded but the numeric
detail is wrong.

mixed claim One part of a claim is grounded, but another part
adds unsupported content.

“The series rises near t = 20 be-
cause of an external shock.”

Use PARTIAL when sup-
ported and unsupported
parts are inseparable in the
same claim.

UNSUPPORTED

pattern hallucination The explanation introduces a temporal pattern
absent from the evidence.

Claiming seasonality or a change
point when no compatible event is
detected.

Use UNSUPPORTED when
no compatible event can
ground the main claim.

wrong direction or timing The claimed event has the wrong sign or occurs
in a region where no compatible event is visible.

Claiming a sharp drop where the ev-
idence shows a sharp rise.

Direction-incompatible
atomic claims are gated
to UNSUPPORTED; use
PARTIAL only for insepa-
rable mixed claims with a
grounded subclaim.

causal claim The explanation infers an external cause not ob-
servable from the univariate series.

“The drop is caused by an external
shock.”

Causal language is unsup-
ported unless causal ev-
idence is explicitly pro-
vided.

chronology violation The claim uses future-window evidence to jus-
tify an earlier observation under a decision time.

“At t = 30, the series has entered a
sustained decline” when the decline
is only visible after t = 50.

Use this error when the
claim may be true with
full-sequence access but
invalid at the specified de-
cision time.

Table 13: Full claim-level support taxonomy and boundary rules used for annotation and verifier diagnostics.

claim is gated to UNSUPPORTED. Otherwise, a
claim is labeled PARTIAL only when a compatible
candidate event exists and the best score is at least
0.45, but the claim fails full support because of
a non-direction grounding defect. Operationally,
this includes an explicit or inferred interval whose
IoU with the matched event is below 0.5 but still
indicates a shifted or broadened span, compatible
type and direction with mismatched strength or
magnitude, numeric mismatch for a claimed value,
count, index, or period, or an inseparable mixed
claim whose grounded subclaim can be matched
while the remaining content is unsupported. For
mixed sentences, the parser first splits separable
temporal claims when possible; remaining insep-
arable mixed claims are treated as PARTIAL only
when a grounded subclaim is matched. Remaining
claims are labeled UNSUPPORTED. All thresholds
are fixed before model comparison and are used
consistently across experiments.

A.5 Verifier-Guided Repair

The verifier-guided repair module uses verifier
output to produce a conservative edited explana-
tion. It preserves claims labeled SUPPORTED, cor-

rects claims labeled PARTIAL using the matched
grounded event when possible, and removes claims
labeled UNSUPPORTED. The repair prompt is in-
structed not to introduce new patterns, numeric
values, or causal explanations that are not present
in the evidence.

Because the repaired output is guided and re-
evaluated by the same verifier, post-repair graph
support is a fixed-criterion measurement rather than
independent human evidence. We therefore report
claim retention and supported-claim preservation
with the post-repair graph-supported rate.

A.6 Metric Definitions

Table abbreviations. Across tables, Faith. de-
notes the strict SUPPORTED fraction under the
fixed extracted-event graph, Unsup. the UNSUP-
PORTED fraction under that graph, Part. partial
rate, Expl. explanation, Ret. claim retention af-
ter verifier-guided repair, Sem. Pres. supported-
claim preservation, Chron. Viol. chronology vi-
olations, Rep. verifier-guided repair, Sup./Supp.
supported, Non-Sup. non-supported, and Cov. cov-
erage. Claims/Expl., Cost/Expl., and Tokens/Expl.
are per-explanation averages. Faith.+Rep. and Un-
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sup.+Rep. report the corresponding metric after
verifier-guided repair. For Real-NAB and calibra-
tion tables, Pos. Hit, FA, Prec., IoU, and Macro-
F1 denote positive-window hit rate, false-anomaly
rate, precision, interval intersection-over-union,
and macro-averaged F1. Non-Sup. F1 is the binary
F1 after collapsing PARTIAL and UNSUPPORTED

into a single non-supported class.
Within each model–prompt run, automatic claim-

label rates are computed as claim-level micro-
averages over all extracted claims. Cross-model
aggregation is specified in each table caption. Let
S, P , and U denote SUPPORTED, PARTIAL, and
UNSUPPORTED. Let D be a set of generated expla-
nations and

NC =
∑︂

r∈D
|C(r)|

be the total number of extracted claims. If NC = 0,
claim-level rates are defined as 0.

Strict graph-supported rate. The main opera-
tional metric is the strict supported-claim fraction
under the extracted event graph:

Faith =
1

NC

∑︂

r∈D

∑︂

ci∈C(r)
1[ŷi = S].

Partial claims do not receive credit in the main
score. We report them separately:

PartialRate =
1

NC

∑︂

r∈D

∑︂

ci∈C(r)
1[ŷi = P ],

UnsupportedRate =
1

NC

∑︂

r∈D

∑︂

ci∈C(r)
1[ŷi = U ].

Claims per explanation. Claims per explanation
measures how many auditable temporal claims a
prompt produces:

Claims/Expl. =
1

|D|
∑︂

r∈D
|C(r)|.

This metric is reported because a prompt may
generate more coverage by producing many more
claims, while also increasing unsupported content.

Macro-F1. For a label set Y , class-wise preci-
sion, recall, and F1 are

Py =
TPy

TPy + FPy
, Ry =

TPy

TPy + FNy
,

F1y =
2PyRy

Py +Ry
.

