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Abstract

Large language models (LLMs) have shown
strong multimodal reasoning abilities, yet their
understanding of purely numerical time-series
remains limited. Existing approaches mainly
focus on forecasting or trend description, pro-
viding little insight into the underlying events
that have occurred or are unfolding within ob-
served numerical dynamics. We study number-
to-event reasoning and decoding, a task that
infers interpretable and structured event hy-
potheses directly from numerical time-series
when explicit event information is unavailable
at inference time. The task focuses on aligned
and plausible event semantics that help explain
observed numerical dynamics. To address data
scarcity and semantic alignment challenges,
we propose a reasoning-aware framework that
combines an agent-guided event extractor, a
Hawkes-process-based synthetic data genera-
tor, and a multi-stage fine-tuning pipeline in-
tegrating a time-series encoder with a struc-
tured event decoder. The model generates in-
termediate reasoning steps and outputs con-
strained event representations. Experiments
across multiple real-world domains show that
our approach consistently outperforms strong
LLM baselines in event-level precision and re-
call, demonstrating its effectiveness in bridging
numerical reasoning and semantic event un-
derstanding. The code is available at https:
//github.com/feng1201/NUM2EVENT _IDEA.

1 Introduction

Numerical time-series are a primary source for
monitoring complex real-world systems such as fi-
nancial markets and industrial operations. Changes
in these signals are often driven by underly-
ing events, including market shocks (MacKin-
lay, 1997), policy interventions (Brodersen et al.,
2015), or system failures (Venkatasubramanian
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et al., 2003). In practice, however, explicit event
information—such as structured logs or textual re-
ports—is frequently delayed or unavailable at the
moment when decisions must be made. As a result,
practitioners must rely on numerical observations
alone, without direct evidence of which events may
be associated with the observed dynamics.

Recent advances in multimodal large language
models (MLLMs) have demonstrated strong rea-
soning capabilities across heterogeneous inputs
(Yin et al., 2024; Liu et al., 2023). When applied
to time-series data, existing methods primarily fo-
cus on numerical forecasting or descriptive pattern
understanding, such as anomaly or trend detection
(Xie et al., 2025; Kong et al., 2025; Wang et al.,
2025b). While effective for prediction, these ap-
proaches do not aim to generate plausible event
hypotheses associated with numerical changes.

A related line of work is event forecasting (Guan
et al., 2024; Gottschalk and Demidova, 2019),
which predicts future events from historical ob-
servations or event streams. This setting funda-
mentally differs from the problem we study. In
many real-world scenarios, event information is
precisely what is missing at inference time. The
practical need is to generate plausible hypotheses
about what may have already occurred or may be
unfolding within an observed numerical window,
so that these candidates can support subsequent
retrieval and human verification. We frame this set-
ting as retrospective and contemporaneous event-
hypothesis inference from time-series data.

Motivated by this gap, we introduce a new task
of number-to-event reasoning and decoding. Given
a window of numerical time-series, the objective
is to infer a set of latent, concurrent, and struc-
tured event hypotheses that may jointly explain the
observed dynamics. Event streams are available
only during training for supervision and are absent
at inference time. Time-series event classification
typically maps numerical windows to fixed label
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Figure 1: Comparison of our task with time-series classification and text-based event forecasting.

sets and struggles with concurrent or compositional
events (Ranjan et al., 2019; Azib et al., 2024); our
task requires translating numerical patterns into a
set of structured semantic representations under
explicit constraints. Crucially, this mapping is in-
herently one-to-many: similar numerical patterns
may be consistent with different real-world events,
so the outputs should be interpreted as auditable
candidate hypotheses rather than factual event iden-
tification or causal attribution. Given a window of
numerical time-series, the objective is to generate
a set of concurrent and structured event hypotheses
that are compatible with the observed dynamics.
Because similar numerical patterns can support dif-
ferent event interpretations, the task represents this
one-to-many relationship through a structured set
of comparable and inspectable hypotheses.

Despite its importance, number-to-event rea-
soning poses two key challenges. First, aligned
datasets pairing numerical time-series with struc-
tured event representations are extremely scarce
(Liu et al., 2025), as available supervision is of-
ten embedded in unstructured historical text. Sec-
ond, multiple interacting events may occur within
the same time window, making fixed-label formu-
lations inadequate. Addressing these challenges
requires a framework that can leverage weak super-
vision while supporting structured and interpretable
concurrent event decoding.

To this end, we propose a reasoning-aware
number-to-event decoding framework. Our ap-
proach extracts structured AAOD (Actor, Action,
Object, Direction) event representations from his-
torical text and aligns them with numerical seg-
ments, forming an extensible event schema with
explicit structural constraints. To improve coverage
of event concurrency and dependency patterns un-
der limited supervision, we employ a multivariate
Hawkes process as controlled training augmenta-
tion. This generator exposes the model to diverse

event interactions. Finally, we fine-tune a large lan-
guage model equipped with a time-series encoder
to decode numerical windows into constrained sets
of concurrent AAOD events, along with intermedi-
ate reasoning paths linking numerical dynamics to
event semantics.

Our contributions are summarized as follows:

* We introduce a new task of number-to-event
reasoning and decoding, which infers plausi-
ble structured event hypotheses from observed
numerical time-series when explicit event in-
formation is unavailable at inference time.

* We propose a reasoning-aware framework
that integrates structured event extraction,
dependency-aware data synthesis, and con-
strained LLM decoding for interpretable event
inference.

* We construct aligned numeric—event datasets
across multiple real-world domains and
demonstrate superior event-level precision
and recall compared to strong LLM baselines.

The remainder of this paper reviews related work
in Section 2, formalizes the task in Section 3,
presents NUM2EVENT in Section 4, reports the
experiments in Section 5, and summarizes the find-
ings in Section 6.

2 Related Work

Recent advancements in large language models
have led to rapid progress in the field of time-
series data. Firstly, foundation models training
by time-series data have been introduced to fore-
casting tasks (Rasul et al., 2024; Das et al., 2024;
Ekambaram et al., 2024; Woo et al., 2024), enhanc-
ing the ability to predict time-series values through
large scale dataset. Subsequently, researchers ex-
plored the alignment of time-series data with tex-
tual modality data to improve the performance of
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pipeline for structured event decoding.

time-series tasks (Jin et al., 2024; Pan et al., 2024;
Tang et al., 2025; Zhang et al., 2025b). Meanwhile,
many studies have attempted to enhance LLMs’
understanding of time-series data in textual modal-
ity, particularly in the analysis of long sequence
data (Xie et al., 2025; Wang et al., 2025b). Some
studies have actively expanded the modeling of
time-series data by incorporating additional infor-
mation and modalities, such as tabular data (Ma
et al., 2025) and images (Park et al., 2026; Chowd-
hury et al., 2025), further enhancing the process-
ing capabilities of time-series data. Recent studies
have proposed unified model frameworks designed
to handle multiple time-series tasks (Zhang et al.,
2025a; Wang et al., 2025a; Hao et al., 2025), such
as forecasting, classification, and anomaly detec-
tion, thereby improving the generality of the model.

