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Leveraging Molecular Reaction Graphs and
Large Language Models for Advanced Reaction
Planning

O. Bunkova, L. Di Fruscia, S. Rupprecht, M.J.T. Reinders, J. Weber

Abstract—Grounding Large Language Models (LLMs) in chemical knowledge graphs offers a promising way to support synthesis
planning, but reliably retrieving information from these complex structures remains a challenge. Therefore, this work addresses that gap
by constructing a bipartite KG and evaluating Text2Cypher query generation across both single- and multi-step retrieval tasks. Different
prompting strategies were tested, including zero-shot, one-shot with static, random, or embedding-based example selection, and a
checklist-driven self-correction pipeline. Results indicate that one-shot prompting is most effective when the exemplar aligns with the
query both structurally and logically. When such an exemplar is provided as context to the Cypher generation prompt, self-correction
does not yield significant performance gains. Overall, this study introduces a reproducible setup for Text2Cypher experimentation and

evaluation.

1 INTRODUCTION

Large language models (LLMs) have led to significant
advances in the domain of cheminformatics thanks to their
ability to process and interpret molecular data [1]. However,
current research applying LLMs to tasks such as reaction and
retrosynthesis planning remains limited. In particular, unlike
massive amounts of data available for natural language,
chemical reaction datasets are still relatively small. For
instance, one of the main datasets, the USPTO (United States
Patent and Trademark Office reactions), only contains 1.7
million reactions in the Open Reaction Database (ORD) [2].
In contrast, the text corpora used to train LLMs are several
orders of magnitude larger, such as the training dataset of
LLAMA 3 consisting of 15 trillion tokens [3].

Furthermore, data quality poses yet another challenge
here due to incomplete or missing information, annotation
errors, standardization issues, low chemical diversity, and
duplicate entries [4]. Encoding chemistry also requires
specialized representation formats, e.g., Simplified Molecular
Input Line Entry System (SMILES) notation [1]. LLMs,
however, still lack an extensive inherent understanding of
SMILES in the same way that they are able to understand
natural language [5], [6].

Another key aspect to consider is that LLMs do not only
have limited domain-specific knowledge in chemistry, but
also suffer from hallucinations. In particular, they might
produce plausible yet factually incorrect outputs [7]. Addi-
tionally, pre-trained knowledge could potentially become
stale or outdated, which presents a major challenge for
rapidly evolving fields [8]. Therefore, different knowledge
augmentation methods have been proposed, for instance,
retrieval augmented generation (RAG) [9]. Even though
this approach ensures information-freshness and reduces
hallucinations, it does not make use of the global structure
of the underlying data [10], [11].

A promising alternative is knowledge graph (KG)-

enhanced LLMs, which involves using KGs as an external
knowledge base to enhance the generation process [12].
Unlike naive RAG that only leverages local information, KGs
provide a structured knowledge representation that explicitly
encodes entities, relations, and properties, preserving global,
long-range dependencies within the data. As a result, they
enable path-constrained retrieval and multi-hop reasoning
[13], [14], which is of particular interest for the task of
synthesis planning.

This motivates the central premise of this work, that is,
synthesis planning could benefit from coupling LLMs with
a reaction KG. Such coupling grounds model outputs in
domain knowledge, reduces hallucinations, and eliminates
the need for task-specific fine-tuning. In this setting, the
main performance bottleneck becomes retrieval via query
generation, or in other words, whether an LLM can produce
syntactically valid and semantically correct Cypher queries.
Query generation is chosen primarily because of its flexibility,
which is discussed in more detail in Sec. 2.4.3]

Therefore, this study aims to answer the following
research questions:

e« RQ1: How can knowledge graphs be structured
and utilized for reaction prediction and synthesis
planning?

o RQ2: To what extent can LLMs grounded in a reaction
knowledge graph generate syntactically valid and
semantically accurate Cypher queries?

e RQ3: How does the in-context learning strategy (zero-
shot vs. few-shot, static vs. semantic selection) affect
Cypher generation quality and retrieval performance
across synthesis tasks?

e RQ4: What is the frequency and distribution of
retrieval errors, and how are they influenced by
different prompt strategies?



2 BACKGROUND
2.1 LLMs, In-Context Learning, and Prompt Engineering

Large Language Models (LLMs) refer to large-scale, pre-
trained, transformer-based models with advanced capabil-
ities on various natural language processing (NLP) tasks,
such as question answering and text summarization [8].

A notable phenomenon observed in LLMs is in-context
learning (ICL), which is the process of performing a task
conditioned on specific instructions and/or demonstrations
provided within the input context, without requiring any
parameter updates. A related concept is prompt engineering,
defined as the design and refinement of such inputs (called
prompts) to optimize the model’s output [15]. Different
prompting techniques have been introduced in prior research,
among which are zero-shot, few-shot, and self-criticism
strategies [15], [[16].

2.1.1 Zero-Shot Prompting

In zero-shot prompting, an LLM is given a task along
with helpful guidelines, and it generates a response using
only its pre-trained knowledge. A common subtype is
role prompting, where a specific role is assigned to the
LLM, e.g., acting as a helpful assistant for Cypher query
generation. In particular, this can help guide the model
toward domain-relevant reasoning, which may lead to more
accurate responses in some cases [15], [17].

2.1.2 Few-Shot Prompting

Few-shot prompting is a technique, where an LLM is
provided a few input-output examples (exemplars) to guide
the generation process. Typically, when the chosen examples
are similar to the test sample, the performance of the model
improves [18]. Overall, selecting demonstrations is a difficult
task with a variety of approaches. Some of the most common
ones include static hand-crafted selection, random sampling,
or similarity-based retrieval of exemplars. [19]. The former
two are fairly simple to set up, and are often used as baselines
in ICL research [19], [20].

It is important to note that there is no universal strategy
for effective demonstration selection. It remains an empirical
process that is often dependent on the dataset and task
at hand [21]]. Similarly, prompt formatting and style can
significantly impact an LLM’s performance, and thus also
require an experimental approach [15].

2.1.3 Self-Criticism

The Chain-of-Verification (CoVe) method is a self-criticism
framework designed to verify LLM-generated responses.
Given a generated answer, the model also creates a checklist
to verify it. After each point on the checklist is addressed
and the context is aggregated, the final refined response is
produced [15].

2.2 Retrosynthesis Prediction & Synthesis Planning

Chemical synthesis planning is a fundamental task in the
domain of chemistry and cheminformatics, and is defined as
the process of designing a sequence of chemical reactions to
produce a target molecule from available starting materials
[22], [23]]. Single-step reaction planning focuses on predict-
ing products given a set of reactants, whereas single-step

retrosynthesis planning is the inverse problem of predicting
reactants given a target product [23].

Single-step retrosynthesis prediction methods are typi-
cally divided into template-based, which apply atom-mapped
reaction rules (templates), and template-free or data-driven,
which include generative sequence-to-sequence (seq2seq)
and graph-based models [23]. Multi-step planning is for-
mulated as a two-stage search problem. First, a single-step
retrosynthesis model predicts sets of candidate precursors.
Second, a search algorithm (e.g., Monte Carlo Tree Search or
A*) evaluates these predictions and expands upon them to
assemble a complete route [23]], [24].

The goal of this study is not to replace state-of-the-art
methods, but to examine whether off-the-shelf, non-fine-
tuned LLMs can effectively be used for synthesis tasks.
Recent work shows that they struggle with direct chemical
generation [25], [26], [27], but might be of added value
inside augmented pipelines, e.g., leveraging external tools
or guiding the search process. Hence, the project focuses
on grounding an LLM in external knowledge, specifically
a reaction knowledge graph, and evaluating its ability to
reliably interact with that KG through retrieval.

2.3 Knowledge Graphs

Knowledge graphs (KGs) are a type of directed graphs that
store data as triples in a structured fashion. Formally, KG is
defined as:

M

where h, 7, t represent head entity, relation, and tail entity
respectively, I/ denotes the set of entities and 2 corresponds
to the set of relations [12], [28].

KG ={(h,r,t) CEx R x E},

2.4 Knowledge Graph-enhanced LLMs
2.4.1 Limitations of LLMs: Integrating External Knowledge

Despite their remarkable capabilities in natural language
processing (NLP), LLMs are not without limitations. In
particular, they might not always generalize effectively in
specialized domains due to knowledge gaps, biases, and
inaccuracies in the training data. Out of the box, LLMs also
lack access to up-to-date information unless, e.g., they are
retrained or augmented with external tools. As a result, these
limitations make them prone to hallucinations, which are
responses that seem plausible but are factually incorrect [7],
[29], [30].

2.4.2 RAG vs KG-enhanced LLMs & GraphRAG

One way to address this issue is to incorporate external
knowledge through RAG, which consists of two key compo-
nents: a retriever and an LLM. Here, the retriever computes
an embedding for the input query and performs semantic
search to fetch the most relevant documents based on
embedding similarity. These documents are provided as
context for the LLM, guiding the generation of the final
response [9]. Nonetheless, a key limitation of the standard
RAG approach is that it fails to preserve hierarchical or
conceptual dependencies within the data. This is because
documents are treated as independent units, that is, they are
retrieved in isolation. [29], [30].



An alternative solution is KG-enhanced LLMs, where a
KG serves as an external source of structured knowledge
during inference. These graphs explicitly encode relation-
ships between entities, providing global relational and
structural context beyond the local scope of individual
documents/data samples [31]]. Therefore, such systems can
support multi-hop reasoning, by incorporating information
across interconnected nodes and their edges [29], [30], [32].

This could be of particular interest for the task of reaction
and retrosynthesis planning, where the underlying data is
inherently graph-structured. By preserving both the order
and directionality of each transformation, the framework
enables the traversal and retrieval of multi-step reaction
pathways.

2.4.3 Retrieval Patterns in KG-enhanced LLMs

Multiple retrieval patterns have been explored in the litera-
ture for extracting information from KGs and incorporating
it as context during the generation process. In particular,
these include graph-enhanced vector search (hybrid retrieval),
global community summary retrieval (vector-based retrieval),
and Text2Cypher (query generation) [33], which are illustrated
in Fig. |1} Note that this list is not exhaustive, but captures
several of the simplest and most representative approaches.

Graph-enhanced vector search (Fig. [Th) is a two-stage
hybrid retrieval strategy, which may also include additional
pre-processing and post-processing steps. In general, it first
performs vector similarity search to, e.g., find top-k nodes
corresponding to relevant documents. In the second step,
graph traversal is performed to retrieve additional context,
such as the immediate neighborhood of each node. When
integrated with a graph database, this traversal is usually
implemented by executing a query on the KG. Finally, the
retrieved context, along with the original question, is fed into
the LLM to guide the generation process [33]]. An example
of such is LightRAG [34], which extracts keywords from
queries followed by vector similarity search to match them to
relevant entities in the KG. The 1-hop neighborhoods of these
entities are then gathered as additional context. HybridRAG
is also based on a similar idea [35], but instead the traversal
occurs simultaneously with vector search. Both the relevant
graph context and top-k retrieved documents are jointly fed
into the LLM.

One of the earliest and most cited works on KG-enhanced
LLMs is Microsoft’s GraphRAG [11], which introduced
a global community summary retrieval pattern (Fig. [1p).
Essentially, the retrieval itself resembles that of the Naive
RAG due to the unique way the KG is built: it is multi-
level with a hierarchical structure. This KG is constructed
by extracting entities and relations through multiple LLM
calls, and is subsequently partitioned into hierarchical
communities using community detection algorithms. Each
community is summarized, once again, using an LLM, and
during inference, semantic search is performed over these
summaries to retrieve the most relevant ones.

Text2Cypher (along with its equivalents such as
Text2SPARQL) represents a highly flexible retrieval pattern
[33], depicted in (Fig.[Tk). Here, an LLM is used to generate
queries to be executed on the KG, which can be achieved
through fine-tuning ( [36], [37]]) or prompt engineering ( [38],
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Fig. 1: Retrieval Patterns in KG-enhanced LLMs. (a) Graph-
Enhanced Vector Search: This hybrid pipeline retrieves
top-k nodes via semantic search, then executes a fixed
graph language query template to extract each node’s
neighborhood. These neighborhoods and original query are
passed to the LLM to generate the final answer. (b) Global
Community Summary: This architecture constructs a multi-
level KG by extracting entities and relations through multiple
rounds of LLM calls. A community detection algorithm
identifies related node groups, which are also summarized.
At inference, semantic search retrieves relevant summaries
that, along with the query, are passed to the LLM to generate
the final answer. (c) Text2Cypher: An LLM directly generates
a Cypher query from the user query, which is executed on
the KG. The retrieved subgraph (or individual nodes, triples,
and paths) and original query are then passed to another
LLM to generate the final response.



[39]). Recent research on the task is presented in more detail
in Section 2.5

Among fully vector-based retrieval, hybrid retrieval, and
query generation approaches, this work focuses on the latter,
in other words, Text2Cypher. This choice is motivated by
the nature of the task at hand (reaction and retrosynthesis
planning), which often requires the flexibility to support
diverse queries and constraints. The main limitations of the
other two approaches are the following;:

1) Global community summary pattern might not be
able to reliably preserve reaction order or path
connectivity, compressing dependencies into a single
embedding vector. Additionally, it lacks a mecha-
nism to apply query-time constraints (e.g., filtering
by maximum yield).

2) Graph-enhanced vector search relies on a fixed
traversal logic, which is not easily adaptable to query-
specific constraints or goals.

