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Abstract:

LinkAhead is an open-source research data management platform with a powerful
semantic search engine. Queries are expressed in CQL (CaosDB Query Language),
a domain-specific language that supports complex traversals of LinkAhead’s graph-
structured data model. Despite its expressive power, CQL syntax remains a barrier
for non-technical users. We present LINDI, a translation pipeline that converts nat-
ural language queries into valid CQL without requiring users to learn the query lan-
guage. The pipeline decomposes translation into a sequence of focused Large Lan-
guage Model (LLM) calls, producing a Query Intermediate Representation (QIR)
that is validated against the active data schema before query execution. The QIR is
human-readable and directly editable, giving users a transparent checkpoint to in-
spect and correct before a query runs. We evaluate LINDI on 200 manually compiled
queries across four datasets (three in English, one in German) from independent re-
search domains. On the three English-language datasets, Llama 3.1 (8B) achieves
consistent accuracy between 90.1% and 97.7%. GPT-OSS (20B) ranges from 91.5%
to 93.2%. Overall accuracy across all four datasets is 88.0% and 85.0% for the two
models respectively, and the pipeline’s modular design allows the LLM component
to be replaced independently. A single-step baseline that skips this decomposition
reaches only 70.5%/72.5% overall accuracy on the same queries, indicating that de-
composing translation into schema-aware, LLM-assisted steps with human review
is a practical route to making LinkAhead’s semantic search accessible without re-
quiring users to learn CQL.

Keywords: Large Language Models, Natural Language Querying, Query Genera-
tion, CQL, Semantic Data Management

1 Introduction

LinkAhead [HSW] (formerly CaosDB [FSH ")) is an open-source semantic research data man-
agement system (RDMS). In contrast to data repositories and electronic lab notebooks, its main
focus is on data management for actively evolving research data, especially during process-
ing, analysis, and workflow execution. It includes functionality for workflow management that
has been demonstrated in multiple applications [Fre24, SWF' 19, .S26]. LinkAhead organizes
research data as Records, individual data entities that instantiate a RecordType, a user-defined
schema class describing which Properties a Record of that type may carry. For example, a Record
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of type Sample might carry a Property collection_date holding a literal date value, and a
Property derivedFrom referencing another Record. Properties can hold literal values (num-
bers, strings, dates) or reference other Records, so RecordTypes and their Properties together
define a graph-structured, semantically typed data model rather than a fixed relational schema;
these are exactly the Properties that queries filter on and traverse across Records, as described
next. Fig. 1 shows an example instance of this model.

@ LinkAhead  Entities ~ File System Query Tour Map @ Bookmarks ~
Query: FIND Dataset WHICH IS REFERENCED BY Simulation WITH recording = 2015 Results: 1
0 (o] (- LIRS
@] date 2026-05-06
®A 16
@e 128

S LinkAhead

Contact Imprint/Impressum Data Policy License (AGPL-v3) Sources Documentation

Figure 1: Screenshot of LinkAhead showing an example dataset. The example query that is
described in Sec. 3.1 can be seen in the top panel.

Most of these use-cases rely on a semantic search engine that allows for specifically query-
ing entities from the system possibly traversing linked entities. The main search engine used
for this purpose is the integrated domain-specific language “CQL”' [HSW] that mimics SQL,
but is specialized to LinkAhead’s data model (see e.g. [FSH'] or the official documenta-
tion [Lin26¢]). This search capability is also what makes LinkAhead valuable as a combined
query-frontend when it is used to integrate multiple third-party RDMS via its crawler-framework
[WSL*, SSTW25].

CQL (see also Sec. 3.1) resembles a formal query language and was designed with SQL in
mind. Queries look like a simplified version of English, however there still is a fixed syntax
and semantics that has to be taken into account while searching the RDMS. In our experience,
researchers from natural sciences and related disciplines with a decent understanding of formal
languages, like programming languages, tend to find CQL easy to learn. However, we have
observed that many users from other disciplines find designing queries difficult, especially when

1 CQL is the abbreviation for CaosDB Query Language. As CaosDB was renamed to LinkAhead, the language will
also be renamed to LQL, LinkAhead Query Language, in the future.
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the traversal of references is involved.

One approach to tackle this issue was to introduce query templates, which are customizable
Ul elements including placeholders, that are converted to pre-defined queries. More recently, as
large language model technology found more widespread adoption [PG24], a dedicated transla-
tion component from natural language to CQL emerged as a promising application.

In this article we present LINDI, a translation system that facilitates access to semantic queries
in LinkAhead using LL.Ms. The system is structured as a modular four-layer pipeline (Sec. 3.3)
that combines focused LLM calls with schema-aware context narrowing (Layer 1), rule-based
post-processing (Layers 2-3), and a human-in-the-loop review step (Layer 4), enabling reliable
translation without dependence on large proprietary models.

2 Related work and Motivation

Translating natural language into structured database queries has been studied extensively under
the name Text-to-SQL [DCZ22]. A consistent finding in this literature [YZY 718, YHY "24] is
that single-step generation of the target query language is unreliable for queries involving com-
plex joins, domain-specific syntax, or schema elements absent from pre-training data. This moti-
vates our use of a simplified intermediate representation (QIR, see Sec. 3.2) rather than targeting
CQL or SQT (see also Sec. 3.1) directly. Analogous work on natural language to SPARQL trans-
lation [MRO"25] addresses knowledge-graph querying, which is structurally closer to LinkA-
head’s graph-based data model; error analyses in that setting consistently identify schema misin-
terpretation as a leading failure mode, reinforcing our choice to include schema-aware generation
and post-generation validation in the pipeline.

