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Abstract

Recent advances in large language models
(LLMs) have enabled their application to non-
traditional tasks such as causal graph construc-
tion, a key component of reasoning frame-
works, including Bayesian Networks. The most
effective existing approaches rely on direct
prompting, where an LLM generates a com-
plete graph from a full set of variables in a
single step. However, the performance of such
methods degrades as the number of graph nodes
increases. To address this limitation, we ex-
plore a divide-and-conquer alternative based
on semantic clustering. Node representations
are first embedded and clustered, after which
subgraphs are constructed independently for
each cluster using LLM prompting. The result-
ing subgraphs are then merged pairwise into a
global graph.

Contrary to our expectations, this approach
leads to a substantial degradation in perfor-
mance compared to direct prompting baselines,
as measured by Structural Hamming Distance
(SHD). We attribute this to the misalignment
between semantic similarity and causal struc-
ture, as well as error propagation during sub-
graph merging. We report these negative re-
sults to highlight the limitations of decompo-
sition strategies in LLM-based causal graphs
construction.

1 Introduction

The growing capabilities of large language mod-
els (LLMs) have expanded their applications into
domains not traditionally associated with natural
language processing, including education (Kas-
neci et al., 2023) and programming (Guo et al.,
2024). One such emerging application is causal
graph (CG) construction, a key component of prob-
abilistic reasoning frameworks like Bayesian Net-
works (BNs) (Koller, 2009). Causal graph dis-
covery (CGD) has traditionally been addressed
either through data-driven structure learning al-
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Figure 1: Causal Graph of the BN related to the lung
cancer problem (Korb and Nicholson, 2010).

gorithms (Kitson et al., 2023) or through expert
elicitation, where domain knowledge is used to de-
fine causal relationships (Nyberg et al., 2022) . In
contrast to these approaches, recent work demon-
strates that LLMs can infer causal structure directly
from textual descriptions of variables, effectively
enabling CGD without explicit data or expert in-
put (Wang et al., 2024; Chen et al., 2024; Wan et al.,
2024).

CG is a directed acyclic graph (DAG) that illus-
trates variables and their causal dependencies. Con-
sider the example shown in Figure 1, which depicts
a CG of a simple BN (Korb and Nicholson, 2010).
This BN models a hypothetical scenario involving
potential causes (e.g., Pollution and Smoker) and
effects (e.g., X-Ray results and Dyspnoea) of Lung
Cancer.

The growing attention to LLM-based causal
graph construction has led to the development of
dedicated evaluation benchmarks, such as Causal-
GraphBench introduced by Babakov et al. (2025b),
enabling systematic comparisons of different ap-
proaches. In addition to establishing a unified eval-
uation setting, this work demonstrates that simple
direct prompting strategies, where an LLM is asked
to reconstruct a full graph from a list of nodes in
a single step, perform on par with more elaborate
multi-step methods that incorporate additional rea-
soning or constraints. At the same time, all eval-
uated approaches exhibit a substantial decline in
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performance as graph size increases, identifying
scalability as a central challenge in LLM-based
CGD (Babakov et al., 2025b).

This limitation motivates the exploration of de-
composition strategies that break the task into
smaller, more manageable subproblems. In this
work, a divide-and-conquer approach based on se-
mantic node clustering is investigated. Given tex-
tual descriptions of variables, nodes are embedded
into a vector space, dimensionality is reduced, and
clusters are formed using a pipeline inspired by
topic modelling techniques. Each cluster is then
processed independently by an LLM to construct a
subgraph, after which the resulting subgraphs are
iteratively merged in a pairwise manner to produce
a global causal graph.

The approach is evaluated using the aforemen-
tioned CausalGraphBench benchmark. Contrary to
expectations, decomposition via semantic cluster-
ing results in substantial performance degradation
compared to direct prompting baselines. These re-
sults suggest that semantic similarity between node
descriptions does not align well with underlying
causal structure and that errors introduced during
subgraph construction and merging accumulate in
the final graph.

By reporting these negative findings, this work
aims to contribute to a better understanding of the
limitations of decomposition strategies in LLM-
based structured prediction tasks and to inform
future research on scalable approaches to causal
graph construction.

2 Related works

LLMs have been explored for a variety of graph-
related tasks, including connectivity, cycle detec-
tion, shortest path, and topological ordering (Wang
et al., 2024; Chen et al., 2024).