2.5 Text2Cypher

Text2Cypher still remains an underexplored task, with
benchmarks such as Text2Cypher [36] and CypherBench [40]
only appearing recently. Overall, state-of-the-art methods for
Cypher generation are mostly LLM-based. For example, a
study by [36] demonstrates the effectiveness of fine-tuning
of both open-source and proprietary LLMs. GraphRAFT [37]
also investigates fine-tuning, introducing a novel approach to
generate synthetic training data. Here, an LLM instantiates
candidate Cypher queries based on the entities extracted
from the question. After that, these queries are re-ranked
by retrieval accuracy, and the best one is selected as ground
truth.

In contrast, another study [38] explores a prompt engi-
neering approach, refining the instructions in the prompt
based on error analysis. Prompt2Cypher [39] adopts a more
complex approach by decomposing the task into smaller
subtasks. It prompts the LLM to first identify relevant
nodes and relationships in the schema, and only then to
generate the final Cypher query. SyntheT2C [41] introduces
Cypher generation with an auto-validation pipeline: with
execution- and schema-level validation, and LLM-based
semantic and coherence validation. The latter is applied to the
query results, verifying whether they contain the expected
answer. Another work [42] also incorporates self-correction
for Cypher generation, but only for non-valid queries with
execution errors. On the contrary, [43] attempts to apply
automatic query correction, but at the string level, which
may not be robust and applicable for all scenarios. More
recent research [44] focuses on fine-grained improvements,
such as graph schema pruning to reduce noise in the prompt,
which smaller models benefit the most from.

Most existing studies on Text2Cypher do not explicitly
investigate prompt engineering, particularly in the context of
reaction knowledge graphs. In contrast, this work addresses
that gap, recognizing that retrieval is a critical bottleneck for
any downstream reasoning step.

2.6 Knowledge Graph-enhanced LLMs in Cheminformat-
ics

KG-enhanced LLMs are not yet widely adopted in the
domain of chemistry and, specifically, cheminformatics.
Instead, current applications are primarily focused on the
task of biomedical question answering, such as identifying
gene-drug, drug-drug, or drug-disease interactions [45],
[46], [47], [48].

In general, there are only a few studies that employ
KG-enhanced LLMs for reaction prediction and retrosyn-
thesis planning. For instance, Cat-KG [49] is designed to
recommend multi-step relay catalytic pathways. In particular,
the system first retrieves all possible pathways of a certain
length to a target product using predefined Cypher query
templates. Then, hard-coded rules are applied to filter and
rank these pathways based on three scoring components:
individual reaction quality (e.g. selectivity, completeness),
step compatibility (e.g. catalyst similarity), and overall
pathway consistency (e.g. reaction type consistency). Another
study [50] also adopts a similar approach, as pathways are
first recursively expanded starting from the target molecule.
Once again, post-processing begins with rule-based filtering,
whereas the remaining candidates are re-ranked by the LLM
using Chain-of-Thought [51]] (CoT) reasoning.

Overall, the main focus of prior research has been on
the post-processing of retrieved results, which means that
the retrieval itself remains fixed. This work, on the other
hand, investigates whether and to what extent the retrieval
process can be made more adaptive. In particular, it evalu-
ates how prompt engineering and self-correction strategies
influence an LLM’s ability to generate syntactically valid and
semantically accurate structured queries. Hence, the aim is
to provide empirical insight into interaction between KGs
and LLMs in the domain of cheminformatics.

2.7 Chemical Reaction Knowledge Graphs

Individual chemical reactions can naturally be modeled using
different graph-based representations, each with its own
advantages and limitations. These models include graphs,
hypergraphs and bipartite graphs, which can either be
undirected or directed. As one would expect, directionality
here is crucial to accurately capture reaction pathways and
irreversible chemical transformations [52], [53], [54].

By aggregating multiple individual reaction subgraphs,
a reaction knowledge graph can be formed, which encodes
shared reaction components and relationships between
them, which might include "reacts with", "produces™”,
"catalyzes", etc. Additionally, KGs capture interconnected
pathways constituting the entire reaction network. Neverthe-
less, there is no known prior research on LLMs leveraging
such molecular reaction graphs for advanced reaction plan-
ning.

2.7.1 Directed Unweighted Graph

One of the simplest structures to model chemical reactions
is a directed graph, as illustrated in Fig. 2b. Here, nodes
are typically individual molecules, such as reactants and
products, whereas edges represent functional relationships
between them. Directed graphs, however, do not inherently
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Fig. 2: Different graph representations for chemical reactions.
(a) Reaction equations (b) Directed graph representation,
where nodes are molecules and edges represent reactions. (c)
Directed hypergraph that captures reactions with multiple
reactants and products. (d) Directed bipartite graph, where
nodes correspond to reaction and molecules.

capture which molecules react together to produce other
chemicals [54].

When constructing a reaction knowledge graph, another
challenge for this representation would be to incorporate
agents (such as catalysts) and solvents. Since all participating
molecules must be connected to or through them, this
introduces unnecessary redundancy, making the graph more
cluttered. Once again, the same issue arises, as it remains
unclear how molecules interact in a given reaction.

2.7.2 Hypergraph

Reactions can also be represented by a hypergraph frame-
work. This includes the polyadic relationship, in which
multiple reactants together can form multiple products. In
other words, simple graphs fail to accurately model more
complex chemical systems. To address this limitation, chem-
ical reactions can be represented by hypergraphs instead,
as depicted in Fig[2k. Specifically, hypegraphs consist of a
set of nodes and hyperedges, each of which is defined as a
multiset of interacting nodes. This approach provides a more
accurate representation of the interactions between molecules
compared to simple graphs [55].

The main drawback of this model in terms of scaling to
reaction KGs is that most databases, such Neo4j, do not
natively support hypegraphs. Furthermore, most widely
used graph traversal and path-finding algorithms (BFS,
Dijkstra, etc) do not generalize to this representation. In
particular, the whole definition of a “path” here is ambiguous,
since a single hyperedge connects multiple nodes. Finally,
research on the use of hypergraphs for knowledge encoding
still remains fairly limited.

2.7.3 Bipartite Graph

Bipartite graphs are an alternative representation of hy-
pergraphs that preserve the reaction context. A chemical
bipartite graph contains two types of nodes: reactions and
molecules, as shown in Fig. . Here, each reaction node
is connected to all its corresponding reactants and prod-
ucts, which allows to define multi-component interactions
explicitly [54], [56]. Hence, additional molecules involved in
the reaction, such as agents or solvents, can also be easily
incorporated.

Overall, molecules participating in multiple reactions will
inherently connect those reactions as shared graph nodes. As
a result, this facilitates the discovery of multi-step synthesis
pathways within a datasets initially composed of individual,
unconnected reactions.

Consequently, the bipartite KG ensures both accurate
reaction representation with full reaction context and effi-
cient querying. This is due to its compatibility with graph
databases and the applicability of well-defined traversal and
search algorithms.

3 METHODOLOGY

This section describes the experimental setup of this research
study, including pre-processing and cleaning of the dataset
used. In addition, it covers the construction of the molecular
knowledge graph, highlighting key design considerations.
The section also discusses strategies to improve Cypher query
generation, which remains a major bottleneck for the entire
pipeline. The, the experimental pipeline is described. Finally,
the evaluation framework used to access the setup in the
task of reaction prediction and planning is outlined.

3.1

This research study uses USPTO dataset, which con-
tains chemical reactions from US patents [4]. Data pre-
processing involved removing duplicates, canonicalizing
molecular SMILES strings, and filtering out rare reactions
and molecules. Furthermore, only reactions with at most four
reactants, four products, four agents, and four solvents were
retained, accounting for 95% of the entire dataset.

Dataset

3.2 Knowledge Graph Construction

Each individual reaction is represented as a bipartite graph
with two distinct node types:

e (:Reaction) — identified by a unique id.
e (:Molecule) — uniquely identified by a canonicalized
SMILES name.

The full reaction schema is shown in Fig. [3| This design
treats reaction nodes solely as structural entities, linking
all molecule nodes. Therefore, neither the reaction SMILES
strings nor natural language descriptions were added as
reaction node properties. During retrieval, these text-based
descriptors would introduce unnecessary redundancy, since
the relevant information is already embedded in the graph
topology.

Moreover, the implemented knowledge graph structure
abstracts away the complexity of reaction SMILES strings,
which LLMs might potentially struggle to interpret [6], [57].



That is, instead of returning reactions in a linear SMILES
format, for instance, CCO.CC (=0)0 >> CC (=0)0CC, the
graph provides a structured representation with already
explicit role separation, such as: { reactants: [CCO,
CC(=0)0], products: [CC(=0)0CC]}.

Reaction Graph Schema

Node Properties
(:Reaction {id: INTEGER})
(:Molecule {name: STRING})

Relationship Properties

(:Reaction)—-[:USES_SOLVENT]-> (:Molecule)
(:Reaction)—-[:USES_AGENT]->(:Molecule)
(:Reaction)—[:PRODUCES {yield:
FLOAT}]->(:Molecule)
(:Molecule)—-[:REACTS_IN]->(:Reaction)

Fig. 3: Schema of the Reaction Knowledge Graph.

In total, 50k reactions were added to the Neo4 j database,
as querying the full dataset proved too inefficient. Since
this work primarily focuses on retrieval quality itself, the
latency reduction allowed for faster and more iterative
experimentation.

3.3 Test Data Generation
3.3.1 Single-step Reaction Tasks

The test dataset for single-step reaction tasks consists of 1,200
queries, 200 per task type, as summarized in Table[l] These
tasks revolve around different aspects of retrosynthesis and
aim to evaluate the abililty of the LLM to generate valid
Cypher of varying syntactical complexity.

For each task, a template of the ground ground truth
Cypher queries was created: classic Cypher, with sequan-
tial MATCH/OPTIONAL MATCH clauses followed by RETURN
statements with aggregated collections (using COLLECT).

Task Query Samples
Precursor What are the direct precur- 200
Identification sors used to synthesize {X}?
Product-to- What are all reactions that 200
Reaction directly produce {X}?
Mapping
Best-Yielding What is the best-yielding 200
Reaction reaction that produces {X}?
Multi-Product What reactions produce all 150 (n=2), 45
Reaction of {X;,Xit1,...,Xn} in a (n=3),and 5
single step? (n=4)
Co-product What are the co-products 200
Identification of {X} in the reactions directly
synthesizing it?
Condition- What agents/solvents are 100 (agents),
Based: Agents  used in the synthesis of {X}? 100 (solvents)
& Solvents

TABLE 1: Retrosynthesis task types for single-step reaction
retrieval, along with natural language queries and number
of test samples per task.

In order to generate instances for the Precursor Identi-
fication, Product-to-Reaction Mapping, and Condition-Based:

Agents& Solvents tasks, product molecules are randomly
sampled from the KG. These sampled molecules are then
inserted into both the natural language question templates
and Cypher query templates. All of these query types are
designed to assess whether the LLM is able to retrieve full
reaction context needed for the downstream task.

The previously described tasks all share the same Cypher
template, whereas the following ones require both additional
modifications to it and a more constrained data sampling
strategy. In case of Best-Yielding Reaction task, the product
molecules were sampled such that each appears in at least
two reactions, with at least one having a non-null yield
value. Similarly, for Multi-Product Reaction, product sets
were sampled to contain the exact number of required
molecules. Here, the goal is to evaluate whether the LLM
can apply property-based filtering logic. Molecules for the
Co-Product Identification task, were sampled to ensure that
80% of queries correspond to true multi-product reactions,
while the remaining 20% are negative cases of single-product
reactions. This approach allows to assess the robustness of
grouping/aggregation logic.

3.3.2 Multi-step Reaction Tasks

The test dataset for multi-step reactions includes four task
types, with 300 queries per type, 1200 in total, as detailed in
Table 2| The product molecules and, similarly, the precursor
molecules, were randomly sampled, making sure that each
of them belonged to reaction pathways of desired length
n € {2,3,4}. The constraint was necessary, as a search for
all pathways of length < n can explode combinatorially,
resulting in slow queries. This study, is not intended to
benchmark database efficiency, but aims to evaluate the
capability of the LLM to generate multi-hop Cypher queries.

3.4 KG-enhanced LLM

As illustrated in Figld) two types of prompting strategies
were evaluated. The first, direct prompting (Fig.[4h), includes
both zero-shot and one-shot approaches. Under one-shot,
three distinct example selection techniques were tested: static,
dynamic random, and dynamic semantic. In this strategy,

Task Query Samples
Reaction Chains What are the possible multi- 300
to Target step reaction chains that can lead
to the synthesis of {X} in exactly
{n} reaction steps?
Reaction Chains What are the possible reac- 300
Between tion pathways that synthesize { B}
Molecules starting from {A} in exactly {n}
steps?
Intermediate What are the intermediate 300
Molecule molecules involved in synthesizing
Identification {X} in exactly {n} reaction steps?
{x3?
Multi-step What are the precursors that 300
Precursor can produce {X} in exactly {n}
Identification steps?

TABLE 2: Retrosynthesis task types for multi-step reaction
retrieval (n € {2,3,4}), 300 total test samples (100 per n),
with natural language queries and per-task counts.



an LLM generates a Cypher query that is then executed
on the reaction KG. The objective for single-step synthesis
is to retrieve the full reaction context, whereas for multi-
step synthesis, it is to retrieve ordered sequences of relevant
reaction nodes.