Beyond research systems, recent infrastructure frameworks also aim to connect LLMs to struc-
tured data systems. The Model Context Protocol (MCP) [Ant24] provides a mechanism for in-
tegrating external tools and data sources into LLM-based chat systems. It is a natural candidate
for adding natural language access to custom databases. However, MCP-based integrations rely
on the underlying LLLM to generate queries directly, which does not meet our precision require-
ments for scientific data management. In principle, the translation component presented in this
paper could be wrapped in an MCP server to provide reliable NL-to-SQT translation within
MCP-compatible clients.

One of the main challenges of using LLMs in scientific data management is their tendency
to hallucinate [JLF 23], i.e., to generate plausible but incorrect outputs. Because LinkAhead
is primarily used in research environments, the system requires a high degree of precision and
reliability. Current LLMs do not achieve sufficient accuracy to be trusted with unrestricted query
generation without human oversight [BCP*26]. For this reason, LINDI includes a validation
workflow that allows users to inspect and verify the generated query before execution.

Natural language queries also introduce an additional class of problems. Some queries may be
ambiguous, underspecified, or impossible to map to the active data schema. Instead of attempting
to infer unsupported semantics, the system explicitly detects such cases and returns descriptive
feedback to the user. This prevents invalid or misleading queries from silently producing incor-
rect results (see Sec. 5.2).

In addition, dependence on large proprietary models introduces practical concerns related to
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digital sovereignty [PC26], deployment flexibility, computational cost, and data privacy. We
therefore aim to support smaller self-hosted models whenever possible. These requirements
strongly influence the design of LINDI and motivate the modular translation pipeline described
in the following section.

Taken together, LINDI’s contribution is an applied instantiation of established patterns from
the Text-to-SQL and NL-to-SPARQL literature (intermediate representations, schema-aware con-
text narrowing, validation layers), adapted to LinkAhead’s specific query language and graph-
structured data model, rather than a new method in the NLP sense.

3 Methods

We evaluated several approaches for translating natural language queries into semantic queries
for use with LinkAhead. A first attempt involved fine-tuning a language model based on GPT-2
[RWC'19] on a corpus of natural-language and CQL query pairs. Producing training data of ad-
equate quality proved complicated, and assembling a sufficient number of examples to cover
realistic query patterns was impractical. Even after considerable effort, the model achieved
poor precision, particularly for queries involving numerical conditions, and training a special-
ized model from scratch turned out to be expensive with limited benefit.

A second attempt moved away from fine-tuning and targeted SQT (which is described in
Sec. 3.1) as an intermediate format for prompt-based generation. CQL (see Sec. 3.1) is a domain-
specific language developed specifically for Link Ahead with no representation in general-purpose
model training data, so we reasoned that SQT, being a structured JSON format, would be more
familiar to language models and therefore easier to target reliably. Despite this, the models still
struggled to reproduce the nested structure required for complex queries, particularly for numeri-
cal comparisons and multi-hop entity references. The underlying difficulty remained unchanged.
Requiring the model to produce the output format in a single step places the full burden of struc-
tural and semantic correctness on the model, which it cannot reliably meet.

These findings motivated a different strategy based on decomposition and control. Rather than
requiring the language model to produce the final query format in a single step, we introduced
a simplified intermediate representation (QIR, see Sec. 3.2) designed to express the query in a
clean, structured form that is easier for an LLM to generate reliably. The data schema plays an
active role throughout. It is used to narrow the entities and properties provided to the LLM before
generation, and to drive repair passes that correct common model errors in the output afterwards.
The pipeline (see Sec. 3.3) begins with two focused LLM calls to identify the relevant entities
and their properties from the schema, then generates the intermediate representation using that
narrowed context. The output is then passed through a series of rule-based repair passes and
validated against the schema. The resulting intermediate query is presented to the user for review
and direct correction before it is deterministically converted to SQT and executed against the
LinkAhead backend. The overall architecture is illustrated in Fig. 6.
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3.1 CQL and Structured Query Trees (SQT)

CQL is the main query language used by LinkAhead. It is implemented in the server component
and exposed via its API. This design allows its usage from GUIs as well as from batch processing
scripts using LinkAhead’s API clients. The domain-specific language follows a strict syntax and
semantic which is parsed using an ANTLR parser [PQO95, Par13]. Its formal definition can be
found in the server repository [Lin26b] and in the official documentation [Lin26c].

The example query

FIND Dataset WHICH IS REFERENCED BY Simulation
WITH recording = 2015

can be used to find all Records of type Dataset which are linked from any property of an-
other Record of type Simulation. Furthermore, the linking Record of type Simulation
is required to have a property called recording with an exact value of 2015. In this example,
keywords belonging to the formal CQL language are written in upper case, although this is not
required by the specification. It can be seen that the language resembles English, but still requires
a certain formal structure to be executed by the backend successfully.

In the server backend, CQL is translated to SQL which is used by the MariaDB database
backend to process the query. One reason for choosing this design was to have a transparent
processing in a prevalent language available, which can be e.g. used for debugging or profiling.
The database backend itself makes use of a relational table structure that is described in [FSH].
This structure maps LinkAhead’s data model to a triple-store like structure which allows for
flexible changes in schemas managed in LinkAhead.

