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Abstract

Accessing Building Information Model (BIM) data en-
coded in Industry Foundation Classes (IFC) remains
difficult for non-expert stakeholders due to heteroge-
neous property sets and nested relationships. This pa-
per presents a constrained text-to-graph querying frame-
work that transforms IFC data into a labeled property
graph, queried via Cypher, while project-specific Infor-
mation Delivery Specification (IDS) requirements define
admissible entity labels, relationships, and property keys.
A regular-expression grammar restricts Large Language
Model (LLM) generation to executable, schema-compliant
queries. Evaluation shows grammar constraints eliminate
schema hallucinations, achieving 100% Semantic Compli-
ance and improved execution accuracy, with competitive
performance from smaller open-weights models.

Introduction

BIM workflows increasingly presume that building infor-
mation can be accessed on demand to support coordina-
tion, compliance checking, and decision-making. In prac-
tice, however, obtaining a first correct and verifiable an-
swer from an IFC model remains costly (Hellin et al.,
2025). This cost extends beyond computation to include
the time and expertise required to translate an informa-
tion need into a formal query, execute it on an IFC-derived
representation, and validate the results against both the
model content and project-specific modelling conventions.
This initial problem typically involves multiple iterations
of identifying relevant entities and relations, selecting ap-
propriate properties and value types, and refining queries
until defensible results are produced. The burden is most
evident for information needs that exceed direct attribute
lookups and require combinations of property constraints
and topological reasoning. Common quality and compli-
ance checks, such as isolating spatially contained elements
or verifying classification and completeness requirements,
remain technically demanding, as they require detailed
knowledge of IFC structures and querying mechanisms.
Prior research consistently identifies an intent-to-query
gap in BIM information access and proposes abstractions
and natural-language interfaces to mitigate direct interac-
tion with raw IFC schemas (Mazairac and Beetz, 2013;
Yin et al., 2023a; Hellin et al., 2025). However, query
verbosity and representational overhead remain pragmatic

obstacles, particularly where relevant information is acces-
sible only through long navigation paths and reified rela-
tionship structures. IFC, as an open and vendor-neutral
standard (International Organization for Standardization,
2024), encodes semantics indirectly, leading to complex
multi-hop queries across relationship entities and nested
value representations. Linked Data approaches, including
ifcOWL and higher-level ontologies such as the Building
Topology Ontology (BOT) and BimSPARQL, improve ex-
pressiveness and topology-centric querying (Beetz et al.,
2009; Rasmussen et al., 2020; Zhang et al., 2018). Nev-
ertheless, semantic variance across projects, arising from
custom property sets, naming conventions, heterogeneous
datatypes, and tool-specific export practices, limits query
robustness and reuse (Yu et al., 2023). IDS addresses this
by formalising project-specific information requirements
and constraints in a machine-interpretable manner (build-
ingSMART International, 2024).

Recent advances in LLMs demonstrate strong capabilities
in natural-language-to-structure translation (Jiang et al.,
2023), yet their probabilistic nature poses reliability risks
when applied to deterministic, schema-bound engineering
data. Hallucinations and invalid query generation remain
critical concerns (Huang et al., 2023). Building on re-
cent BIM research that combines LLMs with graph-based
grounding (Iranmanesh et al., 2025), this paper proposes
a reliability-oriented framework that translates natural-
language questions into constrained graph queries over
[FC-derived representations, informed by IDS constraints.
A key objective is to enable the framework to run privately
on local machines, preserving data confidentiality and sub-
stantially reducing the energy and operational costs associ-
ated with reliance on commercial, cloud-based LLM ser-
vices. By combining graph abstractions, explicit project
constraints, and constrained decoding, the approach aims
to improve the correctness and verifiability of results for
topology- and constraint-dependent BIM checks.

