Y

#:Augur: Modeling Covariate Causal Associations in Time Series via

Large Language Models

Zhiqing Cui'?, Binwu Wang!?*, Qingxiang Liu*, Yeqiang Wang®, Zhengyang Zhou'?,

Yuxuan Liang*, Yang Wang

1,2+

'Suzhou Institute for Advanced Research, USTC, Suzhou, China
2University of Science and Technology of China (USTC), Hefei, China
3Nanjing University of Information Science & Technology, Nanjing, China
“The Hong Kong University of Science and Technology (Guangzhou), Guangzhou, China
Shanghai Jiao Tong University, Shanghai, China
{zhiging@nuist.edu.cn, {wbw2024, angyan}@ustc.edu.cn}

Abstract

Large language models (LLM) have emerged
as a promising avenue for time series forecast-
ing, offering the potential to integrate multi-
modal data. However, existing LLM-based
approaches face notable limitations—such as
marginalized role in model architectures, re-
liance on coarse statistical text prompts, and
lack of interpretability. In this work, we in-
troduce Augur, a fully LLM driven time se-
ries forecasting framework that exploits LLM
causal reasoning to discover and use directed
causal associations among covariates. Augur
uses a two stage teacher student architecture
where a powerful teacher LLM infers a directed
causal graph from time series using heuristic
search together with pairwise causality testing.
A lightweight student agent then refines the
graph and fine-tune on high-confidence causal
associations that are encoded as rich textual
prompts to perform forecasting. This design
improves predictive accuracy while yielding
transparent, traceable reasoning about variable
interactions. Extensive experiments on real-
world datasets with 26 baselines demonstrate
that Augur achieves competitive performance
and robust zero-shot generalization.

1 Introduction

Time series forecasting serves as a critical task for
analyzing complex dynamic systems across var-
ious domains (Wang et al., 2024b; Liang et al.,
2024; Qiu et al., 2024). The objective is to predict
future time series values by leveraging historical
observations collected from target systems and si-
multaneously observed auxiliary covariate features
(Wang et al., 2024c; Chen et al., 2025; Wang et al.,
2024c). In recent years, the emergence of Large
Language Models (LLMs) has brought transforma-
tive opportunities to time series forecasting (Jin
et al., 2024; Kong et al., 2025; Liu et al., 2025; Cui,
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Figure 1: Motivation and problem illustration. Breath-
ing new life into time series tasks with our Augur.

2026; Liu et al., 2026), utilizing their powerful rep-
resentational capabilities to integrate multimodal
data such as textual information.

However, current LLM-based methods are hin-
dered by several fundamental limitations: @
Marginalized Role. LLMs are typically relegated
to a peripheral role, serving merely as auxiliary
modules that post-process or refine representations
generated by a primary forecasting model—rather
than acting as the central reasoning engine. @
Text Prompts. The prompts provided to LLMs
convey only coarse-grained statistical summaries
(e.g., global means and variances) without encod-
ing structured knowledge of causal among covari-
ates. This restricts the LLLM’s ability to apply its
native reasoning capabilities to uncover and model
complex dynamic interdependencies in the data. ©
Interpretability. Existing approaches generally
lack transparent, systematic mechanisms to reason
about variable interactions or trace how specific
covariates influence final predictions. This inter-
pretability deficit critically undermines trust and
usability in high-stakes domains such as finance
and healthcare (Jiang et al., 2025).

In this paper, we propose Augur, a novel frame-
work that relies exclusively on LLM for time se-
ries forecasting. As illustrated in Figure 1, Augur
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uniquely leverages the causal reasoning capabili-
ties of LLM to uncover latent causal associations
among covariates in the time series. This approach
not only improves the generalization performance
of forecasts but also enhances model interpretabil-
ity by enabling explicit, traceable reasoning about
covariate interactions.

Specifically, Augur employs a two-stage
teacher—student architecture. In the first stage, a
powerful pre-trained LLM acts as the teacher, iden-
tifying potential causal relationships in the time
series and encoding them as a directed graph. This
process combines a heuristic search-space reduc-
tion algorithm with pairwise causality tests, iter-
atively pruning spurious edges. In the second
stage, a lightweight LLLM serves as the student,
refining the teacher’s graph by retaining only high-
confidence causal links. These validated associ-
ations, along with their textual summary rather
than mere data summaries, are then converted into
structured prompts to guide the student’s forecast-
ing. This distillation significantly reduces infer-
ence costs and latency compared to deploying the
teacher model directly, ensuring practical scalabil-
ity. Extensive experiments on real-world datasets
show that Augur achieves competitive forecasting
accuracy and zero-shot generalization.

Contribution. @ To the best of our knowledge,
this work presents the first exploration of LLMs’
potential for analyzing causal associations among
time series covariates. @& We propose Augur, a
purely LLM-driven time series forecasting frame-
work that leverages a teacher-student dual-stage
architecture to refine causal associations and incor-
porate them as textual prompts, thereby enhancing
both predictive accuracy and interpretability. &
Extensive experiments on real-world datasets with
26 baselines demonstrate that Augur achieves dom-
inant performance.

2 Related work

Time Series Forecasting Time series forecast-
ing is a fundamental data analysis task with broad
applications across various domains (Liang et al.,
2024; Huang et al., 2023; Wang et al., 2023; Ma
et al., 2025b). Early approaches relied on recurrent
models such as Long Short-Term Memory (LSTM)
networks and TCN. Recently, Transformer, orig-
inally successful in natural language processing
and computer vision, is later introduced to time
series forecasting (Zhou et al., 2021, 2022b; Nie

et al., 2022a). Furthermore, MLP-based archi-
tectures have emerged as lightweight alternatives
(Zeng et al., 2023; Lin et al., 2024b). For instance,
TimeMixer (Wang et al., 2024a) achieves competi-
tive performance and remarkable efficiency by com-
bining MLPs with multi-scale modeling. However,
these models primarily focus on unimodal temporal
dynamics and remain limited in effectively leverag-
ing rich auxiliary modalities such as text.

LLM for Time Series Forecasting Recent ef-
forts in time series analysis have increasingly fo-
cused on developing general-purpose foundation
models, giving rise to two distinct research di-
rections. The first direction aims to build na-
tive time series foundation models. This line
of work originated with pioneering efforts such
as TimeGPT-1 (Garza et al., 2023) and has
since advanced rapidly, yielding significant inno-
vations—including Chronos’s novel time series
tokenization scheme (Ansari et al., 2024), Lag-
Llama’s probabilistic forecasting framework (Ra-
sul et al., 2023), and massively scaled architectures
like TimesFM (Das et al., 2024).

The second direction explores repurposing ex-
isting large language models (LLMs) for time
series forecasting by bridging the modality gap
between numerical sequences and textual repre-
sentations (Tan et al., 2024; Gruver et al., 2023).
This stream has evolved from early fine-tuning
approaches such as GPT4MTS (Jia et al., 2024)
to more sophisticated, non-invasive alignment
strategies—including the reprogramming frame-
work of Time-LLM (Jin et al., 2023) and the
instruction-based paradigm of UniTime (Liu et al.,
2024c)—which harness the power of LLMs with-
out modifying their core parameters.

3 Problem Formulation

Time Series. In this work, we focus on the chal-
lenge of multimodal time series. Each data in-
stance is represented by a multimodal input pair
(z,s), where x = (21,29, ...,27) € RT*N con-
stitutes the historical sequential observations over
a lookback window of length T, and N denotes the
number of time series covariates. The accompa-
nying component s encapsulates textual data that
provides contextual, real-world information perti-
nent to the numerical observations.

Causal Explanation. Causal Explanation is de-
noted as a tuple (G,S), where G = (V,E) is
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Figure 2: Overview of the Augur framework. Including
for efficient downstream time series tasks.

a Causal Directed Acyclic Graph (DAG) used to
describe the causal associations between variable
pairs, and E € RV*Y represents the set of edges.
S means Causal Summary that describes the mech-
anisms encoded in G.

Problem Definition Given historical time series
data and its accompanying textual context (z, s),
our goal is to predict the future value y. This value
may represent discrete categories in classification
tasks or continuous quantities in regression tasks.
Following prior research (Zhang et al., 2025; Jiang
2025), this study focuses on "discrete trend
change" prediction. This emphasis arises because,
in decision-critical applications such as risk as-
sessment and strategic planning, understanding the
trend direction (e.g., increase, decrease, or dras-
tic change) is often more practically valuable than
pursuing precise but uncertain continuous values.

et al.,

4 Method

As shown in Figure 2 and Algorithm 1, our Au-
gur employs a two-stage teacher-student collab-
orative learning process to produce accurate and
interpretable time series predictions.