For reducing ambiguities and for limiting the overhead caused by parsing CQL strings, a
second query endpoint exists in the LinkAhead server that accepts SQTs in the form of JSON
documents. These SQTs contain a parsed representation of a CQL string that can be directly
converted to SQL.

The SQT for the example given in Sec. 3.1 is shown in the following listing. For easier
readability we display the equivalent YAML representation instead of JSON?.

selections: []
type: FIND
role: RECORD
versioned: false
entity:
CQL_LEGACY:
type: NORMAL
pattern: Dataset
filter:
REFERENCED_BY:
asProperty: null

2 This is a typesetting choice for print only. SQT is exchanged as JSON between LinkAhead components, and YAML
is used here solely because it is more compact in a two-column layout. The equivalent JSON for this example is
available in the released repository (doc/examples/worked_example_sgt . json, see Data availability).
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entity:
CQL_LEGACY:
type: NORMAL
pattern: Simulation
subProperty:
SUBFILTER:
filter:
POV:
property: recording
operator: '='
value: '2015'
aggregate: ''
subproperty: null

3.2 Query Intermediate Representation (QIR)

QIR is a compact JSON format designed as a simplified, LLM-friendly representation of the
query structure. Unlike CQL, which requires mastery of a domain-specific syntax, and unlike
SQT, whose structure closely mirrors the internal search engine protocol, QIR exposes only the
fields necessary for query specification: a verb (FIND, COUNT, or SELECT),ahead_entity
naming the RecordType to query, and a where tree of filter conditions. The where tree is
composed of a small set of typed nodes. cond nodes carry a property name, comparison oper-
ator, and value, and, or, and not nodes combine conditions using explicit argument lists, and
exists_ref and exists_backref nodes express forward and backward entity references
respectively. Every valid QIR maps deterministically to an SQT, so once the QIR passes schema
validation, the resulting SQT is guaranteed to be structurally correct. For reference, we have
added the full JSON schema for QIR to the appendix in Sec. A.

The QIR for the example given in Sec. 3.1 is given in the following listing. For easier read-
ability we again display the equivalent YAML representation instead of JSON>. The example
can also be seen in the graphical user interface in Fig. 2.

verb: FIND
head_entity: Dataset
where:
type: exists_backref
source_entity: Simulation
source_prop: null
where:
type: cond
prop: recording

3 As with the SQT listing above, this is a print-readability choice only; the wire format LINDI produces and consumes
is JSON, as reflected in the QIR JSON Schema in the Appendix (Sec. A). The equivalent JSON for the worked
example in this section is available in the released repository (doc/examples/worked_example_gir. json,
see Data availability).
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LIN DI Project: demo v

please give me datasets which are linked from simulations that have recording over 2015.

QIR Editor ?

QIR
Verb*

FIND v

Head Entity*

dataset

Where Clause (JSON)

null cond and or not exists_ref exists_backref

simulation

source_prop (optional)

Where:

null m and or not exists_ref exists_backref

recording > v 2015

Figure 2: LINDI interface. The user enters a natural language query (top) and inspects or edits
the generated QIR before confirming execution.

op: '=
val: '2015"

3.3 Translation Pipeline

The pipeline is structured in four layers. The overall control flow is shown in Figs. 3, 4 and 5.
Layer 1: LLM interpretation (Fig. 3b). Two preparatory LLM calls narrow the schema be-
fore generation begins. The first identifies the head entity, the primary RecordType the query
targets. If no valid head entity can be matched, the query is rejected immediately with a descrip-
tive message. The second call extracts any additional entities referenced as filter constraints. The
schema is then used to build a narrowed entity-property map covering only the selected entities,
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[User Natural Language Query Input]

NL Query
LLM Interpretation Layer)

b

. . Yes
[User Natural Language Query Input) <Val|d head entity found?>
No

[QIR Normalization)

[Schema and Context VaIidation)

v

[User Corrections in GUI)

v

[Query Construction and Execution) QIR (JSON)

é [QIR Normalization Layer]

(a) Overview over the complete query pipeline (b) LLM interpretation step. The model first iden-

from natural language input to structured query ex- tifies the head entity; queries with no valid head

ecution. entity are rejected early, before any further process-
ing is attempted. This step corresponds to layer 1
in Sec. 3.3.

Figure 3: Overview over the processing pipeline implemented in the LINDI-NL-to-SQT-
Translator. The boxes in purple indicate steps where an LLM is used.
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QIR Normalization

Schema and Context V3 Iidation)

LLM Interpretation Layer [8. Check head entity is aIIowedj

QIR (JSON) ¢

QIR NormalizationJ [9. Check referenced entities are aIIowed]

[10. Check properties belong to the correct entity]

4. Parse JSON output

5. Ensure required QIR fields exist ¢
(verb / head_entity / where) 11. Check relationship nodes are valid
¢ (exists_ref / exists_backref)
6. Normalize QIR structure ¢
(canonical condition / boolean / relationship nodes) 12. Check logical structure is valid
¢ (and / or / not)
7. Normalize values ¢
(il BealeEs / ks [1 3. Check for invented properties or values]

Normalization valid? N Yes
Schema and context valid?