GAMETime (Tan et al., 2026) studies event in-
ference from numerical time-series by asking lan-
guage models to select the event sequence most
consistent with a given numerical series. Its main
benchmark pairs sports win-probability trajecto-
ries with ordered play-by-play events and evalu-
ates models through a four-option selection task.
NUM2EVENT considers an open-ended generative
setting: given a numerical window and a domain-
specific AAOD schema, the model produces an
unordered set of concurrent event hypotheses with-
out candidate event descriptions at inference time.

We evaluate this formulation across energy, health,
and agriculture, where the same numerical pattern
may be associated with multiple plausible event
hypotheses.

3 Problem Definition

In this paper, we define number-to-event decod-
ing as structured event-hypothesis inference from
numerical time-series. Unlike conventional time-
series tasks, the goal of this task is to infer the
underlying event directly from numerical time-
series signals. Specifically, given a time-series win-
dow X(4—mt10) = {Tt—m+1, Tt—mt2,- -, Tt} Of
length m, the model is required to output an in-
terpretable set of events Fy = {ej,eq,..., ek},
where £ represents the number of events. Each
event is represented in a structured form that in-
cludes the key elements: Actor | Action | Object |
Direction, capturing the critical components of the
event. Formally, our task can be expressed as:

[ X—my1) — Eg. (1

Here, f maps the numerical window into a struc-
tured set of plausible event hypotheses.

4 Methodology

4.1 Overview

When addressing a new task, the primary challenge
is how to obtain relevant data. In our task, we need
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to extract relevant events from complex text. Event
extraction in natural language processing (NLP)
has traditionally followed the structured paradigm
of Actor | Action | Object (Lai, 2022), with LLMs
widely applied to extract event slots from text (Wei
et al., 2024). However, in real-world scenarios, the
textual information related to a specific time-series
is often complex and comes from diverse sources
(Wang et al., 2024). This makes it challenging to
integrate the information into a unified event extrac-
tion framework. To address this gap, we propose an
approach that integrates an agent-guided extraction
mechanism with restricted schema and dynamic
expansion. The restricted schema makes this new
task auditable and evaluable; dynamic expansion
then mitigates the limits of a fixed vocabulary by
incorporating frequent new terms into the event
repository.

After obtaining the relevant data, a key challenge
is how to efficiently utilize the available data due
to its scarcity. Data synthesis from available data
has been repeatedly validated in vision and NLP
tasks as an effective method for data scarcity (Bauer
et al., 2024). Yet in time-series tasks, most exist-
ing generation methods primarily focus on generat-
ing numerical sequences (Fu et al., 2024). These
methods generally fail to model the underlying
events, as they focus solely on numerical patterns
and neglect the event semantics associated with
them. To address this, we incorporate a synthe-
sis strategy based on statistical processes and im-
pulse responses function (IRF) to construct aligned
number-event training samples.

In terms of model construction and training,
LLMs have demonstrated impressive capabilities in
natural language understanding but exhibit limited
perception of numerical time-series data (Wang
et al., 2025a). Recent work in multimodal time-
series forecasting has further demonstrated the ef-
fectiveness of the time-series encoder paradigm
(Xie et al., 2025; Jin et al., 2024). By processing
time-series data with encoders, these models are
able to extract more meaningful features, thereby
enhancing performance. Additionally, recent stud-
ies have shown that group relative policy optimiza-
tion (GRPO) can significantly enhance the model’s
reasoning capabilities (Srivastava and Aggarwal,
2025). By incorporating GRPO, models can opti-
mize their decision-making process, enabling more
accurate predictions. In our task, we propose a
multi-stage training pipeline that combines these
approaches to enhance the model’s ability to rea-

son over numerical time-series data and infer event
semantics. Our approach specifically includes the
following components:

Agent-Guided Event Extraction (AGE). An
agent framework with restricted schema extracts
AAOD events from historical text and dynamically
proposes new terms, forming a select expand it-
erate loop to build an extensible event semantic
repository.

Event-Driven  Time-Series = Synthesizer
(EveDTS). To bridge the data gap, we use a
generation module that separates endogenous back-
ground dynamics from exogenous event shocks. It
combines Hawkes processes with local-projection
impulse responses and AR dynamics to create
controllable training augmentations.

Model Training. We adopt a multi-stage train-
ing pipeline: first training a time-series encoder,
then fine-tuning the language model to generate
natural-language reasoning and structured event
hypotheses from numerical inputs.

Our framework integrates event extraction, data
synthesis, and model training into a unified
pipeline, designed to leverage structured supervi-
sion and synthetic samples for effective learning
and reasoning from numbers to event semantics.

4.2 Agent-Guided Event Extraction

In the task of number-to-event alignment, obtaining
standardized and extensible event supervision is the
primary challenge. Relying solely on manual anno-
tation is costly and often suffers from inconsistency
across annotators (Horych et al., 2025). In natu-
ral language processing, event extraction can be
performed with LLMs under fixed paradigms (Wei
et al., 2024). However, these approaches largely
remain within the textual modality, without integra-
tion with numerical signals, and they lack mecha-
nisms for open expansion.

To address this issue, we propose the AGE mod-
ule. Its goal is to provide standardized, extensi-
ble, and auditable supervision for number-to-event
alignment. AGE adopts AAOD slots as the mini-
mal structural units for extraction.

During event extraction, we use a LLM to match
the input text with predefined slot that represent key
components of the event. The goal of the extraction
process is to identify the most likely configuration
of these slots based on the input text, selecting the
most relevant terms from the event schema.

Formally, for each event slot ¢ (e.g., Actor, Ac-
tion), we define a candidate schema set C;. The
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extraction process is modeled as a constrained se-
lection task. Specifically, for a given input text 7',
we instruct the LLM (parameterized by 6) to select
the optimal value ¥; from the candidate set C; that
maximizes the conditional probability:

velC;

where Py(v | -) represents the likelihood assigned
by the LLM to the token v, and prompt; denotes
the specific instruction for slot 4.