In the context of causal graph construction, ex-
isting approaches can be broadly divided into two
categories. The first combines LLMs with tradi-
tional data-driven methods (Ban et al., 2023a; Long
et al., 2023a). The second category relies on LLMs
to construct causal graphs directly, with methods
differing mainly in how they query the model. One
group of LLM-only methods makes exhaustive
queries, like all possible pairs, triplets, or other
combinations of nodes, resulting in a significant
number of queries necessary for reconstruction of
one CG (Cohrs et al., 2024; Zhang et al., 2024;
Vashishtha et al., 2023; Long et al., 2023b; Kıcı-

man et al., 2023; Feng et al., 2024; Darvariu et al.,
2024; Zhou et al., 2024). In contrast, minimal-
query approaches aim to construct the full graph
with fewer interactions while preserving a more
global view of the structure, including iterative
graph construction, structured multi-step prompt-
ing, and ensemble-style aggregation of indepen-
dently generated graphs (Jiralerspong et al., 2024;
Ban et al., 2023b; Babakov et al., 2025a; Zhang
et al., 2025).

3 Experimental setup

3.1 Dataset

The experiments are conducted using the Causal-
GraphBench benchmark (Babakov et al., 2025b),
which comprises 35 causal graphs derived from
both publicly available repositories and academic
papers. The benchmark includes graphs of vary-
ing sizes, with a median of 16 nodes and 21 edges.
Each graph is accompanied by structured meta-
data, including a textual description of the graph’s
purpose, the associated knowledge domain, a dic-
tionary of node descriptions clarifying variable se-
mantics, and the ground-truth graph structure.

3.2 Methodology of the experiments

Two approaches to CG construction are compared:
a baseline method and a cluster-based decomposi-
tion method.

The baseline follows a direct zero-shot prompt-
ing strategy, where the LLM is provided with the
full list of clearly defined node names and asked to
generate the complete causal graph in a single step.

The cluster-based method introduces a multi-
step pipeline to decompose the task into smaller
subproblems, motivated by scalability challenges
observed in prior work. The approach follows a
subset of steps inspired by the BERTopic frame-
work (Grootendorst, 2022). First, node descrip-
tions are embedded into a vector space using sen-
tence embedding models; two variants are consid-
ered: MiniLM1 and Gemma2. Second, dimension-
ality reduction is applied using UMAP (McInnes
et al., 2018; McInnes et al., 2018). Third, clus-
tering is performed using HDBSCAN (McInnes
et al., 2017). The hyperparameters for these
stages are adopted based on recommendations from
BERTopic: minimum cluster size of 2, UMAP with

1
huggingface.co/sentence-transformers/all-MiniLM-L6-v2

2
huggingface.co/google/embeddinggemma-300m

2
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15 neighbours (capped at the number of nodes mi-
nus one), 2 output components, cosine distance
metric, and HDBSCAN with Euclidean distance
and ‘excess of mass’ cluster selection.

After clustering, each cluster is processed inde-
pendently by the LLM using the same prompting
strategy as in the baseline, producing subgraphs.
Clusters containing a single node are preserved
without modification. The resulting subgraphs are
then combined through a pairwise merging proce-
dure: all pairs of subgraphs (or a restricted subset
based on nearest cluster centroids) are presented
to the LLM, which is queried to infer cross-cluster
connections. The final causal graph is constructed
by aggregating intra-cluster subgraphs and inter-
cluster edges. Two merging strategies are explored:
considering all possible subgraph pairs and restrict-
ing merging to the top-k nearest clusters (with
k ∈ 3, 5) based on cosine distance between clus-
ter centroids. The specific prompts used for LLM
querying are shown in the Appendix.

Experiments are conducted using both propri-
etary and open-source LLMs. The proprietary mod-
els include GPT-5.4 (2026-03-05)3 and GPT-5.2
(2025-12-11)4. Open-source models include GPT-
OSS-120b (OpenAI, 2025) and GLM-5 (GLM-5-
Team et al., 2026).

3.3 Evaluation
We evaluate the quality of the LLM-generated
CGs using Structural Hamming Distance (SHD), a
widely used measure for evaluating graph discovery
algorithms (Tsamardinos et al., 2006). Lower SHD
values indicate higher-quality graphs. SHD is cal-
culated as the total number of operations (addition,
removal, or reversal of edge directions) required
to transform the generated graph into the target
graph. Incorrectly oriented edges, where the cause
and effect are reversed, are penalised as two errors.
To make comparisons across CGs of varying sizes
more meaningful, we report SHD normalised by
the node count in the actual CG. We used causal
discovery toolbox5 for SHD calculations.