Background and Related Work
Querying BIM models

BIM models integrate geometry, spatial relations, mate-
rial properties, quantities, and semantics in one digital
structure. In practice, this richness creates large datasets
that are difficult to interrogate without specialized tools.
Most exchanges rely on IFC (currently version 4) (build-



ingSMART International, 2024), which provides interop-
erability but also substantial complexity due to broad en-
tity vocabularies, heterogeneous property sets, and deeply
nested relations (Borrmann et al., 2018). As reposito-
ries grow, efficient BIM search becomes increasingly im-
portant (Khademi and Behan, 2017). Early efforts intro-
duced domain-specific query languages such as BIMQL
(Mazairac and Beetz, 2013) and QL4BIM (Daum and Bor-
rmann, 2014). BIMQL focuses on class- and attribute-
based filtering, whereas QL4BIM emphasizes spatial and
topological queries. Both approaches improve expressive-
ness but still require users to understand formal query syn-
tax and IFC internals, including indirect relationship en-
coding. Database-based approaches have also been ex-
plored. SQL is mature and efficient, but less suited to IFC-
style hierarchical and multi-hop relations. SPARQL over
ifcOWL maps IFC into RDF triples and supports linked-
data querying (Zhang et al., 2018), yet this representation
is often verbose and large (Pauwels et al., 2017). As an
alternative, labeled property graphs (LPGs) represent re-
lations more directly and support efficient traversal in sys-
tems such as Neo4j (Neo4j, 2026), queried with Cypher
(Zhu et al., 2025). The RDF-LPG choice remains use-
case dependent, but LPGs are often preferred for storage
and query efficiency (Zhu et al., 2023). Prior work shows
the value of LPG-based BIM querying. Ismail et al. (2017)
demonstrated IFC-to-LPG transformation for graph analy-
ses (e.g. emergency routes and model comparison), while
later studies reported benefits for change tracking (Esser
etal., 2022), semantic enrichment (Wang et al., 2022), and
code compliance (Bloch et al., 2023). With recent LLM
advances, graph representations are increasingly relevant
as a grounding layer for natural-language BIM interaction
and hallucination reduction.

LLM based BIM query

Natural-language BIM querying lowers the barrier for non-
expert users by avoiding direct interaction with formal
query syntax. However, LLMs alone do not reliably query
IFC data: without grounding, they hallucinate entities,
properties, and relations. Du et al. (2026) identify three
recurring causes: long prompt context, limited global spa-
tial understanding, and cumulative errors in multi-agent
pipelines. The spatial reasoning gap is particularly criti-
cal for BIM querying. Accordingly, prior work introduces
external constraints. Ontology-based approaches translate
natural language into SPARQL over RDF/OWL models,
as in Yin et al. (2023b). Tool-augmented pipelines in-
stead couple LLM planning with deterministic BIM op-
erations; for example, Hellin et al. (2025) use a ReAct-
style workflow with Python tools over IFC, reporting good
results for direct queries but weaker performance for in-
direct and relational questions. As also discussed by Du
et al. (2026), graph representations can improve structural
grounding for spatial and topological reasoning. Retrieval-
augmented generation (RAG) provides another grounding
strategy by injecting retrieved context at inference time

(Gao et al., 2023). In BIM, this can supply IFC documen-
tation and project-specific metadata (Iranmanesh et al.,
2025). Yet text-centric RAG does not fully capture rela-
tional model structure. Graph-RAG improves this by re-
trieving connected nodes and edges, but still underper-
forms on complex multi-hop queries with multiple en-
tity references and ambiguity (Iranmanesh et al., 2025).
Formal project specifications offer a complementary con-
straint layer. IDS (buildingSMART International, 2024)
defines expected IFC entities, properties, value domains,
and vocabularies in machine-readable XML, primarily for
automated compliance checking. In query generation, IDS
can constrain allowable query patterns across IFC-, RDF-
, or LPG-based representations, grounding LLLM output
in explicit project rules. This study therefore examines
whether project-specific IDS constraints reduce hallucina-
tions in LLM-mediated BIM querying, a direction that re-
mains largely unexplored.

