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Abstract

The ability to generate SPARQL queries from
natural language questions is crucial for en-
suring efficient and accurate retrieval of struc-
tured data from knowledge graphs (KG). While
large language models (LLMs) have been
widely adopted for SPARQL query genera-
tion, they are often susceptible to hallucina-
tions and out-of-distribution errors when gen-
erating KG elements, such as Uniform Re-
source Identifiers (URIs), based on opaque
internal parametric knowledge. We propose
PGMR (Post-Generation Memory Retrieval), a
modular framework where the LLM produces
an intermediate query using natural language
placeholders for URIs, and a non-parametric
memory module is subsequently employed
to retrieve and resolve the correct KG URIs.
PGMR significantly enhances query correct-
ness (SQM) across various LLMs, datasets, and
distribution shifts, while achieving the near-
complete suppression of URI hallucinations.
Critically, we demonstrate PGMR’s superior
safety and robustness: a retrieval confidence
threshold enables PGMR to effectively refuse
to answer queries that lack support, and the re-
triever proves highly resilient to memory noise,
maintaining strong performance even when the
non-parametric memory size is scaled up to 9
times with irrelevant, distracting entities.

1 Introduction

Question answering (QA) is a fundamental task
in natural language processing research. Many
QA systems leverage knowledge graphs (KGs)
(Saxena et al., 2020; Lan et al., 2021; Peng et al.,
2023), which represent world knowledge as multi-
relational graphs of factual triples (subject, rela-
tion, object), for example, (The Truman Show, nom-
inated for, Academy Award for Best Supporting
Actor). Answering questions over KGs (KGQA)
can typically involve two steps: first, translating
a natural language question into its corresponding

SPARQL! query (discussed in Section 3.2), and
second, executing that query against the KG to
retrieve an answer (Banerjee et al., 2022).

Large language models (LLMs) have shown
promise for this task (Meyer et al., 2024; Diallo
et al., 2024; Banerjee et al., 2022; Qi et al., 2024;
Brei et al., 2024). However, the process of au-
thoring SPARQL queries remains demanding for
non-experts and is non-trivial even for modern
LLMs, as it mandates an intimate familiarity with
the underlying KG schema and the obscure struc-
ture of its Uniform Resource Identifiers (URIs -
described in Section 3.1). Specifically, the use of
non-semantic identifiers within platforms such as
Wikidata (e.g., a prefix followed by arbitrary dig-
its like Q937 for Albert Einstein) forces LLMs to
rely solely on their parametric memory for accurate
identifier mapping, impeding robust query gener-
ation. Furthermore, LLMs often hallucinate and
produce plausible-looking but incorrect identifiers,
such as URIs that don’t exist in the KG (Huang
et al., 2023; Ji et al., 2023; Huang et al., 2021).
This limitation raises concerns about the reliability
of LLMs in real-world information retrieval (IR)
applications and has driven extensive research into
techniques for detecting and mitigating such errors
(Lin et al., 2024; Varshney et al., 2023; Dhuliawala
et al., 2023; Chern et al., 2023; Li et al., 2023).

Retrieval-augmented generation (RAG) (Khan-
delwal et al., 2019; Lewis et al., 2020a; Guu et al.,
2020; Lewis et al., 2020b) is a popular paradigm
that is often employed for reducing hallucinations
(Huang et al., 2023). It uses a non-parametric mem-
ory for retrieving information in response to a ques-
tion. This information is provided in the prompt for
the LLM before generation to enhance the ground-
ing of responses. However, since the LLM is not
strictly constrained to rely on the retrieved context,
it may still generate responses that are not fully

"https://www.w3.org/TR/rdf-sparql-query/
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grounded, thereby failing to eliminate hallucina-
tions (Barnett et al., 2024).

In response to these limitations, we propose
PGMR (Post-Generation Memory Retrieval) 2, a
new modular architecture featuring non-parametric
memory modules with a retriever for managing KG
elements. This approach enables LLMs to focus
on generating SPARQL query syntax while the re-
triever ensures accurate retrieval of relevant KG
elements. PGMR enables the LLM to generate
intermediate queries with a structured query rep-
resentation that preserves SPARQL syntax while
replacing KG URIs with natural language place-
holders. Each placeholder is paired with the corre-
sponding URI label and description in a mapping
block. This design enables LLMs to focus on gen-
erating syntactically correct query structures, while
deferring the grounding of placeholders to precise
URIs to a post-generation retrieval step.