To address the issue of expanding the schema
during extraction, we introduce a dynamic schema
update process. When a suggested schema term v;
for a particular slot exceeds a predefined suggestion
threshold s, it is added to the schema. This results
in an updated event schema, denoted as V, which
is defined as:

Ci=C;Uv | count(v,i) > thr, YieS. (3)
For each specific slot type @ € S (where § =
{Actor, Action, Object, Direction}), the schema is
independently expanded. The updated candidate
set C; is defined as the union of the original set
C; and the high-frequency novel terms specific to
that slot whose occurrence frequency exceeds a
threshold thr.

In this way, AGE forms a closed loop of se-
lection, expansion, and iteration: first extracting
with the restricted schema, then aggregating high-
frequency suggestions into the repository, and fi-
nally initiating the next round of extraction. After
obtaining events, AGE further performs deduplica-
tion and filtering, outputting standardized events.
Through this mechanism, AGE ensures that extrac-
tion results remain structured and consistent, while
progressively expanding the event space, thereby
providing stable and extensible semantic supervi-
sion for subsequent number-to-event decoding.

4.3 Event-Driven Time-Series Synthesizer

In this task, real event annotations alone are often
insufficient to cover diverse dependency patterns
and impact effects (Shi et al., 2025). In complex
systems such as finance and industry, events may
also influence the occurrence and impact of other
events, producing interactions beyond independent
event arrivals (Bacry et al., 2015). We therefore
use synthetic data as controlled training augmen-
tation for exposing the model to richer concurrent-
event patterns. To achieve this, we must ensure

that the model possesses strong interpretability and
flexibility. Interpretability ensures that the links
between events and numerical fluctuations are ex-
plicit, while flexibility enables the simulation of
event interactions and temporal dependencies.

To meet these requirements, we have chosen
classical statistical methods, such as the Hawkes
process, IRF, and autoregressive (AR) models.
Hawkes processes have long been employed in do-
mains such as financial markets and seismology to
simulate clustered event arrivals (Lima, 2021), mak-
ing them a natural choice for modeling event driven
signals. Local projection IRF are widely used in
econometrics to analyze the dynamic effects of
exogenous shocks on numerical series (Coulombe
and Klieber, 2025), offering interpretable pathways.
Meanwhile, AR models remain a classical tool for
time-series modeling and are commonly used to
generate realistic background dynamics (Cai et al.,
2025). Although these three approaches have been
extensively studied in their respective fields, they
have not previously been integrated to construct
synthetic series and event paired datasets.

EveDTS module is designed to bridge this gap.
EveDTS works with first differences of series,
defining Ay, = y — y.—1. We begin by model-
ing event arrivals with a Hawkes process:

K
Me(t) =i+ > ) agigt—t]), @

J=l <t

where \i(t) denotes the conditional intensity of
type-k events at time ¢, iy, is the baseline intensity,
ay; captures the influence of type-j events on type
k, and g(-) is a temporal decaying kernel related to
time (e.g., g(u) = we™“" for u > 0).

Given a event at time ¢, its effect on the series is
traced via local projections:

Ayirp, = Br(h) 1{event of type k att} + e4yp,
)
where 1{event of type k at ¢} is an indicator func-
tion that indicates whether an event of type k oc-
curred at time ¢. To its left, O;(h) represents the
impact of event k on the time-series data, specif-
ically its effect on the value change over the next
h time steps. And &, p, represents other influences
on the time-series data, such as errors.
Superimposing AR background dynamics with
event shocks yields the generative form in differ-
ences:
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4 K
Ay, = Z Oj Ay + Z Z Br(t — tF) + ey,
j=1 k=1 k<t

(6)
where ¢; represents the autoregressive coefficients,
capturing the persistence of background dynamics.
The second term aggregates the cumulative impact
of all historical events. Specifically, the Hawkes
process governs the generation of event timestamps
{tk}. Once an event of type k occurs at time tF,
it triggers a deterministic impulse response [y (7)
(where 7 =t — tf is the elapsed time), which is
superimposed onto the time series. This formula-
tion separates the event arrival process (driven by
A) from the event impact magnitude (driven by (3).

4.4 Model Training and Alignment

Gasoline Prices Analysis

|

1 1

1 1
2023.1.30 2023.4.24

Question:

The task involves analyzing weekly U.S. gasoline prices (OT) using a
time-series context, with the goal of carefully analyzing trends and
reasoning about plausible real-world events, such as fluctuations in the
following data: <TS> <TS/> ...

The output format includes a reasoning paragraph followed by structured
results in strict JSON format ...

|
|
|
1
|
|
|
I
I
I
I
I
|
|
|
Answer: |
The observed trend in the data indicates a recent stabilization or slight |
upward movement in U.S. gasoline prices, which may be linked to a |
combination of domestic and international market dynamics. Over the |
past three months, gasoline prices have shown a gradual increase, |
potentially influenced by a combination of seasonal demand, inventory |
levels, and global crude oil price fluctuations. The most recent week's I
| data (current month only) suggests that prices have either remained
I stable or slightly increased, which could be attributed to a variety of !
I factors. One plausible cause is a reduction in crude oil supply, possibly !
1 due to production cuts by OPEC or OPEC+ members, which would 1
| increase global oil prices and, in turn, affect U.S. gasoline prices. |
| Additionally, a decrease in domestic gasoline inventories could also be |
| contributing to the upward trend, as lower inventories can lead to price |
increases due to tighter supply conditions. Another potential factor is |
the release of a report by the Energy Information Administration (EIA)
that indicated a lower-than-expected increase in U.S. crude oil |
production, which could have signaled a tighter supply outlook and |
thus supported higher prices. These factors, combined with ongoing I
1 geopolitical tensions and seasonal demand patterns, are likely
I influencing the recent trend in U.S. gasoline prices. !
I Event hypotheses: |
| opec_plus/ production_cut/ crude_oil / down 1
| eia / report_release /inventory /down I
I

Figure 3: Case study on real-world gasoline prices data
(energy dataset).

LLMs have limited performance in native nu-
merical reasoning tasks and often fail to capture

local trends and subtle fluctuations (Shrestha et al.,
2025; Boye and Moell, 2025). To address this, we
introduce a alignment module that maps numeri-
cal dynamics into the LLM semantic space. Given
the numerical time-series window X ;_,,, 11 4), we
first segment the series into /N non-overlapping
patches P € RY*L»  To extract numerical fea-
tures, we employ an MLP-based time-series en-
coder fy. The processed patches are projected to
the LLM’s embedding dimension D via a learn-
able linear projection layer W ,.,;, yielding the
numerical representation matrix H;s € RNVxD.

