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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities across vari-
ous domains, yet they struggle with causal
reasoning tasks. We introduce PACKaGE
(Paragraph-level Annotated Causal Knowledge
and Graph–tExt), a causal benchmark dataset
that pairs paragraph-level texts with explicit
causal graphs. Unlike prior sentence-level re-
sources, our benchmark dataset (i) operates at
paragraph level to capture various and inter-
dependent causal pathways; (ii) offers multi-
modal annotations including full graphs and
contextualized relations; and (iii) maps ex-
tended passages to comprehensive graphs. We
detail a four-stage construction pipeline: col-
lecting causality-labeled and fact-centric texts,
inducing graphs from span-tagged pairs, con-
densing nodes, and recomposing path-aligned
narratives. Overall, the paired evaluation high-
lights a persistent discrepancy between linguis-
tic competence and causal understanding in
LLMs, pointing to the need for further develop-
ment.

1 Introduction

Recent studies have established that Large Lan-
guage Models (LLMs) can perform domain-
specific reasoning at an expert level across diverse
domains such as medicine, chemistry, and physics
(OpenAI et al., 2024; Grattafiori et al., 2024). For
example, Singhal et al. (2022) and Nori et al. (2023)
show that LLMs can handle clinical reasoning tasks.
Lewkowycz et al. (2022) present a model, which
solves mathematics and physics reasoning prob-
lems.

Despite these advances, LLMs exhibit system-
atic failures in causal reasoning—relying on su-
perficial heuristics rather than genuine inference
(Yamin et al., 2024; Zečević et al., 2023), strug-
gling even with chain-of-thought prompting (Jin
et al., 2024, 2023), and failing to calibrate uncer-
tainty in causal judgments (Yin et al., 2023). While

various methods were proposed to convey graph-
based and causal knowledge to LLMs (Besta et al.,
2024; Edge et al., 2024; Wang et al., 2025), ex-
isting datasets remain limited by low graph com-
plexity or weak alignment between text and graphs.
This absence prevents systematic evaluation of a
critical capability: whether LLMs can bidirection-
ally translate between causal language and causal
structure—extracting graphs from text and generat-
ing text that preserves graph semantics. Leverag-
ing graphs–particularly Directed Acyclic Graphs
(DAGs)–offers a principled way to enhance causal
reasoning in LLMs by representing causal structure
(Yamin et al., 2024). However, despite the growing
interest in graph-based reasoning paradigms (Besta
et al., 2024; Wang et al., 2025), there currently ex-
ists no dataset in which textual narratives and their
corresponding causal graphs are paired, limiting
systematic evaluation and development.

Therefore, we propose a novel benchmark
dataset, PACKaGE (Paragraph-level Annotated
Causal Knowledge and Graph–tExt) designed to
bridge the gap between linguistic knowledge and
causal reasoning in LLMs. First, it supports multi-
hop causal extraction evaluation: models must iden-
tify not just pairwise relations but interconnected
causal pathways. Second, it provides a testbed for
round-trip fidelity, revealing whether information
is preserved or degraded through modality con-
version. Third, by offering three annotation lev-
els, it allows controlled study of how structural
metadata affects LLM generation—where we find,
counterintuitively, that adding role labels hurts per-
formance. When the causal relationships expressed
in the text are structured as a graph, they form the
causal graph shown in Figure 1, in JSON format.

• We construct the first bidirectional causal
benchmark comprising paragraph–DAG pairs,
where each paragraph is mapped to a DAG
that captures various causal pathways.
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Increased atmospheric CO2 has led to
global temperature rise. This warming has
caused both polar ice melting and sea level
rise. The temperature rise also triggers
extreme weather events, which contribute to
agricultural disruption.

Note: Phrases and graph nodes are semantically
correlated, but are not identical. This is to effec-
tively visualize output into a constrained space.

Paragraph Causal Graph

CO2 Increase

Temp. Rise

Sea Level RiseIce Melting Extreme Weather

Agri. Disruption

Figure 1: Example of Text–Graph Pairing. The paragraph (left) contains multiple causal claims that map to a causal
graph (right). Underlined spans correspond to graph nodes; causal verbs define edges.

• We propose a four-stage pipeline that con-
structs paragraph-level causal graphs from
fact-grounded texts.

• We evaluate LLMs on four bidirectional tasks
and report several counterintuitive findings on
model scale, tasks, and causal reasoning.

2 Related Works

2.1 Causal Graphs and LLMs
Recent studies emphasized the limitations of LLMs
in causal reasoning or explored graph-based meth-
ods to inject external causal knowledge. For exam-
ple, Jin et al. (2024) provided empirical evidence
of LLMs’ inability to grasp causal relationships
in specific scenarios. Approaches like Graph of
Thoughts leveraged structured graph-based reason-
ing to improve LLMs’ access to relational informa-
tion (Besta et al., 2024). Edge et al. (2024) pro-
posed improving retrieval effectiveness via graph-
based reasoning in RAG systems. Furthermore,
rather than training models directly on causality,
some research integrates causal discovery outputs
into downstream components—such as retrievers
in RAG (Wang et al., 2025) or uses external knowl-
edge to guide reasoning (Lee et al., 2025; Kampani
et al., 2024; Kazemi et al., 2025; Ban et al., 2025a).

2.2 Causality-Labeled Datasets
Prior work on constructing datasets that capture
causal relationships has focused on the extraction
of causal structures from text (Yang et al., 2022),
increasingly leveraging LLMs (Jiralerspong et al.,
2026; Ban et al., 2025b; Wang, 2024). However,
the inverse direction—generating text from causal
graphs and reconstructing those graphs remains un-
derexplored, despite its importance for causal rea-
soning and the construction of knowledge graphs
(Phatak et al., 2024).

Existing causality datasets span multiple gran-
ularity levels but share two structural limitations.
At the word and sentence level, the Causal News
Corpus (CNC) dataset provides binary causality
labels (Tan et al., 2022) and RECESS offers fine-
grained span annotations (Tan et al., 2023a). Tan
et al. (2023b) unified annotation frameworks, while
others target specific domains such as biomedicine
(Pyysalo et al., 2007; Bansal et al., 2025), finance
(Moreno-Sandoval et al., 2023), and commonsense
reasoning (Mostafazadeh et al., 2020; Du et al.,
2022). Current benchmarks assess inference capa-
bilities regarding social media (Ding et al., 2025),
and temporal relations (Caselli and Vossen, 2017).
CauseNet (Heindorf et al., 2020) extracts causal
relations using template-based methods. Relation
extraction benchmarks (Zhang et al., 2017) and
DocRED (Yao et al., 2019) provided architectural
insights, despite not targeting causality.

Graph-to-text research (Gardent et al., 2017; Nan
et al., 2021; Castro Ferreira et al., 2020; Colas et al.,
2021) verbalizes knowledge graphs but does not
model causal semantics. Phatak et al. (2024) ex-
plore LLM capabilities for narrating causal graphs
and Wang et al. (2025) integrate causal graphs into
retrieval systems, yet comprehensive evaluation of
bidirectional causal graph and text remains limited.

Despite this breadth, all of these resources treat
causality extraction as a unidirectional text-to-
graph task and remain at sentence-level granular-
ity, limiting their capacity for multi-hop causal
evaluation (Table 1). As Table 1 shows, no exist-

Dataset Level Graph Paired Text
CauseNet Word ✓ p

CNC & RECESS Sentence p p
DocRED Document ✓ p

PACKaGE (Ours) Paragraph ✓ ✓

Table 1: Comparison with existing causal datasets
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õ Stage 1
Collect & Label

News Articles +
OpenAlex Abstracts

Normalization

LLM Tagging +
Human Checks

Causal Span Pairs
<ARG0>→<ARG1>

¨ Stage 2
Graph Induction

SBERT Embedding +
ABTT

FAISS Inner-Product
Search

Union-Find
Clustering

Directed Graph
(C,E)

Z Stage 3
Node Condensation

Semantic Clustering
of Similar Nodes

LLM Abstraction
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{ Stage 4
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(root to leaf)
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(tone + coherence)

Text to Graph
Paired Dataset

Figure 2: Dataset generation framework depicted in a four-stage pipeline.

ing resource pairs paragraph-level text with causal
graphs in both directions. PACKaGE fills this gap
by graph-text modeling of whether generated text
preserves causal semantics and whether extracted
graphs reflect textual causality.

3 PACKaGE

We define a causal relation as a tuple (C,E), where
a cause concept C (represented by noun phrases
or clauses) exerts a potential influence on an effect
concept E (Heindorf et al., 2020). To capture the
complexity of real-world narratives beyond binary
pairs, we classify nodes within a causal chain based
on their topological roles: source nodes (Root)
(Source causes with no incoming edges), Interme-
diate nodes (mediators acting as both effects and
subsequent causes) and Leaf nodes (final effects
with no outgoing edges) (Zhang et al., 2024).

The process for constructing the paired dataset
spans four sequential stages (Stage 1: Section 3.1,
Stage 2: Section 3.2, Stage 3: Section 3.3, Stage
4: Section 3.4) in Figure 2. Detailed depiction,
including the prompts are provided in Appendix A
and B.

3.1 Collecting and Labeling Causal
Fragments

We start from a base corpus that mixes causality-
labeled and fact-centric texts without labeling. Ex-
isting causality datasets are sentence-level and tend
to be low in structural complexity, which limits
their ability to support learning and evaluating
richer causal reasoning. We acquire (i) sentence-
level corpora with explicit causal labels and (ii) the
fact-centric corpora, including news articles (CNC,

RECESS) and abstracts of research papers that de-
scribe factual events and relations. More specifi-
cally, we utilize 5,000 abstracts selected from Ope-
nAlex (Priem et al., 2022), covering the period
from 2014 to 2025. These abstracts consist of a
balanced distribution across fields: Life Sciences
(20%), Computing & Mathematics (20%), Social
Sciences (20%), Physics (20%), and Others (20%).

We select abstracts because they are concise and
comprehensive, containing core findings with min-
imal extraneous modifiers such as adjectives or ad-
verbs (Dernoncourt and Lee, 2017; Wadden et al.,
2020; Luan et al., 2018). This characteristic miti-
gates the risk of spurious correlations arising from
irrelevant linguistic features (Kim et al., 2022).
Also, these academic papers are characterized by
objective, value-neutral writing that focuses on fac-
tual causation, which helps reduce biased guidance
during training (Niiniluoto, 2009; van den Berg and
Jeong, 2022).

Before the annotation, we apply a normalization
to the texts: punctuation / whitespace unification
(hyphen-to-slash collapse, repeated spaces), sim-
ple plural-to-singular normalization at the surface
level (strip possessive “s”; drop terminal s/es), and
number masking to a canonical token N. This step
reduces spurious lexical variance while preserving
semantic content (Kim et al., 2022).