To investigate whether an LLM can self-correct errorsthat
arise during Cypher generation, a CoVe-style prompting
pipeline was tested. After the LLM generates a candidate
query, its excitability is checked with EXPLAIN in Neo4 j. If
the query is not executable, an LLM corrector is called to fix it
based on the error message. If it is executable, a deterministic
directionality corrector is applied. For that, all SMILES strings
are masked with placeholders to avoid special-character
interference. The next step is the LLM validation against a
fixed, task-specific checklist derived from prior error analysis.
If the query is classified as valid, it is executed; otherwise, it
is passed to the LLM corrector to apply minimal edits based
on the identified issues. The process repeats until either
the validator labels the query as correct or a limit of three
correction attempts is reached.

3.5 Cypher Generation: Zero-Shot Setting
3.5.1 Single-step Synthesis Prompts

In total, 5 prompts were tested during the prompt engi-
neering experiments (see Prompts [PI)- [P5), where each
prompt was designed following OpenAl’s guidelines on
prompt engineering [58]]. Here, prompt engineering started
with a baseline, minimal prompt. Based on subsequent
error analysis, additional instructions and constraints were
incrementally introduced to improve the model’s output
further.

The user prompt only contained the input question,
whereas the system prompt defined the model’s role as a
helpful assistant for generating Cypher queries from natural
language, for use with Neo4j. Additionally, it includes
relevant instructions with varying levels of complexity, such
as schema and formatting rules, dataset-specific nuances,
and guidance on the retrieval of full reaction contexts. The
latter refers to retrieving all relevant reaction components,
including not just the target product entities, but also
precursors, agents, solvents, even when they are not explicitly
mentioned in the question. This ensures that any downstream
task has the complete information needed to answer the
question.

3.5.2 Multi-Step Synthesis Prompts

Prompt engineering (see Prompts [P6)- for multi-
step synthesis followed the same approach, starting from
a minimal prompt that contains only the task description,
schema, and KG-specific assumptions. Then, additional
instructions were added and evaluated incrementally. Here,
however, the required output is no longer the full reaction
context, but the relevant reaction nodes (see Sec for the
motivation).

3.6 Cypher Generation: Few-Shot Setting

In one-shot prompting strategies, the system prompt re-
mained unchanged, containing the same guidelines as in a
zero-shot setting. The user prompt, however, also included

a. Direct Prompting (ZS/1S)
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Fig. 4: (a) Direct Prompting (ZS/1S) Approach: Based on
the user question, an LLM generates a Cypher query query,
with the goal of retrieving relevant reactions or multi-step
pathways. The query is then executed on the reaction knowl-
edge graph in Neo4j. (b) CoVe-style Prompting Approach:
First, an LLM generates a candidate query. A validator LLM
checks it against a fixed, task-specific checklist derived from
prior error analysis, and outputs a list of specific errors if
applicable. A corrector LLM then applies minimal edits only
to resolve the flagged issues. The process repeats until either
the validator classifies the query as valid or a maximum of 3
correction attempts have been reached.

example pairs of natural language questions and the corre-
sponding Cypher queries. The following one-shot strategies
were explored: static one-shot prompting, dynamic one-shot
prompting with random example selection, and dynamic one
shot-prompting with embedding-based example selection.



3.6.1 Example Bank for Single-Step Reactions

The example bank contains questions similar in intent to
those in the test dataset, but formulated in the reverse
direction as forward synthesis tasks. This prevents the LLM
from ”copying” query patterns directly and instead evaluates
how well it generalizes on the Text2Cypher task. These struc-
turally related but distinct tasks are summarized in Table 3]
Note, that SMILES strings were intentionally excluded from
the examples to not influence Cypher generation by chemical

context.

Task Query Intent

Product What products are Identify other
Identification formed when molecule  molecules with a
X reacts? specific role in the
same reaction as a

given molecule.
Reactant-to- Which  one-step Find all reactions
Reaction reactions involve where the given
Mapping molecule X as a molecule participates.

Best-Yielding
Reaction Given
Reactant

Multi-
Precursor
Reaction

Co-reactant
Identification

reactant?

Which reaction in-
volving molecule X as
a reactant has the high-
est yield?

Which single-step
reactions use both
molecule X7 and X»
in a single step?

In reactions where
molecule X is used as
a reactant, what are the

Rank reactions
involving a given
molecule based on
their yield.

Identify reactions
that simultaneously in-
volve all molecules in
a given set.

Identify co-
participant molecules
in the same role as a

co-reactants ? given molecule within

a reaction.

TABLE 3: Example Bank for Single-Step Retrieval: forward
synthesis single-step planning tasks, together with their
natural language queries and corresponding logical intent

3.6.2 Example Bank for Multi-Step Reactions

The multi-step reaction example bank mostly consists of
examples focused on forward synthesis, except for Reac-
tion Chains Between Molecules. Here, the natural language
question are rephrased relative to the test set, and SMILES
strings are replaced with neutral placeholders. The path
length is explicitly set to 5, as the prompt only pro-
vides step-to-hop mappings for 2—4 steps. Additionally,
Cypher does not allow variables in traversal lengths (i.e.,
- [:REACTS_IN|PRODUCES«*..n]—> is invalid, whereas
- [:REACTS_IN|PRODUCES~*..10]-> is correct), and thus
specifying the bound is necessary to prevent potential errors.

3.6.3 Static One-Shot Prompting

In a one-shot static prompting strategy, a single represen-
tative example was selected for all tasks. In particular, this
example corresponds to the most common query pattern,
Product Identification for the single-step reaction dataset, as
its template is shared across three out of six query types.
The goal of the demonstration was to emphasize contextual
retrieval, guiding the model to return full reaction context.
For the multi-step synthesis dataset, the one-shot examples
tested were Multi-Step Product Discovery and Forward Synthe-
sis Intermediate Identification. The rationale behind this choice

Task Query Intent
Reaction List all possible Find all reaction
Pathway multi-step  reaction pathways of n steps
Discovery pathways of 5 steps, where a given molecule
starting from molecule  is an endpoint.
X?
Reaction How can molecule Find all reaction
Chains B be synthesized from  pathways of n steps
Between A in exactly 5 steps? from a given starting
Molecules molecule to a given tar-
get molecule.
Multi-Step What  products Find all molecules
Product are reachable from that are endpoints (pre-
Discovery molecule X via exactly  cursors/products) of an
5 reaction steps? n-step reaction pathway
involving the specified
molecule.
Forward- Which molecules Find all molecules
Synthesis appear as intermedi- that are intermediates of
Intermediate  ates in forward reac- an n-step reaction path-
Discovery tion pathways starting ~ way involving the speci-

from X with exactly 5  fied molecule.

reaction steps?

TABLE 4: Example Bank for Multi-Step Retrieval: multi-step
planning tasks, together with their natural language queries
and corresponding logical intent.

is analogous, as the prompt explicitly instructs the model to
return only reaction nodes, even though it is not implied in
the question itself.

3.6.4 Dynamic One-Shot: Random Selection

This strategy randomly selects an example from the prede-
fined example bank to use as a one-shot demonstration. It
is needed to establish a baseline for the embedding-based
example selection strategy. Since the chosen example may
not be semantically or structurally aligned with a given input
question, the setting allows to evaluate how much example
quality influences Cypher generation.

3.6.5 Dynamic One-Shot: Embedding-Based Selection

In dynamic embedding-based selection, examples are stored
in a vector database and retrieved based on vector similarity.
Since the example tasks are in the opposite direction, direct
question-to-question comparison does not guarantee struc-
turally similar queries to be retrieved in this case. Therefore,
logical intent descriptions were added to all demonstrations.
This method prioritizes alignment on the underlying task
structure over surface-level semantic similarity. A general-
purpose sentence encoder was used for this project to
evaluate whether effective matching can be achieved without
task- and domain-specific models.

3.7 Validator & Corrector Prompts

The validator prompts (Prompts contain a checklist
of the most frequent error types derived directly from
prior error analysis for single- and multi-step tasks, re-
spectively. The corrector prompts (Prompts are
mostly validator-guided, as they make only the tasked to
introduce the smallest edits possible to address the identified
issues. Both of these prompts, however, restate the task
intent—retrieve the full reaction context for single-step



queries and enforce a reaction-nodes-only output for multi-
step queries.

3.8 Evaluation: Retrieved Results for Single-Step Re-
trieval

3.8.1 Single-step Retrieval Results

The retrieved results are represented as lists of dictionaries
with keys and their values, with an example of the gold
answer shown in Fig. [Ba. Here, the values are usually lists
of SMILES strings, except for yield and reaction_id
keys. However, this exact structure is not guaranteed, due
to inherent variability in Cypher queries generated by the
LLM.

The generated results are evaluated by computing pre-
cision, recall, and F1 scores. These metrics are then micro-
averaged per data sample across all relevant keys found
in ground truth, e.g., "reactants", "products", etc.
Such approach allows global performance to be evaluated
effectively as it captures how the system behaves on indi-
vidual instances, i.e., on a value basis. That is of particular
importance in synthesis planning tasks, where incomplete
information retrieval might negatively affect the overall
quality of the final outcome.

Gold Answer Format
Multi-Step Query

Gold Answer Format
Single-Step Query

“reaction_id": {
"products":

"reactants": b {"
"agents": b {
"solvents": L 1
“target_yield": }

"reaction_nodes":
id" ", "type": "Reaction"},
", "type": "Reaction"}

Fig. 5: Format of gold answers for a. single-step and b. multi-
step retrieval tasks.

For a given key, true positives (ITP), false positives (FP),
and false negatives (FN) can be defined using set operations:

TP = |ytrue N ypred|
FP = |ypred \ ytrue‘ (2)
FN = |ytrue \ ypred‘

where ¥y e represents the set of ground-truth values and

Ypred iS the set of predicted values for a given key. From
these, the metrics are computed:

Precision = L
"~ TP +FP
TP
— R 3
Recall TP + EN 3)
Fl—2 Precision - Recall

" Precision + Recall

For each sample, TP, FP, FN are aggregated across all keys k:

>on TPy
Zk TPk + Zk EPy
> ox TPy
S TP, + 3, FNy
Micro-Psample - Micro-Rsample

Micro-Precisionsample =

Micro-Recallsample =

*)

Micro-Flsample = 2 - 1 i
sample Micro-Pgample + Micro-Reample

3.8.2 Key-Maching Procedure

Since both the structure of the dictionaries and the exact key
names can vary between the generated and ground truth
queries, the key matching procedure is required. Before that,
each key is normalized by lowercasing, trimming whitespace,
converting camelCase to snake_case, and removing a trailing
“name”/”names”. The matching process involves 3 stages,
illustrated in Fig. [6}

GENERATED QUERY GROUND TRUTH QUERY

{ {
"products" [ ...],
“directPrecursors": [ ...],

"products™: [ ... ],
“reactants™: [ .. ],

“agentNames": [ ...],
"solventNames": [ ...],

"agents":[ .. ],
"solvents": [ ... ],

“reaction_yield" [ ...], “target_yield": [ ..]
}
o EXACT MATCHING "products" — "products"”
e 1. LEXICAL-MORPHOLOGICAL "agentNames" — "agents"
SRR "solventNames" — "solvents"
2. RULE-BASED MATCHING "reaction_yield" — "target_yield"
©  sevanticmatching "directPrecursors’  «—> “reactants"

Fig. 6: Key-matching pipeline (generated query to ground
truth): exact — lexical — semantic.

1) Exact Matching: Normalized predicted keys are first
matched directly to ground truth keys based on
string equality.

2) Rule-based Matching and Lexical-morphological
matching:

o If the predicted key contains “yield”, it is
matched to the corresponding ground-truth
key if applicable.

o Stemming is performed to reduce keys to their
root form (e.g. agents — agent).

3) Embedding-Based Similarity Matching: Remaining
unmatched predicted keys are compared to ground
truth keys using embedding similarity. Each predic-
tion is assigned to the highest-scoring ground-truth
key if the score > threshold.

Notably, multiple predicted keys may map to a single
ground-truth key; in such cases, their values are aggregated
during evaluation.

3.9 Evaluation: Retrieved Results for Multi-Step Re-
trieval

The gold answer, as illustrated in Fig, is a list of distinct
reaction paths, each represented by the ordered sequence
of reaction nodes along the path. Two paths are considered
identical iff their ordered id sequences are the same. As a
result, this eliminates the need for a key matching procedure,
as a result simplifying the evaluation.

Exact-path retrieval is evaluated using precision, recall,
and F1, as defined in Eq. [3) where each item is an ordered
tuple of reaction-node ids. These metrics are intentionally
strict, and thus truncated paths, which are partially correct,
are assigned a score of 0.



Hence, partial path recall was introduced to provide
graded credit when a retrieved path matches a continuous
terminal fragment (either a prefix or a suffix) of a ground-
truth path:

th(P» 9) = max{ k: pik = g1k OF
Plpl— k+1 lpl = Jlgl—k+1:1g] }

tef(p, g) ®)

IPI Z 96 gl

where P and G are the sets of predicted and ground-
truth paths respectively, p and g represent ordered tuples
of reaction-node ids, with |p| and |g| corresponding to
their lengths, py.;, is the prefix of p of length k (resp. g1.x),
Dlp|—k+1:|p| 18 the suffix of p of length k (resp. g|g|—r+1:g])
and tcf denotes the length of the longest terminal common
fragment.

PPR(P,G)

3.10 Evaluation: Generated Cypher

The generated Cypher queries were compared to ground
truth queries using BLEU, METEOR, and ROUGE-L scores.
Since Text2Cypher is a text-to-text generation task, these
metrics are appropriate for evaluating their lexical and
structural similarity [36]. Prior to that, a custom regex-based
tokenization step was applied to Cypher queries. It preserves
quoted strings (e.g., SMILES) as single tokens and splits
the rest of the query into keywords (e.g. MATCH, RETURN),
symbols ( e.g. {}, —>), and identifiers (e.g. Molecule,
PRODUCES).