QIR

A
[Schema and Context Validationj User Corrections in GUI

(a) QIR normalization step. Raw LLM output (b) Schema validation step. The QIR is
is parsed and brought into a canonical struc- checked against the actual LinkAhead
ture before reaching schema validation, catch- data  schema,  preventing  hallucinated
ing format errors early and keeping the valida- RecordTypes or Properties from
tor focused on semantic correctness. This step reaching query execution. This step corre-
corresponds to layer 2 in Sec. 3.3. sponds to layer 3 in Sec. 3.3.

Figure 4: Overview over the processing pipeline implemented in the LINDI-NL-to-SQT-
Translator.
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[User Corrections in GUI]

Query Constructign and Execution)

14. QIR accepted

15. QIR to SQT transformation

v

16. Structured query execution

17. Return Records

®

Figure 5: Query construction and execution step. A validated QIR is deterministically trans-
formed into SQT and executed against the LinkAhead database. This corresponds to layer 4 in
Sec. 3.3.

which is injected into the main generation prompt alongside few-shot examples retrieved by sim-
ilarity to the input. The main LLM call produces a raw QIR JSON from this focused context.

Layer 2: QIR Normalization (Fig. 4a). The raw model output is passed through a sequence
of deterministic repair passes that correct recurring model errors, including boolean shape mis-
takes, relationship direction errors, conditions attached to the wrong entity, and incomplete com-
parisons. The goal is to bring the output into a canonical, well-formed structure before it reaches
the validator.

Layer 3: Schema and Context Validation (Fig. 4b). The normalized QIR undergoes two
validation checks. First, a semantic check confirms that every property used in a condition is
valid for the entity it is applied to at that nesting level, preventing hallucinated or misplaced
properties from reaching query execution. Second, a structural check validates the QIR against
the QIR JSON schema (see appendix Sec. A), ensuring the output is well-formed before conver-
sion. Queries that fail either check return an unmappable response with a specific reason rather
than silently producing a wrong query.

Layer 4: Query Construction and Execution (Fig. 5). A validated QIR is presented to the
user via the LINDI interface in the LinkAhead WebUI (Fig. 2) for inspection and correction
before execution. Because QIR is a compact, human-readable JSON format, users can review
the translation and directly edit any field, for example to correct a misidentified entity type or
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property name, without needing to understand CQL or SQT syntax. Once the user confirms the
QIR, it is deterministically converted to SQT and submitted to the LinkAhead backend. (See
Sec. 5 for why this human-in-the-loop step is part of the design.)

3.4 System Architecture

Fig. 6 shows how LINDI integrates with the existing LinkAhead infrastructure. The LinkAhead
stack consists of three components:

* Server (Java): handles authentication, permissions, and SQT execution.

* WebUI (React): the web frontend through which users submit queries and inspect results.
Furthermore, an editor for creating and updating the schema or Records is included.

e Database (MariaDB): stores all LinkAhead entities.
LINDI adds two components to this stack:

e LINDI-NL-to-SQT-Translator (FastAPI service): receives a natural language query to-
gether with the data schema, runs the translation pipeline, and returns either a QIR for user
review or a converted SQT.

* LINDI-Client (Python library): runs as a subprocess inside the Server. It fetches and
caches the schema, calls the translator, and routes responses back to the WebUI.

Furthermore, the WebUI was extended to include a component for submitting natural language
queries and validating QIR. It is shown in Fig. 2.

3.5 Validation Datasets

We evaluate LINDI on four datasets, each paired with a real partner’s LinkAhead schema: three
in English (DS-1 myotwin, DS-2 zmt, DS-3 geomar) and one in German (DS-4 dimr). Each
dataset is a YAML file pairing a natural-language query with its expected QIR, manually au-
thored against that partner’s actual schema (Sec. 4 reports per-dataset sample sizes and accuracy;
see Data Availability for what is released).

DS-1 (myotwin, 71 queries) originates from myotwin GmbH, a biotech startup that develops
a data-driven platform for cardiovascular research and drug development. The dataset is drawn
from the joint IndiScale-myotwin project applying LinkAhead and LLM-assisted search to their
production and research data [Ind25].

DS-2 (zmt, 44 queries) originates from the Leibniz Centre for Tropical Marine Research
(ZMT) [HGO25], drawn from their institutional DataPortal for tracking marine-ecology research
data.

DS-3 (geomar, 42 queries) originates from GEOMAR Helmbholtz Centre for Ocean Research
Kiel, drawn from their biosample management system for samples from expeditions and cruises
[ME22].
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DS-4 (dimr, 43 queries) originates from the Deutsches Institut fiir Menschenrechte (German
Institute for Human Rights), drawn from their monitoring of measures against human trafficking
in Germany [dim24]. Unlike the other three partners, no schema or query data from dimr is
released; only this citation and the aggregate accuracy results are shared (see Data Availability).

4 Validation Results

We evaluated LINDI across four curated validation datasets with different data schemas, covering
two natural languages (English and German). Each dataset was compiled manually and contains
natural language queries paired with expected QIR outputs. All 200 queries were written by
one of the authors, designed to approximate realistic user queries against each domain’s actual
schema rather than sampled from real usage logs. They were then checked and refined with
LLM assistance rather than by a second human annotator. There is no overlap between the
validation queries and the few-shot examples used during prompting in any of the four datasets.
All accuracy numbers reported below are computed against these overlap-free datasets.