H; = [hﬁs’ s 7h§\sf]—r = f¢>(P)Wp7“0j + bproj,

(M
where hi € RP denotes the aligned embedding
for the k-th numerical patch. Simultaneously, we
construct the textual input by inserting special
placeholder tokens (e.g., <TS>) into the instruction
T}eqt at positions corresponding to numerical men-
tions. The modified sequence 7" = {t1,...,t1}
is converted into dense representations using the
LLM’s pre-trained embedding matrix E,¢qp, re-

sulting in the textual representation matrix Hyeyr €
RL XD .

Hte:):t = [htlezt7 ey h%m}—r = T, X Evocaba (8)

where hi®*® ¢ RP represents the initial embed-
ding of the i-th token. To enable fine-grained
interaction, we employ an interleaved injection
strategy. The final multimodal input embeddings
Z = {z,,...,z1} are constructed by dynamically
substituting the placeholder embeddings in Hyc,;
with the corresponding aligned patch embeddings
from Hy,:

hl*  if¢; is the k-th placeholder token,

Z; =
hgezt

otherwise.

€))
This formulation ensures that continuous numeri-
cal signals are spatially aligned with their linguistic
context, enabling the LLM to perform joint reason-
ing over both modalities. The decoder is trained
to first produce a natural-language reasoning para-
graph that summarizes the observed numerical dy-
namics and then output the final AAOD event set.
The structured output serves as a normalized sum-
mary of the model’s reasoning trace.

In terms of training strategy, we adopt a multi-
stage process to ensure stable learning of numeri-
cal representations and progressive semantic align-
ment. In the first stage, only the time-series en-
coder is trained, enabling it to acquire numerical
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representations without interference from the large
parameter space of the language model. In the next
stage, the encoder parameters are frozen, and super-
vised fine-tuning (SFT) is applied to quickly adapt
the model as a cold start. To foster deep reasoning,
we further optimize the model using GRPO. Specif-
ically, for each multimodal input Z, we sample a
group of G outputs {01, 02, ..., 0} from the cur-
rent policy my. We verify each output against the
ground truth events to compute a reward ;. The
optimization objective is defined as:
1 G
G2 7
i=

Lcrpo = Ez~p , (10)

Ji = min (p; A;, clip(pi, 1 —€,1+€)A;) — Rk
(11)

mo(0i|Z)
T4 (0:1Z)
Rx1, = Dk is the KL regularization term, and €
is the clipping threshold. Crucially, the advantage
A; is computed using the group-relative standard-
ization:

where p; = is the probability ratio,

- ri—mean({ry,...,rGg})
Ai = std({r1,...,rg}) +9 ° (12)

This mechanism encourages the model to generate
reasoning paths that yield higher accuracy relative
to its own group samples.For further implementa-
tion details, please refer to Appendix A.2.

5 Experiments

In this section, we address the following research
questions (RQs) to comprehensively evaluate the
performance of our model:

RQ1 How does our model’s performance com-
pare with other model baselines across different
domains?

RQ2 What is the contribution of each component
in our framework?

RQ3 Is the complex concurrent event synthetic
data truly effective for the model?

RQ4 To what extent allows the framework for
zero-shot generalization to unseen domains?

In the following subsections, we provide detailed
experimental results and analysis to answer these
questions respectively.

5.1 Datasets and Experimental Settings

We evaluate NUM2EVENT on three real-world
domains: Energy (Gasoline Prices), Health

(Influenza), and Agriculture (Broiler Chicken
Prices) (Liu et al., 2025). We use a chronologi-
cal split: data before 2022 is used for training, and
2023-2024 is reserved for testing. Dataset descrip-
tions are provided in Appendix A.1.

We use Qwen3-8B as the backbone LLM and
fine-tune it with LoRA following the multi-stage
protocol in Section 4.4. We report monthly aver-
aged event-level Precision and Recall for all meth-
ods under the same structured decoding protocol.
Matching rules, strict 4-slot evaluation, GRPO re-
wards, prompts, and hyperparameters are provided
in Appendix A.2.

5.2 RQ1 How does our model’s performance
compare with other model baselines
across different domains?

Table 1 reports event-level precision and recall
on the three real-world domains. We compare
against closed-source LLMs, open-source LLMs,
and time-series-oriented models, including ChatTS
(Xie et al., 2025), TimeMQA (Kong et al., 2025),
and ITformer (Wang et al., 2025b). All baselines
are evaluated under the same input setting, schema
constraints, output format, and matching protocol,
as detailed in Appendix A.2.

The modest absolute scores across all systems
show that open-ended number-to-event decoding
remains challenging. Numerical patterns may sup-
port multiple plausible event hypotheses, while
the aligned references record only a subset of the
events associated with each window. Precision and
Recall therefore measure the recovery of reference-
aligned event hypotheses. The results show that
task-specific adaptation improves structured event-
hypothesis recovery across domains, with substan-
tial room remaining for further improvement. Un-
der this unified protocol, our method consistently
outperforms the baselines across all domains.

5.3 RQ2 What is the contribution of each
component in our framework?

We conduct three controlled ablations by remov-
ing one component at a time while keeping the
remaining training and evaluation settings fixed.
w/o Synthetic data removes the EveDTS-generated
samples and trains only on real aligned data. w/o
TS encoder removes the dedicated time-series en-
coder while retaining the raw numerical sequences
as input to the LLM, thereby evaluating the benefit
of explicit time-series representations. w/o GRPO
omits the policy-optimization stage while retaining
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Table 1: Event-level performance on real-world datasets.