3.10.1 BLEU (Bilingual Evaluation Understudy)

BLEU measures a geometric mean of n-gram precision
between the generated sequence and the reference, which is
adjusted by a brevity penalty:

BLEU = BP - (201 wn logpn) ©)
1 ife>r

BP = . ;

{e(lc) ife<r (7)

where BP stands for brevity penalty, p,, corresponds to the
modified n-gram precision, w,, represents the weight for each
n-gram (commonly +-), ¢ denotes the length of the candidate
senquence, and r is the length of the reference respectively
[591, [60].

3.10.2 METEOR (Metric for Evaluation of Translation with
Explicit ORdering)

METEOR is based on the harmonic mean of unigram (single
custom token) precision and recall, weighting recall higher
than precision. Additionally, the metric supports semantic
matching due to the incorporation of stemming and synonym
mapping. This makes it a more flexible score compared to
BLEU, which only relies on exact n-gram matches.

METEOR = Fiean - (1 — penalty) (8)
10-P-R
Finean = m (9)

#chunks ) 8

1
#unigram matches (10)

penalty = L (
=5

where P and R denote unigram precision and recall, re-
spectively, #unigram matches is the total number of matched
unigrams, whereas #chunks correponds to the number of
contiguous matched sequences [61]].

3.10.3 ROUGE-L (Recall-Oriented Understudy for Gisting
Evaluation)

ROUGE-L measures the longest common subsequence (LCS)
between the generated and reference text. It is important
to mention that the tokens in the LCS do not need to be
contiguous as long as they are in order.

_ Pics- Rics

ROUGE-L F1 = Fcs = Bice T Plos (11)
~ LCS(X,Y) _ LCS(X,Y)
Pics = “Ten(X) Rics = Tlen(y) (12)

where LCS(X, Y') denotes the length of the longest common
subsequence between candidate sentence X and reference
sentence Y, P cs and Ry cs are the LCS-based precision and
recall, 3 represents a weighting factor to balance precision
and recall [62].

3.11
3.11.1 Data Pre-processing

Implementation Details

In order to improve data quality and reduce inconsistencies,
the data was pre-processed using the ORDerlyI library.

3.11.2 LILM

The LLM used is GPT-4.1-mini-2025-04-14 [63], ac-
cessed via the OpenAl APIL The temperature parameter was
fixed at T' = 0 to ensure deterministic outputs.

3.11.3 Demonstration Selection

For semantic demonstration selection, the Sentence Trans-
former model all-mpnet-base-v2 [64]. This is consistent
with the overall premise of this study to rely on out-of-
the l;oElx models. The encoder is available through Hugging
Fac

3.11.4 Key Matching Procedure

To normalize lexical variants, Porter Stemmer [65] was
applied, as it is lightweight and the keys typically differ only
in their endings (singular vs plural). For semantic matching,
BiomedNLP-BiomedBERT [66] (also available via Hugging
Face) was used, due to its pretraining on PubMed data.
The model is expected to more reliably distinguish reaction-
related terms, particularly in low-context scanarios. A cosine-
similarity threshold of 0.93 was enforced, and the matched
keys with similarity < 0.93 were rejected.

3.11.5 Workflow Orchestration and LLM Integration

The system is implemented using LangChain for LLM
integration and prompt management, and LangGraph for
workflow orchestration, which enables conditional branching
and error handling.
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and five prompt versions. The prompt versions increase in contextual and structural guidance: (1) — base contextual query,
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rules. Each cell shows the percentage of F1=1 queries that differ from the ground truth in one of four variation types: alias
usage, clause ordering, edge direction, and use of WITH clauses. These variations do not impact query logic, but reveal

stylistic and structural differences introduced by each prompt.

3.12 Code Availability

All code needed to reproduce the experiments is available at:
github.com/olgabunkova/GReacRAG.

4 RESULTS & DISCUSSION
4.1 Single-step Synthesis: Cypher Queries

In the zero-shot setting, prompt engineering helps improve
string-overlap scores or syntactic similarity between gen-
erated and target queries, but up to a point, as shown in
Fig. |8 Specifically, it occurs in a task-dependent manner:
median values per metric increase and plateau for the
Best-Yielding Reaction, Co-Product Identification, and Condition-
based: Agents&Solvents tasks, whereas Precursor Identification
retains similar score distributions. Performance, however,
consistently degrades with Prompt 5, which contains verbose
guidelines and full contextual rules for Cypher generation.
These instructions likely over-constrain the model, enforcing
rigid outputs and thus limiting helpful variation. A similar
inverted U-shaped trend has been observed in Text2SQL
tasks [67], suggesting the finding might be part of a broader
pattern of structured generation.

Notably, Multi-Product Reaction is among of the worst-
performing tasks across all prompt variants in the zero-shot
setting, likely due to its more complex filtering logic. Product-
to-Reaction, on the other hand, appears to have the best
performance for all three evaluation metrics. This may be
due to the provided instructions aligning most closely with
the task’s intent.

In contrast, one-shot prompting, generally leads to better
Cypher generation performance, obtaining higher medians
and tighter metric distributions on certain tasks. Interestingly,
the LLM is able to recover from the overly complex prompt
version 5, e.g., in case of Precursor Identification. This suggests
that the LLM relies more on structural cues from the
demonstration itself, rather than the provided instructions.
Among one-shot strategies, evaluation metrics of the random

Thttps:/ / github.com/sustainable- processes/ORDerly
Zhttps:/ /huggingface.co/

selection strategy demonstrate on average wider score distri-
butions with lower medians. Static selection yields tight but
more lower-centered distributions compared to embedding-
based selection on tasks such as Multi-Product Reaction task
and Co-Product Identification. A likely explanation is that a
fixed example biases the model towards a specific surface-
level structure, e.g., a certain clause ordering, which is not
identical across all the demonstrations.

This highlights the importance of demonstration quality
and structural alignment in Cypher generation. Improve-
ments appear to be the largest when a demonstration is
structurally more similar to the target query, especially
evident in the Best-Yielding Reaction task under embedding-
based selection. This is likely because the selected example
shares otherwise an identical template, requiring only a
single reactant /product condition to be flipped. The observed
effect is examined in more detail in the retrieval-performance
analysis. A similar pattern was reported in a Text2SPARQL
study [68]], in which embedding-based few-shot example
selection significantly improved performance compared to
static few-shot selection. Once again, this sensitivity to
demonstration quality might be part of a more general trend.
Lastly, none of the queries achieved a perfect score on any
of the metrics, even with a perfect retrieval performance of
F1 = 1. This may stem from syntactic variations that do not
necessarily affect the semantics or logical correctness of the
query. Such variations are summarized in Table [5} whereas
their occurrences in generated Cypher can be found in Fig. [7}
Given that at least one such variation appears in every query,
the chosen metrics might not be most optimal for comparison.
As mentioned earlier, this is because BLEU, METEOR, and
ROUGE-L F1 only capture surface-level alignment.

4.2 Single-step Synthesis: Retrieval Performance

Retrieval-based evaluation provides a more meaningful
assessment of prompt performance, as multiple syntactically
different Cypher formulations can yield identical results. The
performance of different prompting strategies at the retrieval
level is thus summarized in Figure[8} An error analysis was
conducted to identify the most common issues impacting the


https://github.com/olgabunkova/GReacRAG
https://github.com/sustainable-processes/ORDerly
https://huggingface.co/

zs 18-S 18-D-R 18-D-8

Best-Yielding Reaction Best-Yielding Reaction Best-Yielding Reaction Best-Yielding Reaction

1.0 1.0 1.0
09 . _;_ 0.9 0.9 =
it 08 3 E}Ef ; 08 - 08 - Lo
RS v §or7 E;EI-T - %’%ﬂ o7 Tty : So7 T %
] = . o1 S
| % l 306 .t . 306 - 2306 +
: 205 . 305 . 05
: S H S
i 004 004 | © 04
s s : s
303 303 303
g 0.2 0.2 = 0.2
0.1 0.1 0.1
-
0.0 0.0 - - 0.0
bleu meteor rougel bleu meteor rougel bleu meteor rougel. bleu meteor rougel.
1 1 fl 1
10 Co-Product Identification 10 Co-Product Identification 10 Co-Product Identification 10 Co-Product Identification
e i ot T1sT 1i
09 09 = 'H'?T% - 09 - . 09 % e
0.8 Py 08 ;x-x; . “—ih. 0.8 + 08 5 %
§o07 §07 L §o07 : > So7 ¥ :
2306 ] 306 0 b 2306 — 206 =
205 FTLI 205 Bos . 3 05 -
S S ]
204 - . © 04 0 204 1 ©04 T
Sos ot 803 R gos . : g3
0.2 & 0.2 $ 0.2 ] 0.2 ]
01—+t 0.1 0.1 0.1
0.0 - - 00 0.0 0.0
bleu meteor rougel. bleu meteor rougelL. bleu meteor rougeL bleu meteor rougeL
1 1 f1 f1
Condition-based: Agents & Solvents Condition-based: Agents & Solvents Condition-based: Agents & Solvents Condition-based: Agents & Solvents
10 10 SLi.  TeTTm 1.0 1.0 e -
09 09 ' ; - 0.9 0.9 = . E-I-TL
0.8 0.8 % 0.8 é 0.8 ‘ l I
So7 So7 T : o7 So7 \
206 2306 306 2306 l
B05 B05 305 205 N
S 5 ] :
® 04 ® 04 204 © 04
803 803 803 803 :
0.2 0.2 0.2 0.2 3
0.1 0.1 04 01—
0.0 00 0.0 0.0
bleu meteor rougel. bleu meteor rougel. bleu meteor rougel bleu meteor rougel.
fl f fl fl
10 Multi-Product Reaction 10 Multi-Product Reaction 10 Multi-Product Reaction 10 Multi-Product Reaction
0.9 0.9 . 0.9 T . 0.9 v 1
08 I % i ; 08 ayg FEEESS 08 éé* 08 Té T
§o07 < §o07 "'T - ;H §07 - 507 % ! = ”’i
306 | , i 306 I 2306 2306
Bos B 805 i Zo0s5 . 305 +
S ' S ' ° © . !
004 — e 004 ; 004 . 004 i H
803 . 'm 803 803 803 ! '
0.2 4 0.2 A 0.2 0.2 T
0.1 0.1 0.1 0.1
0.0 0.0 0.0 0.0
bleu meteor rougel. bleu meteor rougel. bleu meteor rougel. bleu meteor rougel.
1 f f fl
10 Precursor Identification 10 Precursor Identification 10 Precursor Identification 10 Precursor Identification
. T&
09 09 — i 3 ! 09 i 09 . .
0.8 = 0.8 . 0.8 . 0.8 . .
§07 §o7 So7 L — So7
206 : 206 206 : 206 ;
Zo05 205 805 305
5 ' S ] ]
© 04 v © 04 © 04 © 04
S S <3 <3 .
303 . :i 303 303 303 \
02 02 02 0.2 O
0.1 . ii 0.1 . 0.1 - 0.1 L
0.0 . - 00 00 0.0
bleu meteor rougeL bleu meteor rougeL bleu meteor rougel. bleu meteor rougel.
f1 1 1 f1
10 Product-To-Reaction Mapping 10 Product-To-Reaction Mapping 10 Product-To-Reaction Mapping 10 Product-To-Reaction Mapping
09 oy 09 %"% ,D. . 09 # - 09 ﬁé’# T:,lT .%4&
. B s ! T
0.8 3 - - 0.8 . 0.8 08 |+ = o3
§o7 . - L So7 §o07 - §o07
Zoe L o i 306 206 206 .
305 i + B05 B 05 - : B 05
S S °
© 04 ® 04 © 04 © 04
803 803 803 803
0.2 0.2 0.2 0.2
0.1 0.1 0.1 0.1
0.0 - 0.0 0.0 0.0
bleu meteor rougel. bleu meteor rougel bleu meteor rougel. bleu meteor rougel.
1 f1 fl 1
Prompt version
1 - Base Contextual 2-1+Explicit MATCH Order [ 32+ Direction WMl 4-3+Yield EE 5-4+ Full Context Rules

Fig. 8: Comparison of generated Cypher queries to ground truth queries for Single-step Synthesis. Each subplot shows
BLEU, METEOR, and ROUGE-L F1 score distributions for a specific query type under different prompt settings: zero-Shot,
one-shot static, one-shot random, and one-shot semantic. Within each setting, five prompt versions (color-coded) reflect
increasing levels of contextual and structural guidance.

performance of the system. These findings are summarized 4.2.1 Zero-shot Setting
in Fig. [I1} with Table | providing the definitions and causes