Accuracy is measured as the fraction of queries for which the system produces exactly the ex-
pected QIR. This is a deliberately conservative (strict) measure: any deviation from the expected
QIR counts as a failure, even where the produced and expected QIR might be functionally equiv-
alent. We reviewed the failure cases to distinguish plausible near-misses from genuine errors, but
did not execute the mismatched QIRs against a live LinkAhead instance, so we cannot make that
determination conclusively. Most failures are unambiguous, involving a different entity, prop-
erty, or relationship than the one required to answer the query, but a few are plausible near-miss
candidates worth flagging rather than silently counting as equally wrong; we give concrete ex-
amples alongside the failure-category breakdown below (Table 4). Loosening the strict measure
is possible in at least two ways, each with a real cost: executing both QIRs against a live instance
and comparing results directly, which risks false positives and negatives when the available data
happens not to distinguish two logically different queries (e.g., no record sits exactly on a dis-
puted date boundary); or a symbolic preprocessing step that checks logical equivalence on the
QIR’s structure itself, which can decide some cases (e.g., two representations of an equivalent
value) without any data or execution at all, but not others where equivalence is a genuine data-
dependent fact rather than a structural one. We leave both to future work and report the strict
measure here.

Table 1 reports per-dataset and overall accuracy for two self-hosted open-weight models run
without any fine-tuning or modification. Both models are served via Ollama on a single self-
hosted machine (NVIDIA RTX 5090, 32GB VRAM; 62GB RAM), at temperature 0.0 for de-
terministic output. We ran the full evaluation 3 times per dataset and model to check this de-
terminism empirically. Llama 3.1 (8B) was perfectly stable across all 12 runs (zero spread on
every dataset); GPT-OSS (20B) was likewise stable on three of the four datasets, with only DS-1
(myotwin) showing a small spread (91.5%/91.5%/90.1%, 1.4 percentage points). Overall accu-
racy is computed as the weighted mean across all datasets (total correct queries divided by total
queries).

On the three English-language datasets (DS-1 to DS-3), Llama 3.1 (8B) [D"24] achieves ac-
curacy in the range 90.1% to 97.7%, while GPT-OSS (20B) [Ope25] is comparatively tighter
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Table 1: Validation accuracy by dataset and model. DS-1 to DS-3 contain English queries; DS-4
contains German queries. Overall accuracy is the weighted mean across all 200 queries.

Dataset Lang. Queries Llama 3.1 (8B) GPT-OSS (20B)
DS-1 (myotwin)  EN 71 90.1% 91.5%
DS-2 (zmt) EN 44 97.7% 93.2%
DS-3 (geomar) EN 42 97.6% 92.9%
DS-4 (dimr) DE 43 65.1% 58.1%
Overall 200 88.0% 85.0%

(91.5% to 93.2%). The German-language dataset (DS-4) reveals a pronounced language de-
pendency for both models. Llama 3.1 (8B) drops to 65.1%, while GPT-OSS (20B) drops even
further to 58.1%, despite GPT-OSS’s broader multilingual training. Overall accuracy is 88.0%
for Llama 3.1 (8B) and 85.0% for GPT-OSS (20B). Llama 3.1 (8B) leads on three of the four
datasets (DS-2, DS-3, DS-4), with GPT-OSS (20B) ahead only on DS-1 (myotwin).

Accuracy stays consistently high across all three English-language datasets, regardless of
scientific domain. This suggests that schema-aware context narrowing transfers well to new
schemas, and that performance depends more on the query language than on differences between
schemas. GPT-OSS (20B)’s larger drop on German also coincides with a reproducible slow-
generation pattern, where a fixed subset of German queries consistently exceeds the generation-
time budget on every repeat (Table 4). German-language performance for both models, and why
it underperforms relative to English, is discussed in Sec. 5.2.

The results above show that the full pipeline achieves high accuracy, but they do not by them-
selves show whether decomposing translation into narrower, schema-aware steps is what makes
this possible, as opposed to simply prompting a modern LLM directly. We test this claim with
two experiments: a single-step baseline and a per-stage ablation, both run on the same 200
queries and exact-match harness as Table 1. We ran each dataset/model/variant combination
once; we did not repeat these runs, since the stability check above already showed results vary
little across repeats.

Single-step baseline. Table 2 replaces the full pipeline’s three LLM calls, schema narrowing,
and repair passes with a single LLM call given the full (un-narrowed) schema and asked to
produce the AST directly. The drop is large and consistent for Llama 3.1 (8B) on every dataset
(-2.4 to -44.2 points, largest on German). For GPT-OSS (20B), the baseline stays close to the full
pipeline on the three English datasets: a -2.8-point drop on myotwin, no change on zmt, and a
-4.8-point drop on geomar. But on German (DS-4) it collapses even more severely than Llama’s
(58.1% to 9.3%, a -48.8 point drop). The single-step prompt essentially never recovers a valid
German compound entity name without narrowing’s help.

Per-stage ablation. Table 3 disables one pipeline stage at a time from the full pipeline:
schema-aware entity narrowing, the deterministic repair passes, or the final validation gate. Dis-
abling validation never changes accuracy for Llama 3.1 (8B) (exact match to the full pipeline on
every dataset); this is expected, since validation can only convert a wrong answer into an explicit
rejection, never turn a wrong answer into a correct one. Repairs are the dominant factor for
Llama 3.1 (8B) on the English datasets (up to -15.9 points), but narrowing dominates on German
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Table 2: Single-step baseline vs. the full pipeline, one run per dataset/model.