@ Causal Explanation Generation via Teacher
Model. We first utilize a powerful general-
purpose LLM foundation model (referred to as the

Causal
\

causal explanation generation and student agent distillation

"Teacher" M) to perform a preliminary analysis of
potential causal associations within massive multi-
variate time series data. These causal explanations,
consisting of a causal graph Gy and a correspond-
ing narrative summary, .S, along with their associ-
ated time series, are distilled into a corpus Dsgr for
supervised fine-tuning the student model. Notably,
the teacher model does not undergo any additional
fine-tuning stages.

® Supervised Fine-tuning of Student Agent.
We begin by refining the corpus generated by the
teacher model, eliminating any false or mislead-
ing information to ensure the causal explanations
are accurate and optimized for downstream tasks.
These refined explanations are then utilized for su-
pervised fine-tuning of a smaller, more efficient
"Student" agent. This process enables the student
model to effectively carry out specific prediction
tasks with high accuracy and efficiency.

Based on the above process, a powerful pre-
trained LLM (e.g., GPT-5) can serve as the teacher
model, effectively guiding lightweight student mod-
els (e.g., Qwen) designed for specific prediction
tasks. This approach fully leverages the strong
representation and causal reasoning capabilities of
the large teacher model, while significantly reduc-
ing deployment and inference costs through the
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lightweight student model.

4.1 Causal Explanation Generation via
Teacher Model

Heuristic Search Space Reduction. To make
the causal discovery process tractable, the teacher
model first prunes the combinatorial space of pos-
sible edges. Based on the heuristic that significant
causal links often produce detectable statistical as-
sociations, it computes the Spearman’s rank corre-
lation (Sedgwick, 2014) for all variable pairs and
forms a candidate set KC of the top-K most corre-
lated pairs:

K = Top-K(y, v;)|ps(Va, V3)| (1)

where ps(+) means the Spearman’s rank correlation
with the time series of node V, and node V} as
input. This focuses the subsequent, more expensive
reasoning process on a high-likelihood subspace of
potential causal associations.

Pairwise Causal Judgment. Next, the teacher
model performs a semantic lift, translating nu-
merical patterns into causal hypotheses. For
each candidate pair (V,,V;) € K, the raw time
series segments x, and x; are serialized into
textual representations, (7,,7,), by converting
each numerical vector into a comma-separated
string. The teacher model then evaluates a dis-
crete hypothesis space H = {V, — V;,, V) —
Va, Confounded, Spurious} to determine the most
plausible causal link:

hy, = arg max P, (hi | Tas Tv) (2)

The resulting set of directed edges {h},} are ag-
gregated to construct an initial global causal graph,
Go = (V. Ey).

Iterative Causal Graph Refinement. The initial
graph (G is treated as a promising but potentially
inconsistent hypothesis. The teacher model refines
it in an iterative loop to ensure logical consistency.
At each step k, the agent receives the current graph
(G,—1 and a set of system-generated analytical cri-
tiques C%, which are indicators of structural viola-
tions (e.g., the presence of a cycle). The teacher
then proposes a graph modification AGy, (e.g., an
edge reversal or deletion) to resolve the critique:

AGL = My(G-1,Ck) 3)

Specifically, to resolve a cycle, the teacher model
is prompted with the full set of edges forming the

Algorithm 1 The model process of Augur
Require: Dataset D = {z;}; Teacher M;; Stu-
dent Mgo); Parameters K, \, Kipax, T
Ensure: Trained student model M
1: Initialize SFT dataset: Dgpr < 0
2: for each sample x € D do
3: K < Prune(z, K, 1)

4; Ey < JudgePairs(z, KC, M;)

5: Go (V, Eo)

6: (Gf,I) — Reﬁne(Go,Mt,KmaX)
7: S < Narrate(M;, G, T)

8: q < Score(z, Gy, S, \)

9: if ¢ > « then

10: Dskr (—'DSFTU{(I', Gf,S)}
11: end if

12: end for

13: Mg + FineTune(MgO), DSFT)
14: return M

circular dependency. It then initiates an iterative
reasoning process, evaluating the plausibility of
each causal link within the context of the entire
cycle and its embedded domain knowledge. The
model deliberates to identify the link that represents
the weakest or least plausible causal associations,
designating it for removal. The resulting modifica-
tion, AG}, represents this reasoned, context-aware
decision from the model. The new graph is formed
by G = Gi_1® AGy, where & denotes the appli-
cation of the modification to the graph’s edge set.
This process continues until no critiques remain
(Cy, = ), yielding a final, validated DAG, G/.

Grounded Narrative Synthesis. Finally, the
teacher model synthesizes a coherent narrative sum-
mary, S. It is conditioned on the validated graph
Gy and the set of key modifications Z made during
refinement (e.g., edges that were removed to break
cycles), ensuring the summary is fully grounded in
the final causal structure:

S = My(G,T) )

We combine the causal explanations generated by
the teacher model with their corresponding time se-
ries into a corpus, which is denoted as Dggr. Please
note that this corpus only involves a subset of vari-
ables from the used datasets.

4.2 Distillation and Training of Student Agent

After generating a corpus dataset from millions of
time series instances, we introduce a distillation
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process to train a specialized student agent. How-
ever, the raw outputs from the teacher model ex-
hibit variable quality and are not uniformly reliable
for direct use in training. Therefore, a critical inter-
mediate step is to curate this dataset by scoring and
filtering for the highest-quality causal explanations.

Causal Stability (F;). We adopt a consensus-
based approach to identify the most robust causal
structure. For a given time series x, we first gen-
erate a set of N diverse candidate DAGs, § =
{G1,Ga,...,G N} through multiple sampling. We
then score each candidate graph GG, based on its
structural agreement with all other candidates in
the set. The graph with the highest cumulative over-
lap of causal edges is considered the most stable
and reliable explanation. The stability score for a
graph G, with edge set Ey, is defined as the sum of
shared edges with all other graphs in the ensemble:

N

Fu(GrlG) =D |B: N Ej| (5)
j=1

The final graph selected for the quality function is

the one that maximizes this stability score, G* =

arg maxg,.eg Fs(Gr|9)-

Informational Efficiency (F.). This term re-
wards explanations that are both concise and log-
ically grounded. It combines a precision-based
Groundedness Score (Sg) with a penalty for the
summary’s length |S|. Sg is calculated as the pro-
portion of causal claims extracted from the sum-
mary text .S that have a corresponding edge in the
graph G. We employ a lightweight auxiliary model
to parse these explicit causal relations. The metric
is defined as:

Fe=S5a(S,G) —X-|S| (6)

Finally, we evaluate the overall quality of each
causal explanation by considering both causal sta-
bility and informational efficiency scores to select
only the highest-quality explanations for our train-
ing corpus.

Supervised Fine-Tuning. Our training data
is composed of the curated set of optimal
pairs {(z;, G¥,S¥)}M,. Each target explanation
(GF,SF) is serialized into a single text sequence,
Y,;*. The student agent is then fine-tuned to map a
given time series x; to its target explanation Y;* by
minimizing the standard cross-entropy loss:

Lsrr = =Y log P(Y{'|wiz6)  (7)

This distillation process transfers the complex,
multi-step reasoning of the teacher into a single,
efficient student model. This step is essential to
ensure low-latency inference suitable for real-time
applications.

Inference Mechanism. During the inference
phase, the fine-tuned student agent M s operates au-
tonomously without further reliance on the teacher.
Given a new time series input T, the student di-
rectly generates a concise causal rationale abstract
based on the learned patterns from Dspr and then
predicted trend g.

4.3 Utility of the Causal Summary

The synthesized Causal Summary (S;) provides
critical utility by translating the formal, complex
Causal DAG (GYy) into a human-readable narra-
tive. This validated causal structure then serves
as a definitive guide for feature selection, enabling
the construction of sparse, robust predictive models
based on the true causal drivers (the Markov Blan-
ket) while explicitly excluding known confounders
or downstream effects. Furthermore, the summary
text S itself becomes a powerful asset; it can be
injected back into a multi-modal forecasting model
as a rule-based instruction or an informative prior.
When provided alongside new numerical data, this
text acts as a physics constraint, ensuring the model
adheres to the known causal logic to dramatically
improve its forecasting accuracy and robustness,
especially in novel or out-of-distribution scenarios.

5 Experiment

In this section, we conduct extensive experiments
to answer the following research questions (RQs):

B (RQ1) How does our Augur perform in time se-
ries forecasting tasks?

Bl (RQ2) How is the quality of the causal sum-
maries generated by our Augur?

B (RQ3) Is every component of Augur efficient?

B (RQ4) Are there marginal effects in causal expla-
nations?

B (RQS5) Can our Augur discover physically mean-
ingful causal structures?

5.1 Experiment Setup

Datasets. We employ four time series datasets
from diverse real-world domains for evaluation,
spanning air, transportation, energy, and finance.
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These datasets not only contain rich and meaning-
ful covariate features but also exhibit clearly iden-
tifiable causal structures. For instance, in the air
dataset, meteorological conditions and holiday in-
dicators demonstrate significant and interpretable
effects on air pollution dynamics. More details can
be found in Appendix C.1.