Consistent with Cypher query trends, zero-shot promptin
for each identified error type. ypher query prompting

performance improves with increasing context until Prompt
5, where performance in recall (and thus F1) drops again.
Here, the LLM loses track of the task and relevant instruc-



zs 18-S 18-D-R 18-D-8

Best-Yielding Reaction Best-Yielding Reaction Best-Yielding Reaction Best-Yielding Reaction
1.0 ——- 1.0 —— 1.0 —— 10 —— ———
08 = 08 : = 08 08
06 © 06 == © 06 - 06
g g o g . s
<3 <3 - - 3 3
@ @ ~ @ - ?
04 04 : { 04 04
0.2 = i F 0.2 0.2 = 0.2
E . B
00 i e - 00 - - 0.0 — — — 0.0 - - =
precision recall 1 precision recall 1 precision recall 1 precision recall 1
Co-Product Identification Co-Product Identification Co-Product Identification Co-Product Identification
10 ——— s 10 1.0 ——— - 1.0
ErYY hidw
08 08 08 = = 08
o 0.6 = ® 0.6 ® 0.6 o 0.6
8 8 8 8
a & . & & 3
0.4 3 % 0.4 0.4 + 0.4
: = = :
02 - = 02 02 1= 02 =
= = 2 =]
¥ | Z i =
00 L1 L L 00 -— - L1 00 — L L. 00 L L L
precision recall 1 precision recall 1 precision recall 1 precision recall 1
Condition-based: Agents & Solvents Condition-based: Agents & Solvents Condition-based: Agents & Solvents Condition-based: Agents & Solvents
10 ——— - —_ 10 ——— ——— ——— 10 ——— ——— 10 ——— ——— ———
0.8 0.8 0.8 B 0.8
0.6 06 © 06 e 1= 006 .
s 5 5 = g E
3 <3 3 - - 3 =
@ @ @ .. le ? A
0.4 0.4 + 0.4 = = 0.4 =
b = - E
2 = 2 =
0.2 0.2 0.2 = 0.2 ot =
= & %
00 00 a— — 00 - . 00 . .
precision recall f precision recall & precision recall & precision recall &
Multi-Product Reaction Multi-Product Reaction Multi-Product Reaction Multi-Product Reaction
1.0 —— - 1.0 —— —— —— 1.0 —— = —— 1.0 —— —— ——
0.8 08 08 08
006 = 906 Ll L os K |
<] sl <] S o
8 - 8 - . <] -
@ = @ i he @ =
04 = 04 - = 04 -
0.2 —. 0.2 : 0.2
00 —— —— —_— 00 —— —— ——— 00 m—_— —— e 0.0 — — —
precision recall il precision recall 1 precision recall 1 precision recall 1
Precursor Identification Precursor Identification Precursor Identification Precursor Identification
10 —— —— 1.0 ——— 1.0 ——— —— 1.0 - ——- ——=
+|.d
0.8 08 08 = 08
06 © 06 © 0.6 ©06
<3 g s S
3 3 S 3
@ @ @ @ B
0.4 0.4 0.4 0.4
02 2 02 02 02 -
00 = S 00 L e - 0.0 -1 - 0.0 - —-— =
precision recall 1 precision recall 1 precision recall 1 precision recall f1
Product-To-Reaction Mapping Product-To-Reaction Mapping Product-To-Reaction Mapping Product-To-Reaction Mapping
1.0 —— -—— ——- 1.0 —— = —— 1.0 —— ——- 1.0 ——- = TEE
0.8 0.8 0.8 0.8
© 06 © 06 © 06 006
s <] <] s
<3 <3 <] 8
@ @ @ @
04 04 0.4 04
0.2 0.2 0.2 0.2
00 — o 00 . o L 0.0 L 0.0 -
precision recall 1 precision recall [l precision recall 1 precision recall 1
Prompt version
1 - Base Contextual 21+ Explicit MATCH Order [ 3-2+Direction ~ HEEI 4-3+Yield M 5-4 +Full Context Rules

Fig. 9: Comparison of single-step retrieval performance for generated Cypher queries vs ground truth. Each subplot
shows precision, recall, and F1 score distributions for a specific query type under different prompt settings: zero-shot (ZS),
one-shot static (1S-S), one-shot random (15-D-R), and one-shot semantic (15-D-S). Within each setting, five prompt versions
(color-coded) reflect increasing levels of contextual and structural guidance.

tions, no longer retrieving the full reaction context. As shown In contrast, Prompt 1 with minimal contextual guidelines
in Fig.[11} this pattern is reflected in the most frequent errors: produced the highest rate of invalid queries (9.74%), resulting
missing reactants (574 out of 1200 test queries), missing in the largest number of empty results. Adding the explicit
agents 759), missing solvents (958), and missing products instruction in Prompt 2 — first use MATCH to bind nodes and
(764). relationships, then aggregate with collect —reduced this



Variation Example Affects Logic?
Alias names MATCH (m) vs MATCH No
(molecule)
Direction of (a)<-[:R]-(b) vs No (if flipped
edges (b)-[:R]->(a) symmetrically)
Clause order OPTIONAL MATCH No (if clauses are
(a)-[:REL1]->(b) independent)
OPTIONAL MATCH
(a) - [:REL2]->(c)
vs. reversed order
Property ordering RETURN a, bvs No
RETURN b, y
WITH + WITH r, No
RETURN COLLECT(...) AS x
COLLECT RETURN X Vs
RETURN
COLLECT (...)

TABLE 5: Common syntactic variations in Cypher queries
that typically do not affect the semantics or logical correctness
of the query, but may be penalized by surface-level or
structural metrics.

error rate drastically to 0.58%. The majority of errors under
Prompt 1 can be attributed to two main factors: 1) the use of a
less common Cypher pattern comprehension syntax without
MATCH clauses (28.28% out of all invalid queries), which the
LLM was likely less exposed to during training, and 2) from
variable binding mistakes (73.9%), which could be mitigated
by following a structured query generation process.

4.2.2 Directionality Errors in the Zero-shot Setting

Prompt 3, which guides the model on correct relationship
directionality, achieved the best performance cross the Co-
Product Identification, Condition-Based: Agents & Solvents, and
Precursor Identification tasks (Fig. [11). In particular, it yielded
statistically significant improvements in F1 on the Wilcoxon
signed-rank test (Fig. [S7). These results indicate
that the LLM struggles primarily with enforcing correct
relationship directionality, specifically and exclusively for
reactants, even when the graph schema is provided as
context.

The trend could be likely due to the fact that
- [REACTS_IN]—> belongs to a non-dominant directional
pattern in the graph schema, pointing from molecule node
to reaction node, and not vice versa. In other words, the
LLM might be biased towards the majority label, a phe-
nomenon previously observed in demonstration selection
( [69], [70]), which might potentially be applicable here.
To investigate this further, Cypher generation experiments
were performed using “fake” schemas combined with
Prompt 2 that suffered from this error the most. When
all relationships from molecule to reaction nodes used the
same *_IN naming (REACTS_IN, AGENT_IN, SOLVENT_IN),
directionality errors disappeared. Here, the only minor-
ity label (:Reaction)-[:PRODUCES]-> (:Molecule)
was handled correctly in all cases. Nevertheless, replac-
ing REACTS_IN with USES_REACTANT and renaming
USES_AGENT as AGENT_IN caused directionality errors to
reemerge again, though at a lower rate (258/1200 cases). This
indicates that the LLM is sensitive to the lexical wording
of relation names, the semantic roles of entities (reactant vs

agent), and the degree of consistency within in-going and
out-going relations with respect to each node. In other words,
it goes beyond majority-label bias: schema design appears
to influence error patterns in the zero-shot setting, which
should be investigated more systematically in future work.

Error Type Description Interpretation
No results Query is invalid, or
Empty retrieved despite a  incorrect semantically or
Retrieval valid query being filtering by yield is incor-
generated rectly applied
SMILES strings .
Incorrect from the input tokei]ngzliiierﬁs C};gmlcrael_
SMILES question are altered or serve e’x act SM%LES nI:()) ta-
entities malformed (e.g., [C1] . ired f ioval
— c1) tion required for retrieva
(R) - [ :REACTS_IN] —> (M) .
Wrong instead of LLM ﬂlps. the
. REACTS_IN relationship
Reactant Di- (M) — [ :REACTS_IN]->(R) 1. ..
- . likely due to majority
rectionality =~ M = molecule node, R = deo-direction bi
reaction node. edge-direction bias
3 LLM fails to apply
Null Yield miss\i{rl’lelctl)r set I,?;(;Flﬁlity yield#null filtering cor-
& rectly
Near-identical reac- .
Duplicate tions returned, differ- .IneV1table data-level
. . artifact, not resolved by
Data ing only in agents or S
solvents pre-processing
Missing Reactants, agents, LLM fails to follow
Reaction solvents, or products full reaction-retrieval in-
Context not retrieved structions
Retrieved results ..
Incomplete . Query is incorrect
2 only partially correct .
Reaction (some but not all) semantically, commonly
Context due to variable reuse

expected entities

TABLE 6: Error types observed in Cypher query generation
across prompt versions and prompting strategies.

4.2.3 Zero-shot vs One-shot Setting

One-shot prompting generally improves retrieval perfor-
mance for Cypher generation compared to the zero-shot
baseline, resulting in higher mean precision, recall, and F1
scores, with more concentrated distributions (Fig. . This
indicates effective in-context learning from the provided
demonstrations, supported by a lower rate of incorrect reac-
tant directionality and a lower retrieval rate of incomplete
reaction context due to semantically incorrect queries (Table
[6} Fig.[1T). Additionally, each prompt version (1-5) produces
fewer missing reaction components in the one-shot setting
than in the corresponding zero-shot version (Fig.[9), implying
that the LLM follows contextual retrieval instructions more
reliably when given an example.

The effect is particularly evident with minimal Prompt 1
and instruction-heavy Prompt 5, both of which achieve sig-
nificantly higher Fl-scores in the one-shot setting compared
to zero-shot (Fig. [S3JjS8). Notably, minimal instructions lead
to greater improvements, which is consistent with findings
from prior studies [71].

4.2.4 Complex Cypher Queries Benefit Most from Demon-
strations

As expected, the simpler task Product-to-Reaction Mapping
showed showed little to no statistically significant improve-
ment from zero-shot to one-shot when comparing the same



prompt version. This is likely because it aligns most closely
with the intent of retrieving the full reaction context. In
contrast, the Condition-Based: Agents & Solvents and Precursor
Identification tasks, which share the same Cypher query
template, did achieve significant performance gains, but
mainly in recall (Fig. [0} Fig[57] Fig[S5). The more complex
tasks that require additional filtering logic benefited from
the demonstrations the most, with improvements not just
in recall, corresponding to correct contextual retrieval, but
also precision, indicating accurate query generation (Fig.[9}
Fig[S4} Fig[S6] Fig[S3). Overall, this suggests that the value of
demonstrations scales with the task complexity.

4.2.5 Demonstration Similarity Leads to Better Performance

Dynamic semantic selection on average achieved the best
retrieval performance, except for Prompt 5, as visualized
in Fig. This could be attributed to the fact that the
selected example aligns more closely with the question, or
in other words, that it is structurally similar to the gold
query, even if its intent differs. With random demonstration
selection, perfect alignment on the tasks involving more
complex filtering logic (Multi-Product Reaction, Co-product
Identification, and Best-yielding Reaction) occurs on average
in only in 50+1% of cases across 100,000 runs. In contrast,
embedding-based selection achieves a higher alignment rate
of 98.2%, nearly double that of the random approach.

To test whether structural alignment of demonstrations
systematically improved retrieval, results across the afore-
mentioned tasks were pooled and compared between aligned
(under embedding-based selection) and misaligned (under
random selection) cases using Wilcoxon signed-rank tests. F1
scores were significantly higher under alignment for Prompts
1-3 (W =4210,p =2.3x 1077, W = 4212, p = 6.6 x 10~ 17;
W = 4941.5, p = 1.4 x 10~%), whereas Prompt 4 showed
no significant difference (W = 4967, p = 0.125). This could
potentially be due to duplicate data issues, which appeared
4.5 times less frequently in the misaligned cases.

4.2.6 Duplicate Data Issues

Interestingly, Prompt 4, which includes the dataset-specific
guidelines to filter out reactions with null yields, performs
better in a zero-shot setting for the Best-yielding Reaction task.
Under static and random one-shot selection, however, both
the mean recall and F1 scores decrease, while their variance
increases. Even though embedding-based selection partially
restores performance, it still remains significantly worse than
the zero-shot baseline. Error analysis revealed the cause is
unlikely to be the prompt design itself but duplicate entries
in the dataset, only differing in a single agent or solvent.
As shown in Fig. duplicate data is a major source of
error for all one-shot strategies, as the task requires only the
top reaction to be selected using LIMIT 1. This outcome
could be explained by chance, as result ordering in neo4j is
non-deterministic. In particular, query execution can follow
different plans with concurrent processing [72], leading to
duplicates appearing unpredictably across runs.

4.2.7 Chemical Entities

Another common types of error, most frequently occurring
in the Multi-product Reaction task (Fig[S1), are altered SMILES

strings. These range from ions such as [C1-] being “normal-
ized” to C1, to less common atoms substitutions (e.g., S — C),
or even the loss of entire SMILES parts. As ions often appear
as byproducts in the USPTO dataset, the aforementioned task
was affected the most.

A likely explanation is related to tokenization and bias in
the training data. The model breaks down text into tokens,
where [C1-] gets tokenizedE] into [, Cl, ], and —. Chloride
ions are probably more commonly represented as C1- in
the training data, while brackets are widely used in non-
chemical contexts. As a result, the bracketed sequence might
have a lower probability of being reproduced exactly as is.
Similarly, atoms and groups that occur less frequently in the
pretraining corpus could be more prone to substitutions or
modifications.

4.2.8 Evaluation Bias

Among factors that might bias the evaluation are the ex-
pected format of the retrieved results and the matching
procedure itself. However, when analyzing matched and un-
matched keys, no unexpected combinations were observed,
as can be seen in Table [/} The only unmatched keys encoun-
tered were: (i) singular forms such as agent, precursor,
and product, which remain unmatched only when their
plural counterparts are matched; (ii) yield-related keys for
cases where the query does not explicitly ask about prod-
uct yield; and (iii) precursors/ direct_precursors in
cases where reactants were already matched.