Appropriate use cases and study scope

From a theoretical perspective, model checking activities
can be classified into three categories (Solihin and East-
man, 2015; Hjelseth and Nisbet, 2016). Simple checks in-
volve the verification of the existence of specific property
sets, the presence of assigned values, and the correctness
of those values. Elaborated checks address design, spatial,
or technical characteristics that are not explicitly stored
as IFC properties but can be derived through relatively
straightforward algorithms or mathematical relationships.
A representative example is the verification of regulatory
requirements governing the minimum ratio between win-
dow surface area and room floor area, as prescribed by Ital-
ian building codes. Complex checks, by contrast, focus
on performance-based assessments and require advanced
simulations, such as those used for evaluating building en-
ergy performance.

For simple checks, established rule-based approaches (e.g.
IDS frameworks and commercial tools like Solibri) are
likely to remain more efficient and reliable than LLM-
based solutions. In this context, the primary advantage of
LLMs lies in their usability, as they lower the technical
barrier for non-specialist users. The suitability of LLMs
for elaborated checks is clearer, however, concerns remain
regarding computational accuracy and the risk of halluci-
nated outputs (Huang et al., 2023). In these cases, LLMs
may be a useful interface between the complexity of rule-
based checking software and end users, providing the abil-
ity to perform elaborated checks without needing to learn
the software’s query grammar. With respect to complex
checks, neither traditional rule-based tools nor LLM-based
approaches currently offer adequate capabilities.

Beyond model checking, greater value may be found
in leveraging LLMs as intuitive interfaces for querying
BIM data (Yin et al., 2023b). Their accessibility enables
meaningful interaction with BIM models by non-technical
stakeholders, including building occupants, maintenance
personnel, municipal officers involved in digital permit-



ting, and senior decision-makers within organizations.
This work focuses on elaborated checks, where the key
challenge is reliably translating natural-language intent
into verifiable, executable queries over IFC-derived data.

Research Questions

To structure the study, three research questions are formu-
lated, each addressing a key design choice of the proposed
pipeline:

RQ1 (text-to-query over direct QA): Can LLM-mediated
text-to-graph querying produce correct results for IFC-
based information needs where Direct QA over serialized
data fails?

RQ2 (graph representation): How does representing IFC
as a graph affect the correctness and robustness of answers
generated from queries over the model?

RQ3 (IDS as a constraint layer): Does integrating IDS im-
prove the semantic correctness of LLM-generated Cypher
queries over IFC-derived graphs?

Together, these questions assess whether a constrained
graph query workflow can provide predictable, auditable
access to BIM information for non-expert stakeholders,
while remaining practical for real project models.

Proposed Method
System overview

A Constrained Natural Language to Cypher (NL2Cypher)
framework is proposed to ground LLLMs in project-specific
constraints defined by the IDS. An IFC file is transformed
into a Neo4j (Neo4j, 2026) LPG and an IDS file is com-
piled into a formal grammar. This grammar restricts the
LLM’s decoding process, ensuring that generated Cypher
queries are syntactically valid and semantically compliant
with the project schema.

The architecture consists of three primary layers:

a) The data ingestion layer transforms the IFC model into a
flattened property graph and scans the model for available
vocabulary.

b) The constraint layer parses the IDS to extract enforced
constraints (entities, properties, enums) and merges them
with the model vocabulary to build a strictly typed schema.
c¢) The generation layer uses constrained decoding to guide
the LLM, masking invalid tokens at each generation step
based on a regular expression derived from the schema.
IFC-to-graph mapping

To enable efficient graph transit, the system simplifies
the complex IFC schema into a LPG. The mapping
process involves three transformation rules. First, ev-
ery IfcProduct becomes a graph node. The node
label corresponds to the IFC class (e.g., IfcWall).
Then, the relationships hosted in IfcPropertySet
entities linked via IfcRelDefinesByProperties
are flattened and embedded directly onto the en-
tity node as key-value pairs. Finally, the complex
relationship  entities  (e.g., IfcRelAggregates,
IfcRelContainedInSpatialStructure) are con-

verted into directed edges. The relationships most
commonly required for property- and topology-
based queries are prioritized: ~CONTAINS (from
IfcRelContainedInSpatialStructure), DECOM-
POSES (from IfcRelAggregates), and HAS_MA-
TERIAL (from IfcRelAssociatesMaterial).
Relationship  types that serve different query-
ing needs—such as IfcRelVoidsElement and
IfcRelFillsElement (opening and infill associations),
IfcRelConnectsPathElements (wall connectivity),
and IfcRelSpaceBoundary (thermal envelope geome-
try)—are not mapped in the current implementation. The
mapping is extensible: supporting additional relationship
types requires adding the corresponding extraction logic
and registering new edge labels in the grammar.