3.2 Graph Induction

We construct a directed paragraph-level causal
graph from sentence-extracted pairs and then con-
dense nodes for downstream reasoning like Fig-
ure 4. From each sentence, we extract candidate
causal pairs using span tags (<ARG0> for cause,
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Heavy rainfall caused severe flooding downtown.

Input:

<ARG0>Heavy rainfall</ARG0> caused
<ARG1>severe flooding downtown</ARG1>.

Output:

The meeting was held after the announcement.

Input:

NO_CAUSALITY

Output:

The economic downturn led to widespread unem-
ployment across the region.

Input:

<ARG0>The economic downturn</ARG0> led to
<ARG1>widespread unemployment across the re-
gion</ARG1>.

Output:

ARG0: Cause ARG1: Effect

Figure 3: Examples of LLM-based causal span tag-
ging: cause (ARG0) and effect (ARG1) spans, or returns
NO_CAUSALITY for non-causal sentences.

<ARG1> for effect) (Tan et al., 2022, 2023a). Each
pair yields two node surface strings and a directed
edge, with the source sentence as edge provenance.

We unify near-duplicate node strings using dense
retrieval and connectivity-based clustering (Gutiér-
rez et al., 2025). First, we encode every entity with
Sentence-BERT and L2-normalize the embeddings
to obtain cosine similarity (Reimers and Gurevych,
2019). We apply All-but-the-Top (ABTT) that re-
moves the top d⋆ directions before re-normalizing
(Mu et al., 2018). Because embeddings tend to
concentrate along a few high-variance, corpus-
specific axes, removing these directions yields a
more isotropic space in which nearest neighbors
reflect semantic proximity. (Mu et al., 2018). We
leverage temperature scaling to calibrate similarity
contrasts (Guo et al., 2017; Shih et al., 2023). Next,
we use FAISS inner-product search to retrieve top-
k neighbors per node (Johnson et al., 2021; Douze
et al., 2026), then find semantic union to connect
pairs exceeding similarity threshold.

3.3 Node Condensation

For components larger than a size threshold, we
recompute exact cosine similarities and re-split by
graph connectivity to prevent over-merging. Fi-

Climate Change

Rising Temperatures Extreme Weather

Glacier Melting Crop Failure

Food Shortage Economic Crises

IntermediateSource Leaf

Figure 4: Example causal graph with node role classi-
fication. Source nodes (in-degree = 0) initiate causal
chains, Intermediate nodes propagate effects, and Leaf
nodes (out-degree = 0) represent terminal outcomes.

nally, each component receives a temporary repre-
sentative—the shortest surface string—used only
as a placeholder. For every component, we cre-
ate an abstract representative label using an LLM
that returns a compact set of keywords and a 1–
3 sentence summary. LLM-based abstraction im-
proves label compactness and readability for het-
erogeneous components (Maragheh et al., 2023;
Chataut et al., 2024). The resulting keyword label
becomes the final node for remapping edges: all
edges touching any member of a component are
rewired to the component’s abstract representative.

3.4 Path Extraction and Text Recomposition

Given the summarized graph, we identify root
nodes with zero in-degree and enumerate all root-
to-leaf paths using depth-first search while prevent-
ing cycles. We excluded cases where the cycles
prevented the construction of a DAG. Along each
traversed edge, we collect the source sentence(s)
and concatenate them into a path-level text. To con-
trol redundancy in the texts, we apply progressively
stricter de-duplication strategies, ranging from re-
taining the original text to removing repeated or
similar sentences based on a SequenceMatcher sim-
ilarity threshold (Nag et al., 2022). Each path-level
text is then lightly edited by an LLM to harmonize
tone and improve local coherence while preserving
causal content.

We support three complementary output formats
for downstream consumption: Plain text: the para-
graphs as-is, for readability. Role-annotated causal-
ity: we attach node-role metadata derived from
graph position: source node (zero in-degree), inter-
mediate node (non-zero in- and out-degree), and
leaf node (zero out-degree). Role-annotated causal-
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Category Count % of Total % of Errors

Nonsensical 295 5.89 66.29
Problematic 66 1.32 14.83
Artifact 61 1.22 13.71
Gibberish 23 0.46 5.17

Total Errors 445 8.89 100.00

Pass 4,566 91.12 —

Table 2: Distribution of error types identified in the
pairing-level review (N = 5,011).

ity with relation attribution: we attach node–role
metadata derived from graph topology and, for
each role, we record where the cause originates
and where the effect applies: source node (zero
in-degree), intermediate node (non-zero in- and
out-degree), and leaf node (zero out-degree). We
attach a variety of causal roles by type because,
when LLMs are trained with such annotations, the
presence of tags can boost their performance on
causality-related tasks (Wang et al., 2023; Chen
et al., 2024; Wang et al., 2024). To increase dataset
difficulty, we merged disjoint subgraphs into sepa-
rate paragraphs for small graphs and applied addi-
tional smoothing.

Consistency with semantic causality. To avoid
over-reliance on specific verbs (e.g., cause, lead
to), our prompts instruct the LLM to detect seman-
tically implied causality (e.g., nominalizations like
“a consequence of”, discourse markers like “as a re-
sult”). Conversely, merely temporal (after / before),
conditional/hypothetical (if / might), or associa-
tive (associated with / correlated with) statements
are not tagged unless an asserted causal claim is
present, reducing false positives from temporal or
correlational language (Girju et al., 2007).

Outputs. We support three complementary out-
put formats. The Plain text contains no addi-
tional structural information. The Role-added
text augments the plain representation by anno-
tating nodes with source, intermediate, and leaf,
enabling the LLM to infer root-to-leaf paths. The
Role+Relationships (Role+Rel.) text extends the
role-added text by specifying which nodes are di-
rectly connected, for the model to capture both
paths and relationships accurately.

3.5 Dataset Review

We describe our QC protocol as follows.
Multiple authors manually audit the LLM

outputs—including causal/non-causal decisions,
cause/effect span boundaries, and directional-
ity—over multiple rounds, with cross-checking (a
second author re-verifies a subset) and calibration
meetings to resolve disagreements and refine guide-
lines/prompts. This weak supervision with LLM
prompting plus human spot-checks provides a bal-
ance between scalability and precision, in line with
programmatic labeling and LLM-assisted annota-
tion (Ratner et al., 2017; Gilardi et al., 2023). De-
tailed case studies are in Section D.

First, we manually audit the LLM-generated
labels—including causal/non-causal decisions,
cause/effect span boundaries, and directional-
ity—through multiple iterative rounds of cross-
checking and calibration. Approximately 12,147
sentences are audited, with reviewer-specific cor-
rection rates of 14.3%, 16.3%, and 19.8%. We
use error patterns identified during the audits to
refine the tagging rules and prompts, and re-apply
the updated annotation procedure in subsequent
rounds, allowing these improvements to propagate
across later tagging rounds. Second, we evaluate
the text–graph pairs using a pairing-level review
protocol with four error categories: problematic,
artifact, nonsensical, and gibberish as shown in
Table 2. Problematic refers to cases containing
violent, inflammatory, or controversial content tar-
geting specific individuals, countries, or groups.
Artifact denotes cases in which natural semantic
interpretation is hindered by ungrammatical expres-
sions, meta-level phrasing, or missing contextual
information. Nonsensical refers to cases where
causal relationships are difficult to establish or
where semantic coherence is weak due to exces-
sive reliance on normative statements. Gibberish
refers to cases in which graph nodes consist of
demonstrative pronouns, or remain in clause-level
or placeholder form, rendering them insufficiently
functional as semantic units.

Among 5,011 reviewed pairs, 445 are identified
as erroneous, yielding an error rate of 8.89% and a
pass rate of 91.12%. The detected erroneous pairs
are excluded at the pairing level. Nonsensical cases
are the most frequent, followed by problematic, ar-
tifact, and gibberish. The error distribution reveals
that quality degradation stems not from superficial
grammatical & format issues and node-level rep-
resentation issues, but rather from the instability
of causal structures and the fragility of semantic
coherence in LLM-generated outputsf. This pat-
tern is consistent with the broader finding that cur-
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Metric PACKaGE (Ours) CNC RECESS

Text Len. (chars) 234.61 (266.78) 84.59 (109.54) 119.01 (106.90)
Text Len. (tokens) 37.48 (45.65) 14.93 (19.29) 19.10 (17.84)
Num Sentences 3.73 (2.89) 1 (0.00) 1 (0.00)

Num Nodes 3.61 (1.96) 2.00 (0.00) 2.00 (0.00)
Num Edges 2.77 (2.84) 1.00 (0.00) 1.00 (0.00)
In-Deg / Node 1.29 (0.68) 1.00 (0.00) 1.00 (0.00)
Out-Deg / Node 1.35 (0.76) 1.00 (0.00) 1.00 (0.00)
Density 0.32 (0.16) 0.50 (0.00) 0.50 (0.00)
Source Nodes 1.73 (0.96) 0.00 (0.00) 0.00 (0.00)
Leaf Nodes 1.79 (1.01) 0.00 (0.00) 0.00 (0.00)
Complexity 6.44 (4.65) 0.00 (0.00) 0.00 (0.00)

Chain Motifs 0.18 (0.61) – –
Fork Motifs 1.33 (3.57) – –
Collider Motifs 1.20 (3.03) – –
Bi-fan Motifs 1.15 (3.18) – –
Long-chain Motifs 0.05 (0.74) – –

Table 3: Descriptive Statistics. Values are means, with
standard deviations in parentheses.

rent LLMs lack robust causal reasoning capabilities
(Jin et al., 2024), and suggests that paragraph-level
causal datasets may serve as a useful benchmark.

4 Experimental Results

4.1 Statistical Summary of the Dataset

We construct a dataset comprising 4,566 graph-
text pairs. Table 3 presents the statistics for this
dataset, showing the mean and standard deviation
per graph-text pair. We define Graph Density as

m
n(n−1) , where n denotes the number of nodes and
m denotes the number of edges. This metric in-
dicates the degree of connectivity between nodes.
Complexity is defined as the sum of the number of
nodes and edges (n+m). CauseNet and DocRED
are excluded due to the lack of paired text-graph
annotations. While CNC and RECESS provide
paired data, they exhibit lower complexity in both
text length and graph structure than ours.

We focus on key motifs–recurrent subgraph
patterns appearing more frequently than in the
networks with identical degree distributions–
specifically the chain, fork, collider, bi-fan, and
long chain (Wang et al., 2022). These motifs are
not merely structural patterns but carry distinct se-
mantic meanings in causal reasoning: chains repre-
sent direct causal pathways, forks indicate common
causes, colliders capture effect convergence, and
bi-fans reflect complex causal dependencies, essen-
tial for understanding the causal structure of the
graph (Zhang et al., 2021). The definitions of each
motif are provided in Section E.