Gold Key Observed Variants (Matched)
direct_precursors, precursor,
reactants precursor_name, precursor_names,
precursors, reactants
precursors, product, productName,
products product_name, products, productsl,
products2, target_product
solvents solvents
agents agent, agentName, agent_names, agents
. best_yield, reaction_yield
1 _ , _ ,
target yield ) Uiclq, yield
coProducts, co_product,
co_products co_product_name, co_product_names,
co_products, coproducs, coproducts
mainProduct, main_product,
d d 1 1 duct
product produced_molecule, product,

product_name, products,
target_product, target_products

TABLE 7: Mapping from gold keys to observed key variants
in reaction-graph query results.

Similarly, in the Co-product Identification task, the gold
answers include both product and co-product keys, which
are not always returned by the generated queries. Hence, the
recall and F1 scores are consistently clustered in a narrow
band just below the perfect score of 1.0 (Fig.[9). This design
choice introduces a structural limitation; however, it does
not necessarily affect semantic correctness.

4.3 Multi-step Synthesis vs Single-Step Synthesis

Initial attempts to retrieve the full reaction context for the
multi-step reaction data resulted in a high (> 95%) rate

3ht’rps: / /platform.openai.com/tokenizer
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(5) - (4) + additional full context rules. Each cell shows the number of results containing the given error out of 1200 data

samples in total.

of invalid or semantically incorrect queries. This could
be attributed to the complexity of the required Cypher.
Therefore, the task was reformulated to retrieve only reaction
nodes relevant to the input question. Consequently, this
change decreased the number of potential error sources,
which are summarized in Table |8 The main results are
reported in Fig[12} with the corresponding error analysis
in Fig[T3]

Once again, one-shot prompting outperforms zero-shot,
as reflected by higher exact path precision, recall, and F1,
along with partial path recall (Fig. [} Fig{Sé} Fig[S12] Fig5T1).
In contrast to single-step retrieval, the pattern is reversed
here, as precision in the zero-shot setting has greater variance
than recall. Because the LLM fails to enforce traversal
direction (Prompts 3-5), paths in both directions with respect
to the target product are returned. In other words, it includes
reaction chains leading to both upstream precursors and
downstream derivatives of the target. As a result, precision
and F1 scores are no longer strictly 0 or 1 for such cases.

Similarly, partial recall that rewards overlapping subpaths
is higher compared to the exact path metrics mainly in zero-
shot. Quantitatively, one-shot reduces hop-count errors by
100% for nearly all prompt versions; exceptions are 15-P1-
p (78%), 1S-P1-i (45.7%), 1D-R-P1 (54.2%), 1D-5-P1(89.8%),
1D-R-P2 (96.6%), and 1D-R-P5 (99.1%), see Fig. Notably,
the effect holds even given that the number of reaction steps
is outside of the stated mapping (e.g., 2 — 4,3 = 6,4 — 8,
while the example is n = 5). These results indicate that
structural cues from the demonstration, rather than explicit
instruction, are what drives the improvement.

4.3.1
Task

Intermediate Identification was the weakest task, specifically
under zero-shot, one-static static with the product-discovery
exemplar, and one-shot random selection. Unlike reaction
pathway tasks (Reaction Chain to Target, Reaction Chains
Between Molecules), it does not naturally imply returning

Intermediate-Molecule Identification is the Hardest
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Fig. 12: Comparison of multi-step retrieval performance for generated Cypher queries vs ground truth. Each subplot reports
the distributions of exact-path precision, recall, F1, and partial-path recall for a given query type under different prompting
strategies: zero-shot, one-shot static, one-shot random, and one-shot semantic. Within each setting, five prompt versions
(four for zero-shot) reflect increasing levels of contextual and structural guidance.

reaction nodes, but molecule nodes. In other words, this
introduces a mismatch between the required output of
“reaction nodes only” and the input question. In contrast,
the model demonstrated strong performance on Precursor
Identification, a task that also does not inherently require
synthesis pathways to be returned. Evidence for this includes
near-perfect one-shot metrics across all prompt versions
(Fig[12) and low retrieval error rates (Fig.[S2). A plausible
explanation is that retrosynthesis is conventionally framed
around precursors/reactants, so it likely creates a strong
semantic bias that reinforces the given instruction.

Therefore, alignment mattered most for this task, as a
single intermediate discovery example (even for forward
synthesis) resolved the ambiguity in the “return reaction
nodes only” constraint. As a result, the Cypher template
generalized naturally to the other tasks, which reuse the same
traversal logic but match the objective more closely. This also
explains why semantic demonstration selection achieved sim-
ilar performance, as the intermediate example was selected
in 89% of cases. In contrast, random and static strategies
based on other examples resulted in lower precision, recall,
and F1 across all prompts. A similar trend has been observed

in recent studies on hard-to-easy consistency in in-context
learning [73]. In particular, it was shown that exposure to
harder demonstration can sometimes improve performance
on simpler tasks, however, only verified on certain domains
and smaller models. Overall, further investigation is required
to determine whether this effect reflects a broader pattern.

4.3.2 Endpoint Anchoring Errors Are a Zero-Shot Problem

As expected, the zero-shot setting prompts perform signifi-
cantly worse compared to the corresponding variants under
each one-shot strategy. This primarily stems from endpoint
anchoring errors, where the target molecule is incorrectly
bound as the start node with subsequent variable reuse
or undirected exploration. A single demonstration in the
one-shot setting prevents this by implicitly establishing the
convention that reactants are always positioned to the left of
the (- [ :REACTS_IN|PRODUCES«* . .n]—>) relation.

To investigate the anchoring issues further, the LLM was
separately prompted to classify the role of the mentioned
molecule for each question in the Intermediate Discovery and
Reaction-To-Target tasks. In particular, it labeled the molecule
as ”product” 100% of the time, indicating correct semantic
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(3) + SMILES verbatim, and (5) — (4) + strict RETURN constraint. Each cell shows the number of results containing the given

error out of 1200 data samples in total.

Error Type Description Interpretation
Target molecule
Wrong- is incorrectly an- Caqses the query to
: retrieve reversed or
endpoint chored as the start- cvelic paths, tvpicall
Anchoring ing node of the yeue paths, typicaily
traversal non-existent
- LLM fails to enforce
Undirected vs. direction, potentially
Traversal 1 ’ ]=> causing a combinato-
. rial explosion
Reaction steps .
are not correctly Step-hop mapping
Incorrect from the prompt is
translated to hop .
Pathway - applied incorrectly,
counts in the KG -
Length . ’ leading to paths that
given correct con- 2callv sh
text is retrieved are typically shorter
Molecule nodes  LLM fails to follow
Incorrect (e.g., precursors or retrieval instructions,
Context intermediates) are likely biased by the
returned instead of ~ wording of the input
reaction nodes question

TABLE 8: Error types observed in multi-step Cypher query
generation across prompt versions and prompting strategies.

interpretation. This suggests the one-shot example provides
structural grounding and an “anchoring convention”, rather
than making the question itself less ambiguous.

4.3.3 SMILES Fidelity vs Context Trade-Off

Not surprisingly, SMILES fidelity remains a recurring chal-
lenge for multi-step Cypher generation in reaction KG
(Fig. [I3). The incorporation of the “copy SMILES verbatim”
instruction (Prompt 3 vs Prompt 4) yielded a negligible
0.08pp average reduction in entity errors (Fig. [13). The
relative change in entity-error rate (P3—P4) was: ZS -
8.33%; 1S-p -27.33%; 1S-i +33.3%; 1D-R -20.0%; 1D-S -16.7%.
Nonetheless, incorrect-context errors, i.e. cases where the
LLM fails to return the required reaction chains, increased by
2.25pp, with the relative change (P3—P4) of: ZS +45.2%; 1S5-p
+267%; 15-i +100%; 1D-R +77.7%; 1D-S +100%. Restating the
output contract in Prompt 5 restored performance, yielding

a statistically significant gain over Prompt 3 but not over
Prompt 2 (Fig|S9).

Overall, these results indicate that prompt engineering
alone is insufficient for handling SMILES. Future research
should explore more robust approaches, such as decoupling
entity processing from Cypher generation. For example, this
could be achieved by extracting SMILES from the input
question, masking them with placeholders during generation,
and reinserting the original strings post-hoc.

4.3.4 Nearly Perfect Surface-Level Metric Scores for Cypher
Queries

As visualized in Fig. adding a single demonstration
leads to nearly perfect scores on BLEU, METEOR, and
ROUGE-L F1, with instruction differences across prompts
becoming negligible. This is expected, since all examples
share an almost identical template with the corresponding
target query, typically only requiring a precursor<«product
condition flip. In zero-shot, Prompts 2-5 outperform Prompt
1, simply because they instruct the model to use the compact
path alternation pattern ([ : REACTS_IN|PRODUCES*. .n]),
consistent with the ground truth queries. Here, Prompt 1
does not overly constrain the output, as a result producing
multiple valid query variants, e.g., with step-by-step chain-
ing. This explains lower-centered distributions and higher
variance.

Once, again the effect of structural alignment of examples
on string-based metrics is apparent. For Multi-step Precursor
Identification (and similarly for Intermediate Identification), the
tightest, near-perfect distributions occur when the example
matches the task’s logical intent, which is the case under
one-shot static selection with a matching example and under
dynamic semantic selection (Fig. [T4).

Finally, METEOR is the highest-scoring metric across
both zero-shot and one-shot settings, as it rewards sin-
gle token-level coverage. BLEU and ROUGE-L F1 are
slightly lower in certain cases, as they are more sen-
sitive to token-order variation. Most importantly, these
string-based metrics can overestimate query quality and
do not necessarily translate into semantic correctness. For



instance, small modifications, like making a directed pat-
tern undirected (-[:REACTS_IN|PRODUCES*..n]-> vs
—[:REACTS_IN|PRODUCES«*..n]-), yield a high token
overlap yet cause large retrieval errors. As concluded previ-
ously, BLEU/ROUGE-L/METEOR only measure surface-
form alignment, and are not suitable to reliably assess
retrieval accuracy.

4.4 Cypher Validation & Correction

4.4.1 Effectiveness of Checklist-Driven CoVe Self-correction
Is Dependent on Initial Query Quality

To evaluate whether Cypher generation performance for
single-step retrieval could be improved further, a checklist-
driven CoVe-style self-correction was applied to Prompt 2
and Prompt 4 (Fig. [15). The setup was augmented with
an experimental, rule-based directionality corrector from
the LangChain_Neo4 3 library to fix relationship directions
deterministically. In the zero-shot setting, 98% of direction-
ality errors were resolved compared to the corresponding
prompt variant without self-correction (Fig[16). Prompt 4
was selected for its strong baseline performance, whereas
Prompt 2 was kept as a simplified version of Prompt 3, since
explicit directionality instructions were no longer required.

Analysis revealed that checklist-driven CoVe self-
correction is most effective in the zero-shot setting, where the
baseline performance is the weakest. Under one-shot random
prompting, performance gains (if present) were modest and
task-specific, in particular, for Best-yielding Reaction and Co-
Product Identification. Combined with one-shot demonstration
selection for Cypher generation, self-correction failed to yield
significant improvement, and instead, occasionally reintro-
duced errors. In particular, no new error types emerged, only
trade-offs among existing variants.

The main point of failure in this setup was the LLM
validator. The observed non-detected error rates were ex-
ceptionally high, ranging from 85.71% to 94.98% (Fig. [15).
This suggests that the validator is too generic for the specific
demands of the task at hand and potentially requires explicit
few-shot examples of the main error types. Once again,
the objective here is not simply to generate a valid and
semantically correct query, but also to fetch the full reaction
context.

Ultimately, when a model is already producing high-
quality outputs, a generic correction loop becomes infective.
A potential solution is to use specialized validators for
distinct error types or to decompose the task itself: first,
generating a query that answers the question and then
expanding it to retrieve the full context. Future research
should test these alternatives.

4.4.2 Exemplars, Not Self-Correction, Drive Performance

In the multi-step retrieval, self-correction yielded higher
evaluation metrics, but almost exclusively for Prompt 1. This
is the case for all tasks, except for Intermediate Identification
under one-shot static setting, in which the exemplar was
aligned with the intent of both the task and the question.
Analysis of per-query Cypher error history revealed that the
validator often oscillates between: (1) correctly identifying
non-reaction-only outputs in one iteration; and (2) detecting
semantic drift from the question’s intent in the next iteration

(e.g., the question asks about intermediate molecules, not
reaction pathways).

Although the validator was meant to check only the
structure of the generated queries, its prompt also contained
the original input question to extract the required step count.
Hence, this likely implicitly biased the validator towards
the semantics of the question, which contradicts with the
reaction-only output constraint. Additionally, the corrector
only performs minimal edits as flagged by the validator,
initially designed this way to avoid introducing new errors.
These observations are consistent with the fact that examplar
alignment, both structural and semantic with the task’s
goal, is the primary driver of multi-step performance. Here,
generic self-correction yields diminishing returns beyond
already a strong one-shot prompt.

5 CONCLUSION

This thesis examined whether LLMs can be reliably grounded
in a reaction knowledge graph to support the task of synthe-
sis planning via Text2Cypher query generation. In particular,
a bipartite reaction KG was designed and populated, which
effectively enables single- and multi-step retrieval. Prompt
engineering strategies for Cypher generation were analyzed,
where for each task, a reproducible data generation pipeline
and a task-specific evaluation protocol were developed. In
addition, a retrieval error taxonomy was identified and
discussed.