The core conceptual innovation of PGMR lies
in its temporal repositioning of the retrieval phase.
While RAG relies on pre-generation retrieval from
natural language questions that often lack seman-
tic alignment with URI metadata in the memory,
PGMR performs retrieval after generation and
leverages the LLLM to generate explicit labels and
descriptions after the query structure is formed. By
producing these placeholders in a format that di-
rectly mirrors the non-parametric memory, PGMR
achieves significantly higher latent similarity com-
pared to RAG. This architecture effectively decou-
ples structural synthesis from identifier grounding,
ensuring that all generated URIs are strictly aligned
with existing knowledge graph elements to nearly
eliminate hallucinations.

We address the following research questions:

1. Does separating query structural prediction
from identifier grounding reduce URI halluci-
nations while improving query correctness?

2. How effectively does a retrieval confidence
threshold enable accurate query refusal under
incomplete knowledge conditions?

3. How robust is PGMR’s performance when
subjected to substantial memory scale-up and
irrelevant data injection?

This study introduces several key contributions:

2Code and data available at https://github.com/
Lama-West/PGMR

1. We propose PGMR, a modular architecture
that enhances LLM-based SPARQL gener-
ation by explicitly separating query syntax
(generated by the LLM) from URI resolution
(handled by a non-parametric retriever).

2. Our results show that PGMR drastically re-
duces URI hallucinations while significantly
improving performance across LLMs and
datasets, with most cases showing an almost
complete elimination of hallucinated URISs.

3. We demonstrate that a retrieval confidence
threshold enables PGMR to correctly refuse
to answer queries based on incomplete knowl-
edge, thereby ensuring safety and robustness.

4. PGMR exhibits minimal performance degra-
dation (an approximate 4% SQM drop) when
the memory is subjected to a ninefold increase
in memory size and irrelevant data.

2 Related Work

SPARQL Query Generation using LLMs. Even
though various models have been proposed for the
SPARQL query generation task recently, they suf-
fer from one key problem: they require tagged ques-
tion data (Banerjee et al., 2022; Reyd and Zouagq,
2023; Diallo et al., 2024; Qi et al., 2024). In tagged
data, the input to the model contains the natural
language question, along with the URIs and their
labels, necessary to formulate the corresponding
SPARQL query. This requirement presents a chal-
lenge due to the high costs and labor-intensive na-
ture of tagging, making it unsuitable for practical,
real-world use cases. Therefore, our study empha-
sizes and assesses the untagged versions of the
datasets.

Reyd and Zouaq (2023) and Diallo et al. (2024)
propose a copy mechanism for copying URIs from
the tagged question while generating the SPARQL
query using LLLMs. Additionally, they investigate
the models’ performance in dealing with novel
question-query structures and unknown URIs. We
incorporate this evaluation method to measure the
out-of-distribution robustness of our proposed ap-
proach. Banerjee et al. (2022) propose a pointer
generator network-based approach for SPARQL
query generation over tagged data, utilizing BERT
(Kenton and Toutanova, 2019) and a finetuned
T5. Their approach generates multiple SPARQL
queries and selects the first query that executes and
fetches an answer from the knowledge base as the
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predicted SPARQL query. This evaluation strat-
egy contrasts with our approach of generating only
one SPARQL query per question, which is more
efficient. Qi et al. (2024) employ a pre-training
method that integrates the proposed Triple Struc-
ture Correction (TSC) strategy. This technique,
which requires tagged data, involves randomly in-
terchanging the positions of the subject, predicate,
and object in SPARQL query triples with a certain
probability, alongside a Masked Language Model-
ing (MLM) objective in a multi-task learning setup,
before proceeding with fine-tuning on the down-
stream tagged dataset. Zahera et al. (2024) explore
chain-of-thought prompting (Wei et al., 2022) for
SPARQL query generation. RAG for SPARQL
query generation has also been explored in recent
works (Emonet et al., 2024). Our comparative base-
line adopts a comparable RAG approach.
Mitigating hallucinations in LLMs. Despite their
widespread adoption, LLMs are vulnerable to gen-
erating factually incorrect information through hal-
lucinations, which affects their reliability in real-
world applications (Huang et al., 2023; Ji et al.,
2023; Huang et al., 2021). This challenge has led
to significant research aimed at hallucination detec-
tion and mitigation (Lin et al., 2024; Varshney et al.,
2023; Dhuliawala et al., 2023; Chern et al., 2023; L1
et al., 2023). Varshney et al. (2023) identify poten-
tial hallucination candidates using the LLM’s logit
outputs, validating their correctness, addressing any
detected hallucinations, and then proceeding with
the generation process. In contrast, PGMR lets the
LLM hallucinate between special tags and corrects
these hallucinations post-generation using memory
retrieval. The Chain-of-Verification (CoVe) (Dhuli-
awala et al., 2023) method involves the model first
producing an initial draft, then formulating veri-
fication questions to validate it by independently
answering these questions, and generating the final,
verified output. Our method instead relies on a non-
parametric memory to verify and include factually
correct information from a KG.