Furthermore, we exclude any instances contain-
ing bidirected edges or cycles during the data cu-
ration process. All graphs in our dataset strictly
adhere to the properties of a DAG. This confirms

that our dataset captures complex causal relation-
ships rather than the simple structures typically
found in single isolated sentences.

4.2 Tasks & Metrics

Task 1: Text to Graph (T2G). The objective of
this task is to evaluate whether the model can ex-
tract causal structures from texts. Given a text para-
graph T from our dataset, the model is prompted
to generate the corresponding causal graph Gpred.

Task 2: Graph to Text (G2T). This task assesses
the model’s capability to synthesize descriptions
from structured causal information. The model
receives a causal graph G (linearized as a sequence
of relations) as input and is tasked with generating
a descriptive paragraph Tpred.

Tasks 3–4: Cyclic Graph–Text Reconstruction
(G2T2G / T2G2T). Tasks 3 and 4 combine Task
1 and Task 2 to evaluate whether information is
preserved through cyclic transformations between
graphs and text. Task 3 performs graph-to-text-to-
graph reconstruction (G → T ′ → Gpred), while
Task 4 performs the reverse process: text-to-graph-
to-text reconstruction (T → G′ → Tpred).

Metrics for Tasks 1, 3. To account for structural
errors (e.g., hallucinations) in LLM outputs, we re-
port node- and edge-level Precision, Recall, and F1
scores instead of fixed-matrix metrics, comparing
Gpred with Ggt (Wu et al., 2024). We report Graph
Accuracy, defined as the percentage of predictions
exactly matching ground-truth causal triplets.

Metrics for Tasks 2, 4. We evaluate generated
text using ROUGE-L and Sentence-BERT cosine
similarity (SBERT-cos) (Lin, 2004; Reimers and
Gurevych, 2019). While ROUGE-L captures lexi-
cal overlap, SBERT-cos measures semantic similar-
ity in embedding space; jointly, these metrics offer
a complementary assessment of semantic preserva-
tion, even under paraphrasing.

4.3 Experimental Setup

In-context learning. We evaluate models using
causal motifs as in-context learning such as mo-
tifs, leveraging an instruction-following LLM with
task-specific prompts (Besta et al., 2024; Kazemi
et al., 2025). For T2G, the objective is to produce
a formatted JSON graph; for G2T, to verbalize
nodes and directed edges; for G2T2G, to maxi-
mize round-trip fidelity. We use mixed supervision:
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Type Model F1 Accuracy

Plain

GPT-5-mini (0.937, 0.894) (0.943, 0.895)
Grok-4-fast (0.924, 0.874) (0.925, 0.872)
Llama-3-8B (0.591, 0.459) (0.619, 0.467)
OLMo-2-7B (0.533, 0.141) (0.545, 0.146)
Qwen-2.5-7B (0.670, 0.541) (0.692, 0.539)

Role

GPT-5-mini (0.829, 0.802) (0.833, 0.813)
Grok-4-fast (0.925, 0.875) (0.924, 0.871)
Llama-3-8B (0.589, 0.447) (0.614, 0.451)
OLMo-2-7B (0.290, 0.068) (0.296, 0.068)
Qwen-2.5-7B (0.305, 0.132) (0.317, 0.133)

Role
+Rel.

GPT-5-mini (0.823, 0.816) (0.847, 0.792)
Grok-4-fast (0.921, 0.889) (0.932, 0.880)
Llama-3-8B (0.282, 0.125) (0.298, 0.125)
OLMo-2-7B (0.495, 0.190) (0.515, 0.195)
Qwen-2.5-7B (0.450, 0.252) (0.463, 0.256)

Table 4: Numerical Results for the T2G task. Values in
parentheses denote (node score, edge score).

ground-truth graphs for T2G, ground-truth texts for
G2T, and teacher-forced round-trips for G2T2G.

Baseline models. We evaluate a range of LLMs
across all tasks, including GPT-5, GPT-5-mini
(OpenAI, 2025), Grok-4-fast reasoning (xAI,
2025), Llama-3-8B (Grattafiori et al., 2024),
OLMo-2-7B (OLMo et al., 2025), Qwen-2.5-7B
(Team et al., 2025). We use deterministic decoding
settings, such as setting the temperature to zero.
All texts are normalized (e.g., casefold, punctua-
tion/whitespace unification) prior to node matching.
To isolate causal reasoning ability from format com-
pliance, we enforce JSON-only output via system
prompts, apply rule-based post-processing (regex
extraction, bracket matching) for non-conforming
outputs. Prompts are provided in Section A and the
more details of experiments are in Section C.

4.4 Baseline LLM Results
Tables 4 and 5 summarize the performance results
for selected models and metrics across T2G and
G2T. In Table 4, performance is measured sepa-
rately for nodes and edges, with each cell reporting
the scores in the format (node score, edge score).
Due to space constraints, we omit Precision and
Recall, some LLMs from the main table and the
results of G2T2G and T2G2T; complete tables and
ablation studies are provided in Section F.

Extraction and generation as distinct capabili-
ties. We observe a divergent trend in model per-
formance across the two tasks: GPT-5-mini and
Grok-4-Fast excelled in T2G but struggled in G2T,
in contrast to the performance of Qwen-2.5-7B
and Llama-3-8B. This rank inversion indicates that
identifying graph structure from text (extraction)

Type Model ROUGE-L SBERT-cos

Plain

GPT-5-mini 0.256 0.766
Grok-4-fast 0.209 0.738
Llama-3-8B 0.292 0.787
OLMo-2-7B 0.209 0.768
Qwen-2.5-7B 0.335 0.817

Role

GPT-5-mini 0.240 0.669
Grok-4-fast 0.195 0.618
Llama-3-8B 0.262 0.675
OLMo-2-7B 0.195 0.647
Qwen-2.5-7B 0.291 0.676

Role
+Rel.

GPT-5-mini 0.272 0.754
Grok-4-fast 0.195 0.659
Llama-3-8B 0.250 0.710
OLMo-2-7B 0.212 0.688
Qwen-2.5-7B 0.248 0.706

Table 5: Numerical results for the G2T task.

and verbalizing graphs into text (generation) are
dissociated capabilities within current LLMs rather
than a unified ability. This dissociation propa-
gates into round-trip tasks. In T2G2T (extraction-
first), GPT-5-mini leads by leveraging its strong
T2G; in G2T2G (generation-first), OLMo-2-7B
outperforms GPT-5-mini, whose weaker genera-
tion step produces intermediate text that is difficult
to re-extract. To our knowledge, this extraction–
generation dissociation has not been documented
in prior work, because existing benchmarks eval-
uate only one direction. The bidirectional design
of PACKaGE makes this finding possible, and it
suggests that future work on causal LLMs should
target extraction and generation as separate objec-
tives.

Structural metadata. Despite providing infor-
mation designed to facilitate causal verification
(Liu et al., 2024), we observe a performance degra-
dation across LLMs when generating texts anno-
tated with causal roles or relations. This pattern
suggests that marking nodes as sources, interme-
diates, or leaves introduces additional challenges
for current LLMs, which struggle to integrate struc-
tural metadata into fluent natural language. Adding
explicit relation information (Role+Rel.) partially
mitigates this degradation. This indicates that rela-
tional context provides useful cues, helping mod-
els align generated text with the underlying causal
structure. These results highlight both the promise
and the current limitations of LLMs in verbaliz-
ing complex causal graphs, and motivate future
research on structure-aware and causality-sensitive
text generation methods (Xu et al., 2025).
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Asymmetric weakness in G2T2G. Bidirectional
transformations between text and graphs are cru-
cial (Yamin et al., 2024); however, neither closed-
source nor open-source models perform consis-
tently across all tasks. For instance, both GPT-
5-mini and Grok-4-Fast Reasoning exhibit perfor-
mance degradation on the G2T2G task. As shown
in Section F, their F1 scores under the plain-text
setting are lower than those of open-source models.
These results indicate that current LLMs still re-
quire further development to achieve robust and
consistent performance across the bidirectional
causal reasoning.

Scale and causal consistency. A notable asym-
metry emerges across task types: closed-source
models dominate in T2G, yet relatively smaller
open-source models outperform them on G2T,
G2T2G, and T2G2T under identical output tem-
plates. This performance gap persists even when
both models are constrained by identical output
templates and formats, suggesting that the dispar-
ity is not due to external differences in instruction
or formats. These results indicate that beyond a
certain model capacity, performance on structured
causal transformation tasks may be influenced less
by raw causal reasoning ability than by factors such
as verbosity control and alignment with evaluation
metrics.

For generation tasks, we hypothesize that larger
models’ tendency toward semantically rich but
stylistically diverse outputs (Hou et al., 2026) intro-
duces lexical variation that penalizes metric-based
evaluation. Larger LLMs tend to generate longer
outputs, which generally hurts performance on G2T
and T2G2T as shown in Figures 10 and 11. T2G
is a causal extraction task from text to directed
graphs, a well-studied task with abundant super-
vised data that closed-source models, trained on
larger corpora, are more likely to have encountered.
In round-trip tasks, this asymmetry compounds:
T2G2T inherits high-quality intermediate graphs
from T2G, mitigating length bias, whereas G2T2G
propagates errors from poor intermediate texts, ob-
scuring any consistent length-performance corre-
lation. This observation underscores the need for
improvements in LLMs, not only through scaling
model capacity, but also by enhancing robustness
to structural constraints in the causal tasks.

5 Discussion

Synthetic data. To construct a dataset grounded
in real-world facts, we used fact-centric and sci-
entific sources. Although synthetic causal sen-
tences can be produced by fixing causal verbs
(e.g., “cause”) and substituting lexical items, this
often breaks factual coherence and introduces hal-
lucinations. To minimize this risk, we construct
our dataset from fact-centric and scientific sources.
This design choice prioritizes factual grounding
and reflects a conservative approach to data quality.

Implicit knowledge in sentence ordering. To
mitigate positional bias, we randomize sentence
order within paragraphs. We observed that LLMs
often confused causal direction when effects ap-
peared before causes in text, suggesting they had
learned a linguistic bias where causes precede ef-
fects both temporally and textually as detailed in
Section D. By randomizing sentence placement,
we aimed to reduce reliance on such heuristics and
encourage models to reason about causality itself
rather than sentence sequence.