Across both single- and multi-step retrieval, one-shot
prompting typically outperformed zero-shot prompting.
Single-step queries, especially those with more complex fil-
tering /aggregation, benefited the most from a demonstration
that closely aligned with their target query’s structure and
logical intent. Therefore, embedding-based example selection
achieved the highest evaluation scores on Prompts 1-4. When
a prompt contains instructions that are too verbose and rigid
on query generation, performance can drop significantly and
is not always recoverable with a demonstration.

Overall, certain errors detected, e.g., “directionality of
reactants”, were almost exclusively specific to zero-shot
prompting for single-step retrieval. Schema design might
help mitigate these errors, but its effect should be inves-
tigated more systematically. Ultimately, this reemphasizes
the importance of demonstrations for grounding structured
query generation. Furthermore, the matching evaluation
procedure also proved to be robust, as no unexpected
matches were observed.

For multi-step retrieval, the task was reformulated to
return only reaction nodes rather than the full reaction
context (i.e., all relevant reaction components even those
not explicitly mentioned in the question). This choice stan-
dardizes outputs for downstream use, preserving their utility
under partial retrieval. Hence, the number of potential error
sources reduced, but the resulting ones differed from those
in the single-step setting.

Here, the largest performance gains of one-shot prompt-
ing compared to zero-shot arose from eliminating zero-shot
specific anchoring and traversal-direction errors. Seman-
tic alignment offered little additional benefit, as a single
static exemplar of the hardest task, Intermediate Identifica-
tion, achieved comparable performance. The effect extends
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Fig. 14: Comparison of generated Cypher queries to ground truth queries for Multi-step Synthesis. Each subplot shows
BLEU, METEOR, and ROUGE-L F1 score distributions for a specific query type under different prompt settings: zero-Shot,
one-shot static, one-shot random, and one-shot semantic. Within each setting, five prompt versions (color-coded) reflect

increasing levels of contextual and structural guidance.

beyond structural alignment, indicating that exposure to
correct question-output mapping is critical for the Cypher
generation task under the given conditions.

While checklist-driven self-correction was evaluated,
its impact remained limited compared to strong one-shot
prompting. Performance improves drastically when the
baseline is weak initially, but not once the examplar grounds
the model in structural and semantic task requirements.

To conclude, this work shows that a general purpose
LLM of the GPT family (GPT-4.1-mini) can interact
with reaction KGs to support synthesis planning through
Text2Cypher, though its performance remains imperfect.
This suggests that LLMs hold promise for this domain,
but alternative approaches, specifically prompt-engineering,
should be explored further.

5.1 Limitations

This study has several limitations:

e Model Specificity: The study relied exclusively on
a single LLM, GPT-4.1-mini. This implies that the

findings on query generation might not be generaliz-
able to other models with different architectures or
training data.

Dataset: Both evaluation datasets contained 1200
reactions, which limits statistical power and general-
izability to larger corpora.

Prompting Techniques: This work mainly focused
on zero-shot, one-shot prompting with three dis-
tinct demonstration selection strategies, and checklist-
driven CoVe-Style prompting. Other prompting tech-
niques, such as CoT or few-shot prompting with
multiple demonstrations, were not evaluated for the
given task.

SMILES Handling Persistent errors in copying of
SMILES verbatim were observed. These are irre-
ducible under current prompting, but the work did
not experiment with more robust alternatives.
Validator-Corrector Setup: The prompt engineering
experiments for the validator and corrector LLMs
were not explored extensively. Prompt design was
guided by error analysis, and mainly focused on the
validator. Different setups with multiple specialized
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Fig. 15: Comparison of single-step retrieval performance for generated Cypher queries vs ground truth under Direct
Prompting vs Checklist-Driven CoVe Style Prompting. Each subplot reports the distributions of exact-path precision, recall,
F1, and partial-path recall for a given query type under different prompting strategies: zero-shot, one-shot random, and
one-shot semantic. Within each setting, prompts P2 and P4 are evaluated with and without self-correction.

validators were not tested.

This study opens several avenues for further research:

Few-shot Prompting: Evaluate few-shot prompting
and exemplar-selection strategies, test order/diversity
effects and compare structural vs. semantic alignment
against the one-shot baseline.

SMILES Handling: Incorporate a separate entity

o Resource constraints Several choices (prompt grid validator or mask-and-restore SMILES during gen-
size, validator—corrector pipeline, one model family, eration.

1,200-reaction subsets) were bounded by a fixed e Task Decomposition Evaluate an alternative two-

compute/API budget. Experiments with the highest stage pipeline: (1) generating a query to answer the

expected impact were prioritized. given question; (2) modifying/expanding it to retrieve

reaction context.
o Validator—Corrector Evaluate performance of multi-
5.2 Future Work ple specified validators, one per each error type.

6 DISCLOSURE
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and that GitHub Copilot was used to assist with code
generation. All Al generated context, however, was critically
reviewed and verified.
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SUPPLEMENTARY INFORMATION
P1: Single-Step Synthesis Prompt — Base Contextual

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>
{schema}
</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.

General Guidelines

o Always adhere to correct Cypher syntax.
o Return only the Cypher query enclosed in triple backticks — nothing else.

Contextual Retrieval
For each React ion node retrieved, always include full context:

o Always use MATCH or OPTIONAL MATCH to bind variables for reactants, products, agents, and solvents.
o After binding, retrieve their names using collect (DISTINCT <variable>.name) in the RETURN clause.

User Question

<user_question>
{question}
</user_question>

P2: Single-Step Synthesis Prompt 2 — (1) + Explicit MATCH Order

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>
{schema}
</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.

General Guidelines

e Always adhere to correct Cypher syntax.
e Return only the Cypher query enclosed in triple backticks — nothing else.

Contextual Retrieval
For each Reaction node retrieved, always include full context:

e Always use MATCH or OPTIONAL MATCH to bind variables for reactants, products, agents, and solvents.
o After binding, retrieve their names using collect (DISTINCT <variable>.name) in the RETURN clause.

User Question

<user_question>
{question}
</user_question>




P3: Single-Step Synthesis Prompt 3 — (2) + Direction

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>
{schema}
</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines

o Always adhere to correct Cypher syntax.
o Return only the Cypher query enclosed in triple backticks — nothing else.

Relationship Directionality (Mandatory)
Ensure every relationship arrow matches the direction shown in the schema.

(:Molecule)-[:REACTS_IN]->(:Reaction)
(:Reaction)—-[:PRODUCES]-> (:Molecule)

. (:Reaction)—-[:USES_AGENT]->(:Molecule)
(:Reaction)—-[:USES_SOLVENT]-> (:Molecule)

Contextual Retrieval
For each Reaction node retrieved, always include full context:

e Always use MATCH or OPTIONAL MATCH to bind variables for reactants, products, agents, and solvents.
o After binding, retrieve their names using collect (DISTINCT <variable>.name) in the RETURN clause.

User Question

<user_question>
{question}
</user_question>

P4: Single-Step Synthesis Prompt 4 — (3) + Yield

Model: GPT-4.1-mini, T=0.0
You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>
{schema}
</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.

General Guidelines

o Always adhere to correct Cypher syntax.
e Return only the Cypher query enclosed in ~

Yield Handling
If yield is used (e.g., in filter or sort), add WHERE <rel>.yield IS NOT NULL before any sorting or limiting.

— nothing else.

Relationship Directionality (Mandatory)
Ensure every relationship arrow matches the direction shown in the schema:

e (:Molecule)-[:REACTS_IN]->(:Reaction)

e (:Reaction)-[:PRODUCES]->(:Molecule)

e (:Reaction)-[:USES_AGENT]->(:Molecule)

e (:Reaction)-[:USES_SOLVENT]->(:Molecule)

Contextual Retrieval
For each Reaction node retrieved, always include full context:

e Always use MATCH or OPTIONAL MATCH to bind variables for reactants, products, agents, and solvents.
o After binding, retrieve their names using collect (DISTINCT <variable>.name) inthe RETURN clause.

User Question




<user_question>
{question}
</user_question>

P5: Single-Step Synthesis Prompt 5 — (4) + Full Context Rules

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>
{schema}
</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines

o Always adhere to correct Cypher syntax.
e Return only the Cypher query enclosed in ~~~ — nothing else.

Yield Handling If yield is used (e.g., in filter or sort), add WHERE <rel>.yield IS NOT NULL before any sorting or
limiting.

Relationship Directionality (Mandatory)

Ensure every relationship arrow matches the direction shown in the schema:

. (:Molecule)-[:REACTS_IN]->(:Reaction)

e (:Reaction)-[:PRODUCES]->(:Molecule)

e (:Reaction)-[:USES_AGENT]->(:Molecule)

e (:Reaction)-[:USES_SOLVENT]->(:Molecule)

Contextual Retrieval
When the query involves a molecule (e.g., asking what produces it, what it reacts in, or its precursors) — follow this
pattern:

1) Match all reactions involving the molecule, for example:
MATCH (target:Molecule {{name: "..."}})<-[:PRODUCES]-(r:Reaction)
2) Use OPTIONAL MATCH to retrieve all possible related molecules:

reactant:Molecule) - [:REACTS_IN]->(r:Reaction)
r:Reaction)—[:PRODUCES]-> (product :Molecule)
r:Reaction)—[:USES_AGENT]-> (agent :Molecule)
r:Reaction)—-[:USES_SOLVENT]-> (solvent:Molecule)

e
e
e
e

3) Return them as collect (DISTINCT ...) lists, e.g.

RETURN r.id,
collect (DISTINCT reactant.name) AS reactants,
collect (DISTINCT product.name) AS products,
collect (DISTINCT agent.name) AS agents,
collect (DISTINCT solvent.name) AS solvents

User Question

<user_question>
{question}
</user_question>

P6: Multi-Step Synthesis Prompt 1 — Minimal

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>

{schema}

</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines:

o Always adhere to correct Cypher syntax.




e Return only the Cypher query enclosed in triple backticks — nothing else.
Important Assumptions

o Regardless of the user’s question intent (e.g., asking about precursors, agents, intermediates), you must return
only the full reaction chains — that is, the React ion nodes involved in the synthesis pathway.

e Do not perform any reasoning or interpretation — simply identify the sequence of React ion nodes involving the
mentioned molecular entities.

Graph Constraints:

o The graph is bipartite: Molecule and Reaction nodes alternate.
o A synthesis path of IV steps has 2 x N hops.

User Question

<user_question>
{question}
</user_question>

P7: Multi-Step Synthesis Prompt 2 — (1) + Query Generation Instructions with Partial Cypher Snippets

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:
<schema>

{schema}

</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines:

e Return only the Cypher query enclosed in triple backticks — nothing else.
Important Assumptions

o Regardless of the user’s question intent (e.g., asking about precursors, agents, intermediates), you must return
only the full reaction chains — that is, the React ion nodes involved in the synthesis pathway.

e Do not perform any reasoning or interpretation — simply identify the sequence of React ion nodes involving the
mentioned molecular entities.

Graph Structure and Path Lengths

o The graph is bipartite: Molecule and Reaction nodes alternate.
e A synthesis path of IV steps has Y =2 x N hops (e.g., 2—4,3—6,4—8).

Query Constraints

o Use a variable-length pattern with [ :REACTS_IN|PRODUCES«..Y] to enable multi-step synthesis paths.
o Enforce exact length with:
WHERE size(relationships(p)) = Y
o Ensure bipartite alternation of nodes: Molecule (even), Reaction (odd).
e Return DISTINCT reaction_nodes only.

User Question

<user_question>
{question}
</user_question>

P8: Multi-Step Synthesis Prompt 3 — (2) + Illustrative Query Generation Instructions with Full Cypher Snippets

Model: GPT-4.1-mini, T=0.0

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:

<schema>

{schema}

</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines:

o Always adhere to correct Cypher syntax.



e Return only the Cypher query enclosed in triple backticks — nothing else.

Important Assumptions

o Regardless of the user’s question intent (e.g., asking about precursors, agents, intermediates), you must return
only the full reaction chains — that is, the reaction nodes involved in the synthesis pathway.

e Do not perform any reasoning or interpretation — simply identify the sequence of reaction nodes involving the
mentioned molecular entities.

Graph Structure and Path Lengths The graph is bipartite:

¢ Molecule and Reaction nodes alternate.
e A synthesis path of IV steps has path length Y =2 x N hops (e.g.,2 =+ 4,3 — 6,4 — 8).

Query Constraints

1)  Match Multi-Hop Paths
Use a variable-length pattern with [ : REACTS_IN|PRODUCES+. .Y] to enable multi-step synthesis paths. Enforce
exact length with:
WHERE size(relationships(p)) = Y
2)  Enforce Bipartite Alternation:
WHERE all(i IN range(0, size(nodes(p)) - 1)
WHERE (i % 2 = 0 AND 'Molecule' IN labels(nodes(p)[i])) OR
(1 2 = 1 AND 'Reaction' IN labels (nodes(p) [i])))
3)  Return Only Reaction Nodes:

WITH [x IN nodes (p) WHERE 'Reaction' IN labels(x)] AS reaction_nodes
RETURN DISTINCT reaction_nodes

User Question

<user_question>
{question}
</user_question>

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:
<schema>

{schema}

</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines:

o Always adhere to correct Cypher syntax.
e Return only the Cypher query enclosed in triple backticks — nothing else.