IDS parsing and constraint compilation

The core innovation of this method is the translation of
the IDS “semantic contract” into a generative grammar.
Solely relying on the IDS can be insufficient if the model
contains valid data not covered by the specification. At
the same time relying only on the model allows the LLM
to hallucinate on dirty data. Therefore a Hybrid schema
merging two sources is constructed.

Enforced Vocabulary from IDS defines strict constraints.
The system parses the IDS XML structure, extracting enti-
ties from applicability clauses and required properties
from requirements clauses. It captures domain-specific
constraints defined via XML Schema Definition (XSD) re-
strictions (e.g., xs : enumeration), ensuring that sensitive
properties (e.g., FireRating) are strictly limited to their
defined enums.

Available Vocabulary from IFC is extracted by scanning
the model file for existing labels and properties. Conflicts
are resolved by giving precedence to the IDS. Properties
are categorized into two tiers: strict (constrained to the
IDS-defined enums) and open (inferred from the model
with data types like Boolean, Numeric or String). This en-
sures regulatory compliance without rendering valid non-
standard model data unqueryable.

This hybrid vocabulary is then compiled into a Regular Ex-
pression (Regex) that guides the LLM’s decoding process
via Outlines library (dottxt-ai, 2026).

Query generation

Instead of fine-tuning the model or relying on “soft”
prompt engineering, constrained decoding is utilized. The
hybrid schema is translated into a regex pattern that defines
the set of all possible valid Cypher queries for that spe-
cific building. For a schema with entities E and properties
P, aregular expression r = build_cypher_regex(E, P)
is compiled to act as a grammar for valid Cypher. r
is assembled from (i) an entity alternation group E,
(e.g., (IfcDoor|IfcWall)), (ii) a property alternation
group P, (e.g., (FireRating|Height|Name)), and
(iii)) a small set of admissible literals and operators.
Property access is restricted to the bound match vari-
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Figure 1: System overview of the NL2Cypher framework. The three layers correspond to (a) data ingestion, (b) constraint compilation,
and (c) grammar-constrained query generation.

Table 1: Experiment settings.

able (e.g., v.Name) with optional type conversions (e.g.,
toInteger(v.FireRating)). The grammar supports se-
mantic string matching (e.g., CONTAINS) and null-
safety checks (ISNOT NU LL) which are essential for han-
dling natural language ambiguity. The WHERE clause is op-
tional and bounded to a fixed maximum number of boolean
conditions to avoid overly long or incomplete queries.

F = Faaron Foe Fomsre Trerors
Fvaren = MATCH (v : ELy),
rree = — [ Raie] = (v2 @ Ean),
Fumexe = WHERE c1 ((AND|OR) cg)=*,
¢i = (f"(v.Pai) op val) | (v.P,y; CONTAINS str),

f € {tolnteger,toFloat,toString}.

ey
Note that R,y represents the relationship alternation
group (e.g., (CONTAINSHAS_MATERIAL)). Further-
more, the return clause ryerury 1S constrained to return the
node variable v. This is strictly enforced to guarantee that
the execution engine retrieves the element’s GlobalId for
evaluation against the Gold Standard, preventing the gen-
eration of queries that return unidentifiable scalar values.
During inference, the constrained decoder only allows to-
kens that keep the partial output compatible with r (invalid
next tokens are masked by setting their logits to —c0). As
a result, generated queries are (i) executable (high SVR -
Syntactic Validity Rate) and (ii) limited to entity labels and
property names present in the hybrid schema (high SCR -
Schema Coverage/Compliance Rate).

Experimental Design

Baselines and datasets for demonstration and valida-
tion

To evaluate the efficacy of IDS grounding and graph-
based querying, four experimental settings are compared
in a 2x2 matrix of Direct Question Answering (QA) ver-
sus Text-to-Cypher, crossed with baseline versus IDS-
constrained configurations (Table 1.)