In-context learning. Few-shot examples consist-
ing of causal motifs and their descriptions are pro-
vided in either graph or text. While this in-context
learning aids in graph construction, its impact on
text reconstruction is relatively limited. This is
because knowing the type of motif primarily con-
tributes to understanding the forms of frequently
occurring causal structures, which is fundamentally
different from identifying causal relationships in
new sentences containing different factual content
(Barjašić et al., 2021). Since motifs represent ab-
stract structural categories rather than providing
specific causal knowledge between nodes, their
utility in terms of text reconstruction is limited.
Nevertheless, these motifs still provide useful guid-
ance in the process of graph construction.

Intra-sentential tagging. We use intra-sentential
causal extraction as the atomic unit of PACKaGE
and construct paragraph-level causal structures
compositionally across subsequent stages. In Stage
1, we require both “<ARG0>” and “<ARG1>” to
occur within a single sentence and extract one
primary causal pair per sentence (Appendix A).
We assemble these local causal pairs into inter-
sentential structures through Stages 2–4: we merge
semantically equivalent entities across sentences
using SBERT, abstract related nodes and rewire
their edges using an LLM, and extract multi-hop
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paths with DFS to form path-aligned paragraphs.
Through this composition, we recover causal struc-
tures that span multiple source sentences whenever
their local relations are connected through shared or
semantically merged nodes, including chains, forks,
colliders, bi-fans, and longer causal paths. We fa-
vor this compositional strategy over direct cross-
sentence causal annotation because inter-sentential
relations often depend on discourse markers and
anaphoric references that are difficult to resolve re-
liably in context. As discussed in Appendix D, we
observed that such context dependence is closely
related to unresolved references and coherence fail-
ures, which also constitute the dominant error types
in our quality-control analysis. We therefore use
sentence-level extraction to obtain more controlled
local causal units and rely on graph-level compo-
sition to build paragraph-level structures while re-
ducing annotation uncertainty from direct cross-
sentence tagging.

6 Conclusion

Despite recent advances, LLMs still exhibit limi-
tations in causal reasoning, motivating efforts to
incorporate external knowledge and graph struc-
tures. We introduce a paired text–graph dataset
that enables joint learning of causal language and
corresponding causal graphs, extending beyond
sentence-level and low-complexity. By linking
causal annotations with academic papers across
diverse domains, we construct higher-complexity
texts and graphs through semantic node abstrac-
tion while preserving causal edges. This process
resulted in a dataset that not only increases the
complexity of both text and graphs but also facil-
itates bidirectional reasoning between textual and
graph representations. We evaluate models’ un-
derstanding across these dual modalities, and our
experiments show that current LLMs struggle. We
hope that our dataset provides a foundation for in-
tegrating causal knowledge into LLMs.

Limitations

Evaluating causality in text remains an open prob-
lem, as there is no widely accepted metric that can
faithfully capture semantic causal relations. Al-
though heuristic identification of causes and effects
is possible, such methods do not provide a prin-
cipled evaluation of causality. We therefore use
SBERT cosine similarity as a supplementary mea-
sure for text evaluation, while acknowledging its

limitations. This design choice is motivated by
the absence of established alternatives and should
be understood as a limitation of current evaluation
methodologies rather than of our proposed frame-
work. Also, we did not evaluate all tasks using the
most computationally intensive reasoning-focused
models. Nevertheless, we expect these models to
exhibit trends similar to those observed in other
tasks. In addition, since prompt engineering and
in-context learning are beyond the scope of this
work, we do not conduct extensive ablation studies
targeting these aspects. We expect a more thor-
ough investigation of prompt design and in-context
learning strategies to be pursued in future work.

Ethical considerations

We focused on constructing the dataset in a man-
ner that is as neutral and fact-centric as possible,
to improve the ethical quality of the dataset. This
is because our goal is to convey to LLMs only
culturally and value-neutral causal relationships,
thereby avoiding biased guidance. Furthermore,
we use data that excludes personal information,
such as paper abstracts, thereby eliminating the
risk of privacy leakage. We also reflected these
principles during the quality control process. Fur-
thermore, due to these characteristics, the dataset
can be considered to pose a relatively low risk of
potential harmful outcomes in downstream appli-
cations. As discussed in Section 5, synthetically
generated datasets may introduce illusory or spu-
rious causal relationships; in contrast, our dataset
is relatively free from such issues. AI models were
used solely as an auxiliary tool for literature search
in Section 2.
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A Prompts

This section details the prompts employed for con-
structing the dataset and conducting experiments
for the newly designed task.

A.1 Prompts for Making the Dataset
First, to tag causal relationships using the LLM for
sentences where the presence of causality was ini-
tially undetermined, we used the following prompt:

System prompt
You are a precise causal expert.
Follow the instructions exactly. Output must be

either:
1) NO_CAUSALITY
2) The ORIGINAL sentence with exactly one pair

of tags inserted:
<ARG0>...</ARG0> for the cause, <ARG1>...</
ARG1> for the effect.

Do NOT change any other characters or order.
PLAIN TEXT ONLY (no quotes, no code blocks).

Instructions:
- If NO causal relationship is expressed, output

exactly: NO_CAUSALITY
- If a causal relationship IS expressed, output

the ORIGINAL sentence but insert:
- <ARG0>...</ARG0> around the minimal cause

span
- <ARG1>...</ARG1> around the minimal effect

span
- Output ONE primary cause-effect pair only (

choose the most central
relation if multiple exist).

- Do NOT change any other characters, spacing,
or word order besides

inserting the tags.
- PLAIN TEXT ONLY (no quotes, no code blocks).

Causality detection policy:
- Cover explicit causal markers such as "cause(s

)/caused", "lead(s) to/
led to", "result(s) in/resulted in", "because

(of)", "due to",

"owing to", "as a result of", "therefore/thus/
hence".

- ALSO consider semantically implied causality
even without those markers

(nominalizations, appositives, causal nouns
like "reason/result/

consequence/impact/effect", paraphrases, or
cross-lingual cues).

- Do NOT tag if it is merely temporal/
conditional/associative without

asserted causality:
temporal: "after/before/when/during";
conditional/hypothetical: "if/might/could/may

";
associative: "associated with/correlated with/

linked to".
- If the sentence already contains <ARG0> or <

ARG1> tags, do not create
nested/duplicate tags; return NO_CAUSALITY in

that case.

Input: The protest was invoked due to low wages
of taxi drivers.

Output: <ARG1>The protest was invoked</ARG1> due
to <ARG0>low wages

of taxi drivers</ARG0>.

Input: Heavy rainfall caused severe flooding
downtown.

Output: <ARG0>Heavy rainfall</ARG0> caused <ARG1
>severe flooding

downtown</ARG1>.

Input: The residents of the streets set the
house on fire in protest

of the poor delivery of service.
Output: <ARG1>The residents of the streets set

the house on fire</ARG1>
in <ARG0>protest of the poor delivery of

service</ARG0>.

Input: There were five people who died in the
first blast and over 50

were injured, several critically.
Output: <ARG1>There were five people who died</

ARG1> in <ARG0>the first
blast</ARG0> and over 50 were injured,

several critically.

For entities identified as similar based on the
FAISS results, the following prompt was utilized
to condense them using the LLM:

You are a precise scientific summarizer.
Return:
Line1: ultra-short title (<=3 words, no

punctuation)
Line2: one concise sentence capturing the shared

meaning.

SURFACE FORMS:
{text_block}

The following prompt was applied for polishing
scientific text paragraphs to read naturally and co-
hesively while strictly preserving causal meaning
and sentence structure.
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You are a careful scientific editor.
Smooth the paragraph so it reads naturally and

cohesively.
- Preserve causal meaning precisely.
- Do NOT compress multiple sentences into one;

keep sentence boundaries.
- Remove redundancy if any; vary diction lightly.

- Pay strict attention to correct article usage
and capitalization.

- Contextual Addition: If sentences appear
unrelated or lack context, add 1-3
explanatory sentences to bridge the gap.
However, do NOT add sentences if they are
unnecessary.

Return only the improved paragraph.
{paragraph}

A.2 Annotation Convention
Our prompt follows the following tagging rules:

• <ARG0>: Marks the cause

• <ARG1>: Marks the effect

• NO_CAUSALITY: Indicates no causal relationship
exists

A.3 In-context Learning
The system prompt used across our tasks is shown
below, with only the task specification modified
accordingly. The example corresponds to G2T task.

SYSTEM RULES:
- Task: Graph-to-Text. Write a paragraph from

the graph.
- Always return outputs in the exact format

requested by the task.
- For graphs, output STRICT JSON with keys:

nodes, edges. No comments, no trailing
commas.

- Node ids must come from the input text; do not
invent new entities.

- If uncertain, omit rather than hallucinate.
- Be concise and consistent.

We design separate instruction prompts for T2G
and G2T settings, and alternate between these
prompts for the cyclic tasks (G2T2G and T2G2T).

T2G_PROMPT = """You are a precise
information extraction model.

From the INPUT TEXT, extract a directed causal
graph as strict JSON.

Rules:
- Return ONLY valid JSON, no prose.
- JSON schema:

{{
"nodes": [{{"id":"..."}}, ...],
"edges": [{{"source":"...","target":"..."}} ,
...]

}}
- Keep node ids as short natural phrases found

in the text.

- Do NOT invent nodes/edges that are not
supported.

INPUT TEXT:
{context}

"""

G2T_PROMPT = """You are a scientific writer.
Given a directed causal graph (JSON), write a

short paragraph (3-6 sentences) that
naturally expresses the causal relationships
. Keep facts faithful.

Return ONLY the paragraph, no extra commentary.

GRAPH JSON:
{graph_json}
"""

The few-shot examples used for in-context learn-
ing are summarized below, where each example is
annotated with its corresponding motif type. For
Tasks 1 and 3, which require text reconstruction,
we provide text-based examples, whereas for Tasks
2 and 4, which involve graph reconstruction, we
supply examples in JSON graph format.