Macro-F1 is the unweighted average over labels:

MacroF1 =
1

|Y|
∑︂

y∈Y
F1y.

For three-way support-label evaluation, Y =
{S, P, U}. For binary non-supported F1, PARTIAL

and UNSUPPORTED are collapsed into the positive
non-supported class. If a precision, recall, or F1
denominator is empty, the corresponding value is
defined as 0.

Cohen’s κ. We report unweighted Cohen’s κ for
two categorical labelers:

κ =
po − pe
1− pe

, pe =
∑︂

y∈Y
p1(y)p2(y),

where po is exact agreement and pj(y) is labeler
j’s marginal proportion for label y. For three-way
claim audits, Y = {S, P, U}; binary audits merge
P and U . For preference agreement, randomized
A/B choices are first decoded to {event-grounded,
comparator, tie}; Direct and CoT are mapped to
a common comparator label only when the two
comparison blocks are pooled.

Interval localization. Intervals are zero-based
closed index spans. For I1 = [s1, t1] and I2 =
[s2, t2],

a = max{0, min(t1, t2)−max(s1, s2) + 1},
b = max(t1, t2)−min(s1, s2) + 1,

IoU(I1, I2) = a/b.

If a claim has no explicit or inferred interval, the
interval-IoU gate is not applied, but the verifier
must still find compatible evidence for the claim
type and direction.

Coverage. Coverage measures whether faithful
claims mention important events. Let E≤K(X) de-
note the available highest-scoring extracted events
for a series X , up to K events. Top-K supported
coverage is

TopKCovS =
1

|D|
∑︂

r∈D
qr,

qr =

∑︁
e∈E≤K(Xr)

1[A(e, r)]

max(1, |E≤K(Xr)|)
.

Here, A(e, r) holds if there exists a claim ci ∈
C(r) such that ŷi = S and ci matches event e.
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Top-K grounded coverage replaces ŷi = S with
ŷi ∈ {S, P}. If fewer than K events are ex-
tracted, the denominator uses the number of avail-
able events; if no events are extracted, that example
contributes 0.

Gold coverage is computed only for synthetic
data and measures whether each gold event is
matched by a compatible SUPPORTED or PARTIAL

claim with interval IoU of at least 0.3. If a series
has no gold events for a gold-coverage diagnostic,
its contribution is defined as 0.

Repair diagnostics. Let r′ be the repaired expla-
nation. Claim retention is

Retention =
|C(r′)|
|C(r)| .

If the original explanation contains no extracted
claims, retention is defined as 0. In the full syn-
thetic evaluation, this case does not occur (0/8,000
model–prompt outputs), so the convention does
not affect aggregate retention trends. Supported-
claim preservation measures whether originally
supported claims remain present after verifier-
guided repair:

SupportedPreservation =
Npres

NS
.

Here NS is the number of originally supported
claims, and Npres counts those claims when r′ con-
tains a supported claim grounded by an event over-
lapping the original evidence event. If NS = 0,
supported-claim preservation is defined as 0. This
is an operational semantic-preservation diagnos-
tic, not an independent human evaluation of repair
quality.

Chronology violations. When a decision time
t0 is specified, a claim violates chronology if its
supporting evidence interval starts after t0, or if the
claim requires future-window evidence to justify
an earlier observation. Chronology violations are
reported as an error-type diagnostic.

Cost. Cost per explanation is computed from
provider token usage and the pricing configuration:

Cost/Expl. =
TotalProviderCost

|D| .

Real-NAB localization diagnostics. For Real-
NAB, let W+ be anomaly-centered windows
and W− be normal windows. Let A denote
anomaly-like claim types, including ANOMALY,

SHARPRISE, SHARPDROP, and CHANGEPOINT.
A claim is considered grounded for these diagnos-
tics if it is labeled SUPPORTED or PARTIAL.

Positive hit rate measures whether positive win-
dows contain at least one grounded anomaly-like
claim overlapping the NAB anomaly window:

PosHit =
1

|W+|
∑︂

w∈W+

1[P (w)].

Here, P (w) holds if there exists an anomaly-like
claim ci ∈ A such that ŷi ∈ {S, P} and I(ci) ∩
INAB(w) ̸= ∅.

Explicit false-anomaly rate measures whether
normal windows contain an explicit grounded
anomaly claim:

ExplicitFA =
1

|W−|
∑︂

w∈W−
1[F (w)].

Here, F (w) holds if there exists a claim ci such
that τ(ci) = ANOMALY and ŷi ∈ {S, P}.

Anomaly-like precision is a broad window-level
localization diagnostic:

AnomLikePrec =

∑︁
w∈W+∪W− 1[M(w)]∑︁
w∈W+∪W− 1[G(w)]

.

Here, G(w) holds if the explanation contains at
least one grounded anomaly-like claim in the se-
lected Real-NAB window. M(w) is defined only
as a true match for anomaly-centered windows:
it holds when w ∈ W+, G(w) is true, and at
least one grounded anomaly-like claim overlaps
the NAB anomaly interval INAB(w). For normal
windows w ∈ W−, there is no NAB anomaly
interval in the selected span, so M(w) = 0 by
definition. Thus normal windows with grounded
anomaly-like claims contribute to the denominator
but not the numerator. If no window contains a
grounded anomaly-like claim, anomaly-like preci-
sion is defined as 0. For positive windows, we also
report mean interval IoU with the NAB anomaly
window and normalized center distance:

CenterDist(I1, I2) =
|m(I1)−m(I2)|

T
,

where m(I) is the interval midpoint and T is the
window length.