4 Contamination Analysis

LLMs may have prior exposure to some CGs, lead-
ing to artificially improved performance (Tu et al.,
2023; Tamkin et al., 2021; Sainz et al., 2023). To
mitigate this, a contamination detection procedure

3
openai.com/index/introducing-gpt-5-4/

4
openai.com/index/introducing-gpt-5-2/

5
github.com/ElementAI/causal_discovery_toolbox

CG name LLM SHD/nodes
alarm GPT-5.4 0.41

cancer

GLM-5 0
GPT-5.2 0.2
GPT-5.4 0
GPT-OSS-120b 0

coma GPT-5.4 0
covid GPT-5.4 0.2

sachs
GLM-5 0.73
GPT-5.4 0.73

Table 1: Results of the second step of contamination
analysis - for CGs that are potentially contaminated
(i.e., LLM can produce an accurate list of nodes relying
solely on paper name or URL), LLM is also queried to
generate a corresponding CG.

based on Babakov et al. (2025a) is applied. Each
model is first prompted to reconstruct the set of
nodes of a CG using only its metadata (paper and,
when available, source URL). Exact recovery of
nodes in both number and semantic meaning is
treated as a signal of potential contamination.

Using this procedure, such signals are observed
for several models, including GLM-5 (sachs, can-
cer), GPT-5.2 (cancer), GPT-5.4 (sachs, cancer,
alarm, covid, coma), and GPT-OSS-120b (cancer).
These CGs are further tested by prompting the cor-
responding models to reconstruct their structure
from the generated nodes. The resulting graphs
are compared to the ground truth using normalized
SHD (Table 1).

The results show that, although multiple CGs
have perfectly reconstructed node sets, only a sub-
set can be accurately recovered at the structural
level. In particular, cancer and coma are recon-
structed with a zero error by at least one model,
indicating strong prior exposure. These two CGs
are therefore excluded from further experiments to
ensure fair evaluation.

5 Experimental Results

The experiments are conducted by applying both
the baseline and the cluster-based methods to all
CGs that were not excluded during the contamina-
tion analysis (Section 4). The cluster-based method
is evaluated with two different embedding models
(Section 3.2).

Table 2 presents the results for the all-vs-all
merging strategy, where the LLM is queried to
merge every possible pair of subgraphs. The results
show a substantial increase in SHD compared to
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Mehtod/LLM GPT-5.4 GPT-5.2 GPT-OSS-120b GLM-5
Baseline 1.71 1.67 1.68 1.57
Cluster (MiniLM) 3.04 3.52 3.26 3.09
Cluster (Gemma) 2.74 3.10 3.00 2.81

Table 2: SHD normalized by nodes count for baseline experiments and cluster-based experiments, conditioned on
clusters from MiniLM and Gemma encoder models.
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Figure 2: Normalised SHD for CGs of different sizes
resulting from application of baslein and cluster-based
method with GLM-5 model.

the baseline across all models, indicating that this
approach is ineffective for CGD. This trend is fur-
ther illustrated in Figure 2, where the degradation
in performance is observed even for small graphs.
As the number of nodes increases, the negative ef-
fect becomes significantly more pronounced, high-
lighting the poor scalability of the cluster-based
decomposition under exhaustive merging.

An alternative merging strategy, in which only
the top-3 or top-5 nearest cluster pairs (based on
centroid proximity) are considered instead of all
possible pairs, also fails to yield meaningful im-
provements. As shown in Appendix Table 3, re-
stricting the merging process does not significantly
reduce SHD, indicating that limiting inter-cluster
interactions is insufficient to overcome the limita-
tions of the cluster-based approach.

6 Discussion

The contamination analysis reveals that, although
several widely known CGs have node sets that
are clearly recognised by the models, this knowl-
edge does not reliably translate into accurate recon-
struction of the underlying graph structure. Even
when node names are perfectly recovered, the cor-
responding causal relationships are often not. This
suggests that causal graph reconstruction is not a
well-internalised capability of LLMs. While some
models (e.g., GPT-5.x) support multimodal inputs,
this does not imply effective retention or use of
structured graph knowledge. These findings sup-

port the validity of the CausalGraphBench bench-
mark, as the task does not reduce to memorisa-
tion, and highlight the importance of contamination
checks for reliable evaluation.