{"input":"EXAMPLE_TYPE: long_chain\
nGRAPH_JSON:\n{\"nodes\": [\"Fog\", \"
Moisture\", \"Wind\", \"Weathering\", \"
Cementation\"], \"edges\": [[\"Fog\", \"
Moisture\"], [\"Moisture\", \"Wind\"], [\"
Wind\", \"Weathering\"], [\"Weathering\", \"
Cementation\"]]}","output":"Wind triggered
weathering. Moreover, moisture led to wind.
Additionally, weathering brought about
cementation. Separately, fog caused moisture
."}

{"input":"EXAMPLE_TYPE: fork\nGRAPH_JSON:\n{\"
nodes\": [\"Body\", \"Heat\", \"Current\",
\"Perturbation\", \"Instability\"], \"edges
\": [[\"Body\", \"Heat\"], [\"Heat\", \"
Current\"], [\"Current\", \"Perturbation\"],
[\"Perturbation\", \"Instability\"]]}","
output":"Current led to Perturbation. Also,
Heat caused Current. In addition,
Perturbation triggered Instability.
Separately, Body resulted in Heat."}

{"input":"EXAMPLE_TYPE: collider\nGRAPH_JSON:\n
{\"nodes\": [{\"id\": \"Acid aminobutyric
\"}, {\"id\": \"Acid arachidonic\"}, {\"id
\": \"Brain gaba\"}, {\"id\": \"Defense
eicosanoid\"}, {\"id\": \"Gaba\"}, {\"id\":
\"Gaba metabolic\"}, {\"id\": \"
pathophysiology of anxiety disorder\"}], \"
edges\": [{\"source\": \"Acid aminobutyric
\", \"target\": \"pathophysiology of anxiety
disorder\"}, {\"source\": \"Acid
arachidonic\", \"target\": \"Defense
eicosanoid\"}, {\"source\": \"Gaba\", \"
target\": \"pathophysiology of anxiety
disorder\"}, {\"source\": \"Gaba metabolic
\", \"target\": \"Brain gaba\"}]}","output
":"Aminobutyric acid brought about the
pathophysiology of anxiety disorder.
Arachidonic acid gave rise to an eicosanoid
involved in defense. GABA caused the
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pathophysiology of anxiety disorder. GABA
metabolism led to GABA in the brain."}

{"input":"EXAMPLE_TYPE: chain\nGRAPH_JSON:\n{\"
nodes\": [\"throwing of stone\", \"Hurt\",
\"lost his temper\"], \"edges\": [[\"
throwing of stone\", \"Hurt\"], [\"Hurt\",
\"lost his temper\"]]}","output":"Hurt
brought about his loss of temper. Moreover,
the throwing of a stone triggered hurt."}

{"input":"EXAMPLE_TYPE: bifan\nGRAPH_JSON:\n{\"
nodes\": [{\"id\": \"Death attempting\"},
{\"id\": \"Died attempting\"}, {\"id\": \"
Guilty man\"}, {\"id\": \"attempting to
cause death of two policemen and death of
inspector\"}, {\"id\": \"he is found guilty
\"}, {\"id\": \"he is guilty\"}], \"edges\":
[{\"source\": \"Death attempting\", \"

target\": \"Guilty man\"}, {\"source\": \"
Death attempting\", \"target\": \"he is
guilty\"}, {\"source\": \"Died attempting\",
\"target\": \"Guilty man\"}, {\"source\":

\"Died attempting\", \"target\": \"he is
found guilty\"}, {\"source\": \"attempting
to cause death of two policemen and death of
inspector\", \"target\": \"Guilty man\"},

{\"source\": \"attempting to cause death of
two policemen and death of inspector\", \"
target\": \"he is found guilty\"}, {\"source
\": \"Death attempting\", \"target\": \"he
is found guilty\"}, {\"source\": \"Died
attempting\", \"target\": \"he is guilty\"},
{\"source\": \"attempting to cause death of
two policemen and death of inspector\", \"

target\": \"he is guilty\"}]}","output":"An
attempt to cause death triggered the finding
that he is a guilty man. An attempt to

cause death brought about a finding that he
is guilty. An attempted killing brought
about his being found guilty. An attempted
killing gave rise to the finding that he is
a guilty man. Attempting to cause the deaths
of two policemen and the death of an

inspector triggered his being found guilty.
Attempting to cause the deaths of two
policemen and the death of an inspector
brought about the finding that he is a
guilty man. An attempt to cause death led to
his being found guilty. An attempted

killing resulted in his being guilty.
Attempting to cause the deaths of two
policemen and the death of an inspector gave
rise to his being guilty."}

{"input":"EXAMPLE_TYPE: long_chain\nTEXT:\
nWind triggered weathering. Moreover,
moisture led to wind. Additionally,
weathering brought about cementation.
Separately, fog caused moisture.","output
":"{\"nodes\": [\"Fog\", \"Moisture\", \"
Wind\", \"Weathering\", \"Cementation\"], \"
edges\": [[\"Fog\", \"Moisture\"], [\"
Moisture\", \"Wind\"], [\"Wind\", \"
Weathering\"], [\"Weathering\", \"
Cementation\"]]}"}

{"input":"EXAMPLE_TYPE: fork\nTEXT:\nCurrent led
to Perturbation. Also, Heat caused Current.
In addition, Perturbation triggered

Instability. Separately, Body resulted in
Heat.","output":"{\"nodes\": [\"Body\", \"
Heat\", \"Current\", \"Perturbation\", \"

Instability\"], \"edges\": [[\"Body\", \"
Heat\"], [\"Heat\", \"Current\"], [\"Current
\", \"Perturbation\"], [\"Perturbation\", \"
Instability\"]]}"}

{"input":"EXAMPLE_TYPE: collider\nTEXT:\
nAminobutyric acid brought about the
pathophysiology of anxiety disorder.
Arachidonic acid gave rise to an eicosanoid
involved in defense. GABA caused the
pathophysiology of anxiety disorder. GABA
metabolism led to GABA in the brain.","
output":"{\"nodes\": [{\"id\": \"Acid
aminobutyric\"}, {\"id\": \"Acid arachidonic
\"}, {\"id\": \"Brain gaba\"}, {\"id\": \"
Defense eicosanoid\"}, {\"id\": \"Gaba\"},
{\"id\": \"Gaba metabolic\"}, {\"id\": \"
pathophysiology of anxiety disorder\"}], \"
edges\": [{\"source\": \"Acid aminobutyric
\", \"target\": \"pathophysiology of anxiety
disorder\"}, {\"source\": \"Acid
arachidonic\", \"target\": \"Defense
eicosanoid\"}, {\"source\": \"Gaba\", \"
target\": \"pathophysiology of anxiety
disorder\"}, {\"source\": \"Gaba metabolic
\", \"target\": \"Brain gaba\"}]}"}

{"input":"EXAMPLE_TYPE: chain\nTEXT:\nHurt
brought about his loss of temper. Moreover,
the throwing of a stone triggered hurt.","
output":"{\"nodes\": [\"throwing of stone\",
\"Hurt\", \"lost his temper\"], \"edges\":
[[\"throwing of stone\", \"Hurt\"], [\"Hurt
\", \"lost his temper\"]]}"}

{"input":"EXAMPLE_TYPE: bifan\nTEXT:\nAn attempt
to cause death triggered the finding that
he is a guilty man. An attempt to cause
death brought about a finding that he is
guilty. An attempted killing brought about
his being found guilty. An attempted killing
gave rise to the finding that he is a
guilty man. Attempting to cause the deaths
of two policemen and the death of an
inspector triggered his being found guilty.
Attempting to cause the deaths of two
policemen and the death of an inspector
brought about the finding that he is a
guilty man. An attempt to cause death led to
his being found guilty. An attempted
killing resulted in his being guilty.
Attempting to cause the deaths of two
policemen and the death of an inspector gave
rise to his being guilty.","output":"{\"
nodes\": [{\"id\": \"Death attempting\"},
{\"id\": \"Died attempting\"}, {\"id\": \"
Guilty man\"}, {\"id\": \"attempting to
cause death of two policemen and death of
inspector\"}, {\"id\": \"he is found guilty
\"}, {\"id\": \"he is guilty\"}], \"edges\":
[{\"source\": \"Death attempting\", \"
target\": \"Guilty man\"}, {\"source\": \"
Death attempting\", \"target\": \"he is
guilty\"}, {\"source\": \"Died attempting\",
\"target\": \"Guilty man\"}, {\"source\":
\"Died attempting\", \"target\": \"he is
found guilty\"}, {\"source\": \"attempting
to cause death of two policemen and death of
inspector\", \"target\": \"Guilty man\"},
{\"source\": \"attempting to cause death of
two policemen and death of inspector\", \"
target\": \"he is found guilty\"}, {\"source
\": \"Death attempting\", \"target\": \"he
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is found guilty\"}, {\"source\": \"Died
attempting\", \"target\": \"he is guilty\"},
{\"source\": \"attempting to cause death of
two policemen and death of inspector\", \"

target\": \"he is guilty\"}]}"}

B Dataset Details

In this section, we describe how the PACKaGE
dataset was constructed and detail the hyperparam-
eters used.

B.1 Quality Control
Each stage in the pipeline incorporates validation to
ensure data quality. In the summarization stage, we
verify that the summary captures essential meaning
without information loss. During the refinement
stage, validation should focus on whether sentence
boundaries are correctly maintained and whether
the underlying causal semantics remain intact. Fi-
nally, in the tagging stage, the tagging process is
validated to guarantee that tags are properly paired
and minimally span the intended cause-effect rela-
tions.

B.2 Dataset Setting Details
Graph induction and node condensation. We
construct a directed paragraph-level causal graph
from sentence-extracted pairs and then condense
nodes for downstream reasoning. From each sen-
tence, we extract candidate causal pairs using span
tags (<ARG0> for cause, <ARG1> for effect) (Tan
et al., 2022, 2023a). Each pair yields two node
surface strings and a directed edge, along with the
source sentence as edge provenance.

We unify near-duplicate or closely related node
strings using dense retrieval and connectivity-based
clustering (Gutiérrez et al., 2025). First, we en-
code every entity with Sentence-BERT 1 and L2-
normalize the embeddings to compute cosine sim-
ilarity (Reimers and Gurevych, 2019). We apply
All-but-the-Top (ABTT), a principal-component
suppression step that projects out the top d di-
rections before re-normalizing (Mu et al., 2018).
Since these directions carry corpus-level rather than
semantic variation, their removal makes nearest-
neighbor structure reflect semantic proximity. We
set d⋆ = 2, which suppresses these dominant
components while avoiding excessive removal of
semantic information. We perform temperature
scaling (set = 1) by dividing vectors to sharpen
or smooth similarity contrasts (Guo et al., 2017;

1Hugging Face sentence-transformers/all-MiniLM-L6-v2

Shih et al., 2023). Next, we run FAISS inner-
product search to retrieve the top-50 neighbors per
node, which scales to large inventories while main-
taining high recall (Johnson et al., 2021; Douze
et al., 2026). Thresholded union-find connect pairs
whose similarity exceeds 0.84 and form compo-
nents with union-find. Refinement of large com-
ponents for components larger than a size thresh-
old, recompute exact cosine similarities and split
by graph connectivity under 40, preventing over-
merging. For each component, pick the shortest
surface string as a temporary representative (only
as a placeholder for the next step). The hyperpa-
rameters were selected based on ablation results,
with the final dataset constructed using the config-
uration that the authors judged to yield the most
suitable textual outputs.