Aggregation and uncertainty. For prompt-level
results, we first compute claim-level rates for each
model–prompt run and then average over model
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runs. Bootstrap confidence intervals resample the
400 synthetic test series within each fixed model
run. Paired prompt comparisons preserve shared
model–series identifiers.

B Evaluation Protocol

B.1 Task and Generation Settings

The full synthetic evaluation uses the 400-example
synthetic test split, with 50 examples for each of
the eight temporal phenomena. Each example is
converted into a model-ready input consisting of
the raw univariate series and a question asking for a
concise time-series explanation. For the Real-NAB
localization diagnostic, we use 200 fixed-length
windows: 100 anomaly-centered windows and 100
normal windows.

We evaluate five LLM backbones from four
providers under four prompting conditions. Direct,
chain-of-thought, and structured prompts receive
only the raw time series and the question. The
event-grounded prompt additionally receives the
automatically extracted event list and instructs the
model to cite listed evidence. All provider calls
use temperature 0, the same input order, cached
retry logic, and the same downstream claim parser,
verifier, verifier-guided repair module, and cost-
accounting pipeline. Thus, prompt comparisons
differ in prompting conditions, while verification
is performed by the same fixed automatic verifier.

B.2 Formal Evaluation Task

Using the metric notation from Appendix A.6, each
instance contains a zero-indexed univariate time
series X = (x0, . . . , xT−1) and a generated ex-
planation r. The claim parser maps r to a set
of atomic temporal claims, C(r) = {ci}nr

i=1. The
event extractor maps X to an extracted event graph,
GX = (VX ,RX), where each event e ∈ VX has
an event type τ(e), optional direction d(e), interval
I(e) = [se, te], score, and numeric attributes such
as slope, magnitude, period, or z-score. Relations
in RX encode temporal links such as BEFORE, AF-
TER, OVERLAPS, and CONTAINS.

For claim ci, the verifier assigns a support label
ŷi ∈ {SUPPORTED, PARTIAL, UNSUPPORTED}
and, when applicable, an evidence event êi and
support interval Îi. The verifier also records er-
ror types for non-supported claims when an error
category can be identified.

B.3 Model and Prompt Details
The full synthetic evaluation uses five LLM back-
bones: GPT-4.1-mini, GPT-5.4-mini, DeepSeek-
V4-Flash, Gemini-3-Flash, and Claude Sonnet 4.5.
We compare four prompting conditions. Direct,
chain-of-thought, and structured prompts receive
only the raw time series and the question. The
event-grounded prompt additionally receives the
automatically extracted event list. Generation set-
tings are summarized in Appendix B.1 and prompt
templates are presented below.

B.4 Prompt Templates
Direct prompt.
You are a time-series analyst.
Given the following time series, describe
the major temporal patterns.
Focus on trends, peaks, drops, volatility,
anomalies, seasonality, and change points.
Time series: {series}
Question: {question}
Answer with a concise explanation.

Chain-of-thought prompt.
You are a time-series analyst.
Analyze the time series step by step.
First inspect the overall trend.
Then inspect local peaks and drops.
Then inspect volatility and anomalies.
Finally provide a concise explanation.
Time series: {series}
Question: {question}

Structured prompt.
You are a time-series analyst.
Return a concise bullet list of grounded
temporal patterns.
Only include claims that can be checked
against the series.
Time series: {series}
Question: {question}

Event-grounded prompt.
You are a time-series analyst.
You are given a time series and
automatically extracted events.
Write an explanation using only the
listed events.
Do not mention patterns not supported
by the event list.
Cite event IDs in brackets.
Time series: {series}
Extracted events: {events}
Question: {question}
Output format:
Explanation:
- [E?] ...
- [E?] ...

C Additional Empirical-Finding Tables
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Prompt Faith. 95% CI ↑ Unsup. 95% CI ↓ ∆Faith. (EG–Prompt) ∆Unsup. (EG–Prompt)

Direct 0.493 [0.485, 0.501] 0.392 [0.383, 0.400] 0.183 [0.172, 0.195] -0.279 [-0.288, -0.270]
CoT 0.360 [0.355, 0.365] 0.558 [0.552, 0.564] 0.316 [0.306, 0.325] -0.446 [-0.454, -0.438]
Structured 0.353 [0.344, 0.361] 0.468 [0.458, 0.477] 0.323 [0.311, 0.335] -0.355 [-0.366, -0.345]
Event-grounded 0.676 [0.667, 0.684] 0.113 [0.105, 0.120] – –

Table 14: Bootstrap uncertainty for full synthetic results. Series are resampled within model run before averaging
five models. Differences are paired event-grounded-minus-prompt comparisons; all have p < 0.001 for strict graph
support and graph-unsupported rate.

Verifier label N Human sup. Human part. Human unsup. Gate-consistent

Supported 57 0.807 0.035 0.158 0.807
Partial 59 0.797 0.153 0.051 0.203
Unsupported 40 0.750 0.025 0.225 0.250

Table 15: Verifier calibration on the 156 consensus-gold human-audit claims. Human columns show the consensus
label distribution within each automatic verifier label. Gate-consistent counts verifier-supported claims as accepted
only when humans also mark them supported, and counts verifier-partial/unsupported claims as accepted when
humans mark them non-supported.