Data Processing. We create a hybrid dataset us-
ing the LargeAQ air quality dataset (Ma et al.,
2025a) and the SDWPF power dataset (Zhou et al.,
2022a) for causal association analysis in the teacher
model and fine-tuning of the student model in our
Augur. Our initial training data contains over 100
billion time points and more than 10 million dis-
tinct causal events. Traffic and Finance datasets,
on the other hand, are directly used to evaluate the
model’s zero-shot generalization performance.

Task Setting. Following prior work (Zhang et al.,
2025; Jiang et al., 2025), we reformulate the fore-
casting target as a more practical, robust, and in-
terpretable trend prediction task. Specifically, for
the four datasets, our task settings are defined as
follows. @ Power: Using the past 24 hours of op-
erational data, we predict whether the wind power
output over the next 24 hours will exceed its histor-
ical average. ® Air: Given 48 hours of historical
air quality and weather records, we predict whether
a severe-level pollution event will occur in the sub-
sequent 24 hours. @ Traffic: Based on the past 96
hours of data, we classify the average traffic flow
trend over the next 24 hours as rising, stable, or
falling. @ Finance: Using the trend from the past
four days, we classify whether the stock trend for
the next day will be up, down, or neutral.

Evaluation Metrics. For prediction tasks, we use
two widely used classification metrics: F1-Score
and AUROC. To evaluate the quality of the gener-
ated causal summaries, we introduced five metrics
for comprehensive assessment: BLEU(Papineni
et al., 2002) and ROUGE-L(Lin, 2004) to measure
lexical overlap, BERTScore (Zhang et al., 2019)
to compare contextual embeddings of the text, Per-
plexity (PPL) to assess language fluency, and the
total length of the summary (in terms of tokens)
to evaluate conciseness. Finally, we also conduct
human evaluations, with the detailed evaluation
criteria provided in Appendix C.1.1.

Baselines. Our experiment compares 26 ad-
vanced baselines. @ For TS prediction tasks,
we use the latest LLM-based models such as

Time-VLM (Zhong et al., 2025), Time-LLM (Jin
et al.,, 2023), GPT4MTS (Jia et al., 2024),
Moirai (Woo et al., 2024), Chronos (Ansari
et al., 2024), and Time-MoE (Shi et al., 2024),
as well as Classic Unimodal Time Series Models
including Informer (Zhou et al., 2021), Auto-
former (Wu et al., 2021), FEDFormer (Zhou
et al., 2022b), DLinear (Zeng et al., 2023), iTrans-
former (Liu et al., 2023), PatchTST (Nie et al.,
2022b), LightTS (Campos et al., 2023), Times-
Net (Wu et al., 2022), SparseTSF (Lin et al., 2025),
PatchMixer (Gong et al., 2023), CycleNet (Lin
et al., 2024a), TimeMixer (Wang et al., 2024a),
and TimeXer (Wang et al., 2024c). @ For the
qualitative evaluation of the causal summaries,
we use powerful LLMs including LLLaMA3.1-8B
(Touvron et al., 2023), GPT-4o0 (Hurst et al., 2024),
Gemini2.0-flash (Team et al., 2023), DeepSeek-v3
(Liu et al., 2024a), Qwen-3-14B (Yang et al., 2025),
and ChatTS (Xie et al., 2024).

Implementation. In the causal explanation ex-
traction stage, we employ GPT-5 as the teacher
model, utilizing gemini-2.5-flash-1lite to exe-
cute the initial causal judgment and graph refine-
ment steps. For the fine-tuning phase, Qwen3-8b
is adopted as the student agent. The model is op-
timized using AdamW with a cosine learning rate
scheduler, trained for 3 epochs with a global batch
size of 64. All datasets undergo strict chronologi-
cal splitting into training, validation, and test sets
following a 7:2:1 ratio. Regarding textual inputs,
we utilize a static configuration consisting exclu-
sively of dataset descriptions and variable defini-
tions. Crucially, to ensure zero leakage, all models
are restricted from accessing any external domain
knowledge or future information beyond the his-
torical time series itself. Unimodal baselines rely
solely on numerical data. All reported metrics rep-
resent the average of five independent runs. Finally,
all models were retrained to adapt to these specific
tasks. Further implementation details are provided
in Appendix C.2.

5.2 Prediction Performance Study (RQ1)

We conducted comprehensive experiments to val-
idate the effectiveness of Augur. The experi-
mental results, as shown in Table 1, demonstrate
that Augur achieves the best predictive perfor-
mance. For traditional time series forecasting mod-
els, PatchTST adheres to the principle of indepen-
dent channel learning, resulting in relatively strong
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Table 1: Performance comparison for Augur on multivariate time series with their pretrained counterparts. Best

results are in pink, and second-best are underlined blue.

Air Traffic Finance
Model F1-Score AUROC FI1-Score AUROC FI1-Score AUROC FI1-Score AUROC
Time-VLM 0.845 0.918 0.795 0.852 0.692 0.775 0.672 0.748
Time-LLM 0.826 0.907 0.744 0.796 0.617 0.686 0.609 0.708
GPT4MTS 0.803 0.864 0.716 0.777 0.562 0.621 0.581 0.652
Moirai 0.876 0.928 0.797 0.858 0.706 0.787 0.676 0.767
Chronos 0.839 0.921 0.789 0.849 0.698 0.769 0.665 0.744
Time-MoE 0.891 0.941 0.818 0.879 0.718 0.803 0.681 0.762
Informer 0.846 0.903 0.764 0.844 0.676 0.748 0.646 0.717
Autoformer 0.803 0.908 0.757 0.836 0.684 0.756 0.653 0.724
FEDFormer 0.859 0912 0.781 0.841 0.688 0.761 0.626 0.707
Crossformer 0.844 0.897 0.767 0.840 0.681 0.733 0.658 0.711
DLinear 0.745 0.841 0.642 0.748 0.516 0.596 0.523 0.615
iTransformer 0.878 0.929 0.793 0.864 0.713 0.764 0.684 0.755
PatchTST 0.885 0.936 0.823 0.881 0.724 0.803 0.696 0.748
LightTS 0.761 0.858 0.674 0.761 0.523 0.595 0.551 0.622
TimesNet 0.864 0.919 0.759 0.851 0.703 0.751 0.667 0.736
SparseTSF 0.640 0.793 0.628 0.755 0.531 0.612 0.502 0.531
PatchMixer 0.805 0.869 0.702 0.768 0.542 0.613 0.568 0.659
CycleNet 0.811 0.874 0.708 0.773 0.538 0.609 0.524 0.635
TimeMixer 0.889 0.939 0.813 0.884 0.735 0.806 0.692 0.763
TimeXer 0.873 0.924 0.795 0.855 0.706 0.785 0.672 0.744
Augur 0.928 0.958 0.849 0.909 0.751 0.825 0.705 0.783

prediction performance. TimeMixer, leveraging
a multi-scale modeling approach, effectively cap-
tures complex temporal dynamics, thereby achiev-
ing the best performance among traditional mod-
els while also ensuring competitive zero-shot per-
formance on the Traffic and Finance datasets.
Among LL.M-based models, Time-MoE achieves
the best performance due to its billion-parameter-
scale mixture-of-experts architecture, which can ef-
fectively capture complex temporal dynamics while
maintaining considerable zero-shot generalization
capabilities. Our model, Augur, fully leverages the
causal inference and analytical capabilities of large
models. Its ability to accurately model variable
dependencies significantly enhances predictive ac-
curacy. Furthermore, the results on the Traffic and
Finance datasets validate its superior generalization
performance in zero-shot scenarios.

5.3 Quality of Causcal Summary (RQ2)

We evaluated the quality of causal summaries gen-
erated by various LLMs using the Power and Air
datasets. The quantitative metrics, presented in Ta-
ble 3, and the human evaluation results, detailed
in Table 2, highlight significant differences in per-

Table 2: Human evaluation results: (EoU) ease of un-
derstanding, (Ins.) insightfulness for interpretation, and
(Corr.) causal correctness.

Evaluation Metrics

Dataset Method EoU Ins. Corr. Avg.
GPT-40 43 39 42 4.1
Qwen3 46 44 37 4.2
Augur 47 52 49 4.9
GPT-40 45 40 43 4.3

Air Qwen3 51 4.5 3.8 4.5
Augur 49 55 5.0 5.1

formance. Among the models, LLaMA3.1-8B pro-
duced the lowest-quality summaries, likely due to
its smaller parameter size (8B), which limits its
ability to capture complex semantic patterns in mul-
tivariate time series data. In contrast, DeepSeek-
v3 and Qwen3-14B demonstrated superior causal
reasoning capabilities, consistently outperforming
other models in summary generation. Our model,
Augur, employs a teacher-student two-stage frame-
work to distill and summarize causal associations
more effectively. This framework enables Augur
to produce higher-quality causal summaries, as
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Table 3: Comprehensive automatic evaluation of summary generation, with datasets on the horizontal axis (
and Air). Best results are in pink, and second-best are underlined blue.