Important Assumptions

o Regardless of the user’s question intent (e.g., asking about precursors, agents, intermediates), you must return
only the full reaction chains — that is, the React ion nodes involved in the synthesis pathway.

o Copy SMILES verbatim: character-for-character — no changes to atoms, case, ring numbers, parentheses/brackets,
or charges.

e Do not perform any reasoning or interpretation — simply identify the sequence of React ion nodes involving the
mentioned molecular entities.
Graph Structure and Path Lengths The graph is bipartite:

e Molecule and Reaction nodes alternate.
o A synthesis path of NV steps has path length Y = 2 x N hops (e.g., 2 =+ 4,3 — 6,4 — 8).

Query Constraints

1)  Match Multi-Hop Paths
Use a variable-length pattern with [ : REACTS_IN|PRODUCES+. .Y] to enable multi-step synthesis paths. Enforce
exact length with:
WHERE size (relationships(p)) = Y

2)  Enforce Bipartite Alternation:



WHERE all (i IN range (0, size(nodes(p)) - 1)
WHERE (i % 2 = 0 AND 'Molecule' IN labels(nodes(p)[i])) OR
(i $ 2 = 1 AND 'Reaction' IN labels (nodes(p)[i])))
3) Return Only Reaction Nodes:

WITH [x IN nodes (p) WHERE 'Reaction' IN labels(x)] AS reaction_nodes
RETURN DISTINCT reaction_nodes

User Question

<user_question>
{question}
</user_qguestion>

You are an expert in generating Cypher queries for a Neo4j knowledge graph with the following schema:
<schema>

{schema}

</schema>

Your task is to generate valid, semantically meaningful Cypher queries based solely on user input and the schema.
General Guidelines:

e Always adhere to correct Cypher syntax.
e Return only the Cypher query enclosed in triple backticks — nothing else.

Important Assumptions

e Regardless of the user’s question intent (e.g., asking about precursors, agents, intermediates), you must return
only the full reaction chains — that is, the React ion nodes involved in the synthesis pathway.

o Copy SMILES verbatim: character-for-character — no changes to atoms, case, ring numbers, parentheses/brackets,
or charges.

e Do not perform any reasoning or interpretation — simply identify the sequence of React ion nodes involving the
mentioned molecular entities.

Graph Structure and Path Lengths The graph is bipartite:

e Molecule and Reaction nodes alternate.
o A synthesis path of NV steps has path length Y = 2 x N hops (e.g., 2 =+ 4,3 = 6,4 — 8).

Query Constraints

1)  Match Multi-Hop Paths
Use a variable-length pattern with [ : REACTS_IN|PRODUCES«. .Y] to enable multi-step synthesis paths. Enforce

exact length with:
WHERE size (relationships(p)) = Y
2)  Enforce Bipartite Alternation:
WHERE all(i IN range(0, size(nodes(p)) - 1)
WHERE (i % 2 = 0 AND 'Molecule' IN labels(nodes(p)[i])) OR

(1 $ 2 = 1 AND 'Reaction' IN labels (nodes(p)[i])))
3)  Return Only Reaction Nodes:

WITH [x IN nodes (p) WHERE 'Reaction' IN labels(x)] AS reaction_nodes
RETURN DISTINCT reaction_nodes

Output constraint: Only return reaction_nodes. Do nof return Molecule nodes, p, nodes (p), relationships (p),
or anything else. No extra RETURNS.
User Question

<user_question>
{question}
</user_qguestion>



P11: Single-Step Synthesis Validator Prompt

Model: GPT-4.1-mini, T=0.0

You are a Cypher expert validating queries over a bipartite chemical reaction knowledge graph.

Your job is to check whether the query is syntactically valid, uses only schema-defined elements, retrieves the complete
reaction context, and is semantically appropriate for the question.

You must check the following;:

e Are there any syntax errors?

e Are all node labels, relationship types, and properties used in the query present in the schema?

o Does the query return the full reaction context — i.e., all :Molecule nodes connected to each :Reaction via
REACTS_IN, PRODUCES, USES_AGENT, and USES_SOLVENT — regardless of the user’s intent?

e Are variables reused incorrectly in a way that limits matching all relevant nodes (e.g., reusing the same variable
for a single product and for a collection of all products)?

Schema

{schema}

User Question

{question}

Cypher

{cypher}

Output format (JSON only; no extra text, no code fences)
{"is_valid": truefalse, "errors": ["<string>", "..."]}
Example

<gquestion>

What is the reaction that produces X?
</question>

<cypher>

MATCH (r:Reaction)-[:PRODUCES]-> (target_product:Molecule {name: $X})
RETURN

r.id AS reaction_id,

target_product.name AS product;

</cypher>
<output>

{
"is_valid": false,
"errors": |
"The query does not return full reaction context. It omits reactants, agents, solvents,
— and other products connected to the same reaction."

}

</output>

P12: Multi-Step Synthesis Validator Prompt

Model: GPT-4.1-mini, T=0.0

You are a Cypher expert validating queries over a bipartite chemical reaction knowledge graph. Your job is to check
whether the query is syntactically valid, uses only schema-defined elements, retrieves complete reaction context, and is
semantically appropriate for the question.

Definitions
e <pathVar> = the variable bound to the variable-length traversal in MATCH (e.g.,, MATCH p = (...)).If multiple,
use the one connecting start/target.
Checks

o Context (reaction-only output):

— Do the WITH/RETURN clauses project only :Reaction nodes (e.g.,, WITH [n IN nodes (<pathVar>)
WHERE n:Reaction] AS reaction_nodes RETURN DISTINCT reaction_nodes)?
— They must not project molecule payloads (e.g., intermediate_molecules) or any :Molecule properties.




e Step-hop mapping (only if the question specifies exactly K steps):
— Extract K from the question. The check passes if any of the following is true:

* size(relationships (<pathVar>)) = 2xK, or
*  the pattern uses exact length x {2+K}.

— Do not also complain about an upper bound like % .. (2xK) if equality is already asserted.
— Additionally require strict Molecule<«+Reaction alternation and
size ([n IN nodes (<pathVar>) WHERE n:Reaction]) = K.

Schema

{schema}

User Question

{question}

Cypher

{cypher}

Return format (strict JSON only; no extra text)

{"is_wvalid": truelfalse, "errors": ["<string>", "..."]}

Example

<question>

What are the intermediate molecules involved in synthesizing {{TARGET_SMILES}} in exactly 4
<~ reaction steps?

</question>

<cypher>

WITH '{{TARGET_SMILES}}' AS targetName

MATCH path = (start:Molecule)-[:REACTS_IN|PRODUCES*..8]—->(target:Molecule {name: targetName})

WITH [n IN nodes (path) WHERE n:Molecule AND n.name <> targetName AND n.name <> start.name] AS
— intermediate_molecules
RETURN DISTINCT intermediate_molecules; // NOT reaction-only

</cypher>

<output>

{

"is _wvalid": false,

"errors": [
"Reaction-only output required: the query projects :Molecule nodes via
— “intermediate_molecules”, which is NOT correct."
1
}
</output>

You are a Cypher expert assisting a junior developer working with a chemical reaction knowledge graph. Your job is to
correct Cypher queries based on provided error messages and the schema structure.
Output contract

e Return only the corrected Cypher query.
o Wrap the entire query in ~ " triple backticks.
e Do not include any other text.

Check for invalid syntax or semantics and return a corrected Cypher statement.

Schema

{schema}

Ensure the corrected query returns full reaction context (reactants, products, agents, solvents) when : Reaction nodes are
queried.

Important: Respond ONLY with the corrected Cypher query, wrapped in triple backticks. Do not include any explanations
or extra text.



User Question
{question}
Original Cypher
{cypher}
Errors

{errors}

P14: Multi-Step Synthesis Corrector Prompt

Model: GPT-4.1-mini, T=0.0

You are a Cypher expert assisting a junior developer working with a chemical reaction knowledge graph. Your job is to
correct Cypher queries based on provided error messages and the schema structure.
Output contract

o Return only the corrected Cypher query.
e Wrap the entire query in ~ "~ triple backticks.
e Do not include any other text.

Check for invalid syntax or semantics and return a corrected Cypher statement.
Check for invalid syntax or semantics and return a corrected Cypher statement.
Schema

{schema}

Edit policy
o Fix ONLY what <errors> describe. Make the smallest edits that fully resolve them. Do not add new logic.
Reaction-only output contract

e The final projection MUST be a single column named reaction_nodes defined from the path variable:

WITH [x IN nodes (<pathVar>) WHERE x:Reaction] AS reaction_nodes
RETURN reaction_nodes

e Do NOT use UNWIND anywhere. If present, remove it and return the list directly.
e Do NOT project :Molecule nodes or any molecule properties.
o Preserve the existing path variable from MATCH (e.g., p); replace <pathvar> with it.

User Question
{question}
Original Cypher
{cypher}
Errors

{errors}
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Prompting Strategy & Version

Fig. S1: Distribution of Retrieval Errors in Single-Step Reaction Retrieval. Retrieval error = proportion of samples with a
non-perfect F1 score. Query validity = proportion of valid queries relative to all samples. Error coverage = percentage of
samples containing one of the the errors reported. Below are the main categories of retrieval errors across four prompting
strategies (zero-shot (ZS), one-shot static (1S-S), one-shot random (15-D-R), and one-shot semantic (15-D-S)) and five prompt
versions of varying contextual and structural guidance: (1) — base contextual query, (2) — (1) + explicit MATCH instructions,
(3) — (2) + directionality check, (4) — (3) + yield-filtering, and (5) — (4) + additional full context rules. Each cell shows the
number of results containing the given error out of 1200 data samples in total.
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Multi-step Precursor Identification
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Fig. S2: Distribution of Retrieval Errors in Multi-Step Reaction Retrieval. Retrieval error = proportion of samples with a
non-perfect F1 score. Query validity = proportion of valid queries relative to all samples. Error coverage = percentage of
samples containing one of the the errors reported. Below are the main categories of retrieval errors across four prompting
strategies (zero-shot (ZS), one-shot static (15-S, which was tested using two different fixed examples: 15-S5-p = product
identification and 1S-S-i=forward synthesis intermediate molecule discovery), one-shot random (15-D-R), and one-shot
semantic (15-D-S)). Five prompt versions of varying contextual and structural guidance were tested: (1) — minimal prompt,
(2) - (1) + instructional with partial Cypher snippets, (3) — (2) + illustrative with full Cypher Snippets, (4) — (3) + SMILES
verbatim, and (5) — (4) + strict RETURN constraint. Each cell shows the number of results containing the given error out of
1200 data samples in total.
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Fig. S3: Pairwise statistical significance tests for the Best-yielding reaction task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for
Precision, Recall, and F1. Arrows within the cells indicate whether the first prompt (x-axis) significantly improves over or
performs worse than the second prompt (y-axis).
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Fig. S4: Pairwise statistical significance tests for the Co-Product Identification task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for
Precision, Recall, and F1. Arrows within the cells indicate whether the first prompt (x-axis) significantly improves over or
performs worse than the second prompt (y-axis).
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Fig. S5: Pairwise statistical significance tests for the Condition-Based: Agents& Solvents task. Each heatmap compares two
prompt configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests
for Precision, Recall, and F1. Arrows within the cells indicate whether the first prompt (x-axis) significantly improves over or
performs worse than the second prompt (y-axis).
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Fig. S6: Pairwise statistical significance tests for the Multi-Product Reaction task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for
Precision, Recall, and F1. Arrows within the cells indicate whether the first prompt (x-axis) significantly improves over or
performs worse than the second prompt (y-axis).
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Fig. S7: Pairwise statistical significance tests for the Precursor Identification task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for
Precision, Recall, and F1. Arrows within the cells indicate whether the first prompt (x-axis) significantly improves over or
performs worse than the second prompt (y-axis).
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Fig. S8: Pairwise statistical significance tests for the Product-to-Reaction Mapping task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for
Precision, Recall, and F1. Arrows within the cells indicate whether the first prompt (x-axis) significantly improves over or
performs worse than the second prompt (y-axis).
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Fig. 59: Pairwise statistical significance tests for the Intermediate Identification task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for Exact
Path Precision, Exact Path Recall, Partial Path Recall and Exact Path F1. Arrows within the cells indicate whether the first
prompt (x-axis) significantly improves over or performs worse than the second prompt (y-axis).
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Fig. S10: Pairwise statistical significance tests for the Multi-Step Precursor Identification task. Each heatmap compares two
prompt configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests
for Exact Path Precision, Exact Path Recall, Partial Path Recall and Exact Path F1. Arrows within the cells indicate whether
the first prompt (x-axis) significantly improves over or performs worse than the second prompt (y-axis).
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Fig. S11: Pairwise statistical significance tests for the Reaction Chains Between Molecules task. Each heatmap compares two
prompt configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests
for Exact Path Precision, Exact Path Recall, Partial Path Recall and Exact Path F1. Arrows within the cells indicate whether
the first prompt (x-axis) significantly improves over or performs worse than the second prompt (y-axis).
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Fig. 512: Pairwise statistical significance tests for the Reaction Chains To Target task. Each heatmap compares two prompt
configurations (x-axis: first prompt, y-axis: second prompt). Cells show p-values from Wilcoxon Signed-Rank tests for Exact
Path Precision, Exact Path Recall, Partial Path Recall and Exact Path F1. Arrows within the cells indicate whether the first
prompt (x-axis) significantly improves over or performs worse than the second prompt (y-axis).
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