External memory augmented LLMs. Earlier
studies have investigated methods to augment
LLMs by retrieving documents from external mem-
ory and integrating them into the contextual frame-
work of tasks to provide relevant information. Ac-
cording to Modarressi et al. (2023) and Modarressi
et al. (2024), the lack of a specialized memory unit
in current LLMs constrains their ability to store
and retrieve knowledge relevant to tasks explicitly.
This observation supports the central premise of

our study. They suggest enhancing LL.Ms with
an API-based memory unit for read-write opera-
tions to address this limitation. Interactions with
external memory can be implemented using natural
language interfaces (Park et al., 2023; Zhou et al.,
2023) or formal mechanisms, such as standardized
APIs, that allow the model to parse and execute
commands (Schick et al., 2024; Hu et al., 2023;
Modarressi et al., 2023, 2024). Our approach is
akin to the use of a formal mechanism for memory
retrieval through our intermediate query format (as
described in Section 4.1).

3 Preliminaries

3.1 Uniform Resource Identifiers (URISs)

In a large KG like Wikidata, each entity, relation,
and property is assigned a Uniform Resource Iden-
tifier (URI), which is associated with a correspond-
ing natural language URI label and other relevant
metadata. For example, for an entity with the URI
label "The Truman Show," the associated Wikidata
URI is "Q214801." There are two types of URIs
in the Wikidata KG, namely, "Q-ids," which corre-
spond to the entities (e.g., "Q76" refers to the entity
"Barack Obama"), and "P-ids," which correspond
to relations, properties, and classes in the KG (e.g.,
"P26" refers to the relation "spouse").

3.2 SPARQL Queries

SPARQL is the standard declarative query language
for Resource Description Framework (RDF) based
KGs, such as Wikidata. It enables data retrieval by
matching triple patterns corresponding to subject-
predicate-object relationships. For example, a nat-
ural language question like "For which film was
Sergei Eisenstein the film editor?"” can be trans-
lated into the following SPARQL query - "select
distinct ?sbj where { ?sbj wdt:p1040 wd:q8003 .
?sbj wdt:p31 wd:ql11424 }," where p1040, q8003,
p31, and q11424 are URIs representing entities,
relations, and properties from a KG like Wikidata>.
However, authoring SPARQL queries is challeng-
ing for both non-experts and LLMs, as it requires
precise knowledge of the KG’s schema and opaque
URIs. Generating Wikidata’s non-semantic URIs
(e.g., a letter followed by arbitrary digits) forces an
LLM to rely solely on its parametric memory to
recall identifier mappings.

Shttps://www.wikidata.org
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Intermediate PGMR Query

Question

what is the capital for
twinned administrative
body of hamburg?

wdt: relation1 wd: entity1 }

entity1 = [ENT] capital city [[ENT] primary governing city of a top-level

entity0 = [ENT] Hamburg [/ENT] city and state in the North of Germany
l (country) or first-level and second-level subdivision (country, state,

province, regency, etc) political entity

relation0 = [REL] twinned administrative body [/REL] twin towns, sister
cities, twinned municipalities and other localities that have a partnership or
cooperative agreement, either legally or informally acknowledged by their

governments

relation1 = [REL] instance of [/REL] that class of which this subject is a

particular example and member

Einal SPARQL Query

select distinct ?var0 where { wd:Q1055 wdt:P190 ?var0 . ?var0 wdt:P31 wd:Q5119 }

select distinct ?var0 where { wd: entity0 wdt: relation0 ?var0 . ?var0

Ontology
Memory

Retriever

Figure 1: As discussed in Section 4, PGMR first employs an LLM to produce an intermediate SPARQL-PGMR
query, where all entities and relations are replaced by placeholders which are mapped to natural language labels and
definitions, rather than formal URIs (Section 4.1). The retriever (Section 4.2) subsequently fetches and replaces
these labels with the most similar URIs from the relevant non-parametric memory to create the final SPARQL query.