Model Size Energy Health Agriculture
Precision(%) Recall(%) | Precision(%) Recall(%) | Precision(%) Recall(%)
Closed-source models
Claude Sonnet 4 N/A 17.50 13.76 11.76 27.06 15.00 30.94
Grok 4 N/A 12.50 10.55 2.35 343 12.50 28.13
Mistral Medium 3.1 | N/A 15.00 11.70 11.76 19.90 10.00 26.04
Qwen3 Max N/A 22.50 16.87 12.94 24.31 10.00 21.04
GPT-4.1 Mini N/A 18.75 15.18 8.24 11.96 12.50 30.42
Open-source models
Kimi k2 1T 21.25 17.16 9.41 16.67 2.50 4.69
DeepSeek V3.1 671B 11.25 7.81 4.71 6.18 12.50 25.42
GLM 4.6V 106B 18.13 12.66 7.06 9.80 6.25 11.46
Qwen3 32B 22.50 19.78 4.71 7.84 6.25 21.35
DS-R1-Distill-Qwen | 32B 6.56 6.08 11.77 23.63 6.25 16.15
GPT-0OSS 20B 16.56 13.72 5.88 11.37 7.50 15.63
Llama 4 Scout 17B 11.25 10.53 9.41 17.26 12.50 26.25
Qwen3 14B 10.00 8.64 7.06 15.39 2.50 2.81
DS-R1-Distill-Qwen | 14B 10.99 13.75 6.96 8.43 13.75 10.99
Ministral 3 8B 8.75 7.12 8.24 12.55 7.50 16.35
Time-series models
ChatTS 8B 16.25 1143 4.71 5.88 3.75 5.73
TimeMQA 7B 4.38 2.14 9.31 10.49 7.19 10.42
ITformer 7B 6.25 5.36 2.35 2.65 1.25 2.08
Ours | 8B | 27.50 21.58 | 14.12 3255 | 16.25 37.19
Table 2: Component ablation for event decoding.
Variant Energy Health Agriculture
Precision(%) Recall(%) | Precision(%) Recall(%) | Precision(%) Recall(%)

w/o Synthetic data 17.50 14.92 10.59 23.73 12.50 28.33

w/o TS encoder 23.75 17.72 11.76 26.47 15.00 34.06

w/o GRPO 22.50 17.63 10.59 22.84 11.25 26.77

Ours (full) 27.50 21.58 14.12 32.55 16.25 37.19

supervised fine-tuning.

As shown in Table 2, removing any of the three
components reduces both Precision and Recall
across all domains. The largest degradations are
generally observed when synthetic augmentation
or GRPO is removed, particularly for Recall on
Health and Agriculture. Removing the time-series
encoder produces smaller but consistent declines,
showing that explicit time-series representations
provide additional benefits beyond directly feed-
ing raw numerical sequences to the LLM. These
results indicate that the three components play com-
plementary roles in the complete training pipeline.

All variants are evaluated on the same real held-
out test sets. The improvements from synthetic
augmentation therefore reflect the transfer of aug-
mented training signals to real numerical windows.
Additional discussion of synthetic-data diagnostics
is provided in Appendix C.

5.4 RQ3 Is the complex concurrent event
synthetic data truly effective for the
model?

To examine whether modeling dependencies
among concurrent events improves synthetic aug-
mentation, we compare the full EveDTS generator
with event interactions (WI) against a variant that
uses only baseline event intensity (BI). As shown
in Table 3, incorporating event interactions consis-
tently improves both Precision and Recall across
all three domains. This result indicates that mod-
eling dependencies among event types produces
synthetic training trajectories that better support
downstream event decoding than modeling their
background occurrence rates alone.

5.5 RQ4 To what extent allows the framework
for zero-shot generalization to unseen
domains?

To evaluate cross-domain generalization, we train
NUM2EVENT on one source domain and evaluate
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Table 3: Effectiveness of concurrent event modeling. We compare the performance of method with interactions
(WI) against the variant considering only baseline intensity (BI) across three domains.

Energy Health Agriculture
Precision(%) Recall(%) | Precision(%) Recall(%) | Precision(%) Recall(%)
BI 21.25 15.00 10.59 23.82 13.75 34.06
WI 27.50 21.58 14.12 32.55 16.25 37.19

Table 4: Cross-domain experiment to validate the generalization ability of our framework. Each row represents
a different training dataset, while each column corresponds to a test dataset. The row labeled "w/o Training"
represents the baseline model, which has not undergone any optimization using our framework.

Trainine Dataset Energy Health Agriculture |
g Precision(%) Recall(%) | Precision(%) Recall(%) | Precision(%) Recall(%)
Energy 27.50 21.58 11.76 26.96 12.50 26.25
Health 17.50 14.10 14.12 32.55 12.50 31.25
Agriculture 16.25 13.04 10.59 24.41 16.25 37.19
w/o Training 12.50 9.60 5.88 12.45 3.75 9.38

it on each target domain without additional target-
domain training. In Table 4, the diagonal cells
correspond to in-domain evaluation, while the off-
diagonal cells represent transfer to unseen domains.
All cross-domain transfer settings improve both
Precision and Recall over the unadapted model
(w/o Training), indicating that the learned align-
ment between numerical dynamics and structured
event hypotheses is partially transferable across do-
mains. The in-domain model remains strongest on
each target domain.

6 Conclusion

In this paper, we introduced number-to-event
reasoning and decoding, which infers structured
event hypotheses from numerical time-series when
textual context is unavailable. We proposed
NUM2EVENT, a reasoning-aware framework com-
bining agent-guided event extraction, Hawkes-
based synthetic augmentation, and multi-stage fine-
tuning with a time-series encoder and LLM. Exper-
iments on three real-world domains demonstrate
that our method significantly outperforms strong
LLM baselines in event-level precision, recall, and
interpretability, while producing explicit reasoning
traces that link quantitative changes to semantic
event hypotheses.

Limitations

NUMZ2EVENT infers plausible event hypotheses
from numerical dynamics. Numerical observations
alone rarely identify unique real-world causes: mul-
tiple latent factors may produce similar time-series
patterns, and the aligned reference events used for

evaluation may cover only part of the valid expla-
nation space. Our evaluation therefore measures
recovery of salient aligned event semantics under
ambiguous evidence.

The framework also relies on an AAOD schema
with controlled candidate sets. AGE includes dy-
namic schema expansion, while scaling to domains
with much larger or rapidly changing event vocab-
ularies remains an open challenge.
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A Dataset and Experiment

A.1 Dataset

Table 5 summarizes the three real-world datasets
used in our experiments, including their domain de-
scriptions, temporal coverage, sampling frequency,
and data sources.

A.2 Evaluation and Training Objectives

As mentioned in the main text, we report monthly
averaged Precision and Recall. This aggregation
strategy smooths out short-term volatility and pro-
vides a indicator of the model’s long-horizon tem-
poral reasoning ability.

Event Matching and Evaluation Protocol.
Given the complexity of open-ended event decod-
ing, requiring an exact string match for all four
AAOD slots is often overly stringent. This is not
only due to synonymous variations but also because
many events are intrinsically neutral (e.g., "meet-
ing held"), making the "Direction" slot latent or
ambiguous. To address this, we define a predicted
event as a correct hit (true positive) if it matches
the ground truth in the three primary semantic slots:
Actor, Action, and Object in Table 1. This crite-
rion ensures that the evaluation prioritizes the core
event semantics while allowing reasonable flexibil-
ity for auxiliary or often latent attributes, such as
Direction. To provide a conservative and transpar-
ent assessment, we report the most rigorous results
in Table 6, which requires an exact string match
across all four AAOD slots simultaneously. Even
under this strictest baseline, our model consistently
outperforms existing methods. For constructing
reasoning-augmented supervision, we employ GPT-
4o-mini to generate intermediate reasoning chains
from the paired data, which are incorporated into
the training set to guide the model toward inter-
pretable reasoning, with the specific prompt design
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Table 5: Detailed Information of Datasets Used in the Study

Dataset Name Description

Time Span  |Frequency |Source

Gasoline Prices

and demand.