Dataset Queries Llama full Llama 1-step GPT-OSS full GPT-OSS 1-step
DS-1 (myotwin) 71 90.1% 80.3% 91.5% 88.7%
DS-2 (zmt) 44 97.7% 79.5% 93.2% 93.2%
DS-3 (geomar) 42 97.6% 95.2% 92.9% 88.1%
DS-4 (dimr) 43 65.1% 20.9% 58.1% 9.3%
Overall 200 88.0% 70.5% 85.0% 72.5%

(-27.9 points from narrowing vs. only -2.3 from repairs), the opposite pattern, and a genuine
cross-language difference. For GPT-OSS (20B), disabling narrowing has little effect on the En-
glish datasets: no change on zmt (93.2% either way) and a small -2.4-point drop on geomar,
both far smaller than the -32.6-point drop on German. On German (DS-4), disabling narrowing
brings accuracy down to 25.6%, still well above the single-step baseline (9.3%), confirming that
repairs and validation retain real value even with narrowing disabled, while narrowing remains
the larger of the two contributors on this dataset (-32.6 points vs. -25.5 for disabling repairs).

Table 3: Per-stage ablation: accuracy with one pipeline stage disabled at a time (delta vs. the full
pipeline in parentheses).

Llama 3.1 (8B)

Dataset no narrowing no repairs no validation
DS-1 (myotwin) 88.7% (-1.4) 77.5% (-12.6) 90.1% (0.0)
DS-2 (zmt) 95.5% (-2.2) 81.8% (-15.9) 97.7% (0.0)
DS-3 (geomar) 97.6% (0.0)  92.9% (-4.7) 97.6% (0.0)
DS-4 (dimr) 372% (-27.9)  62.8% (-2.3) 65.1% (0.0)
Overall 81.0% (-7.0) 78.5% (-9.5) 88.0% (0.0)
GPT-0SS (20B)
Dataset no narrowing no repairs no validation
DS-1 (myotwin)  90.1% (-1.4)  85.9% (-5.6)  90.1% (-1.4)
DS-2 (zmt) 93.2% (0.0) 93.2% (0.0) 93.2% (0.0)
DS-3 (geomar) 90.5% (-2.4)  88.1% (-4.8) 92.9% (0.0)
DS-4 (dimr) 25.6% (-32.6) 32.6% (-25.5) 58.1% (0.0)
Overall 77.0% (-8.0) 76.5% (-8.5) 84.5% (-0.5)

The GPT-OSS/myotwin -1.4-point figures under no-validation and no-narrowing are not a real
effect of those ablations; they reflect the same small run-to-run variance already noted in the
stability check (91.5%/91.5%/90.1% across repeats), landing on the lower run this time. On
DS-4 (dimr), disabling validation makes no difference for GPT-OSS (20B) either (0.0), consis-
tent with the pattern already established for Llama 3.1 (8B) on all four datasets and for GPT-
OSS (20B) on the other three, since validation is a strict post-hoc filter, it cannot logically im-
prove on an already-generated answer. This holds specifically when the expected answer is not
itself unmappable; a wrong answer that validation catches and rejects would only match a
legitimately-unmappable expected answer, a case that does not arise for this model/dataset com-
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bination. Disabling repairs, by contrast, does lower accuracy substantially (-25.5 points), though
less severely than disabling narrowing (-32.6 points), reinforcing that narrowing is the dominant
factor for this model on this dataset.

Taken together, decomposition clearly helps on average and substantially so for Llama on
English and for both models on German narrowing specifically, supporting the paper’s central
claim; disabling narrowing never improves accuracy for either model on any dataset, though the
size of its contribution varies widely by language and dataset.

The observed failure modes across both models fall into several recurring categories:

* Property attachment errors when conditions follow a relationship clause

* Incorrect comparison operators for ambiguous phrases (e. g. above interpreted as > instead
of >)

* Entity selection errors for compound or ambiguous entity names
* Errors when property values contain multiple words
* Missed rejection of queries outside the system’s supported scope

» Hallucinated conditions not present in the original query

Table 4 reports counts and percentages per category and per model, based on one representa-
tive run per dataset (the stability check above shows the pipeline is deterministic on 11 of the
12 model/dataset pairs). Entity selection errors dominate for both models and are concentrated
in the German dataset (DS-4). The incorrect-comparison-operator failures, which affect only
Llama 3.1 (8B) (4 cases), are a single recurring near-miss pattern rather than four unrelated er-
rors, all traceable to an inclusive-vs.-exclusive date-boundary ambiguity on “after”/*nach” phras-
ing that could execute identically to the expected QIR depending on how LinkAhead’s query
backend handles date-prefix matching. Two further individual near-miss candidates were also ob-
served, not broken out as separate rows in the table. One case involved a numeric value returned
as the string "2022" instead of the integer 2022, and another gave a month as "2024-07" in-
stead of an explicit start/end date range; both could likewise execute identically to the expected
QIR depending on LinkAhead’s type coercion. Multi-word property values affect only GPT-
OSS (20B). A residual category not covered by the six above (labelled “Other’”) accounts for
JSON-formatting/parsing errors and, for GPT-OSS (20B) specifically, the cluster of 7 German
queries discussed above that reproducibly exceeded the generation-time budget.

All of these trace back to the same underlying issue, namely the LLM’s incomplete resolu-
tion of the semantic structure of the natural language input. Users can reduce mistranslations
by phrasing queries with explicit entity names, unambiguous comparison terms, and clearly
bounded string values.