4 Post-Generation Memory Retrieval
(PGMR)

In this section, we introduce PGMR (“Post-
Generation Memory Retrieval”), a novel method
for SPARQL query generation utilizing LLMs. In
PGMR, we initially convert SPARQL queries into
an intermediate SPARQL-PGMR query format.
This intermediate query representation preserves
the syntax of SPARQL while replacing URIs with
placeholders that explicitly encode entities and rela-
tions in natural language. Specifically, entities are
denoted as entityX = [ENT] Label [/ENT] Descrip-
tion, where Label provides the canonical surface
form of the entity and Description gives a concise
disambiguating context. Relations follow a paral-
lel scheme, expressed as relationY = [REL] Label
[/REL] Description, where the description clarifies
the semantics of the property and distinguishes it
from closely related relations. These intermediate
queries are later grounded in KG URIs using a re-
triever (discussed in Section 4.2) to produce the
final SPARQL query.

As seen in Figure 1, a SPARQL-PGMR interme-
diate query thus consists of two components: (1)
a SPARQL query block that maintains the origi-
nal query structure but replaces URIs with entity
and relation placeholders, and (2) a mapping block
that defines the corresponding natural language
labels and disambiguating descriptions for each
placeholder. This design ensures syntactic fidelity
to SPARQL while maintaining human readability,
thereby enabling LL.Ms to generate valid queries

that can be reliably grounded to knowledge graph
URIs in a post-processing step. This representation
achieves two goals: (i) it constrains generation to
a valid SPARQL structure, ensuring compatibility
with downstream execution, and (ii) it provides
natural language grounding for entities and rela-
tions, enabling post-generation alignment with the
KG using a non-parametric memory of URIs and
a retriever. By decoupling the SPARQL structural
generation from the disambiguation of identifiers,
SPARQL-PGMR supports accurate query genera-
tion and facilitates transparent inspection of model
outputs. Unlike LLM-based direct SPARQL query
generation, which may produce URIs not present
in the KG, PGMR’s approach of conducting mem-
ory retrieval post-LLM generation greatly mitigates
the risk of hallucinating non-existent KG URISs, as
discussed in Section 6.

4.1 Training Data Transformation

To train models capable of generating SPARQL-
PGMR queries, we design a systematic transfor-
mation process that converts standard question-
SPARQL query pairs into the PGMR representa-
tion. The transformation consists of three stages:
entity replacement, relation replacement, and map-
ping construction. In the first stage, all entity URIs
(e.g., Q937) appearing in the query are replaced
with symbolic placeholders of the form entityX. A
mapping entry is then created for each placeholder,
expressed as entityX = [ENT] Label [/ENT] De-
scription, where the label corresponds to the canon-
ical surface form and the description provides a
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Model Type | F11 | SQM T | BLEU T | Qid EM 1 | Pid EM 7 | URI Hallucination |
T5-Small FT | 4484 | 37.82% | 8154 | 42.93% | 89.69 % 30.02 %
T5-Small RAG FT | 6730 | 67.03% | 89.96 | 73.68% | 9548 % 1470 %
T5-Small PGMR FT | 8675 | 8637 % | 9463 | 93.17% | 97.05% 0.0 %
(ours)
Llama 3.1 8B PEET | 1989 | 0.75% | 6674 | 152% | 61.23 % 89.84 %
Llama 3.1 8B RAG | PEFT | 81.66 | 8137 % | 9465 | 90.19% | 91.83 % 723 %
Llama 3(;)111?3 PGMR | poer | 8873 | 87.84 % | 9588 | 9426% | 93.17% 0.0 %
GPT 40 25shot | 1727 | 2.82% | 5665 | 7.04% | 50.11% 81.02 %
GPT 40 RAG 25-shot | 58.85 | 2721 % | 69.79 | 8227% | 65.86% 488 %
GPT ;?;;?MR 25-shot | 6223 | 51.24 % | 7749 | 79.12% | 68.10% 0.01 %

Table 1: Results on LCQUAD 2.0 (original split): Across different LLMs, PGMR demonstrates a substantial
reduction in hallucinations while achieving significantly higher SQM and answer-level F1 scores than direct

SPARQL generation and RAG, as discussed in Section 6.

short disambiguating definition extracted from the
KG (e.g., [ENT] Albert Einstein [/ENT] German-
born theoretical physicist, developer of the theory
of relativity, Nobel Prize laureate (1921)). The sec-
ond stage applies the same procedure to relation
and property URIs (e.g., P35), replacing them with
placeholders such as relationY and constructing
mappings of the form relationY = [REL] Label
[/REL] Description. The description obtained from
the KG provides the necessary semantic informa-
tion for relation disambiguation (e.g., [REL] head
of state [/REL] official with the highest formal au-
thority in a country/state). Finally, a mapping block
is appended to each transformed query, listing all
entity and relation definitions. In this study, we
obtain labels and descriptions from Wikidata using
its official Python library*.