Weekly U.S. gasoline prices, reflecting
market trends influenced by factors like
international oil prices, energy policies,

U.S. Energy Informa-
Weekly |tion  Administration
(EIA)

1996 - May 2024

Proportion of influenza patients in the

Centers for Disease

Influenza Patients Proportion|U.S., providing insights into seasonal 1997 - May 2024| Weekly |Control and Prevention
trends and flu outbreaks. (CDC)
Monthly U.S. retail prices for broiler US. Department of
Retail Broiler Composite |chickens, affected by production costs,| 1983 - May 2024 | Monthly - P

demand, and supply chain changes.

Agriculture

and generated examples illustrated in Figure 8. All
baseline models are evaluated under the same task
input, instruction template, schema constraints, out-
put format, and matching script. The main compar-
ison therefore holds the structured event-inference
protocol fixed across models.

Output Schema and Post-processing. For each
numerical window, the model outputs a set of
AAOD events. Each event is represented as a four-
slot tuple: Actor, Action, Object, and Direction.
During evaluation, the generated response is first
parsed into candidate event tuples. We normalize
trivial surface variations such as extra whitespace
and duplicated separators, and remove exact dupli-
cate event tuples within the same window. Mal-
formed outputs that cannot be parsed into the re-
quired slot structure are treated as invalid predic-
tions. The predicted events are evaluated as an un-
ordered set, since multiple events may occur within
the same numerical window and their output or-
der is not semantically meaningful. This set-based
treatment is also consistent with the training ob-
jective, where the model is encouraged to recover
the relevant event semantics rather than a particular
ordering of event mentions. The natural-language
reasoning paragraph is retained for interpretability,
while the final structured AAOD set is used for
automatic scoring.

Reasoning-Augmented Supervision. For super-
vised fine-tuning, each training instance contains
the numerical input, a short reasoning chain, and
the final AAOD event set. The reasoning chain
summarizes salient numerical movements and links
them to candidate event semantics. This format
encourages the model to expose an intermediate
explanation before producing the structured out-
put, while keeping the final event representation
standardized for evaluation.

GRPO Training Reward. During the subse-
quent GRPO training phase, we implement a fine-
grained slot-level reward mechanism to provide
dense feedback. Specifically, the reward R(é, e*)
for a predicted event é given the ground truth e* is
defined as:

R(é 6*) _ —p if é ¢ Fralid
’ Y ees (s = 07) i é € Fraia
(13)

Here, Fyaiq represents the set of syntactically valid
outputs. If the format is correct, the model re-
ceives +1 point for each slot s € S (where S =
{Actor, Action, Object, Direction}) that matches
the ground truth value v}, yielding a maximum
possible score of +4. Conversely, to enforce struc-
tural consistency, we impose a penalty p for format
violations.

A.3 Model Parameter

We employ Qwen3-8B as our backbone large lan-
guage model. To balance performance and com-
putational efficiency, we utilize Low-Rank Adap-
tation for fine-tuning. The time-series encoder is
implemented as a 4-layer MLP with a hidden di-
mension of 128. Furthermore, we investigate the
impact of different encoder patch length partitions
on model performance, with the detailed experi-
mental results reported in Table 7.

A.4 EveDTS Parameter Estimation

All model parameters are empirically derived from
the training data using econometric techniques,
avoiding heuristic tuning.

1. Baseline Intensity (u;): We estimate time-
varying baseline intensities p(t) via Maximum
Likelihood Estimation (MLE). The model explic-
itly incorporates week-of-year seasonal factors
(Ywoy) to distinguish deterministic seasonal pat-
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Table 6: Event-level performance on real-world datasets under the strict 4-slot match criterion.

Model Si Energy Health Agriculture
ode 12€ | Precision(%) Recall(%) | Precision(%) Recall(%) | Precision(%) Recall(%)
Closed-source models
Claude Sonnet 4 N/A 15.00 10.08 5.88 6.47 6.25 8.85
Grok 4 N/A 8.75 6.17 2.35 3.43 5.00 7.29
Mistral Medium 3.1 | N/A 8.75 6.23 2.35 2.35 3.75 5.73
Qwen3 Max N/A 13.75 9.69 5.88 6.47 2.50 3.13
GPT-4.1 Mini N/A 13.75 9.15 2.35 2.65 5.00 7.29
Open-source models
Kimi k2 1T 13.75 9.95 1.18 1.47 0.00 0.00
DeepSeek V3.1 671B 6.25 5.17 3.53 3.82 6.25 9.58
GLM 4.6V 106B 11.56 8.78 1.17 1.17 3.75 4.68
Qwen3 32B 15.00 10.84 1.18 1.18 3.75 5.21
DS-R1-Distill-Qwen | 32B 3.75 3.44 3.53 3.53 3.75 5.21
GPT-0OSS 20B 11.25 8.01 1.18 2.94 2.50 3.65
Llama 4 Scout 17B 8.75 6.64 2.35 2.35 5.00 7.29
Qwen3 14B 8.75 6.34 1.18 1.47 1.25 1.56
DS-R1-Distill-Qwen | 14B 8.75 7.46 1.96 1.47 1.25 1.56
Ministral 3 8B 2.50 2.14 0.00 0.00 0.00 0.00
Time-series models

ChatTS 3B 11.25 7.16 1.18 1.18 1.25 1.56
TimeMQA 7B 4.38 2.14 5.78 5.00 0.00 0.00
ITformer 7B 6.25 4.67 0.00 0.00 0.00 0.00
Ours | 8B | 15.00 11.93 | 5.88 971 | 8.75 12.50

Table 7: Impact of patch length on event decoding performance (Energy dataset).

Patch=1 Patch=2 Patch=3 Patch=4

Patch Size
Precision(%) 17.50
Recall(%) 13.74

27.50
21.58

25.63
20.60

21.25
18.22

terns (e.g., scheduled reports) from stochastic event
bursts.