Model Prompt Faith. ↑ Unsup. ↓ Claims/Expl. Faith.+Rep. ↑ Unsup.+Rep. ↓ Ret. ↑ Cost/Expl. ↓

Claude Sonnet 4.5

Direct 0.401 0.542 20.18 0.898 0.041 0.191 $0.00674
CoT 0.345 0.590 34.09 0.870 0.039 0.134 $0.00991
Structured 0.314 0.514 9.61 0.787 0.063 0.249 $0.00584
Event-grounded 0.697 0.140 7.89 0.986 0.004 0.797 $0.01104

DeepSeek-V4-Flash

Direct 0.544 0.290 5.44 0.975 0.018 0.705 $0.00051
CoT 0.429 0.460 16.52 0.974 0.015 0.450 $0.00088
Structured 0.407 0.424 5.16 0.987 0.011 0.571 $0.00064
Event-grounded 0.746 0.077 8.88 0.992 0.006 0.899 $0.00044

Gemini-3-Flash

Direct 0.450 0.399 9.96 0.954 0.027 0.536 $0.00379
CoT 0.319 0.610 25.30 0.966 0.022 0.303 $0.00476
Structured 0.368 0.448 6.90 0.960 0.028 0.542 $0.00441
Event-grounded 0.636 0.098 7.84 0.997 0.002 0.871 $0.00554

GPT-4.1-mini

Direct 0.625 0.297 5.55 0.981 0.011 0.700 $0.00044
CoT 0.351 0.552 30.39 0.967 0.018 0.333 $0.00105
Structured 0.349 0.474 5.99 0.968 0.021 0.518 $0.00050
Event-grounded 0.706 0.082 9.71 0.992 0.001 0.881 $0.00140

GPT-5.4-mini

Direct 0.445 0.432 10.20 0.949 0.032 0.515 $0.00150
CoT 0.357 0.580 28.59 0.952 0.024 0.270 $0.00267
Structured 0.326 0.479 6.41 0.970 0.029 0.505 $0.00151
Event-grounded 0.595 0.166 7.99 1.000 0.000 0.804 $0.00260

Table 16: Full synthetic results on 400 series across five LLMs. Faith. is the strict graph-supported fraction; Ret. is
post-repair claim retention. Costs use provider token records and the pricing configuration.

Prompt Expl. Faith. ↑ Unsup. ↓ Claims/Expl. Top-5 Sup. Cov. ↑ Top-5 Grounded Cov. ↑ Gold Sup. Cov. ↑ Gold Grounded Cov. ↑
Direct 2000 0.459 0.439 10.27 0.243 0.300 0.721 0.797
CoT 2000 0.354 0.567 26.98 0.337 0.391 0.811 0.868
Structured 2000 0.347 0.474 6.82 0.176 0.250 0.532 0.654
Event-grounded 2000 0.679 0.111 8.46 0.368 0.421 0.611 0.675
Event verbalizer 400 0.936 0.040 11.35 0.832 0.832 0.765 0.767

Table 17: Coverage diagnostics on 400 synthetic series across five LLMs. Top-5 coverage uses the highest-scoring
extracted events; gold coverage uses designed events and IoU ≥ 0.3. Unlike Table 1, which first computes claim-
level rates within each model–prompt run and then averages them equally over the five models, Faith. and Unsup.
here are pooled claim-level micro-averages over all 2,000 explanations for each LLM prompt. The event verbalizer
is an extractor-aligned no-API reference.
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Failure mode Run Series Problematic claim Verifier diagnosis

Unsupported
pattern

GPT-4.1-mini
Direct

test_000003
upward trend “Around the 50th point, there is a sharp

and significant drop... indicating a major
change point or anomaly.”

Unsupported: no
anomaly or change-point
event supports the claim.

Interval mislo-
calization

DeepSeek-V4-Flash
Event-grounded

test_000002
upward trend “A moderate downward trend follows from

index 20 to 60...”
Partial: the phenomenon
is plausible, but the span
is shifted or too broad.

Causal halluci-
nation

GPT-4.1-mini
CoT

test_000032
upward trend “...abruptly interrupted by a significant

drop, suggesting a possible external shock
or regime change.”

Unsupported: the expla-
nation adds an external
cause not present in the
event evidence.

Table 18: Representative claim-level failure cases selected from the full synthetic verification outputs. The cases
illustrate unsupported pattern introduction, interval mislocalization, and causal over-interpretation.

Model Event list Faith. ↑ Unsup. ↓ Part. Claims/Expl. Faith.+Rep. ↑ Ret. ↑ Sem. Pres. ↑ Cost/Expl. ↓

GPT-4.1-mini
Extracted events 0.706 0.082 0.212 9.71 0.992 0.881 1.000 $0.00140
Gold events 0.503 0.444 0.053 1.23 0.882 0.859 1.000 $0.00033

DeepSeek-V4-Flash
Extracted events 0.746 0.077 0.176 8.88 0.992 0.899 1.000 $0.00044
Gold events 0.556 0.421 0.023 1.09 0.886 0.924 1.000 $0.00015

Table 19: Generation-side event-list ablation on 400 synthetic series. Extracted-event rows reuse the submitted
event-grounded outputs; gold-event rows rerun generation with sparse designed events. Faith. and Unsup. use the
corresponding graph.