4.2 Memory Retriever

Memories: We utilize two memory modules (one
for entities and another for relations) designed as a
dictionary that pairs LLM encoder-generated em-
beddings of URI labels and their descriptions as
keys with the corresponding URISs as values. The
entity memory module includes such embeddings
and URIs for all entity URIs in the dataset. Simi-
larly, the ontology memory module includes these
for all the relation URIs in the dataset.

Retriever: Given a natural language input such
as "[ENT] Albert Einstein [/ENT] German-born
theoretical physicist, developer of the theory of rel-
ativity, Nobel Prize laureate (1921)," our memory
retriever locates the URI whose label and descrip-
tion are most similar to this text within the relevant

*https://pypi.org/project/Wikidata/

memory. The label is first parsed and matched
with the URI labels in the memory. If there is
no direct match or multiple matches for the label,
then the input text with the label and description
is encoded into an embedding by an LLM encoder.
The retriever then uses FAISS (Douze et al., 2024;
Johnson et al., 2019) to retrieve the URI from the
memory whose embedding is nearest to the input
text embedding. We use BGE (Chen et al., 2024)
as the encoder for our retriever in this study.

4.3 Setup

Training Setup: Using the transformed training
data from Section 4.1, we finetune the LLM to
generate intermediate queries given the questions.
Few-shot Setup: Drawing on the transformed
training data, we apply few-shot prompting to the
LLM, enabling it to generate intermediate queries.
Inference: During the inference phase, we gen-
erate a SPARQL-PGMR query for each question
using the LLM. Each URI placeholder is then re-
placed by its corresponding URI through the re-
triever, thereby forming the final SPARQL query.

S Experimental Setup
5.1 Datasets

We evaluate our work on two widely used datasets
for SPARQL query generation: LCQUAD 2.0
(Dubey et al., 2019) and QALD-10 (Usbeck et al.,
2023). Even though tagged versions of these
datasets exist, where the entities and relations in
the question are already linked and tagged with
associated URIs from the KG, we use the untagged
versions. Tagging is expensive, time-consuming,
and impractical in the real world. SPARQL query
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Model Type | F1T | SQMT | BLEU T | Qid EM * | Pid EM T | URI Hallucination |,
T5-Small FT | 2267 | 016% | 7044 271 84.75 % 61.66 %
T5-Small RAG FT | 6725 | 64.14% | 8985 | 71.98% | 94.11 % 16.01 %
T5-Small PGMR FT | 8213 | 81.57 % | 94.24 904 % | 95.93% 0.0 %

(ours)

Llama 3.1 8B PEFT | 22.19 | 0.03% | 6733 | 053% | 6540% 91.04 %
Llama 3.1 8B RAG | PEFT | 8235 | 8124 % | 9495 | 89.67% | 91.10% 771 %
Llama 3(;)111?3 PGMR | poer | 84.47 | 8333 % | 9435 | 9265% | 90.80 % 0.0 %
GPT 4o 25shot | 17.27 | 1.45% | 5539 | 407% | 4892% 85.87 %
GPT 40 RAG 25-shot | 53.79 | 23.65% | 6428 | 83.46% | 63.25% 347 %
GPT (‘;’HE?MR 25-shot | 69.05 | 5842 % | 82.77 | 86.14% | 73.10 % 0.0 %

Table 2: Results on LCQUAD 2.0 (unknown URI split): Even in an out-of-distribution setting, PGMR significantly
mitigates hallucinations while enhancing SQM and answer-level F1 performance over the baselines across various

LLMs and settings (see Section 6).

generation becomes a much harder problem when
using untagged data (see Section 6).

LCQUAD 2.0 comprises a mix of simple and com-
plex questions with associated SPARQL queries
over Wikidata, crafted by human annotators from
Amazon Mechanical Turk. The original split of
LCQUAD 2.0 includes a broad dataset with 21k
questions for training, 3k questions for valida-
tion, and 6k questions for testing. To specifically
test how our models perform in the face of out-
of-distribution URIs not seen before in training,
we also construct an '"'unknown URI" split of
LCQUAD 2.0 in line with Reyd and Zouaq (2023).
Every query in the test set of this version of the
dataset includes at least one URI not seen during
training, thus making accurate query generation
a much more complex problem. The "unknown
URI" split contains 24k train, 3k validation, and 3k
test questions and associated queries.