Hyperparameters. Unless noted, we use GPT-5
for annotating causality and all-MiniLM-L6-v2
as the SBERT encoder, ABTT dimension d⋆ =2,
FAISS top-k=50, similarity threshold τ=0.84, re-
finement trigger at component size ≥ 40, and con-
secutive de-duplication for path narratives. Clus-
ter abstraction is driven by an LLM with a TF–
IDF fallback. All string normalizations (punc-
tuation/whitespace unification, surface plural-to-
singular rules, number masking) are applied prior
to embedding and clustering.

License. OpenAlex data is openly available un-
der the Creative Commons Attribution 4.0 license.
The Causal News Corpus (CNC) dataset used in
this work is publicly released under the CC0 1.0
Universal (CC0-1.0) license.

C Experimental Details

This section describes the hyperparameters and set-
tings used for task execution by LLMs, as well as
the models employed in our experiments.

C.1 Evaluation Formulas

For Tasks 1 and 3, we compute the following met-
rics for nodes and edges:

Precision:

Precision =
|Predicted ∩ Ground Truth|

|Predicted| (1)

Recall:

Recall =
|Predicted ∩ Ground Truth|

|Ground Truth| (2)
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F1 Score:

F1 = 2× Precision× Recall
Precision + Recall

(3)

Accuracy:

Accuracy =
|Predicted ∩ Ground Truth|
|Predicted ∪ Ground Truth| (4)

These metrics are computed separately for nodes
and edges, providing a comprehensive assessment
of the model’s performance in capturing causal
structure.

C.2 Implementation Notes and Tips
Output determinism. For T2G, enforce JSON-
only output via system prompt and constrained
decoding; reject generations that contain trailing
prose. For G2T, keeping node surface forms intact
eases round-trip matching.

Few-shot selection. Prefer short, unambiguous
pairs that cover varied phrasing (cause/lead to/re-
sult in, because/due to/as a result of ) and nom-
inalized patterns (consequence of, impact on) to
improve robustness.

In-context learning. We train with instruction-
style (prompt, target) pairs: sentencetograph for
T2G, graphtotext for G2T, and chained supervision
for G2T2G. We mix in rejection sampling to drop
malformed JSON in T2G and hallucinated nodes
in G2T.

Baseline models. The baseline models used in
our experiments include GPT-5, GPT-5-mini (Ope-
nAI, 2025), Grok-4-fast Reasoning (xAI, 2025),
Llama-3-8B (Grattafiori et al., 2024), OLMo-2-7B
(OLMo et al., 2025), Qwen-2.5-7B (Team et al.,
2025), Claude Sonnet 4.5, Haiku 4.5 (Anthropic,
2024), and Gemini 2.5 flash (Comanici et al., 2025).
However, in the case of Gemma3-4B, the model
failed to adequately understand the task—likely
due to its relatively small parameter size—and con-
sequently produced unreliable outputs. As a result,
we do not report its results separately. It can be
viewed as indicative of the challenging nature of
our dataset. For reproducibility, we set the temper-
ature to zero and enforced deterministic execution
on CUDA whenever possible, using a fixed random
seed of 42. When asynchronous execution was en-
abled, the experiments required approximately 18
hours on average to complete. Experiments were
primarily conducted on one NVIDIA H100 GPU

and four NVIDIA RTX 3090 GPUs hosted on the
OSC cluster (Ohio Supercomputer Center, 1987).
All texts are normalized (e.g., casefold, punctua-
tion/whitespace unification, light plural-to-singular,
number masking) prior to node matching.

Format robustness. To ensure that our evalua-
tion measures causal reasoning rather than mere
format compliance, we controlled for formatting
artifacts (e.g., JSON parsing failures or the inclu-
sion of unnecessary prose) through three strategies.
First, the system prompt explicitly specified the
required output format and repeatedly enforced a
JSON-only constraint. Second, when the output did
not strictly follow the required format, we applied
rule-based post-processing (e.g., regex extraction
and bracket matching) to recover the substantive
graph or text content before performing the eval-
uation. Third, during node matching, we comple-
mented exact matching with casefold normalization
and cosine-similarity-based soft matching so that
semantically equivalent expressions (e.g., “temper-
ature rise” vs. “rising temperatures”) were treated
as valid matches. Therefore, the performance dif-
ferences reported in this paper reflect differences in
causal reasoning capability rather than differences
in format compliance.

D Case Study

In this section, we present a case study of errors ob-
served during quality control of LLM-based causal
labeling, as well as errors encountered while per-
forming the proposed tasks.

D.1 Causal Annotation

To analyze errors made by LLMs during causal
labeling, we identify several representative failure
cases observed during annotation. We discuss four
representative cases below.

D.1.1 Case 1: Purpose-means relations
LLMs often misclassified purpose-means relations
as causal relations. For example:

•“The former state penitentiary in Alton was
used during the Civil War to hold up to 12,000
Confederate prisoners of war.”

•“Kaibō-kan were designed for a similar role in
the Imperial Japanese Navy.”

In these cases, the expressions describe functional
purposes (“used to hold,” “designed for”) rather
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than causal mechanisms where one event brings
about another.

D.1.2 Case 2: Sequential relations
Temporal or naming sequences were incorrectly
tagged as causal relationships, particularly in
“named after” constructions:

•“The club plays its home matches at the Asim
Ferhatović Hase Stadium, named after leg-
endary club striker Asim Ferhatović.”

•“The town is named for Serpentine Creek, a
tributary of the Loddon River.”

•“The school was so called after Cyrene, the
birthplace of Aristippus.”

These examples represent naming conventions or
temporal ordering rather than causal processes.

D.1.3 Case 3: Semantically narrow or
contextually inappropriate tagging

In some instances, causal annotations were either
too narrow in scope or semantically inconsistent
with the broader context:

•“‘Mi Chico Latino’ received mixed reviews
from music critics, who noted it was a con-
tribution to the Latin pop phenomenon at the
time, while others criticized Halliwell’s Span-
ish pronunciation.”

Here, “it was a contribution to the Latin pop phe-
nomenon” was tagged as a causal relation, but this
framing conflates descriptive attribution with cau-
sation and lacks clear causal semantics.

D.1.4 Case 4: Anaphoric references
LLMs often tagged pronominal or anaphoric ref-
erences that, although causally plausible within
individual sentences, become ambiguous when in-
tegrated into our graph-construction pipeline:

•“It is thematically divided into two sides: the
rock music of Saturday Nights and the more
country-influenced Sunday Mornings.”

Although “country-influenced” suggests a causal
modifier within the sentence, the pronominal ref-
erence (“it”) lacks clear antecedent grounding in
our node-merging framework. To maintain graph
consistency and prevent spurious node connections,
we exclude such cases from the final dataset. These
error patterns highlight areas where LLMs require
further refinement to distinguish genuine causation
from superficially similar linguistic patterns.

D.2 Model-Specific Failures in Prediction
We analyze representative examples where local
models (Llama, OLMo, and Qwen) exhibit dis-
tinct failure patterns during graph-to-text genera-
tion. Two cases are presented: one involving basic
causal structure and another involving hierarchical
causality.

D.2.1 Case 1: Independent causal edges
The ground truth graph contains four nodes and
two independent causal edges:

• Abdul security→ Wounded

• Abhimanyu killed→ Uttaraa widowed

The gold text correctly verbalizes these as two sep-
arate events by explicitly stating that:

“Abdul’s security left people wounded.
Abhimanyu’s death left Uttaraa widowed.
Each statement refers to a distinct event.”

Each of the three models exhibits a distinct type of
misrepresentation of the text. Here, we list each of
them, classifying them as semantic misinterpreta-
tion, incorrect causal chaining, and partial success.

Semantic misinterpretation (Llama). Llama
generates: “Abhimanyu’s actions led to Uttaraa be-
ing widowed.” The model misinterprets the node la-
bel Abhimanyu killed as describing Abhimanyu
performing an action, rather than Abhimanyu be-
ing killed. This reveals a failure in parsing passive
constructions embedded in node labels, where the
model defaults to an active-voice interpretation.

Incorrect causal chaining (OLMo). OLMo pro-
duces: “Abdul’s security measures led to Wounded
being injured, which in turn caused Uttaraa to be-
come a widow.” The model hallucinates a causal
chain connecting two independent subgraphs. This
suggests an over-reliance on narrative coherence,
where the model attempts to construct a unified
story even when the graph structure explicitly indi-
cates disconnected components.

Partial success with residual errors (Qwen).
Qwen outputs: “Abdul’s security measures led to
someone being wounded, while Abhimanyu’s ac-
tions resulted in Uttara becoming widowed.” While
correctly preserving the independence of the two re-
lations (using “while” as a separator), Qwen shares
Llama’s misinterpretation of the passive construc-
tion in Abhimanyu killed.
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Hurt brought about his loss of temper. Moreover, the
throwing of a stone triggered hurt.

Paragraph

⇒ Stone Throw Hurt Lost Temper

Causal Graph

Figure 5: Chain: Text-graph pair showing sequential causation where each variable mediates the effect to the next.

Heat caused Current. Also, Heat caused Perturbation.

Paragraph

⇒
Heat

Current Perturbation

Causal Graph

Figure 6: Fork: Text-graph pair where Heat acts as a common cause of Current and Perturbation, creating potential
spurious correlation.

Aminobutyric acid brought about the pathophysiology
of anxiety disorder. Arachidonic acid gave rise to
an eicosanoid involved in defense. GABA caused
the pathophysiology of anxiety disorder. GABA
metabolism led to GABA in the brain.

Paragraph

⇒
GABA Arachidonic

Anxiety

Defense

Causal Graph

Figure 7: Collider: Text-graph pair where GABA and Arachidonic acid independently cause Anxiety, forming a
collider structure.

An attempt to cause death triggered the finding that he is a guilty man. An attempt to cause death brought
about a finding that he is guilty. An attempted killing brought about his being found guilty. An attempted
killing gave rise to the finding that he is a guilty man. Attempting to cause the deaths of two policemen
and the death of an inspector triggered his being found guilty. Attempting to cause the deaths of two
policemen and the death of an inspector brought about the finding that he is a guilty man.

Paragraph

⇓

Attempted Killing Death of Inspector

Found Guilty Guilty Man

Causal Graph

Figure 8: Bi-fan: Text-graph pair with four-node structure where two source nodes (Attempted Killing, Death of
Inspector) independently influence two target nodes (Found Guilty, Guilty Man).

Wind triggered weathering. Moreover, moisture led
to wind. Additionally, weathering brought about
cementation. Separately, fog caused moisture.