Metric Anomaly
Change
point

Downward
trend Seasonality

Sharp
drop

Sharp
rise

Upward
trend

Volatility
shift All

N 50 50 50 50 50 50 50 50 400
Recovered 50 (1.00) 50 (1.00) 47 (0.94) 50 (1.00) 50 (1.00) 50 (1.00) 48 (0.96) 49 (0.98) 394 (0.985)
Mean best IoU 1.000 1.000 0.731 1.000 0.743 0.743 0.720 0.935 0.859

Table 20: Recovery of the single designed primary event by the frozen extractor. Recovery requires exact event
type and interval IoU at least 0.5. Mean best IoU is reported for every designed event. This diagnostic estimates
primary-event recall, not precision for additional extracted events.

Prompt Claims Gold-compatible Ext. S Gold S Compat. S Compat. S+P

Direct 20,532 3,270 0.493 0.130 0.748 0.983
CoT 53,955 5,783 0.360 0.083 0.764 0.987
Structured 13,633 2,220 0.353 0.106 0.640 0.984
Event-grounded 16,925 2,381 0.676 0.074 0.519 0.998

Table 21: Reference sensitivity for the fixed 8,000 generations. Counts pool five models; rates macro-average
model-level proportions. Ext. S uses the extracted graph; Gold S checks all claims against sparse designed events.
Compatible columns retain represented claim types. The sparse graph is not exhaustive truth.
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This section provides supplementary empirical
results, including bootstrap uncertainty estimates
(Table 14), verifier calibration against human an-
notations (Table 15), full model-level results and
coverage diagnostics (Tables 16 and 17), repre-
sentative failure cases (Table 18), and analyses of
event-list ablation, event-extractor recovery, and
reference sensitivity (Tables 19–21).

D Human Audit Details

Annotation protocol. We conduct the human au-
dit as a calibration study for claim-level time-series
grounding. We first sample 180 claims from the
full synthetic verification outputs, balanced by au-
tomatic verifier label: 60 SUPPORTED, 60 PARTIAL,
and 60 UNSUPPORTED. Annotators receive a writ-
ten guideline defining the three support labels, the
error-type taxonomy, and practical boundary rules
for interval shifts, magnitude overclaims, mixed
claims, and causal statements. During annotation,
they see the claim text, the plotted time series, ex-
tracted events, gold/reference events, and the full
explanation for context, but they do not see the au-
tomatic verifier label or each other’s labels. After
guideline calibration, two annotators independently
label all 180 claims and agree on 156; Table 22
reports the annotator confusion matrix. We use
these 156 agreement cases as consensus gold for
verifier-alignment reporting; the 24 disagreements
are excluded from verifier-alignment metrics and
summarized separately. Table 23 reports the re-
sulting label distributions. Of the 24 unresolved
disagreements, 13 are SUPPORTED/PARTIAL, 8
are SUPPORTED/UNSUPPORTED, and 3 are PAR-
TIAL/UNSUPPORTED. The automatic verifier labels
20 of these cases UNSUPPORTED, 3 SUPPORTED,
and 1 PARTIAL, so unresolved annotation cases are
concentrated in verifier-unsupported predictions.

Annotator A label B supported B partial B unsupported

supported 123 6 2
partial 7 12 1
unsupported 6 2 21

Table 22: Human-human confusion matrix for the two
calibrated annotators. Rows are Annotator A labels and
columns are Annotator B labels.

Independent 90-claim audit. We sample 90 new
claims with 10 claims in each prompt-by-verifier-
label cell and hide both attributes during annotation.
The same two annotators independently apply the

Source N Supported Partial Unsupported

Annotator A 180 131 20 29
Annotator B 180 136 20 24
Consensus gold 156 123 12 21
Verifier sample 180 60 60 60

Table 23: Label distributions in the calibrated 180-claim
human audit. Consensus gold contains only the 156
claims on which the two annotators agree.

Reference True label Verifier supported Verifier partial Verifier unsupported

Consensus gold
supported 46 47 30
partial 2 9 1
unsupported 9 3 9

Annotator A
supported 48 48 35
partial 3 9 8
unsupported 9 3 17

Annotator B
supported 47 47 42
partial 4 10 6
unsupported 9 3 12

Table 24: Verifier-human confusion matrices grouped
by reference label source. Rows are human or consensus
labels, and columns are verifier labels. Consensus gold
uses the 156 human-agreement cases; Annotator A and
Annotator B use all 180 claims.

three-way taxonomy. They agree exactly on 76/90
claims (0.844; unweighted κ = 0.572); after merg-
ing PARTIAL and UNSUPPORTED, agreement is
0.878 (κ = 0.642). Against the 76 exact-consensus
cases, verifier exact agreement is 26/76 (0.342),
macro-F1 is 0.234, and κ = 0.003. Table 25 gives
both confusion matrices. Humans confirm 23/26
verifier-SUPPORTED claims, while 42/50 verifier–
consensus mismatches give a stricter verifier label
to a human-SUPPORTED claim. Because sampling
is balanced by prompt and verifier label, all per-
label quantities are conditional calibration rather
than corpus prevalence or accuracy.