2. Hawkes Interactions (c;): Interaction coef-
ficients are estimated using a Multivariate General-
ized Linear Model with a non-parametric discrete
lag structure. To ensure stability and physical va-
lidity given data sparsity, we apply Ridge Regres-
sion combined with Non-Negative Least Squares
constraints. This prevents overfitting to spurious
correlations.

3. Impulse Response Functions (5;): Causal
impacts are estimated via Local Projections, which
are useful to model misspecification. We utilize
Newey-West HAC standard errors to identify and
filter statistically insignificant responses, ensuring
that synthesized samples are driven by event signals
rather than noise.

B Additional Validity Evaluation

Reference-set matching is informative but incom-
plete for this task, because numerical observations
may admit multiple plausible event interpretations
and the annotated references may not cover ev-

ery valid explanation. To complement event-level
precision and recall, we conduct a blind pairwise
LLM-as-judge evaluation following the general
evaluation paradigm of MT-Bench and Chatbot
Arena (Zheng et al., 2023; Chiang et al., 2024).

For each Energy-domain test sample, the judge
receives the full output from our model and GPT-
4.1-mini, including both the natural-language rea-
soning paragraph and the final predicted event
set. The two outputs are randomly ordered and
anonymized. The judge scores each side on a 1-4
scale along four dimensions: hypothesis schema
validity, causal logic validity, reasoning restraint,
and predicted-vocabulary precision.

Table 8: Blind pairwise LLM-as-judge evaluation on the
Energy domain. Scores are averaged over test samples.

Dimension Ours GPT-4.1-mini
Hypothesis Schema Validity 2.06 1.63
Causal Logic Validity 2.81 2.69
Reasoning Restraint 2.44 2.31
Pred. Vocabulary Precision  2.00 1.44
Total (out of 16) 9.31 8.06
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Our model obtains higher average scores on all
four dimensions. This result provides complemen-
tary evidence that the predicted event hypotheses
are not merely artifacts of exact reference match-
ing: an independent blind judge can distinguish the
schema validity, causal consistency, and restraint
of the generated outputs.

C Synthetic Data Diagnostics

We further analyze whether EveDTS introduces
generator-specific event artifacts. The synthetic
data are used only for training augmentation, while
all reported test results are computed on real held-
out windows. To inspect the event vocabulary in-
troduced by the generator, we compare the AAOD
keys appearing in synthetic training samples with
those appearing in real training samples on the En-
ergy domain.

The diagnostic shows that the synthetic event
vocabulary is fully contained within the real train-
ing vocabulary: every AAOD key appearing in the
synthetic samples also appears in the real aligned
training data, with no synthetic-only event keys.
In addition, the real data cover a broader range
of actors, actions, and objects than the synthetic
data. This suggests that EveDTS does not intro-
duce novel out-of-distribution event types; instead,
it provides additional training signal within the
event space already observed in real data.

Combined with the w/o Synthetic data ablation
in Table 2 and the cross-domain transfer results
in Table 4, this diagnostic supports the interpreta-
tion that the model learns transferable numerical-
to-event reasoning patterns beyond synthetic-only
artifacts.

Hawkes-process and impulse-response assump-
tions may still miss important real-world event
dynamics. Sensitivity analysis over different
synthetic-data ratios and generator families remains
an important direction for future work.

D Prompts and case-study

In this section, we provide detailed visualizations
of the prompts employed in our framework and an
additional qualitative case study to support repro-
ducibility.
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Prompt for Gasoline Prices Analysis

You are given weekly U.S. gasoline prices (OT):

- Context window (last 3 months, weekly OT):

<ts3m><ts3m/>

- Current month only (weekly dOT):

<tsdot><tsdot/>

Task:

1. Carefully analyze the time-series trends and reason step-by-step about plausible real-world causes.

2. Write a *reasoning paragraph* summarizing your interpretation of the data trend and potential driving factors.
- This paragraph should sound like an analytical narrative (e.g., “The observed trend in the data indicates...”).
- It should include your reasoning path that connects the observed pattern to possible events.

3. Then, hypothesize up to 5 **REAL-TIME events** that occurred WITHIN THE CURRENT MONTH ONLY.

Output format:

- First, write your reasoning paragraph.

- After that, write the final structured results after {(FINAL)) in strict JSON format:

(FINAL))

{

\"hypotheses\": [
!

U
\"key\": \"NAME|ACTION|OBJECT|DIRECTION\",
}
]
}

Allowed token sets:

('NAME € {market, eia, opec_plus, united_states}',

'ACTION € {report_release, price_change, production_cut, forecast_lower, forecast lower, forecast_raise,
production_raise, extend_cut, sanction_impose, purchase, release, export_ban_lift}',

'OBJECT € {inventory, crude oil, gasoline, price, production, natural gas, inventory, diesel, export, jet fuel,
rig_count, brent, forecast}',

'DIRECTION € {ambiguous, up, down}")

Rules:

- Do NOT fabricate tokens outside these sets.

- Use \"|\" (vertical bar), **not underscores** to separate the fields.

- Each \"key\" must strictly follow this pipe-separated pattern: NAME|ACTION|OBJECT|DIRECTION .

- The reasoning paragraph should be fluent and analytic, not a list of events.

- If the same subject has multiple events, output each event separately; do not merge them.

Figure 4: Prompt for Gasoline Prices Analysis.
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Prompt for Influenza Patients Proportion Analysis

You are given weekly U.S. influenza patients proportion (OT):

- Context window (last 3 months, weekly OT):

<ts3m><ts3m/>

- Current month only (weekly dOT):

<tsdot><tsdot/>

Task:

1. Carefully analyze the time-series trends and reason step-by-step about plausible real-world causes.

2. Write a short *reasoning paragraph* summarizing your interpretation of the data trend and potential driving factors.
- This paragraph should sound like an analytical narrative (e.g., “The observed trend in the data indicates...”).
- It should include your reasoning path that connects the observed pattern to possible events.

3. Then, hypothesize up to 5 **REAL-TIME events** that occurred WITHIN THE CURRENT MONTH ONLY.

Output format:

- First, write your reasoning paragraph.

- After that, write the final structured results after (FINAL)) in strict JSON format:

(FINAL)

f

1
\"hypotheses\":
f
1
\"key\": \"NAME|ACTION|OBJECT|DIRECTION\",
}
]
}

Allowed token sets:

('NAME € {centers_for disease control, united states, world_health_organization, food and drug_administration,
advisory_committee_on_immunization_practices, health_and_human_services, national_institute_on_aging}',
'ACTION € {issue guidance, recommend_vaccination, report_release, confirm, approve authorize, detect,
conduct_study, rate_change, outbreak}',

'OBJECT € {vaccination, influenza, hSn1, hospitalizations, h1nl, vaccine, mortality, respiratory syncytial virus, cases,
deaths}',

'DIRECTION € {ambiguous, up, down}')

Rules:

- Do NOT fabricate tokens outside these sets.