\ Air
Method ROUGE-L BLEU BERTScore PPL Tokens ‘ ROUGE-L BLEU BERTScore PPL Tokens
LLaMA3.1-8B 0.24 0.34 0.71 34.8 1955 0.21 0.35 0.74 342 1751
GPT-40 0.29 0.37 0.74 29.8 1854 0.29 0.38 0.79 26.5 1756
Gemini2.0-Flash 0.32 0.42 0.80 25.0 1365 0.36 0.47 0.82 22.5 986
ChatTS-12B 0.32 0.46 0.83 20.5 1134 0.33 0.43 0.84 21.2 1022
DeepSeek-v3 0.34 0.51 0.87 16.5 2010 0.37 0.52 0.85 15.8 1827
Qwen3-14B 0.37 0.45 0.84 152 1967 0.39 0.48 0.86 14.7 1788
Augur 0.49 0.56 0.89 123 2317 ‘ 0.52 0.57 0.91 11.6 2108

validated by both quantitative metrics and human
evaluation results. Our model, Augur, leverages
a teacher-student two-stage framework to uncover
and summarize the underlying causal associations
in the data more deeply, thereby generating higher-
quality causal summaries.

5.4 Ablation Study (RQ3)

In this section, we conduct an ablation study to
isolate the contribution of its core components. We
create three ablated versions: (1) w/o Prune, which
performs causal judgment on all variable pairs with-
out initial filtering; (2) w/o Judge, which bypasses
LLM-based causal reasoning and relies on a sim-
pler correlation-based heuristic to orient edges; and
(3) w/o Refine, which uses the initial, unrefined
graph without ensuring global consistency. As de-

Table 4: Ablation of Augur’s core components on the
Power dataset.

Variant Time (x) Prune Judge Refine F1 AUC
w/o Prune 53 [ x) (V] @ 081 088
w/o Judge 1.7 ®© O @ 076 084
w/o Refine 0.6 (V] (V] ©® 079 087
Augur 1.0 (V) (V] @ 085 091

tailed in Table 4, removing the initial Prune step
significantly increases computational cost, while
omitting the LL.M-based Judge step leads to the
most substantial drop in predictive accuracy. Fur-
thermore, disabling the Refine stage also degrades
performance, highlighting the necessity of ensur-
ing a globally coherent causal graph and validating
our architectural choices.This design allows us to
quantify the necessity of each step—pruning for
efficiency, judgment for causal accuracy, and re-
finement for structural coherence.

5.5 Analysis of Narrative Granularity (RQ4)

We conduct an additional analysis to evaluate the
relationship between the granularity of causal ex-
planations and downstream task performance. In
our zero-shot forecasting tasks on the Traffic and
Finance datasets, we systematically varied the tex-
tual inputs, constructing variants ranging from raw
time series data with only high-level summaries
to progressively more detailed causal discoveries.
This approach allowed us to quantify the marginal
utility of each additional discovery.

As shown in Figure 3, model performance im-
proves significantly when at least one key causal
discovery is included, compared to using only
high-level summaries. Further analysis reveals a
clear point of diminishing returns: while the first
two causal discoveries contribute substantial gains,
adding a third or subsequent minor discoveries pro-
vides negligible benefits.

Figure 4 indicates that a carefully selected subset
of high-quality data yields greater performance im-
provements than simply expanding the dataset vol-
ume. Scaling the supervised fine-tuning corpus to
200% proves disproportionately costly and, accord-
ing to our analysis, fails to enhance results. This
supports our hypothesis that for this task, a quality-
focused "less-is-more" strategy outperforms data-
intensive approaches.

5.6 Causal Discovery Capability (RQS)

Physical-based Scenarios. To validate the
causal discovery capability, we strictly evalu-
ated the quality of the causal graphs generated
by Augur against a ground truth dataset derived
from representative scenarios in the Power do-
main. Since real-world time series lack explicit
causal labels, we annotated a subset of vari-
ables based on well-established physical princi-
ples of wind turbines (e.g., rigid mechanisms like
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WindSpeed — ActivePower and thermodynam-
ics like ExternalTemp — InternalTlemp). We
acknowledge that causal mechanisms in dynamic
systems are state-dependent; thus, the specific set
of active edges in the ground truth allows for varia-
tion or selection contingent upon the specific tem-
poral context of each scenario.

We benchmarked Augur against five classic
causal discovery methods: PC (Gong et al., 2024),
GES, PCMCI (Runge, 2020), Granger Causality
(Shojaie and Fox, 2022), and Mutual Information
(MI) (Kraskov et al., 2004). The evaluation met-
rics include edge-level Precision, Recall, F1-Score,
and Structural Hamming Distance (SHD), where
a lower SHD indicates a structure closer to the
physical ground truth.

Table 5: Quantitative comparison of causal discovery
performance on the physics-based ground truth subset.

Method Precision Recall F1-Score SHD |
PC 0.15 0.10 0.12 11.8
GES 0.15 0.26 0.19 18.7
MI 0.09 0.95 0.17 76.1
Granger 0.15 0.54 0.24 26.6
PCMCI 0.16 0.38 0.22 21.2
Augur 0.41 0.31 0.34 9.3

As presented in Table 5, Augur significantly
outperforms traditional statistical methods. While
methods like MI achieve high recall by capturing
all correlations, they suffer from extremely low pre-
cision. In contrast, Augur achieves the lowest SHD
and the highest F1-Score , demonstrating its ability
to filter spurious correlations and recover cleaner,
physically meaningful causal structures.

Controlled Synthetic. Since real-world datasets
lack ground truth for every edge, we further con-
ducted a controlled experiment using a noisy Vector
Autoregression (VAR) model to generate synthetic
data with known causal structures (8 variables, in-
cluding lagged terms and confounders). This al-
lows for a precise evaluation of edge-level accu-
racy.

Table 6: Performance on the synthetic dataset with
ground-truth causal structures.

Method Precision Recall F1-Score SHD |
PC 0.32 0.27 0.29 12.1
GES 0.47 0.63 0.54 10.3
MI 0.34 0.40 0.37 11.9
Granger 0.28 0.92 0.43 22.7
PCMCI 0.53 0.75 0.62 5.2
Augur 0.72 0.58 0.64 9.4

The results on synthetic data (Table 6) corrob-
orate our findings. While specific baselines like
Granger Causality achieve high recall by over-
predicting edges, and PCMCI shows strong struc-
tural recovery, Augur dominates in Precision and
F1-Score. This high precision is particularly crit-
ical for our Teacher-Student framework, as it en-
sures that the student model is fine-tuned on high-
confidence, valid causal prompts rather than noisy
false positives.

6 Conclusion

In this paper, we present Augur, a framework
that leverages large language models to extract ex-
plicit causal associations among covariates, thereby
enhancing both forecasting capability and inter-
pretability. The method implements a teacher-
student architecture to generate high-quality causal
explanations. These explanations are subsequently
utilized as textual prompts to guide the student
LLM in making predictions. By distilling com-
plex reasoning capabilities into a lightweight agent,
Augur balances computational efficiency with high-
fidelity interpretability, offering a scalable solution
for real-world applications that require both accu-
racy and transparency.
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Limitations

Our approach fundamentally relies on the assump-
tion of causal sufficiency (i.e., no unobserved con-
founders) and employs a correlation-based heuris-
tic that may overlook complex non-linear or lagged
dependencies. Second, the quality of the generated
narratives is contingent on the teacher LLM’s inter-
nal knowledge, which may be incomplete or biased
in highly specialized domains.
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Appendix

This appendix provides supplementary material or-
ganized into several sections to support the main
paper. Each section is dedicated to a specific topic:

¢ Appendix A establishes the theoretical foun-
dations with a self-contained overview of
Causal Directed Acyclic Graphs (DAGs).

* Appendix B presents a formal proof of causal
feature optimality, building upon the theoreti-
cal groundwork.

* Appendix C details our comprehensive
methodology and implementation, including
dataset and baseline descriptions, evaluation
protocols, and the technical environment.

* Appendix D offers supplementary results and
analyses, featuring a quantitative evaluation
of our feature selector and an in-depth case
study that illustrates the entire pipeline, from
initial analysis to the final causal narrative and
the evaluation using an LL.M-as-a-Judge to
validate causal narrative quality.

* Appendix E concludes with a discussion on
framework extensibility which includes so-
cial impact and finally, presents the specific
prompts used to guide the LLM-driven pro-
cesses.

A Causal Directed Acyclic Graphs

This appendix provides a brief overview of the key
concepts from the theory of causal inference based
on Directed Acyclic Graphs (DAGs) that are used
in this paper.