QALD-10 is a benchmarking dataset that is a
part of the Question Answering over Linked
Data (QALD) challenge series for KGQA using
SPARQL query generation. Owing to the com-
plexity of SPARQL queries that involve various
clauses and literals, QALD-10 is recognized as
one of the most challenging and practically appli-
cable datasets in the QALD challenge series. Al-
though each question in QALD-10 is translated
into eight different languages, we only consider
the English versions of the questions for this analy-
sis. The dataset consists of 412 training questions
and 394 test questions, which is much smaller than
LCQUAD 2.0 but contains more complex queries.
Given the limited availability of training data for
QALD-10, we employ a two-step approach in our

finetuning experiments: pre-training the LLM on
LCQUAD 2.0 before finetuning it on QALD-10.

5.2 Metrics

To measure the effectiveness of our models, we
utilize the following three metrics:

F1 Score: We execute the gold and the generated
SPARQL queries and then calculate the answer-
level F1 score based on the responses.

Semantic Query Match (SQM): We introduce
the SQM metric, which assesses semantic equiva-
lence rather than literal string match. Recognizing
that LLMs may produce valid queries with differ-
ent variable names than the reference (e.g., ?value
vs. ?uri), we normalize all variables to a canonical
representation (e.g., 7var0, ?varl), a technique con-
sistent with the evaluation framework of Qi et al.
(2024). Additionally, since the ordering of triples
within a WHERE clause and of entities within a
triple does not alter the query’s logical semantics
(queries would result in the same outcome when
executed), our comparison is insensitive to their per-
mutation. Once the variables are normalized and
the WHERE clause is compared in a permutation-
invariant manner, the remainder of the query is
subjected to an exact-match comparison.

BLEU score (Papineni et al., 2002) is a popular
neural machine translation metric that assesses the
predicted query against the gold standard query by
comparing tokens.

Qid-EM and Pid-EM: To assess the Qid exact
match (EM) score, we directly evaluate whether
the set of all entity URIs in the predicted query
matches exactly with those in the reference query.
Pid EM does the same for relations and properties.
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Model Type | F1T | SQMT | BLEU T | Qid EM * | Pid EM T | URI Hallucination |,
T5-Small FT | 1130 | 507% | 3437 | 1142% | 2538 % 66.50 %
T5-Small RAG FT | 23.15 | 1598 % | 4347 | 45.68% | 27.66 % 4.82 %
T5-Small PGMR FT | 2212|1675 % | 4431 | 4239% | 27.41% 0.0 %
(ours)
Llama 3.1 8B PEFT | 393 | 025% | 2435 127% | 2233 % 89.09 %
Llama 3.1 8B RAG | PEFT | 3546 | 2335% | 4591 | 60.15% | 3655 % 8.12 %
Llama 3(;)111?3 PGMR | beer | 3041 | 2563 % | 4536 | 5355% | 37.81% 0.0 %
GPT 4o 25-shot | 1320 | 355% | 4121 | 11.93% | 46.19% 83.76 %
GPT 40 RAG 25-shot | 46.52 | 28.68% | 51.66 | 74.62% | 53.55 % 11.42 %
GPT (‘:"lrf;?MR 25-shot | 51.19 | 29.19 % | 5495 | 6548% | 46.19% 0.0 %

Table 3: Results on QALD-10: PGMR consistently minimizes hallucinations across LLMs while attaining
significantly better SQM and answer-level F1 scores than direct SPARQL generation, even for the more complex

QALD-10 dataset, as discussed in Section 6.

URI Hallucination: We define a new metric,
called URI Hallucination, which measures the per-
centage of queries where at least one URI is hallu-
cinated. A URI is considered hallucinated if it does
not exist in the knowledge base memory.

Refusal Accuracy is defined as the success rate
with which the model identifies and correctly sig-
nals a lack of the requisite internal knowledge,
thereby declining to answer the unsupported query
(discussed further in Section 7).

5.3 Baselines

Direct Generation refers to the standard scenario
where the LLM directly generates the SPARQL
query given a question.

RAG: We additionally compare our results against
the RAG paradigm, a strong baseline, wherein the
question is initially processed by a retriever that re-
trieves k URIs from the URI memory whose labels
and descriptions most closely match the question
text in latent space, as described in Section A.1.
PGMR: As described in Section 4, we implement
the proposed PGMR, where an LLM first generates
intermediate queries, followed by a retrieval step
to translate them into SPARQL queries.