Row label Column: S Column: P Column: U

Annotator 1 vs. annotator 2
S 65 6 2
P 2 6 2
U 1 1 5

Human consensus vs. verifier
S 23 23 19
P 1 1 4
U 2 1 2

Table 25: Confusion matrices for the independent 90-
claim audit. S, P, and U denote SUPPORTED, PARTIAL,
and UNSUPPORTED. Human consensus is exact three-
way agreement (76 cases). The sample contains 10
claims per prompt-by-verifier-label cell and therefore
supports conditional calibration, not prevalence estima-
tion.
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E Verifier Calibration Details

Table 15 groups human consensus labels by the ver-
ifier’s three-way label. For finer-grained diagnos-
tics, Table 26 groups non-supported verifier predic-
tions by automatic error type, and Table 27 groups
the same consensus-gold claims by verifier score.
Because the parent 180-claim audit was intention-
ally balanced by verifier label, these tables should
be read as conditional calibration diagnostics rather
than estimates of natural corpus prevalence.

Verifier error type N Human sup. Human part. Human unsup. Non-sup. accept

interval_mislocalization 56 0.786 0.161 0.054 0.214
pattern_hallucination 26 0.654 0.000 0.346 0.346
direction_error 10 1.000 0.000 0.000 0.000
pattern_confusion 7 0.857 0.143 0.000 0.143

Table 26: Human calibration of verifier non-supported
error types on the consensus-gold subset.

Score bin N Mean score Human sup. Human part. Human unsup.

[0.00,0.25) 40 0.000 0.750 0.025 0.225
[0.25,0.50) 1 0.480 1.000 0.000 0.000
[0.50,0.75) 49 0.699 0.796 0.163 0.041
[0.75,0.90) 16 0.806 0.812 0.125 0.062
[0.90,1.00] 50 0.961 0.800 0.020 0.180

Table 27: Verifier score calibration on consensus-gold
human-audit claims. Scores are produced by the rule
verifier before human labels are used.

We also tested whether simple threshold tuning
explains the human-verifier gap. With the fixed
thresholds used in all main experiments, the veri-
fier achieves 0.410 exact agreement, 0.353 macro-
F1, κ = 0.090, and 0.333 non-supported F1 on
the 156 consensus-gold claims. Five-fold cross-
validation, selecting thresholds on four folds and
evaluating on the held-out fold, yields 0.391 ex-
act agreement, 0.335 macro-F1, κ = 0.066, and
0.316 non-supported F1. Even the best in-sample
thresholds yield only 0.417 exact agreement and
0.357 macro-F1. Thus, the gap is not primarily a
threshold-selection artifact.

For the independent two-annotator 90-claim syn-
thetic audit, Table 28 summarizes the verifier-
stored error codes for the 42 exact-consensus cases
in which human consensus is SUPPORTED but the
verifier assigns PARTIAL or UNSUPPORTED.

Two diagnostic cases. In CRV091, both anno-
tators support the claim “No clear seasonality or
repeating cyclical patterns are evident,” but the ver-
ifier labels it UNSUPPORTED. The parser records
a seasonality claim without negative polarity, so
evidence for absence is treated as a failed positive-
event match. This is a directly traced parser lim-

Stored verifier code Count

Interval mislocalization 23
Pattern confusion 11
Pattern hallucination 4
Direction error 4

Table 28: Verifier-stored error codes for the 42 exact-
consensus mismatches in the independent two-annotator
90-claim synthetic audit where human consensus is SUP-
PORTED and the verifier assigns PARTIAL or UNSUP-
PORTED. These automatic codes are hypotheses about
mechanism, not independently adjudicated causes.

itation and motivates polarity-aware verification
rather than threshold tuning alone.

HP025 (test_000137, sharp-drop stratum)
traces a different pipeline behavior. The extrac-
tor recovers the designed sharp drop at [43, 46]
and also emits a full-range downward trend and
a strong period-4 seasonality event. The event-
grounded output verbalizes the additional events,
and the shared verifier gives the period-4 claim
score 1.0. Direct and CoT instead describe sta-
ble regimes separated by the abrupt drop, and the
blinded comparison favors those baselines on this
item. Because the annotators rate complete expla-
nations, this is a graph-to-text propagation illustra-
tion, not claim-level adjudication of the additional
events.

F Blinded Human Preference Study

Protocol. We sample 40 synthetic series, five
from each of the eight phenomena, and generate
all compared outputs with GPT-4.1-mini. Two an-
notators independently complete 80 randomized
comparisons each: event-grounded versus Direct
and event-grounded versus CoT for every series.
Raters see the plotted series, original question, and
two explanations; assign anchored 1–5 faithfulness
and informativeness scores to each; and choose
A, B, or Tie for more faithful, more informative,
and overall preference. Prompt identities, extracted
and gold graphs, verifier outputs, and the random-
ization key are hidden. Before randomization, we
remove bracketed event IDs from event-grounded
outputs and the fixed condition-identifying opener
from CoT outputs; the remaining explanation text
is unchanged.

For each comparator and rating dimension, we
average the two annotators’ event-grounded-minus-
baseline difference within each series. Confidence
intervals use 5,000 nonparametric bootstrap re-
samples of the 40 series, and two-sided paired
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Wilcoxon tests use those same 40 values with
Holm correction over four rating tests. Overall-
preference counts pool 80 judgments per compara-
tor and are descriptive; the two blocks reuse the
same 40 series. Table 7 reports the aggregate rat-
ings in the main text, and Table 29 reports agree-
ment.