A.1 DAGs and Observational Distributions

A causal Directed Acyclic Graph (DAG) is a graph
G = (V,E) where nodes V' = {X1,..., X, } rep-
resent random variables and directed edges E rep-
resent direct causal associations, with no directed
cycles. The graph structure encodes the causal
Markov property: every variable is assumed to be
independent of its non-descendants given its di-
rect causes (parents), denoted Pag(X;). This prop-
erty implies that the joint observational distribution
P(V) factorizes according to the graph:

n

P(V) =] P(Xi | Pag(X,)).  (8)
=1

A.2 Interventions and Causal Effects

A causal effect is defined via a surgical intervention
on the system, formalized by Pearl’s do-operator.
An intervention do( X = z) sets the variable X},
to a constant value x, severing the influence of its
natural parents. This corresponds to a modified
graph where all edges into X}, are removed. The
post-interventional distribution is obtained via a
truncated factorization:

P(V | do(Xy)) = [[ P(X: | Pag(Xi)).  (9)
i#k
A.3 Paths, d-Separation, and Confounding

Associations between variables in a DAG are trans-
mitted along paths. A back-door path from a treat-
ment X to an outcome Y is a path that begins with
an edge into X (e.g., X < ...). Such paths are
non-causal and can create spurious associations
due to common causes (confounders). A node on
a path is a collider if both edges on the path point
into it (e.g., A — C <+ B). The concept of d-
separation determines conditional independence: a
set of nodes Z d-separates X and Y if it blocks ev-
ery path between them. A path is blocked by Z if it
contains either (1) a non-collider that is in Z, or (2)
a collider that is not in Z and has no descendants
in Z. If all paths are blocked, then X 1L Y | Z.

A.4 Identifiability via the Back-door Criterion

The causal effect P(y | do(x)) can be identified
from observational data if confounding can be ap-
propriately controlled. The back-door criterion
provides a sufficient condition for this. A set of
variables Z satisfies the back-door criterion relative
to (X,Y) if: (1) no node in Z is a descendant of
X, and (2) Z blocks every back-door path between
X and Y. If such a set exists, the causal effect is
identifiable via the back-door adjustment formula:

P(y | do(x)) = 3 Py | a,2) P().  (10)

A.5 A Consolidated Example

Consider a causal model represented by the DAG
withedges {Z - X, Z - Y, X - YV, X — C «
Y'}. Here, X is the treatment and Y is the outcome.

* Confounding: The path X «+— Z — Y isa
back-door path created by the common cause
(confounder) Z. It induces a spurious associa-
tion between X and Y. To estimate the causal
effect of X on Y, this path must be blocked.
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¢ Collider: The node C'is a collider. The path
X — C + Y is naturally blocked. Condi-
tioning on C' would open this path, inducing
a spurious association, and is therefore incor-
rect.

 Adjustment: The set {Z} satisfies the back-
door criterion. Z is not a descendant of X,
and conditioning on Z blocks the back-door
path X < Z — Y. Therefore, the causal
effect is identifiable by adjusting for Z:

ZPy|:Uz (2).

B A Proof of Causal Feature Optimality

P(y|do(x (1n

We provide a rigorous, first-principles proof that
the mutual information between a set of features
and a target variable is maximized when the feature
set is the target’s causal Markov Blanket.

Theorem 1.

Given a system of variables V' and a target Y
with a known causal DAG G, let X, = MBg(Y)
be the causal Markov Blanket of Y. Then, the
mutual information between X, and Y is equal to
the mutual information between the entire system
VandY:

I(XeY) = I(V;Y) (12)

Proof. The proof relies on showing the equality of
the conditional entropies, H(Y | V) = H(Y |
X.), from which the theorem follows directly from
the definition of mutual information, I(A; B) =

H(B)—-H(B|A).
The conditional entropy H (Y | V') is defined as:
HY [V)=
=Y p() Y py|v)logp(y |v) (13)
veV yey

By the causal Markov property, Y is conditionally
independent of all variables in V' \ X, given X..
This implies that for any realization v of V', where
v, 18 the portion corresponding to X:

(14

p(y|v) =py|v)

Substituting (14) into (13), we obtain:

HY | V) =
= " p() > py | ve)logp(y | ve) (15)
veV yeyY

We can now regroup the summation over allv € V
by summing over the components v. € X. and
v' € V'\ X, and then apply the law of total proba-
bility to marginalize over v’:

HY | V)=

Zp Ve, UV

Ve,V

(Z p(ylve) log p(ylvc)>
== (Zp(vc,v’)> :
(Z p(ylve) log p(ylvc))

Y

= p(ve) (Z p(ylve) log p(ylve)

y
(16)

The final expression in (16) is precisely the defini-
tion of the conditional entropy H(Y | X.). Thus,
we have shown:

HY | V)=

H(Y | Xc) (17)

From this equality, it directly follows that:
HY)-HY|V)=

H(Y)—H(Y | X,) (18)

which proves the theorem that I(V;Y) =
I(Xe;Y). ]

C Experimental Setup

Power —K{J

Wind Speed —{UCHENR] 1.00
Wind Dir --0.0 -0.1 Ky
ExtTemp - 0.1 0.1 0.0 075
Int Temp - 02 0.2 0.0 [ORIRRY - 0.50
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Atm Temp - 0.1 0.2 o.oo.o 0.1k - 0.00
Pressure —-0.1-0.2 0.0 IOk ¥d 0.0 0.0 FIREY
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. 2 @
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Figure 5: Spearman correlation matrix of the variables
in the power dataset.
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C.1 Description of Datasets

The Power dataset is sourced from SDWPF (Zhou
et al., 2022a), which was collected over two years
(2020-2021) from a wind farm comprising 134 tur-
bines. It contains over 11 million high-resolution
records (sampled every 10 minutes), integrating
SCADA sensor measurements with ERAS meteoro-
logical reanalysis data. To visualize inter-variable
relationships, we compute the Spearman correla-
tion matrix, shown in Figure 5. This matrix reveals
dependency patterns among several key covariates,
providing valuable guidance for our causal discov-
ery process.

The Air dataset is from LargeAQ, a nation-
wide air-quality dataset spanning eight years (2015—
2023). Each station provides time-stamped ob-
servations of major criteria pollutants together
with rich meteorological covariates. Records are
provided at (predominantly) hourly cadence, en-
abling long-horizon AQI research and spatiotempo-
ral modeling.

The Traffic dataset is from NZ-Traffic (Li
et al., 2024), which spans a nine-year period. It
aggregates data from 2,042 sensors across New
Zealand’s highway network, encompassing over
600 million high-resolution records (15-min inter-
vals). Each entry provides granular vehicle counts,
distinguishing between light-duty and heavy-duty
vehicles. This core traffic data is fused with rich
contextual information, including key meteorolog-
ical covariates (e.g., temperature, precipitation)
from NOAA and extensive metadata detailing high-
way structure, coastlines, and public holidays.

The finance dataset is from FNSPID (Dong
et al., 2024), spans nearly a quarter-century
(1999-2023). It covers 4,775 companies from the
SP 500 index and comprises over 29.7 million stock
price records alongside 15.7 million financial news
articles sourced from four major outlets.

In our experiments, we use the most important
variable as targets and the other variables as covari-
ates; station metadata are used only for grouping
and reporting and are not injected as numeric inputs
unless explicitly noted.

C.1.1 Evaluation Metrics

Automatic Evaluation. Our evaluation of sum-
mary quality is comprehensive. First, to measure
content similarity, we compare our generated sum-
maries against reference texts using a suite of met-
rics. We employ the classic n-gram-based met-
rics, BLEU (Papineni et al., 2002) and ROUGE-

L (Lin, 2004), to assess lexical overlap. To capture
deeper semantic meaning and properly handle para-
phrasing, we also include BERTScore (Zhang et al.,
2019), which compares the contextual embeddings
of the texts. Second, we assess linguistic fluency
using Perplexity (PPL). A lower perplexity score
indicates that the generated text is more coherent,
grammatically sound, and aligns well with the pat-
terns of natural language. Finally, we evaluate con-
ciseness by measuring the summary’s total length
in tokens.

Human Evaluation. We conduct a human study
to assess how readers perceive causal summaries
produced by different methods. For each dataset,
we randomly sample 50 instances per method. Five
annotators with formal training in logic (at least
undergraduate level) independently rate each sum-
mary on a 7-point scale along three dimensions: (1)
ease of understanding, (2) insightfulness for inter-
preting the time series, and (3) causal correctness
in reflecting inter-variable relationships.

C.2 Description of Baselines

Unless otherwise specified, all baseline implemen-
tations, data pipelines, and default hyperparameters
follow the open-source library MM-TSFlib(Liu
et al., 2024b)'. For Time-LLM and similar models,
we follow the authors’ public implementations. We
keep their official training/evaluation protocols for
both numeric-only time-series models and LLM-
aligned variants to ensure a fair and reproducible
comparison.