Direct QA Text-to-
Cypher
Baseline S1 Naive S3  Soft
QA Cypher
Input: Input:
IFC  text graph
dump schema
Output: Output:
JSON Cypher —
GlobalIds IDs
With IDS S2 S4  Strict
Grounded Cypher
QA (pro-
posed)
Input:
IFC + IDS Input:
rules hybrid
schema
Output: (IDS +
JSON model)
GlobalIds
Output:
Cypher —
IDs

Settings 1&2 simulate a RAG approach where the model
reasons over raw text. To ensure comparability, the LLM
is instructed to output a JSON list of GlobalId strings
rather than the natural language. Settings 3&4 generate
executable Cypher code. Setting 3 represents the current
state-of-the-art in Text-to-Cypher (prompting), while Set-
ting 4 represents our proposed method.

Dataset and Preprocessing

A sample project from Autodesk (Autodesk, 2026), ex-
ported as an IFC model, and a corresponding IDS require-
ment file are utilized. For the Direct QA settings (1, 2),
the IFC model is serialized into a condensed JSON for-
mat. For the Graph Settings (3, 4), the model is loaded
into a Neo4j (Neo4j, 2026) instance using the mapping de-



scribed above.

The IDS file defines seven specifications that constrain
naming conventions, required properties, and material as-
signments for the principal IFC entities (Table 2). Proper-
ties such as FireRating are limited to enumerated val-
ues (0, 30, 60, 90 minutes), while LoadBearing and
IsExternal are enforced as Boolean indicators. Material
constraints require both presence (for structural elements)
and specific content (concrete for load-bearing columns).
These specifications form the enforced vocabulary layer in
the hybrid schema.

Table 2: Summary of IDS specifications used in the evaluation.

Applicable Entity Required Properties Value Constraints

IfcBuildingStorey Name Level naming pattern

IfcDoor Name, IsExternal, FireRating € {0, 30, 60,
FireRating 90}

IfcSpace NetFloorArea, Controlled room-type vo-
Reference cabulary

IfcWall LoadBearing, Boolean
IsExternal

IfcWindow Name Component naming pattern

Structuralt Material Presence required

IfcColumn® Material Must contain ‘‘Concrete’”

*Load-bearing only. TIfcStair, IfcBeam, IfcSlab, IfcPile, IfcRamp, IfcColumn.

Task design and use cases

The evaluation consists of 16 natural-language queries,
categorized into three levels of increasing complexity:

¢ Level 1 — Class retrieval (6 queries, Easy): direct
entity lookups that test the ability to identify correct
IFC classes. Example: ‘‘List all doors’> — MATCH
(n:IfcDoor) RETURN n.

e Level 2 - Property filtering (5 queries,
Medium/Hard): queries that add attribute con-
straints, Boolean checks, numeric comparisons, or
null-safety tests. Examples: ‘‘List all external walls’’
— MATCH (n:IfcWall) WHERE n.IsExternal
= true RETURN n; ‘‘List all doors that have a fire
rating defined”’” — VMATCH (n:IfcDoor) WHERE
n.FireRating IS NOT NULL RETURN n.

e Level 3 — Topology and relationships (5 queries,
Medium/Hard): multi-hop graph traversals combin-
ing relationship patterns with property constraints.
Example: “‘List spaces on Level 2 larger than
I12m?” — MATCH (s:IfcBuildingStorey)-
[:DECOMPOSES] ->(n:IfcSpace) WHERE s.Name
CONTAINS '0O2' AND n.GrossFloorArea > 12
RETURN n.

Each query is paired with a gold-standard Cypher query
whose result set defines the ground-truth GlobalIds used
for evaluation.

Evaluation

Three metrics are employed to evaluate performance. To
enable a common comparison across all settings, the pri-
mary metric is the accuracy of the returned GlobalIds:
¢ Execution Accuracy (EA): Jaccard similarity be-
tween the set of GlobalIds returned by the system

and the ground-truth set.