5.3.1 Language Models

Our evaluation incorporates a diverse range of
LLMs spanning several orders of magnitude in pa-
rameter size, including models from the smaller TS
architecture (Raffel et al., 2020) (fine-tuning - FT)
up to Llama 3.1 8B Instruct (parameter-efficient
fine-tuning - PEFT) (Dubey et al., 2024; Man-
grulkar et al., 2022) and the foundational GPT-40
(25-shot prompting) (Achiam et al., 2023).

6 Results

PGMR enhances the quality of SPARQL
queries. Across all assessed LLMs, PGMR
consistently enhances the accuracy and structure
of SPARQL queries on both LCQUAD 2.0 and
QALD-10 datasets. As seen in Tables 1, 2, and
3, PGMR improves the SQM across all baselines,
LLMs, and datasets. On LCQUAD?2 (original split),
PGMR yields a performance gain of nearly 61.35
% over direct generation and 16.61 % over the
strong RAG baseline on average across LLMs.
Notably, this advantage continues on the out-of-
distribution "unknown URI" split of LCQUAD?2,
with PGMR improving 73.89 % over direct genera-
tion and 18.09 % over RAG across LLMs, showing
its robustness to shifts in data distribution. Even
on the more challenging QALD-10 dataset, PGMR
outperforms both direct generation and RAG across
LLM:s.

PGMR nearly eliminates hallucinations. From
Tables 1, 2, and 3, we see that direct generation
hallucinates URIs 75.42 % of the time on aver-
age across datasets and models. While RAG re-
duces these hallucinations to 8.71 % on average,
PGMR achieves a near-complete elimination of the
URI hallucination problem regardless of the LLM,
dataset, and data distribution used.

Our results confirm that PGMR not only min-
imizes hallucinations to a great extent but also
improves the accuracy and reliability of SPARQL
query generation across various LLMs, datasets,
and data distributions.
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Figure 2: For LCQUAD2, Figure 2a shows the accuracy
of Llama 3.1 8B PGMR on the unanswerable set as
a function of the percentage of URIs removed across
confidence thresholds, while Figure 2b shows the SQM
on the answerable set (described in Section 7).

7 Analysis and discussion

Answer Refusal Experiment. A model’s ability to
abstain from responding when it lacks the required
information is a key determinant of its safety and
trustworthiness. This mechanism directly counters
model hallucination by signaling uncertainty in-
stead of fabricating content. Such a conservative
approach is indispensable in critical applications
where a confidently false answer has severe conse-
quences. We assess such robustness by randomly
ablating a percentage of entity URIs from the mem-
ory, rendering dependent test queries unanswerable.
We then divide the set, calculating SQM on the an-
swerable queries and refusal accuracy on the unan-
swerable queries. The PGMR model architecture
is inherently equipped to handle this uncertainty
without additional training, thanks to the imple-
mentation of a confidence threshold applied to the
retrieval similarity score. Specifically, the model
executes a refusal action if the similarity score of
the top-ranked retrieved URI falls below this pre-
determined threshold for any URI required in the
generated query. Figure 2a demonstrates a clear

positive correlation between the confidence thresh-
old and refusal accuracy for Llama 3.1 8B PGMR.
Conversely, as seen in Figure 2b, this increase in
threshold leads to a corresponding decline in SQM
on the answerable subset, illustrating a direct trade-
off in performance. Our analysis indicates that the
optimal threshold value for balancing these two
metrics is approximately 0.85. Furthermore, this
confidence threshold can potentially be learned by
adding a small neural network with a sigmoid head
to the retriever’s encoder, but we leave this explo-
ration for future work.

Memory Scaling Experiment
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Figure 3: Llama 3.1 8B PGMR maintained robust perfor-
mance on LCQUAD?2, exhibiting only an approximate
4% drop in SQM despite a 9x memory size increase.
This demonstrates the retriever’s resilience to memory
scaling and noise (discussed in Section 7).

Memory Scaling Experiment. We investigate the
scaling robustness of the PGMR framework, ma-
nipulating the entity memory size from a factor of
2 to 9 relative to the original set. This procedure in-
volves augmenting the memory with irrelevant en-
tities sourced from the Wikidata KG. These entities
serve as distractors during the retriever’s SPARQL
URI resolution. From Figure 3, we see that Llama
3.1 8B PGMR exhibits minimal performance degra-
dation of approximately 4% on LCQUAD?2, even at
9 times the memory size, validating the retriever’s
robustness to expanded, noisy memory.