5 Discussion

The modular pipeline design of LINDI addresses the core reliability challenge identified during
development. No single LLM call produces the final query format reliably, but a sequence of
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Table 4: Failure counts by category, from one representative run per dataset (24 failures for
Llama 3.1 8B, 30 for GPT-OSS 20B, out of 200 queries each).

Category Llama 3.1 8B) GPT-0OSS (20B)

count % count %
Property attachment after relationship 3 12.5% 3 10.0%
Incorrect comparison operators 4  16.7% 0 0.0%
Entity selection (compound/ambiguous names) 10 41.7% 10 33.3%
Multi-word property values 0 0.0% 1 3.3%
Missed rejection of out-of-scope queries 1 4.2% 1 3.3%
Hallucinated conditions 2 8.3% 5 16.7%
Other (formatting errors, generation timeouts) 4 16.7% 10 33.3%

focused calls [WWS'22], each operating over a narrowed context, yields consistent results.
Introducing QIR as an intermediate representation serves a dual purpose. It gives the LLM a
compact, constrained target that is easier to generate correctly than CQL or SQT, and it gives the
user a human-readable artifact that can be corrected directly without knowledge of the underlying
query languages. Schema-aware context narrowing limits the surface area exposed to the model,
while rule-based normalization and validation layers deterministically correct systematic model
errors and enforce schema constraints after generation. Delegating these corrections to explicit
rules rather than to the model itself improves translation accuracy without retraining, and makes
the failure modes of the system predictable and auditable. The result is a system that keeps the
LLM’s role narrow and makes its errors recoverable rather than silent.

The pipeline’s modular structure also has practical deployment benefits. Each layer has a well-
defined interface, so individual components can be improved or replaced independently. For
instance, the LLM can be swapped for a newer model, repair passes can be extended to handle
newly observed error patterns, and schema validation evolves without touching the generation
step. Because the prompts are narrow and focused, the system is compatible with small, self-
hosted open-source or open-weight models [DG24], avoiding dependence on large proprietary
LLMs and the associated data-privacy and deployment constraints.

While CQL requires the user to write a full query from scratch in an unbounded grammar,
QIR is instead generated by the pipeline and exposes only a verb, a head_entity, and a
small where tree of six node types (Sec. 3.2), so the user’s task becomes checking a short draft
against their intent rather than writing correct syntax. Because QIR is schema-validated before
execution, a QIR that passes validation is guaranteed to produce a structurally correct SQT, and
it remains directly inspectable and editable in the LINDI GUI (Fig. 2) rather than an opaque
intermediate. This maps onto the recognition-over-recall principle [Nie94]. CQL demands re-
calling syntax from an unbounded grammar, while QIR only requires recognizing and verifying
a bounded set of node types. This is a stronger basis than an unsupported design assertion, but
it remains a design rationale rather than a proven usability result, since no controlled user study
comparing QIR and CQL has been conducted (Sec. 5.2).

Although LINDI targets LinkAhead specifically, its broader relevance rests on two distinct
claims. The narrower claim is that the implementation could port to another platform, since
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QIR’s node types express a generic typed-entity-with-references model, not a LinkAhead-specific
one, and generalizing would require rebuilding three parts: the deterministic QIR-to-target-
query conversion step, currently written for LinkAhead’s SQT format; the schema introspec-
tion that builds the narrowed entity-property map, currently reading LinkAhead’s own schema
API; and the prompts and few-shot examples, currently tuned to LinkAhead-specific vocabu-
lary. The schema-aware narrowing, repair-pass, and human-in-the-loop review architecture is
not LinkAhead-specific and should carry over largely unchanged, though this is architectural
reasoning, not a claim tested by actually porting the pipeline to another system. The broader
claim, that the underlying pattern itself is not LinkAhead-specific to begin with, is addressed in
this section’s closing paragraph.

5.1 Model Capabilities

LINDI supports three query verbs: FIND (record retrieval), COUNT (counting matching records),
and SELECT (projecting specific property values). Within these verbs, the system handles:

* Entity recognition, including plural forms and casual or informal phrasing

Property filtering with equality and numeric comparison operators

Logical conditions using AND and OR

Forward and backward relationship queries (exists_ref and exists_backref)

¢ Date normalization to ISO format

Nested conditions combining relationship filters and property filters

5.2 Model Limitations

The following query types fall outside the system’s supported scope and are explicitly rejected
with a descriptive error message:

* Data modification operations (DELETE, UPDATE, INSERT)

» References to entities or properties not defined in the schema

Mathematical expressions in values of conditions (e. g. cell_count /volume > 1000)

Superlative queries (e. g. highest, most recent)

Queries with ambiguous head entity selection

* Numeric values that require unit conversion

Two further boundaries of QIR’s expressiveness are not yet covered by this list and should
be stated explicitly. First, relationship traversal is limited to two hops; a third-level relation-
ship chain is not supported. Second, the schema validator cannot always distinguish a legitimate
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“property exists” check (op: null, val: null)from amalformed or hallucinated con-
dition of the same shape, most likely to arise from query types the system is not designed to
handle (e.g., the mathematical-expression case above); such cases are not currently guaranteed
to be caught and rejected. As for how failures are surfaced to the user, queries that fail schema
or structural validation return an unmappable response with a specific reason rather than exe-
cuting (Sec. 3.3, Layer 3); queries that pass validation are shown to the user as an editable QIR
in the LINDI interface before execution (Sec. 3.3, Layer 4).