Paragraph

⇒ Fog Moisture Wind

WeatheringCementation

Causal Graph

Figure 9: Long Chain: Text-graph pair with 5+ nodes representing complex multi-hop causal reasoning.
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Discussion. This case highlights two systematic
challenges: (i) node label parsing, where models
struggle with implicit grammatical structures, and
(ii) graph topology preservation, where models may
impose spurious connections to achieve narrative
fluency. Future work may benefit from explicit
graph-structure conditioning or auxiliary supervi-
sion on grammatical role identification within node
labels.

D.2.2 Case 2: Hierarchical and event-level
causality

We further analyze a complex example involving
hierarchical and event-level causality, where the
three models exhibit clearly differentiated failure
patterns despite being evaluated on the same input.

The ground-truth graph encodes a hierarchical
causal structure in which both an abstract col-
lective action and multiple concrete diplomatic
events independently lead to governmental out-
comes. Specifically, the gold annotations distin-
guish between African boycott as a high-level
cause and two event-level nodes describing an
African diplomat’s decision to boycott the cele-
bration, with and without an India-specific context.
The gold text correctly verbalizes this structure by
explicitly separating abstract causes from concrete
events, stating that:

“An African boycott triggered the govern-
ment to take the issue lightly. An African
diplomat’s decision to boycott the cele-
bration in protest of renewed discrimina-
tion against them resulted in governmen-
tal outcomes. Each statement refers to a
distinct causal event.”

Three models each exhibited qualitatively different
misrepresentations of this structure. Here, we list
each of them, classifying the types into abstraction-
induced collapse, partial structural coverage, and
event fragmentation.

Abstraction-induced causal collapse (Qwen).
Qwen largely preserves the high-level causal re-
lations but collapses multiple event-level causes
into a single abstract node. While the gold graph
distinguishes between African boycott and two
concrete diplomatic boycott events, Qwen omits
these fine-grained nodes and directly connects the
abstract cause to all downstream outcomes. This re-
sults in a superficially coherent graph that sacrifices
causal hierarchy and event-level granularity.

Partial event preservation with incomplete cov-
erage (Llama). Llama recovers several event-
level nodes and correctly links them to governmen-
tal outcomes, indicating sensitivity to explicit event
descriptions. However, it fails to preserve all valid
causal paths, omitting some effects when multiple
independent causes lead to the same outcome. As
a result, the predicted graph captures only a subset
of the intended causal structure.

Event fragmentation and spurious structural ex-
pansion (OLMo). OLMo deviates most strongly
from the gold graph by fragmenting coherent event-
level nodes into actors, actions, and contextual enti-
ties. This over-decomposition introduces spurious
intermediate nodes and syntactically driven edges,
obscuring causal attribution and degrading inter-
pretability despite producing a structurally dense
graph.

Discussion. Across models, failures reflect sys-
tematic inductive biases rather than isolated errors:
(i) Qwen favors abstraction at the cost of causal
granularity, (ii) Llama preserves events but ex-
hibits incomplete causal coverage, and (iii) OLMo
over-fragments events, introducing spurious struc-
ture. Together, these patterns suggest that cur-
rent LLM-based approaches struggle to simulta-
neously preserve event atomicity, causal hierarchy,
and edge completeness, highlighting the need for
graph-aware constraints during causal graph gener-
ation.

D.3 Four Types of Errors

We present representative examples of the four er-
ror types identified during our dataset review pro-
cess; the corresponding statistics for each category
are reported in Section 3.5.

Problematic. Problematic refers to cases contain-
ing violent, inflammatory, or controversial con-
tent targeting specific individuals, countries, or
groups. Some instances were derived from news
corpora and contained crime-related content in
which causal relationships are relatively unambigu-
ous. Because such instances risk identifying or im-
plicating specific individuals or groups, they were
removed from the dataset.

“Ahmed was convicted of the murder of a
police officer. The statement concerns a
criminal case. ... ”
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Artifact. Artifact denotes cases in which nat-
ural semantic interpretation is hindered by un-
grammatical expressions, meta-level phrasing, or
missing contextual information. During the LLM-
based paraphrasing stage, certain instances exhib-
ited grammatical inconsistencies or irregular causal
structures that were distorted from the original
meaning. These instances were discarded as they
no longer faithfully represent the intended causal
structure.

“Saved similar caused Draw plan. Saved
similar led to Internal plan. Saved situ-
ation brought about Draw plan. Saved
situation gave rise to Internal plan. That
they can be saved from the same situa-
tion caused Internal plan. That they can
be saved from the same situation led to
Drew plan. Saved similar triggered Drew
plan. Saved situation resulted in Drew
plan. That they can be saved from the
same situation resulted in Draw plan.”

Nonsense. Nonsensical refers to cases where
causal relationships are difficult to establish or
where semantic coherence is weak due to excessive
reliance on normative statements. We observed
cases where LLM refinement produced passages in
which sentences were joined illogically or without
sufficient contextual grounding, resulting in text
that lacked narrative coherence. Such instances
were excluded accordingly.

“Remote sensing produced assessment
data. Removal caused Mount. Removal
led to Amass.”

Gibberish. Gibberish refers to cases in which
graph nodes consist of demonstrative pronouns, or
remain in clause-level or placeholder form, ren-
dering them insufficiently functional as semantic
units. Because our pipeline extracts sentences con-
taining causal relationships, certain extracted in-
stances—while causally valid in their original con-
text—relied on anaphoric expressions (e.g., due to
pronouns or incomplete references) or omitted sur-
rounding context, rendering the causal relationship
ambiguous. These instances were also removed.

“Getrss good resulted in the party leader
not condemning the violence by a worker
from RSS. Getrss good caused the leader
to condemn. Getrss possible triggered

the party leader not condemning the vio-
lence by a worker from RSS. Getrss pos-
sible brought about the leader condem-
nation. Getrss recommended resulted in
the party leader not condemning the vio-
lence by a worker from RSS. Getrss rec-
ommended caused the leader to condemn.
Getrss good led to the condemnation of
RSS. Getrss possible gave rise to the con-
demnation of RSS. Getrss recommended
led to the condemnation of RSS.”

E Examples of Text-to-Graph Motifs

This section provides representative text-graph
pairs from our dataset. Regarding the fundamental
structural motifs, given three vertices X,Y , and Z
in a graph: chain is defined as X → Y → Z. Fork
represents a common cause structure, defined as
X ← Y → Z. Collider represents a common ef-
fect structure, defined as X → Y ← Z (Zanga
et al., 2022). We categorize chains based on the
number of nodes: a chain consists of 3 to 4 nodes,
whereas a long chain comprises 5 or more nodes.
A bi-fan is defined as a structure with four nodes
where two distinct common causes influence two
separate outcomes (Milo et al., 2002). Examples of
these configurations and explanation are provided
in Section E. Each figure below presents a natu-
ral language paragraph alongside its corresponding
causal graph, which demonstrates how our inte-
grated pipeline transforms textual paragraphs into
structured causal graphs.

The examples illustrate varying levels of struc-
tural complexity ranging from the simplest three-
node chains (Figure 5) to more sophisticated long
chains with five or more nodes (Figure 9). These
diverse structures enable comprehensive evaluation
of model performance across different causal con-
figurations.

F Additional Experimental Results

This section describes the complete set of results
used in Section 4, including the ablation studies.
Tables 7 and 6 report the full results across all
evaluated models and metrics. The tables report
corresponding results obtained under zero-shot and
few-shot settings to minimize the influence of in-
context learning.

Overall, the trends observed here are largely con-
sistent with those discussed in Section 4. A no-
table difference, however, is that once model size
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Task Model Setting ROUGE-L SBERT-cos

G2T — zero-shot
GPT-5-mini Plain 0.250 0.770
Gemini 2.5 flash Plain 0.219 0.747
Claude Haiku 4.5 Plain 0.192 0.736
Grok-4-fast Plain 0.199 0.732

Claude Haiku 4.5 Role 0.180 0.612
Grok-4-fast Role 0.186 0.611

GPT-5-mini Role+Rel 0.243 0.733
Claude Haiku 4.5 Role+Rel 0.186 0.649
Grok-4-fast Role+Rel 0.190 0.652

G2T
GPT-5* Plain 0.2766 0.8006
GPT-5-mini Plain 0.2587 0.7657
Claude Haiku 4.5 Plain 0.2053 0.7461
Grok-4-fast Plain 0.2090 0.7384
Gemini 2.5 flash Plain 0.2769 0.7832
Llama-3-8B Plain 0.2923 0.7868
OLMo-2-7B Plain 0.2094 0.7681
Qwen-2.5-7B Plain 0.3345 0.8172

GPT-5-mini Role 0.2401 0.6690
Claude Haiku 4.5 Role 0.1917 0.6169
Grok-4-fast Role 0.1950 0.6181
Llama-3-8B Role 0.2619 0.6750
OLMo-2-7B Role 0.1953 0.6473
Qwen-2.5-7B Role 0.2909 0.6763

GPT-5-mini Role+Rel 0.2717 0.7537
Claude Haiku 4.5 Role+Rel 0.1926 0.6505
Grok-4-fast Role+Rel 0.1949 0.6590
Llama-3-8B Role+Rel 0.2503 0.7099
OLMo-2-7B Role+Rel 0.2115 0.6877
Qwen-2.5-7B Role+Rel 0.2481 0.7058

T2G2T — zero-shot
GPT-5 Plain 0.304 0.829
GPT-5-mini Plain 0.381 0.837
Claude-Sonnet-4.5 Plain 0.041 0.077
Claude-Haiku-4.5 Plain 0.235 0.754
Grok-4-fast Plain 0.224 0.730
Llama-3-8B Plain 0.331 0.755
Qwen-2.5-7B Plain 0.372 0.802
OLMo-2-7B Plain 0.191 0.727

T2G2T
GPT-5 Plain 0.304 0.829
Claude-Sonnet-4.5 Plain 0.041 0.077
GPT-5-mini Plain 0.380 0.835
Claude-Haiku-4.5 Plain 0.235 0.756
Grok-4-fast Plain 0.225 0.734
Llama-3-8B Plain 0.331 0.755
Qwen-2.5-7B Plain 0.372 0.802
OLMo-2-7B Plain 0.191 0.727

GPT-5-mini Role 0.320 0.694
Claude-Haiku-4.5 Role 0.218 0.621
Grok-4-fast Role 0.209 0.608
Llama-3-8B Role 0.308 0.642
Qwen-2.5-7B Role 0.322 0.658
OLMo-2-7B Role 0.185 0.619

GPT-5-mini Role+Rel 0.288 0.741
Claude-Haiku-4.5 Role+Rel 0.204 0.642
Grok-4-fast Role+Rel 0.201 0.637
Llama-3-8B Role+Rel 0.268 0.673
Qwen-2.5-7B Role+Rel 0.267 0.698
OLMo-2-7B Role+Rel 0.205 0.672

Table 6: Text similarity metrics grouped by shared metric format (ROUGE-L and SBERT cosine similarity). *
indicates that the corresponding experiment was conducted on a 20% sample of the dataset.

exceeds a certain threshold, performance differ-
ences become relatively small. For example, we
observe no substantial performance gap between

GPT-5 and GPT-5-mini. In contrast, Claude Son-
net and Claude Haiku consistently exhibit lower
performance compared to other models.
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Task Model Setting Precision Recall F1 Acc.