_ |Rgen N Rgold|

EA =
|Rgen U Rgold|

(@)

For Direct QA (Settings 1&2): ground truth is parsed
from the JSON output.

For Text-to-Cypher (Settings 3&4): ground truth is
obtained by executing the generated Cypher query
against the database.

» Syntactic Validity Rate (SVR): for Direct QA, the
percentage of responses that are valid, parseable
JSON; for Cypher, the percentage of generated
queries that execute without syntax errors.

* Semantic Compliance Rate (SCR): the percentage
of generated schema elements (entity labels, property
names) that exist in the hybrid schema (reported for
the Cypher-generating settings).

Results and Discussion
Comparative performance
Phase 1: Cloud baselines and data access

To establish a performance ceiling and verify the neces-
sity of structured data access (RQ1), the framework was
first evaluated using state-of-the-art cloud models: Google
Gemini 2.5 Flash and Gemini 3.0 Flash Preview. These
models were tested on the unconstrained settings: Naive
QA (S1), Grounded QA (S2), and Soft Cypher (S3).
Table 3 presents the results of the cloud-based evaluation.
Both Direct QA settings (S1 and S2) achieved near-zero
EA across all models and runs (Gemini 2.5 Flash: 0.09 +
0.08; Gemini 3.0 Flash: 0.05+0.06). Despite the advanced
reasoning capabilities of the Gemini models, the system
failed to reliably identify correct elements. The size of
the IFC model chosen for tests exceeds 1M tokens both as
a .ifc and as a .json dump, so the truncation of the input
plays an important role in such a low performance, too.
This confirms that without structured access to the under-
lying model data, LLMs cannot reliably retrieve specific
BIM elements. The unique nature of IFC identifiers (22-
character encoded strings) prevents probabilistic guessing,
and schema knowledge alone (S2) proved insufficient for
identifying specific instances.

In contrast, the graph-based approach (S3: Soft Cypher)
demonstrated significant potential even without grammar
constraints. Gemini 2.5 Flash achieved a mean EA of
0.67 = 0.03 across three runs, successfully translating nat-
ural language into executable Cypher queries for the ma-
jority of test cases.

This disparity supports the hypothesis that the ‘‘Text-to-
Graph’’ abstraction is superior to ‘‘Direct QA’’ for engi-
neering tasks. The LLM excels at logic generation (con-
structing the query pattern) but struggles with direct infor-
mation retrieval when denied an explicit index.

While Setting 3 (Soft Cypher) performed well, it was not
flawless. Gemini 2.5 Flash achieved a mean SVR of 0.83 +
0.07, meaning that on average roughly 17% of generated



Table 3: Phase 1 Results: Cloud-based Models
(Unconstrained). Values reported as mean + std over n
independent runs.

Model Setting SVR SCR EA
Gemini 2.5 Flash S1 (Naive) 0.54+0.14 - 0.09+0.08
(n=3) S2 (Grounded) 0.60+0.10 - 0.08+0.07
S3 (Soft Cypher) 0.83 +0.07 0.99 £0.01 0.67 +0.03
Gemini 3.0 Flash  S1 (Naive) 0.44+0.17 - 0.05+0.06
(Preview) (n = 3) S2 (Grounded) 0.44+0.06 - 0.02+0.04

S3 (Soft Cypher) 0.67 +0.03 0.99 £0.02 0.62 + 0.03

queries were invalid Cypher and could not be executed.
Detailed analysis of the error logs revealed two primary
failure modes in the ‘‘Soft’’ setting:

1. Hallucinated properties: the model occasionally
queried properties that did not exist in the graph (SCR
< 1.0), despite the schema being provided in the sys-
tem prompt.

2. Complexity degradation: performance dropped
sharply as query complexity increased. For ‘‘Hard”’
queries (involving relationships and multi-hop traver-
sals), the mean EA for Gemini 2.5 Flash dropped
from 100% (Easy) to 22% (Hard).

These limitations in the unconstrained ”Soft” approach
(specifically a non-perfect SVR) motivate the need for the
grammar-constrained generation (S4) explored in the sub-
sequent phase of this study.