Process. We adopt the unified preprocessing:
time alignment to a single grid, forward-fill then
mean-impute missing values, per-variable z-score
standardization with training-split statistics with
strictly non-overlapping temporal splits to avoid
leakage.

Optimization. Our supervised fine-tuning (SFT)
is implemented using the LLaMA-Factory frame-
work. We used the AdamW optimizer with a cosine
learning rate scheduler. The initial learning rate
was set to 2 x 10~°, with a warmup ratio of 0.1 and
a weight decay of 0.01. We fine-tuned the model
for 3 epochs with a global batch size of 64.

For time series forecast model, we use AdamW
with cosine decay and 5% warmup, gradient clip-
ping at 1.0, mixed precision, and early stopping
on validation loss (patience 10). Learning rate is

"https://github.com/Adityalab/MM-TSFlib
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selected from {le—3, 5e—4, le—4} for numeric-
only baselines and {2e—4, le—4, 5e—5}; batch
size from {32, 64, 128} subject to memory. Max
epochs 100 with model selection on validation per-
formance. Probabilistic baselines use 100 samples
to form point estimates.

Other models. For the causal judge and refine
stages, each iteration’s decisions (edge propos-
als and cycle-resolution edits) are generated by
a lightweight language model, which we use to
produce pairwise causal labels and graph updates
until convergence. Since the reasoning process
is decomposed into fine-grained, low-complexity
atomic tasks, the difficulty is minimal; thus, this
component can be effectively substituted with any
efficient language model.

We query the vendors’ official APIs. For
open-source models, we run Qwen-3-8B,
ChatTS-14B-0801> and LLaMA-3.1-88 lo-
cally. Unless otherwise stated, the OpenAl
endpoint uses gpt-40-2024-08-06 (GPT-
40). We apply the same decoding con-
figuration to Gemini-2.5-Flash-Lite and
gpt-5-mini,We set max_tokens= 4096 and use
temperature= 0.5 for analysis-style generation
(self-reflection and textual refinement), and
temperature= 0.1 for prediction and causal
judgments, which yielded the most stable empirical
behavior in our preliminary tests. All prompts
share identical instruction templates across
providers, with only minimal schema-specific to-
kens adjusted for compatibility. All evaluations use
greedy decoding, and we retain all other settings
from the official HuggingFace configurations.

Cost. The construction of our SFT corpus in-
volves querying the commercial teacher model
(GPT-5) at an average cost of $1-$2 per instance.
Crucially, this represents a one-time fixed cost for
training data synthesis. In contrast, the deployment
of the fine-tuned student model offers significant
economic advantages. Our comparative analysis in-
dicates that using the "Full Teacher" for direct infer-
ence would incur a recurring cost of approximately
$0.62 per iteration. By distilling this capability
into the student agent, we reduce the marginal in-
ference cost to < $0.01, representing a reduction of
over 50x. Furthermore, the student model reduces
inference latency by approximately 10x, making
Augur a scalable solution for high-frequency fore-

Zhttps://github.com/NetManAIOps/ChatTS

casting scenarios where direct reliance on frontier
LLMs would be financially and computationally
prohibitive. We commit to releasing the full syn-
thetic corpus under an open license to facilitate
future research.

C.3 Human Evaluation

In our human evaluation, we compare GPT-4o,
Qwen3, and Augur on the power and air datasets.
For each dataset and system, we uniformly sample
50 instances. Three annotators—each with formal
training in logic and basic knowledge of meteorol-
ogy or energy systems—independently rate every
summary. For each annotator, the item order is
independently randomized. Ratings follow a 7-
point Likert scale across three dimensions: Ease
of Understanding (EoU), Insightfulness (Ins.), and
Causal Correctness (Corr.).

C.4 Environment

All experiments were conducted on a TensorEX
server equipped with two Intel Xeon Gold 5218R
CPUgs, and four NVIDIA A100 80GB GPUs.

C.5 Rationale for Supervised Fine-Tuning

Our supervised fine-tuning (SFT) dataset consists
of input-target pairs serialized into single text se-
quences. This format trains the model to map nu-
merical time series and a prompt to a structured
causal explanation.

The input sequence contains the numerical data
and task instruction, delineated by the <|data|>
and <|task|> tokens. The target sequence con-
tains the ground-truth causal graph and a summary,
separated by the <|graph|> and <|summary |> to-
kens. The <|EOT|> token marks the end of both
sequences.

D Supplementary Results and Analyses
D.1 Additional Experiments

D.1.1 Effectiveness of Causal Feature
Selection

To evaluate the effectiveness of our proposed LLM-
driven feature selector, Augur, we conducted a
comprehensive comparative analysis. We tested its
performance against two baseline feature sets: one
utilizing all available variables (All Features) and a
univariate approach using only the most direct pre-
dictor (Wind Speed). These three feature sets were
evaluated across four distinct forecasting architec-
tures: MLP, LSTM, DLinear, and PatchTST. We
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Table 7: Comparison of Forecasting Performance. The best result in each column is in bold.

MLP

LSTM

DLinear PatchTST

Feature Set MSE MAE MSE

MAE

MSE MAE MSE MAE

All Features

0.2416 0.3770 0.1124 0.1743 0.1591

0.2898 0.1144 0.1804

Wind Speed 0.2140 0.3245 0.1505 0.2614 0.1579 0.2782 0.1590 0.2799

Augur

0.2015 0.3110 0.1108 0.1725 0.1560 0.2755 0.1252 0.1915

Figure 6: The multivariate time series data sample.

report the Mean Squared Error (MSE) and Mean
Absolute Error (MAE) for each experiment in Ta-
ble 7, with lower values indicating better perfor-
mance.

The results clearly demonstrate the superior-
ity of the Augur methodology for most models.
By identifying a more informative and less noisy
subset of variables, Augur consistently yielded
the best performance for the MLP, LSTM, and
DLinear architectures.while Augur provides a sig-
nificant advantage for recurrent and linear mod-
els, advanced Transformer-based architectures like
PatchTST may possess powerful internal mecha-
nisms that are already highly effective at filtering
and weighting information from a larger, unfiltered
set of features.

In summary, the experiments validate that Augur
serves as a powerful and effective feature selection
framework. By identifying a causally-informed
subset of variables, it consistently enhances the pre-
dictive accuracy of various conventional forecast-
ing models, making a strong case for the integration

of LLM-driven causal discovery into time-series
analysis pipelines.

D.1.2 LLM-as-a-Judge Evaluation

To supplement our human evaluation and ensure a
scalable, reproducible assessment of narrative qual-
ity, we implemented an "LLM-as-a-Judge" proto-
col. We employed a strong general-purpose model
(e.g., Gemini-2.5-Pro) to act as an impartial eval-
uator. The judge was provided with the ground-
truth time series data and the generated summaries
from different models.

We instructed the judge to score each summary
on a scale of 1 to 7 based on three specific dimen-
sions. The specific prompt used is detailed below:

Role: You are an expert data analyst and critic
evaluating time series reports.
Input:

* Time Series Data: [Insert CSV snippet here]

* Model Generated Summary: [Insert Summary
here]

Evaluation Criteria: Please rate the summary on
a scale of 1 (Poor) to 7 (Excellent) for each of the
following metrics:

¢ Ease of Understanding (EoU): Is the text fluent,
concise, and free of jargon?

* Insightfulness (Ins.): Does it identify meaning-
ful patterns rather than just restating data points?

¢ Causal Correctness (Corr.): Do the attributed
causes align with logical physical mechanisms
(e.g., distinguishing cause from effect)?

Output Format: Return a JSON object with keys:
"EoU", "Ins", "Corr", "Reasoning".

The quantitative results obtained from this eval-
uation protocol are summarized in Table 8.
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Table 8: LLM-as-a-Judge evaluation results.

Table 10: Average connections by correlation threshold

Evaluation Metrics

Dataset Method EoU Ins. Corr. Avg.
GPT-40 6.27 4.83 541 5.50
Qwen-3 6.18 456 4.72 5.15
Augur 634 592 6.18 6.15
GPT-40 6.41 4.67 5.58 5.55
Air Qwen-3 629 439 485 5.18
Augur 653 581 6.07 6.14

Table 9: Description of Variables

Variable Name Description

Power Active Power (actual generation output)
Wind Speed Nacelle-measured wind speed

Wind Dir Nacelle-measured wind direction

Ext Temp External nacelle temperature

Int Temp Internal nacelle temperature

Nacelle Dir Nacelle direction (yaw angle)

Pitch Rel Blade pitch relative value

Atm Temp Atmospheric temperature at 2 meters
Pressure Surface atmospheric pressure
Humidity Relative humidity

ERAS5 Wind Reanalysis wind speed from ERAS
ERAS Dir Reanalysis wind direction from ERAS
Precip Type Precipitation type (encoded)

Pitch Angle Blade pitch angle

D.2 Case Study: Wind Power Analysis

Initial graph construction We conduct a con-
trolled comparison across correlation metrics (Pear-
son, Spearman, Kendall) and thresholds on per-
sample windows of length T'=96. For each sample,
we compute the correlation matrix over all numeric
variables. We instantiate a candidate undirected
graph by (i) linking Patv to its top-5 variables
ranked by |p|, (ii) adding pairwise edges among
non- Patv variables whenever |p| > 7, and (iii) re-
taining only the connected component that contains
Patwv.