- Use \"\" (vertical bar), **not underscores** to separate the fields.

- Each \"key\" must strictly follow this pipe-separated pattern: NAME|ACTION|OBJECT|DIRECTION .

- The reasoning paragraph should be fluent and analytic, not a list of events.

- If the same subject has multiple events, output each event separately; do not merge them.

Figure 5: Prompt for Influenza Patients Proportion Analysis.
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Prompt for Retail Broiler Composite Analysis

You are given monthly U.S. Retail Broiler Composite (OT):

- Context window (last 3 months, monthly OT):

<ts3m><ts3m/>

- Current month only (monthly dOT):

<tsdot><tsdot/>

Task:

1. Carefully analyze the time-series trends and reason step-by-step about plausible real-world causes.

2. Write a short *reasoning paragraph* summarizing your interpretation of the data trend and potential driving factors.
- This paragraph should sound like an analytical narrative (e.g., “The observed trend in the data indicates...”).
- It should include your reasoning path that connects the observed pattern to possible events.

3. Then, hypothesize up to 5 **REAL-TIME events** that occurred WITHIN THE CURRENT MONTH ONLY.

Output format:

- First, write your reasoning paragraph.

- After that, write the final structured results after {(FINAL)) in strict JSON format:

(FINALY)

\"hypotheses\": [

\"key\": \"NAMEJACTION|OBJECT|DIRECTION\",
§
]

Allowed token sets:

('NAME € {market, united states, us_government_agency, poultry industry association, poultry company,
claxton_poultry farms}',

'ACTION € {price_action, forecast action, production_action, trade policy action, health_event action, report_action,
subsidy action, approval action}',

'OBJECT € {price, production, export, capacity, disease_event, tariff, import, poultry product, guideline, subsidy}',
'DIRECTION € {ambiguous, up, down}')

Rules:

- Do NOT fabricate tokens outside these sets.

- Use \"\" (vertical bar), **not underscores** to separate the fields.

- Each \"key\" must strictly follow this pipe-separated pattern: NAME|ACTION|OBJECT|DIRECTION .

- The reasoning paragraph should be fluent and analytic, not a list of events.

- If the same subject has multiple events, output each event separately; do not merge them.

Figure 6: Prompt for Retail Broiler Composite Analysis.
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Prompt for Reasoning Chains

You are an {{corresponding dataset} } event extraction assistant. Output strictly JSON.

Goal: Return the simplest possible events. For each distinct event in the text,

extract ONLY these fields:

- {{name vocabulary} }

- {{action vocabulary} }

- {{object vocabulary} }

- {{direction vocabulary} }

- date (YYYY-MM-DD if explicitly evident; otherwise return null or omit the field; do not make up

dates)

- summary (one concise sentence capturing the most important part about this event)

- Do NOT set name to a country just because the text mentions a geography (e.g., "U.S. inventories").
If it is a report or data, set name to the agency. Treat geographies as scope, not actor.

- For price-only market color, set name="market".

- Use "united_states" only when the U.S. government is the agent.

- If no clear agent, please reply with the "name" you think should be selected in the "vocab_suggestion"

section.

Vocabulary suggestion rules:
- If a clearly relevant term is NOT in allowed_values, return it in "vocab_suggestion" with:
- "term": raw phrase (lowercased),
- "slot": one of ("names","actions","objects","directions"),
- "score": confidence 0.0—1.0.
- Return only ONE best candidate; if no candidate, return {"term": none, "slot": none, "score": 0.0}.
Hard rules:
1) Output JSON only, no extra text.
2) Use only allowed_values for name/action/object/direction.
3) One input may yield multiple events; avoid duplicates with same
(name, action, object, direction, date, summary).
Return shape:

{
"events": [
{
"name": "united states",
"action": "report_release",
"object": "price",
"direction": "up",
"date": "1998-01-02",
"summary": "United States released a report indicating gradual increases in retail gasoline prices."
}
]

"

}

)
vocab_suggestion": {"term":, "slot":, "score":

Figure 7: Prompt for AGE module.
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Prompt for Reasoning Chains

### ROLE
You are an explainer. You justify given AAOD events from time-series patterns.

#it# INPUT
- Last 3 months (weekly OT): {ts3m_array}
- Current month only (weekly dOT): {tsdot_array}

##t# GOLD_ANSWER (copy EXACTLY; do not modify)
<answer_json>

{answer_json}

</answer_json>

#i## TASK
1) Write ONE paragraph starting with "Reason:" (4-6 sentences, ~40—120 words).
- Justify ONLY using OT/dOT visual patterns: trend (up/down/flat), inflection points, volatility clusters,
week-over-week signs, and relative magnitude. Do NOT quote specific numbers.
- Do NOT mention that you were given the answer. No meta-talk.

2) Then print EXACTLY one line: {(FINAL))
3) AFTER {FINAL)), copy the JSON inside <answer json> UNCHANGED (verbatim). No extra text.

#t# RULES

- Do not invent new events; use the provided JSON as-is.

- If the JSON seems inconsistent, still copy it verbatim (the evaluator will handle validity).
- End output after the JSON.

### BEGIN
Reason:

Figure 8: Prompt for useing GPT-40-mini to generate reasoning chain.

Influenza Patients Proportion Analysis

2023.3.27 2023.6.26

Question:

The task involves analyzing weekly U.S. influenza patients proportion (OT) using a time-series context, with the goal of carefully
analyzing trends and reasoning about plausible real-world events, such as fluctuations in the following data: <TS> <TS/> ...

The output format includes a reasoning paragraph followed by structured results in strict JSON format ...

Answer:

The observed trend in the data indicates a fluctuating pattern in the proportion of U.S. influenza patients, with a recent decline in
the current month. The weekly data suggests a possible stabilization or reduction in the spread of influenza, which may be linked
to al chang public health interventic increase ni thin the population. The recent decline could be
influenced by factors such as the effectiveness of ongoing vaccination campaigns, behavioral changes in response to public
health advisories, or the natural progression of the influenza season. These factors could have contributed to a reduction in the
number of new cases or a lower proportion of patients relative to the population. Given the timing, it is plausible that recent
public health actions or policy changes have played a role in this observed trend.

Event hypotheses:
national institute on_aging / conduct_study / influenza / ambiguous
health and human_services / detect /cases  /down

Figure 9: Case study on real-world influenza patients proportion data.
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