Decoded preference Exact agreement κ

More faithful 0.888 0.310
More informative 0.850 0.477
Overall 0.900 0.427

Table 29: Inter-annotator agreement over 80 com-
parisons after decoding randomized A/B positions to
{event-grounded, comparator, tie}. Direct and CoT are
mapped to a common comparator label only for this
pooled summary.

Same-sample rank reversal. On these 40 series,
strict graph-supported fractions are 263/370 (0.711)
for event-grounded, 127/220 (0.577) for Direct, and
426/1,199 (0.355) for CoT. The blinded ratings fa-
vor both baselines on both dimensions. This is not
evidence of a faithfulness–informativeness trade-
off; it shows that the operational ordering does not
transfer to holistic human quality in this sample.

Period-4 propagation diagnostic. A period-4
event appears in 25/40 extracted graphs and in ex-
actly the same 25 event-grounded explanations,
compared with 0/40 Direct and 0/40 CoT ex-
planations. All 25 occur in the change-point,
upward/downward-trend, and sharp-rise/drop strata
(5/5 each); the sampled seasonality stratum has 0/5.
Table 30 shows that the human-rating gap is de-
scriptively larger in the period-4 subgroup for both
comparators and both dimensions. This split is
post hoc, coincides with five sampling strata, and
lacks claim-level adjudication; the aggregate gap
in the 15-series no-P4 subgroup remains baseline-
favoring. We therefore treat it as a candidate
representation-linked propagation signal, not an
event-precision estimate or causal explanation of
the preference result.

G Real-NAB Human Audit Details

We additionally audit 90 Real-NAB event-
grounded claims sampled evenly from the verifier’s
SUPPORTED, PARTIAL, and UNSUPPORTED pre-
dictions. This is a single-annotator diagnostic of
real-world label plausibility rather than a replace-
ment for the two-annotator synthetic audit.

Comparison Faith. ∆ (P4) Faith. ∆ (no P4)

EG vs. Direct −2.520 −0.967
EG vs. CoT −2.520 −1.133

Comparison Info. ∆ (P4) Info. ∆ (no P4)

EG vs. Direct −1.180 −0.433
EG vs. CoT −1.740 −1.167

Table 30: Post hoc period-4 subgroup diagnostics. ∆
denotes event-grounded minus baseline after averaging
ratings across annotators. The P4 and no-P4 subgroups
contain 25 and 15 series, respectively.

Table 31 summarizes the human-label distribu-
tion and verifier macro-F1 overall, by model, and
by window type. Across all 90 claims, the anno-
tator labels 36.7% as SUPPORTED, 27.8% as PAR-
TIAL, and 35.6% as UNSUPPORTED, with verifier
macro-F1 of 0.390.

Verifier calibration. The verifier exactly agrees
with the human label on 35/90 claims (0.389;
κ = 0.083). Because the audit contains 30 claims
from each automatic verifier label, the per-label re-
sults are conditional calibration diagnostics rather
than estimates of corpus prevalence. Table 32 re-
ports the conditional human-label distributions, ex-
act agreement, and binary supported-versus-non-
supported gate consistency. Table 33 gives the
corresponding full three-way confusion matrix.

Slice N Supp. (%) Part. (%) Unsup. (%) Macro-F1

All audited claims 90 36.7 27.8 35.6 0.390

DeepSeek-V4-Flash 45 42.2 28.9 28.9 0.403
GPT-4.1-mini 45 31.1 26.7 42.2 0.367

Anomaly windows 45 31.1 31.1 37.8 0.355
Normal windows 45 42.2 24.4 33.3 0.418

Table 31: Single-annotator Real-NAB audit for 90 event-
grounded claims. Supp., Part., and Unsup. are human-
label percentages; Macro-F1 is reported on a 0–1 scale.

Metric Supported Partial Unsupported

N 30 30 30
Human supp. (%) 33.3 36.7 40.0
Human part. (%) 33.3 36.7 13.3
Human unsupp. (%) 33.3 26.7 46.7
Exact 0.333 0.367 0.467
Gate-consistent 0.333 0.633 0.600

Table 32: Real-NAB human-audit calibration by au-
tomatic verifier label. Columns correspond to verifier
labels. The sample is intentionally balanced by verifier
label, so these rates diagnose label reliability rather than
corpus prevalence.
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Human label Verifier supported Verifier partial Verifier unsupported

Supported 10 11 12
Partial 10 11 4
Unsupported 10 8 14

Table 33: Three-way confusion matrix for the Real-
NAB human audit. Rows are human labels and columns
are automatic verifier labels.

H Additional Synthetic Diagnostics

This section contains two supplementary synthetic
diagnostics tables. Table 34 reports pattern-by-
prompt behavior before verifier-guided repair. Ta-
ble 35 reports additional full synthetic metrics,
including partial rates, post-repair claim counts,
supported-claim preservation, total cost, and token
use.

Pattern Prompt Faith. Unsup. Part. Claims/Expl.