We report the average number of retained edges
per sample as a proxy for search-space size. Edge
counts decrease monotonically with 7, and at any
fixed 7 the graphs induced by Pearson are dens-
est, Kendall sparsest, with Spearman in between.
Guided by this comparison, we fix Spearman with
7=0.8, yielding compact yet expressive candidate
graphs for the subsequent LLM-guided causal in-
ference stage.

The analysis confirms that Active Power (Patv)
is predominantly governed by two factors. It ex-
hibits a very strong positive correlation with Wind
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Method 05 06 07 08 09

Spearman 30.8 244 175 119 69
Pearson 326 26.1 195 145 9.2
Kendall 186 130 79 64 5.1

Speed and a strong negative correlation with the
blade Pitch angle. This relationship reflects the
core physics of wind turbine operation: power out-
put increases with wind speed until the pitch angle
is adjusted to regulate the load. The ERAS reanal-
ysis wind speed shows a similar, though weaker,
positive correlation.

Significant multicollinearity is evident among
the environmental predictor variables. The vari-
ous temperature readings (Etmp, Itmp, and T2m)
are highly inter-correlated and share strong nega-
tive relationships with Surface Pressure (Sp). This
indicates considerable redundancy among these at-
mospheric measurements.

These insights directly inform the modeling strat-
egy. Wind Speed (Wspd) and Pitch Angle (Pitch)
are confirmed as primary predictors for power fore-
casting. However, the redundancy observed among
the temperature and pressure variables suggests
that a careful selection or combination of these fea-
tures is necessary to build a robust and efficient
model.

Figure 6 presents the multivariate time series
data sample used in our case study . It plots the
dynamics of key operational variables—including
Active Power (Power), Wind Speed (Wspd), Pitch
Angle (Pitch), and multiple temperature readings—
over a single day. This observational data forms
the empirical basis for the analysis in the following
sections, where our model explains these dynamics
using the causal rules defined by the discovered
DAG (as shown in Figure 8).

Detected Cycles and Resolution Strategy The
causal discovery agent identified multiple cycles
in the wind power generation system. Below we
present the first five cycles with their proposed
resolutions.

Resolution Strategy
removal:

Primary criteria for edge

1. Physical plausibility: Temperature gradients
create stronger direct effects on humidity than
pressure or wind direction.



‘

Figure 7: Example of detected cycle with weak edges
marked for removal

Table 11: Edge Removal Frequency in Cycles

Removal Frequency
Cl C2 C3 C4 C5 Co

Edge Type

Sp — RelH v v - v v Vv

Wdir w—RelH v v Vv v - V

Wwdir w —»Itmp - - Vv Vv Vv VY
Sp Wspd Wspd_w wdir

Figure 8: Final causal DAG after cycle resolution

2. Causal mediation: Indirect effects (e.g.,
Sp—Etmp—RelH) are preferred over spurious
direct links.

Final DAG characteristics: After removing iden-
tified weak edges, the resulting directed acyclic
graph maintains wind-centric causal flow with no
cycles, preserving mechanistically sound relation-
ships essential for wind power prediction. -

Causal Narrative Summary The data show a
daytime increase in wind and temperature that
drives large rises in Patv (power) and a concur-
rent warming (Itmp) with a midday dip in relative
humidity.

Finding 1: Power Generation Dynamics

Pattern Observed:

Patv rises sharply from early morning to
afternoon/evening, tracking increases in
Wspd and Wspd_w (e.g., Patv: =~I144 —
>1000; Wspd: ~3.5 — 10-13).

Causal Explanation (per DAG):

Consistent with the DAG: rising Wspd directly
increases Patv (Wspd — Patv) and increases
Wspd_w (Wspd — Wspd_w), which in turn also
increases Patv (Wspd_w — Patv). The ob-
served co-movement of Pab with Wspd is also
expected by Wspd — Pab.

Finding 2: Internal Temperature Dynamics
Pattern Observed:
Itmp (internal temperature) increases over
the day (=19.8 — ~26.2) following the rise
in Patv and environmental temperatures.

Causal Explanation (per DAG):

Explained by DAG paths: higher Etmp raises
T2m (Etmp — T2m) and T2m raises Itmp (T2m
— Itmp), Etmp also increases Patv (Etmp —
Patv) and Patv raises Itmp (Patv — Itmp),
and rising Wspd increases Wspd_w which also
raises Itmp (Wspd — Wspd_w — Itmp). These
combined causal routes account for the day-
time warming of Itmp.

Finding 3: Relative Humidity Dynamics
Pattern Observed:
Relative humidity falls through midday
(=0.22 — =0.18) while temperatures rise,
then partially recovers later.

Causal Explanation (per DAG):

Per the DAG, Etmp directly affects RelH
(Etmp — RelH); additionally Itmp influences
RelH (Itmp — RelH) and Wspd-driven Wspd_w
also affects RelH (Wspd — Wspd_w — RelH).
Thus the midday RH drop is attributable to
higher Etmp and Itmp (and concurrent Wspd_w
changes) via the DAG-prescribed links.

This generated causal summary provides criti-
cal, actionable insights for predictive modeling. By
validating the system’s true causal drivers (such as
Wspd and TempE) and their pathways, the analysis
confirms the variables belonging to the theoreti-
cal Causal Markov Blanket. This allows for the
construction of a sparse, robust, and generalizable
feature set while safely excluding redundant proxy
variables.
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Table 12: Cycle Resolution Summary

ID Cycle Path Edge to Remove Justification

1 Etmp—Itmp—RelH, Sp—RelH, Sp—RelH Surface pressure influences humidity indirectly via tem-
Sp—Etmp perature. Direct temperature-humidity links are mecha-

nistically stronger.

2 Etmp—Itmp—RelH, Sp—RelH Sp’s effect on RelH is mediated by temperature and wind
Wdir_w—RelH, Wdir_w—Itmp, conditions. Direct pathways from Etmp and Wdir_w are
Sp—RelH, Sp—Etmp more plausible.

3 Etmp—Itmp—RelH, Sp—RelH Sp primarily impacts humidity through temperature me-

Wdir_w—RelH, Wdir_w—Itmp,
Etmp—RelH, Sp—RelH,
Sp—Etmp

4 Etmp—Itmp—RelH,
Wdir_w—RelH, Wdir_w—Itmp,
Etmp—RelH

5 Etmp—Itmp—RelH,
Wdir_w—Itmp, Etmp—RelH

Wdir_w—Itmp

Wdir_w—RelH

diation. Presence of Sp—Etmp supports this indirect
pathway.

Wind direction’s direct impact on humidity is less pro-
nounced than temperature effects. Temperature links are
stronger physical drivers.

External temperature (Etmp) is the primary driver of
internal temperature, not wind direction.

Most critically, the analysis moves beyond sim-
ple correlation to prevent modeling errors. For
instance, by identifying that Power causes inter-
nal temperature (via the path Power — TempI), the
summary explicitly instructs us to exclude TempI
as a predictor for Power. A standard model based
on correlation alone would likely misuse this vari-
able, learning a spurious relationship that degrades
predictive stability.

Finally, this summary reveals the complex, multi-
path dynamics required for truly robust forecasting.
The insight that TempI is driven by both environ-
mental heat (Etmp — T2m — TempI) and opera-
tional heat (Power — TempI) allows a model to
correctly anticipate system states—such as a high
internal temperature on a cold but windy day—that
a purely correlative model would fail to predict.
This causal grounding directly translates to a more
physically accurate and reliable forecasting system.

E Extensibility

As shown in Figure 9, Augur produces DAG-
grounded explanations that identify wind speed
as the dominant causal driver of power and provide
causal routes for residual variability, whereas GPT-
4o tends to restate correlations without consistently
grounding claims in the graph.

Beyond Causality. A key advantage of our
framework is the inherent modularity and exten-
sibility of the generated narrative. The textual
format of our causal explanation allows for seam-
less integration with other forms of time-series
analysis, creating a richer auxiliary modality for
any downstream task. For instance, the narrative
can be programmatically augmented with other

structured insights, such as automatically insert-
ing pre-computed statistical properties like the
Spearman correlation coefficients. Similarly, re-
sults from classical time-series decomposition can
be integrated to explicitly state temporal dynam-
ics like periodicities or trends. By concatenating
these diverse textual representations, we can con-
struct a holistic, multi-faceted summary that cap-
tures not only the "why" (causality) but also the
"what" (statistics) and the "how" (patterns). This
enriched textual modality provides a far more com-
plete contextual understanding for any language-
model-based downstream system, positioning our
framework as a central component in a broader,
hybrid time-series analysis ecosystem.