Phase 2: Efficacy of grammar constraints

To evaluate the proposed grammar-constrained genera-
tion (S4), Qwen2.5-Coder was utilized as a state-of-the-art
open-weights model family. Unlike the prompt-based ap-
proaches in Phase 1, Setting 4 requires direct intervention
in the decoding process to enforce adherence to the hybrid
schema; this requirement motivates the use of local, open-
weights models rather than API-based cloud services.
Table 4 summarizes the performance impact of the con-
straints. S3 results are reported as mean + std over mul-
tiple independent runs (n = 5 for 7B, n = 9 for 3B); S4
results are deterministic (greedy decoding with grammar
constraints) and therefore reported from a single run.
Table 4: Phase 2 Results: Open-weights models (constrained

vs. unconstrained). S3 values reported as mean + std over n
runs; S4 is deterministic (single run).

Model Setting SVR SCR EA
Qwen2.5-Coder-7B S3(n=25) 0.88+ 0.87+ 0.34+
Instruct 0.04 0.01 0.03
S4 (Strict) 1.00 1.00 0.63
Qwen2.5-Coder-3B S3(n=9) 0.95 + 0.94 0.62 +
Instruct 0.03 0.02
S4 (Strict) 1.00 1.00 0.64

The effect of grammar constraints varied markedly be-
tween the two models. For the 7B model, which achieved
only EA = 0.34 + 0.03 under unconstrained prompt-
ing (S3), grammar constraints nearly doubled accuracy to
EA = 0.63, while also raising SCR from 0.87 + 0.01 to
a perfect 1.00. In this case, constrained decoding com-
pensated for the model’s weaker query-generation logic by
narrowing the output space to valid schema elements.

The 3B model tells a different story. It already achieved
EA =0.62+0.02 (n = 9) under Soft Cypher—comparable
to the 7B model’s constrained result—with low variance
across runs. Grammar constraints (S4) brought EA only
marginally higher to 0.64, a difference well within the S3
standard deviation. The benefit of S4 for the 3B model was
therefore not in accuracy but in reliability: SVR improved
from 0.95+0.03 to 1.00 and SCR from 0.94 to 1.00, guar-
anteeing that every generated query is syntactically valid
and schema-compliant. This distinction matters in produc-
tion settings, where even a 5% rate of invalid queries can
erode user trust.

These results suggest that grammar constraints serve two
distinct roles depending on model capability: for weaker
models, they act as an accuracy amplifier by restricting
the search space; for stronger models that already generate
correct logic, they act as a safety net that eliminates the
residual tail of schema hallucinations and syntax errors.

To further verify the effect of grammar constraints (S4)
relative to the prompt-based baseline (S3), results were de-
composed by query complexity: Level 1 (Class Retrieval),
Level 2 (Property Constraints), and Level 3 (Topology/Re-
lationships).

* Level 1: Class retrieval (easy). Under Strict Cypher
(S4), both the 7B and 3B models achieved perfect per-
formance (EA = 1.00, SCR = 1.00, SVR = 1.00).
In the unconstrained S3 setting, the 3B model already
performed strongly (EA = 0.98 + 0.06), while the
7B model showed more variability (EA = 0.30 +
0.07). The transition to S4 eliminated all remaining
instances of invalid entity labeling.

* Level 2: Property value retrieval (medium). The
3B model showed high resilience in this category
already under Soft Cypher (EA = 0.79 = 0.02).
However, constraints ensured that property keys were
strictly mapped to IDS- and model-derived vocabu-
lary, maintaining SCR = 1.00 across both models
and avoiding confusion between similarly named at-
tributes.

* Level 3: Topology and relationships (hard). Multi-
hop traversals remained challenging. While the 7B
model under S4 constraints achieved only marginal
correctness (EA =~ 0.03), the 3B model under S4
provided the only successful executions in this cat-
egory (EA = 0.13). This suggests that by nar-
rowing the search space to valid relationship types
and property keys, grammar constraints can occasion-
ally assist smaller models in constructing complex
graph patterns that would otherwise fail under uncon-
strained prompting.

Overall, grammar constraints substantially improve relia-
bility for class and property retrieval by mitigating schema
hallucinations, but they cannot compensate for limited log-
ical reasoning in complex topological queries.