T2G — zero-shot
Qwen-2.5-7B Plain (0.574, 0.478) (0.587, 0.467) (0.575, 0.470) (0.587, 0.467)
OLMo-2-7B Plain (0.493, 0.381) (0.504, 0.384) (0.495, 0.381) (0.504, 0.384)

T2G
GPT-5-mini Plain (0.934, 0.894) (0.943, 0.895) (0.937, 0.894) (0.943, 0.895)
Claude Sonnet 4.5 Plain (0.123, 0.119) (0.123, 0.119) (0.123, 0.119) (0.123, 0.119)
Grok-4-fast Plain (0.927, 0.881) (0.925, 0.872) (0.924, 0.874) (0.925, 0.872)
Llama-3-8B Plain (0.575, 0.458) (0.619, 0.467) (0.591, 0.459) (0.619, 0.467)
OLMo-2-7B Plain (0.532, 0.142) (0.545, 0.146) (0.533, 0.141) (0.545, 0.146)
Qwen-2.5-7B Plain (0.663, 0.549) (0.692, 0.539) (0.670, 0.541) (0.692, 0.539)
GPT-5 Plain (0.900, 0.824) (0.901, 0.824) (0.900, 0.823) (0.901, 0.824)

GPT-5-mini Role (0.821, 0.717) (0.833, 0.813) (0.829, 0.802) (0.833, 0.813)
Grok-4-fast Role (0.926, 0.882) (0.924, 0.871) (0.925, 0.875) (0.924, 0.871)
Claude Haiku 4.5 Role (0.228, 0.198) (0.207, 0.186) (0.214, 0.200) (0.207, 0.186)
Llama-3-8B Role (0.576, 0.455) (0.614, 0.451) (0.589, 0.447) (0.614, 0.451)
OLMo-2-7B Role (0.291, 0.069) (0.296, 0.068) (0.290, 0.068) (0.296, 0.068)
Qwen-2.5-7B Role (0.300, 0.133) (0.317, 0.133) (0.305, 0.132) (0.317, 0.133)

GPT-5-mini Role+Rel (0.815, 0.704) (0.847, 0.792) (0.823, 0.816) (0.847, 0.792)
Grok-4-fast Role+Rel (0.918, 0.864) (0.932, 0.880) (0.921, 0.889) (0.932, 0.880)
Claude Haiku 4.5 Role+Rel (0.242, 0.182) (0.191, 0.168) (0.227, 0.214) (0.191, 0.168)
Llama-3-8B Role+Rel (0.275, 0.127) (0.298, 0.125) (0.282, 0.125) (0.298, 0.125)
OLMo-2-7B Role+Rel (0.495, 0.190) (0.515, 0.195) (0.495, 0.190) (0.515, 0.195)
Qwen-2.5-7B Role+Rel (0.446, 0.255) (0.463, 0.256) (0.450, 0.252) (0.463, 0.256)

G2T2G — zero-shot
Qwen-2.5-7B Plain (0.266, 0.171) (0.276, 0.171) (0.269, 0.170) (0.276, 0.171)

G2T2G
GPT-5 Plain (0.228, 0.092) (0.249, 0.100) (0.233, 0.094) (0.249, 0.100)
GPT-5-mini Plain (0.450, 0.367) (0.513, 0.400) (0.467, 0.375) (0.513, 0.400)
Grok-4-fast Plain (0.080, 0.025) (0.131, 0.035) (0.094, 0.027) (0.131, 0.035)
OLMo-2-7B Plain (0.601, 0.496) (0.611, 0.504) (0.602, 0.496) (0.611, 0.504)
Llama-3-8B Plain (0.228, 0.121) (0.292, 0.140) (0.247, 0.124) (0.292, 0.140)
Qwen-2.5-7B Plain (0.266, 0.171) (0.276, 0.171) (0.268, 0.170) (0.276, 0.171)

GPT-5-mini Role (0.446, 0.360) (0.507, 0.391) (0.462, 0.367) (0.507, 0.391)
Grok-4-fast Role (0.093, 0.042) (0.170, 0.067) (0.113, 0.048) (0.170, 0.067)
OLMo-2-7B Role (0.601, 0.496) (0.611, 0.504) (0.602, 0.496) (0.611, 0.504)
Llama-3-8B Role (0.228, 0.121) (0.292, 0.140) (0.247, 0.124) (0.292, 0.140)
Qwen-2.5-7B Role (0.266, 0.171) (0.276, 0.171) (0.268, 0.170) (0.276, 0.171)

GPT-5-mini Role+Rel (0.441, 0.358) (0.504, 0.392) (0.458, 0.366) (0.504, 0.392)
Grok-4-fast Role+Rel (0.090, 0.039) (0.165, 0.063) (0.109, 0.044) (0.165, 0.063)
OLMo-2-7B Role+Rel (0.601, 0.496) (0.611, 0.504) (0.602, 0.496) (0.611, 0.504)
Llama-3-8B Role+Rel (0.228, 0.121) (0.292, 0.140) (0.247, 0.124) (0.292, 0.140)
Qwen-2.5-7B Role+Rel (0.266, 0.171) (0.276, 0.171) (0.268, 0.170) (0.276, 0.171)

Table 7: Graph-structure metrics grouped by shared metric format. Values in parentheses denote (node score, edge
score).

Under the zero-shot setting, performance degra-
dation is observed in some cases, while in others
the difference remains marginal. Consistent with
the findings in Section 4, tasks that require graph
construction benefit substantially from in-context

learning, as few-shot examples provide explicit
guidance on graph structure. When such guidance
is removed in the zero-shot setting, performance
drops more noticeably. In contrast, tasks that focus
on text reconstruction exhibit only minor perfor-

608



Task Model Output Length Mean (Std)

T2G

OLMo-2-7B 256.24 (158.81)
Qwen-2.5-7B 276.29 (152.14)
LLaMA-3-8B 282.17 (175.18)
Grok-4-fast 310.70 (273.89)
Haiku-4.5 316.78 (239.85)
GPT-5-mini 398.38 (369.45)

G2T

Qwen-2.5-7B 153.35 (99.35)
LLaMA-3-8B 207.93 (104.47)
GPT-5 266.13 (94.23)
GPT-5-mini 375.54 (101.92)
Gemini-2.5-Flash 416.74 (115.22)
OLMo-2-7B 487.59 (176.51)
Grok-4-fast 504.45 (95.14)
Haiku-4.5 530.71 (116.76)

T2G2T

Qwen-2.5-7B 144.11 (66.79)
LLaMA-3-8B 226.57 (108.86)
GPT-5-mini 329.15 (117.44)
Haiku-4.5 463.69 (135.47)
Grok-4-fast 497.21 (98.54)
OLMo-2-7B 551.89 (144.01)

G2T2G

Sonnet-4.5 252.23 (76.97)
Qwen-2.5-7B 288.67 (139.64)
OLMo-2-7B 298.33 (184.94)
GPT-5 334.30 (128.42)
GPT-5-mini 555.74 (412.15)
Grok-4-fast 707.77 (251.28)

Table 8: Output length statistics across all tasks (Mean
(Std)). Gold text mean is 227.41 and gold graph mean
is 340.65.

mance degradation, suggesting that these tasks rely
less on structural cues provided by few-shot exam-
ples.

We hypothesized that larger LLMs tend to gen-
erate longer outputs, and that this verbosity would
negatively correlate with task performance. Our
empirical results partially support this hypothesis,
with task-dependent variation as shown in Table 8
and Figure 10 and 11. For the T2G task, we observe
the opposite trend: longer outputs are associated
with higher accuracy, suggesting that larger, more
capable models not only generate more verbose
graph representations but also do so more accu-
rately. Larger LLMs tend to generate longer out-
puts, which generally hurts performance on G2T
and T2G2T as shown in Table 8. T2G is a causal ex-
traction task that maps sentences to directed graphs,
a well-studied NLP problem for which abundant su-
pervised datasets exist. We conjecture that closed-
source models, trained on larger corpora, are more
likely to have been exposed to such causal extrac-
tion data, giving them a systematic advantage on
this particular task type.

In contrast, G2T shows a clear negative correla-
tion between output length and ROUGE-L score.
Models producing shorter, more concise outputs –
such as Qwen-2.5-7B and LLaMA-3-8B – achieve
higher ROUGE-L scores, while larger models that
tend toward verbose generation, such as Grok-4-
fast and Haiku-4.5, score lower. This aligns with
our hypothesis that over-generation hurts perfor-
mance on tasks where fidelity to a reference text is
measured. T2G2T exhibits a broadly similar nega-
tive trend, with one notable exception: GPT-5-mini
produces the longest output among the models yet
achieves the highest ROUGE-L score. We attribute
this exception to the nature of the preceding step:
T2G2T is conditioned on a T2G output, and T2G
is a task that LLMs already perform well. As a
result, the intermediate graph representation is of
sufficiently high quality that capable models like
GPT-5-mini can leverage it effectively, allowing
generation quality to compensate for length bias.
G2T2G, on the other hand, does not conform to ei-
ther trend. OLMo-2-7B stands out as a clear outlier,
achieving the highest accuracy despite producing
relatively short outputs, while Grok-4-fast gener-
ates the longest outputs yet performs worst. Unlike
T2G2T, G2T2G is conditioned on a G2T output,
and G2T is a task where LLMs generally strug-
gle. The poor quality of the intermediate text rep-
resentation introduces compounding errors across
the round-trip conversion. Consequently, output
length becomes a poor predictor of final perfor-
mance and obscures any systematic trend. Taken
together, our findings suggest that while the length-
bias hypothesis holds for text-output tasks in gen-
eral, the quality of preceding steps acts as a critical
moderator. Specifically, when the upstream task is
well-handled (T2G), capable models can overcome
length bias. However, when the upstream task is
poorly handled (G2T), the resulting noise domi-
nates, causing length-performance correlations to
break down entirely.
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Figure 10: Correlation between output length (X-axis) and task performance (Accuracy, ROUGE-L) (Y-axis) across
tasks.
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Figure 11: Correlation between output length (X-axis) and task performance (F1, SBERT-cos) (Y-axis) across tasks.
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