Societal Impact. The deployment of Augur in-
troduces a paradigm shift towards transparent and
interpretable time series forecasting, which is par-
ticularly critical for high-stakes domains. In sectors
such as healthcare, providing explicit causal ratio-
nales for patient vitals monitoring can assist clin-
icians in making informed, life-saving decisions
rather than relying on opaque "black-box" alerts.
Similarly, in energy grids and financial markets,
understanding the causal drivers behind volatility
allows for more robust risk management and policy
formulation.

Efficiency and Controllability. While our frame-
work leverages a powerful teacher model for the
initial, one-time generation of the training corpus,
we deliberately employ a smaller, supervised fine-
tuned (SFT) student model for all downstream
tasks. This strategic choice is driven by critical
considerations of efficiency, economy, and control-
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Overview: Patv (power) shows three clear regimes: sharp overnight spikes tied to higher wind
speed, low/negative values when wind speed is low, and intermediate variability explained by
wind direction and internal temperature per the DAG.

Pattern 1: Large Patv spikes around 23:00-00:40 (e.g., 587.74 — 1155.07 — 545.65 — 710.06)
and another peak at ~03:30 (713.0).",

Causal explanation: These spikes co-oceur with pronounced increases in [JJEJ@ll(from ~3 m/s up
to 6-9 m/s). Under the provided DAG, Wspd is a direct cause of Patv, so the most parsimonious

causal account is that the elevated [HilBPEBMproduced the large positive Patv values.
Concurrent changes in Wdir_w and Wdir during these intervals are additional direct causes of
Paty in the DAG and likely modulate the spike magnitudes, but the dominant driver visible in
the data is the [JllSJll increase.

Pattern 2: Negative or near-zero Patv values at the start and end of the segment (e.g., -0.3 at
21:30-22:00 and -1.73 at 13:20) when Wspd is low (~1-2 m/s).,

to the DAG, [l directly causes Patv, so low wind speed provides a straightforward causal
explanation for depressed Patv. Small concurrent differences in Itmp, Wdir_w, or Wdir could

low

intervals: Patv varies between ~70-365 while Wspd is 2.6-5.3 m/s).

changes in Wdir_w, Wdir, and smaller shifts in Itmp. The DAG lists Wdir_w -> Patv, Wdir ->
Patv and Itmp -> Patv, so these variables offer causal routes to explain why Patv differs across
times with similar Wspd. In short, under the DAG the residual variability in Patv during
moderate [FlMISBB8E8Es plausibly caused by changes in wind direction and Itmp.

Causal explanation: These low/negative PatV observations coincide with low JHBBl. According

further influence Patv per the DAG, but they are not required to explain the low values given the

Pattern 3: Intermediate variability in Patv when Wspd is moderate (e.g., 01:10-02:50 and 09:30

Causal explanation: When Wspd is not the sole dominant signal, fluctuations in Patv align with

Overview: The analysis of the time series data reveals several
significant patterns in the relationship between weather variables and
power output (Patv), primarily driven by wind speed (Wspd), internal
temperature (Itmp), and wind direction (Wdir and Wdir_w) as defined
by the causal DAG.

Pattern 1: Increase in Power Output with Rising Wind Speed. There is a
noticeable increase in Patv from -0.3 to 587.74 between 21:30 and 23:00,
which coincides with an increase in wind speed from 1.19 to 6.37.
Causal explanation: According to the DAG, [FllGISBESE(Wspd) directly
influences power output (Patv). Thus, the increase in

directly causes the observed rise in power output.

Pattern 2: High Power Output at Peak Wind Speed. The maximum
power output of 1155.07 is recorded at 23:40, when the wind speed
reaches its peak at 9.0.

Causal explanation: The DAG indicates that a higher [T GISBESE (W spd)
directly increases power output (Patv), explaining the peak power
output observed at maximal 5

Pattern 3: Fluctuations in Power Output with Variations in Internal
Temperature and Wind Direction. Between 01:10 and 04:00, Patv
fluctuates between 148.5 and 713.0, alongside changes in internal
temperature from 27.15 to 25.25 and variations in wind direction.
Causal explanation: The DAG shows that both internal temperature
(Itmp) and wind direction (Wdir, Wdir_w) directly affect power output
(Patv). Thus, the fluctuations in these variables lead to corresponding
changes in power output, reflecting their direct causal impact.

Figure 9: Side-by-side comparison of causal narrative outputs for the same segment.

lability, which are paramount in real-world time-
series applications. Direct, repeated inference with
a frontier model like a hypothetical GPT-5 would
be prohibitively expensive and slow for the high-
throughput processing often required in time-series
analysis.

By distilling the teacher’s complex reasoning
capabilities into a specialized student agent, we
achieve a system that is not only orders of magni-
tude more cost-effective and faster at inference, but
also more controllable. The SFT approach allows
us to create a deterministic, self-contained artifact
that can be deployed reliably in production environ-
ments without reliance on external APIs, ensuring
stable performance and predictable behavior. This
distillation process, therefore, represents a prag-
matic yet powerful method to harness the reason-
ing power of state-of-the-art LLMs while meeting
the practical constraints of operational time-series
analysis.

E.1 Prompt Example

Prompt 1 generates pairwise causal hypotheses for
correlated variables. These hypotheses are then
passed to Prompt 2, which assembles them into a
global structure and resolves cycles to form a valid
Directed Acyclic Graph (DAG). Finally, Prompt 3
uses this validated DAG to synthesize a grounded
narrative that explains key patterns observed in the
time series data.
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During manuscript preparation, such tools were
used only for language polishing and editorial as-
sistance.




@ Prompt 1: Pairwise Causal Hypothesis Generation

ROLE:
You are an expert in [Your Domain, e.g., "financial markets"] and a specialist in causal inference.

CONTEXT:

I am analyzing data from a [System or Process Name] to build a Causal Directed Acyclic Graph
(DAG). I have identified a significant statistical correlation between two variables and need to
determine their causal associations.

VARIABLE DEFINITIONS:
Variable A: [Variable A Name] - [Clear, concise definition... ]

Variable B: [Variable B Name] - [Clear, concise definition... ]

INPUT DATA:
Correlation between [Var A] and [Var B]J: [e.g., "Spearman’s rho = +0.85"]

TASK:
Evaluate the following causal hypotheses based on first principles...

HYPOTHESES:
e A ->B: ..
*B -> A: ...

e Confounder: ...

e Correlation Only: ...

OUTPUT FORMAT:
Provide a JSON object with keys: "reasoning" and "conclusion”.
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a5 Prompt 2: Global Graph Assembly & Cycle Resolution

ROLE:

You are an expert in systems modeling and graph theory, specializing in the validation of causal
structures.

CONTEXT:

I have performed pairwise causal analysis to generate a set of directed edges representing a system’s
hypothesized causal structure in the domain of [ Your Domain]. 1 need you to validate this structure.
INPUT: LIST OF DIRECTED EDGES

[Paste all inferred directed edges from Stage 1 here, one per line. |

VarA -> VarB
VarC -> VarA
VarB -> VarC
TASK:

1. Identify Cycles: Analyze the provided edges and explicitly identify any cycles.

2. Propose Resolution: For each cycle, propose which single edge is the "weakest link" and
should be removed.

3. Justify Proposal: Provide a clear, logical justification for your choice.

OUTPUT FORMAT:
Provide a structured response listing identified cycles and your justified recommendations. If no
cycles exist, state that "The graph is a valid DAG."
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\.

I Prompt 3: Causal Analysis & Summary from Time Series Data

TASK:

Your task is to analyze the provided multivariate time series data to identify the 2-3 most significant
patterns or events. Then, write a concise narrative summary that explains your findings using the
causal associations defined in the Causal DAG.

INPUTS:
1. Causal DAG: (This graph is the "rule book" for causation...)

[Paste your DAG here, one edge per line, e.g.:]

Wspd -> Patv
Patv -> Itmp
Etmp -> Itmp

2. Core Variable Time Series: (Provide a downsampled or key segment...)

[Paste your time series data here, for example:]
Timestamp, Wspd, Patv, Itmp

2025-09-12 12:00, 8.1, 1.2, 45.1

2025-09-12 12:05, 15.2, 2.5, 45.5

INSTRUCTIONS:
1. Analyze First: Examine the raw time series to find the most important patterns...
2. Explain with DAG: For each significant pattern you identify, construct a causal explanation...

3. Causal Fidelity is Crucial: You must not infer any cause-and-effect relationship...

OUTPUT:

Produce a concise summary. Start with a one-sentence overview, followed by bullet points. Each
bullet point should first describe a key pattern you found in the data and then explain its cause(s)
based on the DAG.
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