Limitations and implications

The results indicate that constrained NL2Cypher gener-
ation can substantially improve the reliability of natural-
language querying over IFC-derived graphs, particularly
for class retrieval and property-level queries. In practice,
this can make BIM information more accessible to non-
expert stakeholders by reducing the need to learn special-
ist query languages and by limiting common failure modes
such as schema hallucinations and non-executable queries.
Several limitations must be acknowledged. First, the eval-
uation constitutes an initial validation on a single sam-
ple project with one IDS file and 16 queries; broader
replication across IFC files from real projects, with dif-
ferent modelling conventions, varying data quality, and
larger query sets, is required before generalisability claims
can be made. Second, the hybrid schema is only as ef-
fective as the underlying IDS and the extracted model
vocabulary; incomplete or overly permissive specifica-
tions may still allow ambiguous queries, while overly
strict specifications can reduce coverage of valid (but un-
specified) information. Third, and most critically, the
framework exhibits near-total failure on Level 3 topol-
ogy queries (EA = 0.03-0.13), demonstrating that gram-
mar constraints—while effective at eliminating schema-
level errors—cannot compensate for the multi-step logi-
cal reasoning that complex graph traversals require. Time
and cognitive effort were not measured in this study; fu-
ture work should include user studies to quantify usability
gains.

Fourth, IDS availability is still uneven in current prac-
tice. The proposed framework is most effective in projects
where at least a partial IDS already exists. When the IDS is
incomplete, the hybrid schema can still enforce the entities
and properties that are specified and rely on model-derived
vocabulary elsewhere. When the IDS is missing entirely,
the method loses its project-specific grounding and should
be interpreted as a query-assistance setup rather than a
full compliance-oriented one; grammar-constrained gen-
eration remains possible over the model-only vocabulary,
but without the strict property typing and enumeration
controls that prevent hallucinations on ambiguous or in-
consistent data. The approach therefore does not replace
careful IDS authoring, but it can benefit from gradual IDS
formalisation: because the grammar makes explicit which
entities and properties are queryable, project teams receive
immediate feedback on specification gaps, turning IDS
creation from a retrospective compliance exercise into a
proactive step that directly improves query reliability.

Conclusions

This paper presented an IDS-constrained text-to-graph
querying framework that addresses the reliability gap
when applying LLMs to BIM information retrieval. By
transforming IFC data into a labeled property graph and
compiling project-specific IDS requirements into a hybrid
schema, the approach enables grammar-constrained de-
coding that eliminates schema hallucinations and guaran-

tees syntactically valid Cypher queries. The experimental
results confirm that LLMs are most effective when used
to generate query logic rather than retrieve information
directly, and that combining graph-based representations
with formal semantic constraints improves accuracy.
These findings have practical implications for the Archi-
tecture, Engineering, Construction and Operators (AECO)
industry. First, LLM-mediated BIM querying should be
treated as a query generation problem with hard con-
straints, not a prompt engineering problem. Second, IDS
can serve proactively to reduce variability in query for-
mulation, beyond its traditional role in retrospective com-
pliance checking. Third, by offloading syntactic preci-
sion to the constraint engine, smaller open-weights models
can achieve reliability levels previously reserved for large
cloud models, enabling privacy-preserving, local deploy-
ment without uploading sensitive project data to external
APIs.

Future work will (i) scale experiments across additional
domains and IDS complexities, (ii) investigate robustness
under non-compliant or inconsistent [IFC models, and (iii)
extend the graph schema to better represent spatial con-
text (e.g., second-level space boundaries) for queries about
connectivity, adjacency, and energy-relevant relationships.
Beyond accuracy, future evaluations should consider de-
ployment factors such as latency and the environmental
footprint. Two promising directions are interactive self-
correction, where execution feedback (e.g., “query re-
turned 0 nodes”) drives iterative refinement, and hybrid
graph-vector retrieval for unstructured data. Neverthe-
less, the results demonstrate that this NL2Cypher tech-
nique provides a practical and effective pathway toward
democratizing BIM information access in a reliable way.
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