Upward trend

Direct 0.519 0.338 0.143 10.07
CoT 0.374 0.528 0.098 28.11
Structured 0.417 0.334 0.250 6.80
Event-grounded 0.691 0.008 0.301 8.70

Downward trend

Direct 0.493 0.308 0.199 10.69
CoT 0.382 0.475 0.143 26.84
Structured 0.392 0.303 0.305 6.80
Event-grounded 0.685 0.023 0.292 8.54

Sharp rise

Direct 0.552 0.364 0.085 10.38
CoT 0.435 0.477 0.088 26.40
Structured 0.381 0.393 0.226 6.34
Event-grounded 0.714 0.047 0.240 8.96

Sharp drop

Direct 0.452 0.447 0.101 10.58
CoT 0.381 0.537 0.082 25.30
Structured 0.304 0.508 0.188 6.34
Event-grounded 0.759 0.059 0.183 8.74

Volatility shift

Direct 0.332 0.529 0.139 9.80
CoT 0.285 0.616 0.099 27.11
Structured 0.215 0.612 0.173 7.38
Event-grounded 0.558 0.254 0.187 8.40

Change point

Direct 0.513 0.417 0.070 10.94
CoT 0.383 0.552 0.065 26.52
Structured 0.392 0.431 0.177 6.80
Event-grounded 0.719 0.063 0.218 7.92

Seasonality

Direct 0.385 0.590 0.025 10.53
CoT 0.254 0.721 0.025 29.32
Structured 0.343 0.616 0.041 7.35
Event-grounded 0.658 0.214 0.128 10.19

Anomaly

Direct 0.410 0.535 0.054 9.14
CoT 0.351 0.615 0.034 26.22
Structured 0.345 0.567 0.088 6.72
Event-grounded 0.636 0.235 0.129 6.26

Table 34: Full pattern-by-prompt diagnostics on the
synthetic test split, pooled over the five full-test models.
Metrics are computed before repair from claim-level
verifier labels.

Model Prompt Part. Claims/Expl. +Rep. Sem. Pres. ↑ Total Cost ↓ Tokens/Expl.

Claude Sonnet 4.5

Direct 0.057 3.86 0.557 $2.6975 895.9
CoT 0.066 4.58 0.569 $3.9652 1106.4
Structured 0.172 2.39 0.422 $2.3380 820.8
Event-grounded 0.163 6.29 0.959 $4.4150 2280.5

DeepSeek-V4-Flash

Direct 0.166 3.83 0.999 $0.2051 2102.4
CoT 0.111 7.44 0.974 $0.3525 3416.7
Structured 0.169 2.95 1.000 $0.2578 2564.7
Event-grounded 0.176 7.98 1.000 $0.1757 2533.0

Gemini-3-Flash

Direct 0.151 5.34 0.941 $1.5148 2075.5
CoT 0.070 7.67 0.975 $1.9057 2400.4
Structured 0.184 3.74 0.994 $1.7646 2270.4
Event-grounded 0.266 6.83 1.000 $2.2153 4152.8

GPT-4.1-mini

Direct 0.078 3.89 1.000 $0.1754 682.8
CoT 0.097 10.11 0.965 $0.4206 1062.9
Structured 0.176 3.10 0.999 $0.1990 707.6
Event-grounded 0.212 8.55 1.000 $0.5582 2298.8

GPT-5.4-mini

Direct 0.123 5.25 0.952 $0.6001 786.6
CoT 0.063 7.73 0.869 $1.0674 1043.0
Structured 0.195 3.24 1.000 $0.6049 776.0
Event-grounded 0.240 6.42 1.000 $1.0419 2163.1

Table 35: Additional full synthetic diagnostics on 400
examples. Sem. Pres. denotes supported-claim preser-
vation: an originally supported claim is counted as pre-
served when the repaired explanation contains a sup-
ported claim grounded by an overlapping support event.
Chronology violations were negligible in this setting:
all model–prompt rates were at most 0.002.

I Additional Multi-Provider Pilot
Diagnostics

The retained 80-example pilot uses the same
prompt-level aggregation as the main synthetic set-
ting.

Prompt Faith. ↑ Unsup. ↓ Claims/Expl. Faith.+Rep. ↑ Unsup.+Rep. ↓ Ret. ↑ Cost/Expl. ↓
Direct 0.490 0.404 10.54 0.956 0.025 0.519 $0.00260
CoT 0.367 0.551 26.69 0.948 0.022 0.306 $0.00387
Structured 0.339 0.480 6.89 0.932 0.036 0.462 $0.00259
Event-grounded 0.663 0.118 8.20 0.989 0.004 0.852 $0.00417

Table 36: Prompt-level pilot results averaged over five
LLMs on 80 stratified synthetic series. Faith. is the
strict graph-supported fraction; Ret. is post-repair claim
retention; Cost/Expl. is estimated API cost.

Table 36 reports the main prompt-level metrics,
and Table 37 reports additional prompt-level diag-
nostics for partial support, post-repair claim vol-
ume, supported-claim preservation, cost, and token
usage.

Prompt Part. Claims/Expl. +Rep. Sem. Pres. ↑ Avg. Total Cost ↓ Tokens/Expl.

Direct 0.106 4.41 0.890 $0.2081 1313.7
CoT 0.082 7.51 0.877 $0.3093 1818.2
Structured 0.180 2.99 0.880 $0.2074 1429.8
Event-grounded 0.219 6.99 0.998 $0.3337 2646.8

Table 37: Additional prompt-level pilot diagnostics av-
eraged over five LLMs. Sem. Pres. denotes supported-
claim preservation: an originally supported claim is
counted as preserved when the repaired explanation
contains a supported claim grounded by an overlapping
support event. Chronology violations were negligible:
all pilot rates were at most 0.002. Avg. Total Cost is the
mean cost of an 80-example model–prompt run.
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