The main experimental results demonstrate that
the proposed clustering-based decomposition does
not improve causal graph construction and, in
fact, leads to substantial performance degradation.
While the approach was intended to simplify the
task and improve scalability for larger graphs, the
opposite effect is observed: errors increase signifi-
cantly as graph size grows. A likely explanation is
that semantic clustering of node descriptions does
not correspond to the underlying causal structure.
As a result, important cross-cluster dependencies
are lost, and the subsequent merging process intro-
duces additional inconsistencies, ultimately leading
to higher reconstruction error compared to direct
prompting.

7 Conclusion

This work investigates a clustering-based decom-
position strategy for LLM-driven causal graph con-
struction and finds that, contrary to expectations,
it consistently degrades performance compared to
direct prompting. The results show that seman-
tic node grouping does not align with the causal
structure, and decomposition introduces errors that
accumulate during graph merging, particularly in
larger graphs. These findings highlight the limita-
tions of naïve divide-and-conquer approaches for
structured reasoning with LLMs and suggest that
preserving global context is critical for accurate
causal graph discovery.
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A Appendix

MiniLM
Method/LLM GPT-5.4 GPT-5.2 GPT-OSS-120b GLM-5
Baseline (top-3) 1.95 1.90 1.87 1.80
Cluster (top-3) 2.52 2.71 2.54 2.45
Baseline (top-5) 2.03 2.00 2.02 2.02
Cluster (top-5) 3.19 3.51 3.36 3.16

Gemma
Method/LLM GPT-5.4 GPT-5.2 GPT-OSS-120b GLM-5
Baseline (top-3) 1.84 1.79 1.76 1.67
Cluster (top-3) 2.16 2.25 2.37 2.17
Baseline (top-5) 1.74 1.71 1.75 1.71
Cluster (top-5) 2.39 2.67 2.66 2.54

Table 3: SHD/nodes (Structural Hamming Distance normalised by node count; lower is better) for the cluster-based
approach under two inter-cluster joining strategies (top-3 and top-5 nearest-neighbour pairs) and two node encoders
(MiniLM, Gemma). For each joining mode, the baseline is averaged over the same subset of CGs that satisfies the
minimum cluster-count requirement for that mode, ensuring a fair comparison, e.g., for top-3 only CGs with 4 or
more clusters from the corresponding encoder model are included.

A.1 Baseline prompt
This prompt was used both for a direct baseline LLM query and for querying a subgraph with a node
count of more than 3.

You are an expert on {domain}. You are constructing the Bayesian Network aimed to fulfill the
following task: {task}. To construct the Bayesian Network you need to investigate the cause-and-effect
relationships between the following variables in your area of expertise: {variables}. Based on the meaning
of variables, analyze the cause-and-effect relationships between them. Please give the results as a directed
graph network. Make sure that each edge represent a direct causality between the two variables.

Return valid JSON-list of the following format: {{ "result": [ [from node (A), to node(B)], # (meaning
that there is a direct causal effect from node A to node B) [from node (F), to node(E))] # (meaning that
there is a direct causal effect from node F to node E) [from node (D), to node(G))] # (meaning that there
is a direct causal effect from node D to node G) ... ] }} """

A.2 Subgraphs pairing prompt
You are an expert on {domain}. You are constructing a Bayesian Network aimed to fulfill the following
task: {task}.

You are given two subgraphs of this Bayesian Network. Each subgraph is described by its nodes and
the directed edges already established within it.

Subgraph 1: - Nodes: {nodes_1} - Edges: {edges_1}
Subgraph 2: - Nodes: {nodes_2} - Edges: {edges_2}
Your task is to identify direct causal relationships that exist **between** the two subgraphs — that

is, edges from a node in one subgraph to a node in the other subgraph. Do NOT propose edges between
nodes that are both within the same subgraph.

Return valid JSON of the following format: {{ "result": [ ["A", "B"], ["C", "D"] ] }}
Where each pair ["A", "B"] means there is a direct causal effect from node A to node B, and A and B

belong to different subgraphs.
If there are no causal relationships between the two subgraphs, return: {{ "result": [] }}
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