As already noted above, this remains an open limitation rather than a measured result. Our
evaluation is designed to simulate a real use-case: hand-crafted queries against real partner data
models, with validation accuracy serving as a proxy for how often users need to correct a draft
QIR before running it. Every query where the generated QIR does not exactly match the expected
one is, by construction, a case where a user would have had to edit or reject the draft. On the three
English-language datasets, that puts the correction rate around 2.3%-9.9% depending on model
and dataset (mirroring 90.1%-97.7% accuracy); on the German dataset it is substantially higher,
34.9%-41.9% depending on model. This is an upper bound, not a direct usage measurement, and
does not distinguish a full rewrite from a one-field edit. A genuine accessibility study, analyzing
real usage logs, evaluating user experience, or assessing the Ul itself, is beyond the scope of this
article; we report this proxy as the closest approximation available within it.

As Sec. 4 discusses, German-language accuracy for both models remains far below English,
and neither model choice is a reliable lever for closing that gap. English was also the pipeline’s
primary development target throughout, with prompts and few-shot examples iterated against
English data, and the German dataset was added afterward to test how far that English-tuned
pipeline generalizes, not as a co-equal design goal from the start. The ablations above localize
why it falls short, since narrowing matches query wording against schema vocabulary that is itself
in English, so a German query must clear a matching step that was never tuned for German, while
the remaining pipeline stages (decomposed LLM calls, repairs, validation) are language-agnostic
by construction. Closing this gap with dedicated German-language tuning is left as future work.
The accessibility case for non-technical users rests on the QIR design rationale given earlier in
this section (recognition over recall), not on accuracy alone. An editable, schema-validated draft
is equally checkable regardless of language, so German-language accuracy is a separate axis
from whether the interaction model itself is accessible.

Per-dataset sample sizes are also modest: 42 (geomar) to 71 (myotwin) English queries, and
43 for the German dataset (dimr). Each dataset’s queries were manually authored against a real
partner schema rather than sampled from usage logs. Larger, partner-sourced or usage-log-based
datasets are left as future work. Results at the per-dataset level should be read as descriptive
rather than statistically definitive.

Several challenges remain open. The LLM landscape is evolving rapidly, and prompt behav-
ior is sensitive to model version, which makes long-term prompt stability a practical concern
for any deployed system of this kind. Natural language ambiguity is the most fundamental con-
straint, and is directly reflected in the observed failure modes. Ambiguous comparison phrases,
compound or informal entity names, multi-word string values, and underspecified queries all pro-
duce mistranslations that the system cannot fully resolve without user correction. Hallucinations
[JLF 23], where the model generates plausible-sounding but incorrect properties or conditions,
arise from the same root cause. The model fills gaps in underspecified input with confident but
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wrong inferences.

Positioned against the prior work discussed in Sec. 2, LINDI’s contribution is deliberately
applied rather than methodological. It does not introduce a new translation method, but demon-
strates two concrete instantiation choices. The QIR node design, in particular exists_ref and
exists backref, is built specifically for LinkAhead’s bidirectional reference model, which
is neither relational-join-shaped nor generic RDF. And the pipeline is validated end-to-end across
four independent real-world schemas and two languages, rather than on a single benchmark do-
main.
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@ ECEASST

A JSON Schema for QIR

The following listing shows a YAML representation of the JSON schema for QIR.

Sdefs:
cond:
type: object
properties:
type: {type: string, const: cond}
prop: {type: string}
op:
type: [string, "null"]
enum: ["=", "<", ">" ovg="  vx_nwm o owi_w  w]jke" null]
val: {type: [string, number, boolean, "null"]}
and:
type: object
properties:
type: {type: string, const: and}
args:
type: array
items:
anyOf: &id_items
- Sref: "#/Sdefs/cond"
- Sref: "#/Sdefs/and"
- Sref: "#/$defs/or"
- S$ref: "#/$defs/not"
- Sref: "#/Sdefs/exists_ref"
- Sref: "#/Sdefs/exists_backref"
or:
type: object
properties:
type: {type: string, const: or}
args:
type: array
items:
anyOf: xid_items
not:
type: object
properties:
type: {type: string, const: not}
arg:
type: array
minItems: 1
maxItems: 1
items:
anyOf: xid_items
exists_ref:
type: object
properties:
type: {type: string, const: exists_ref}
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target_entity: {type: string}
via_prop: {type: [string, "null"]}
where:
anyOf: &id_items_null
- Sref: "#/$defs/cond"
- S$ref: "#/$defs/and"
- Sref: "#/$defs/or"
- $ref: "#/$defs/not"
- Sref: "#/Sdefs/exists_ref"
— Sref: "#/Sdefs/exists_backref"
- type: "null"
exists_backref:
type: object
properties:
type: {type: string, const: exists_backref}
source_entity: {type: string}
source_prop:
type: [string, "null"]
where:
anyOf: *id_items_null
select_prop:
type: object
properties:
prop: {type: string}
sub_prop:
type: [string, "null"]
required: [prop]

Sschema: https://json-schema.org/draft/2019-09/schema
type: object
properties:
verb:
enum: [FIND,SELECT,COUNT]
type: string
head_entity: {type: string}
select_props:
type: array
items:
Sref: "#/Sdefs/select_prop"
where:
anyOf: xid_items_null
additionalProperties: false
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