Inference Latency Analysis. Under equivalent
constraints for maximum input and output token
lengths, the inference latency of the proposed meth-
ods can be characterized by the base generation
time (7y,) and the retrieval overhead (7}.c;). For
a model such as Llama 3.1 8B, Ty, is approxi-
mately 0.9 seconds per response. In contrast, the
retrieval component is highly efficient, requiring
only 0.0016 seconds (7}..;) and a modest 600MB
of additional GPU memory. Consequently, while
Direct Generation time is simply 74, RAG latency
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is defined as Ty = Tyg + Trer. The latency for
PGMR is expressed as Tpgmr = Tyg + (k- Trer),
where k represents the number of URIs identified
within the generated intermediate query. Given
that 7T;.e; < Ty, the computational overhead intro-
duced by PGMR remains negligible relative to the
base model’s inference time.

8 Conclusion

We presented PGMR (Post-Generation Memory
Retrieval), a modular framework that addresses
URI hallucination in LLM-generated SPARQL
queries by separating query logic generation from
retrieval. LLMs generate intermediate queries with
URI placeholders and associated URI natural lan-
guage mappings, which a non-parametric retriever
then resolves into accurate URIs. Despite its sim-
plicity, PGMR consistently achieved superior se-
mantic query match (SQM) and answer-level F1
scores across diverse LLMs and datasets, yielding
a near-complete elimination of URI hallucinations.
Crucially, the system demonstrates exceptional ro-
bustness, both in its native ability to refuse to an-
swer queries based on confidence thresholds and
its resilience to memory scaling, maintaining high
SQM with only minimal performance degradation
even when memory was expanded nine-fold with
distracting entities.

Limitations

Even though PGMR exhibits markedly improved
performance in generating correct URIs and re-
ducing hallucinations, its effectiveness is tempered
by the LLM'’s ability to construct SPARQL query
structures accurately. This is especially evident
when looking at the results on the QALD-10 dataset
(see Table 3), which features notably complex
queries involving diverse clauses and literal ex-
pressions compared to LCQUAD 2.0. This limi-
tation may be addressed by using more powerful,
large LLMs pre-trained specifically on SPARQL
query data, combined with the PGMR generation
paradigm, or by combining the advantages of RAG
and PGMR, adding a retrieval step both before and
after generation. However, we leave that for future
work.
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A Appendix A

A.1 Retrieval Augmented Generation (RAG)

Retrieval Augmented Generation (RAG) (Khandel-
wal et al., 2019; Lewis et al., 2020a; Guu et al.,
2020; Lewis et al., 2020b) has become a popular
technique for injecting external information into
LLMs, helping them generate content grounded
in an external knowledge base like a KG. As seen
in Figure 5, we propose RAG for SPARQL query
generation, where the question first goes to a re-
triever (discussed in further detail in Section 4.2)
which returns k£ URIs from the memory whose la-
bels are the closest to the question text in latent
space, where k is a positive integer. The URIs and
their labels are appended to the question to create
the prompt for the LLM (see Figure 6). The LLM
then uses this information to generate the SPARQL
query corresponding to the given question.

B Appendix B

Unlike the evaluation approach utilized by Baner-
jee et al. (2022) and Qi et al. (2024), which involves
generating multiple queries for each question and
selecting the first query that successfully executes
and returns an answer as the predicted query, our
evaluation generates only a single query from our
models.

B.1 Hyperparameters

Our T5-small model has 60,506,624 trainable pa-
rameters and was finetuned on a single 80GB
Nvidia A100 GPU within 14 hours with a batch
size of 128. We used a learning rate of 0.0015
for finetuning TS and trained for 150 epochs on
LCQUAD 2.0 and 30 epochs on QALD-10. Due
to the limited training data for QALD-10, we fine-
tuned our versions of T5, which were pre-trained
on the much larger LCQUAD 2.0 dataset.

For our experiments with Llama 3.1 8B, we fine-
tuned the Llama-3.1-8B-Instruct model, training
it for 10 epochs using the AdamW optimizer with
a learning rate of 0.0001, no weight decay, and a
fixed seed of 42 to ensure reproducibility. Mixed
precision training and quantization were enabled
to improve efficiency. We employed a parameter-
efficient finetuning strategy using LoRA, with a
low-rank dimension of 64, a scaling factor (alpha)
of 128, and a dropout rate of 0.05. The complete
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Figure 4: The retriever finds each natural language URI label in the generated intermediate query using the special
tokens and retrieves the corresponding URI from memory using similarity search, as discussed in Section 4.2

Memory
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Question —  Prompt —>m—> Query

Figure 5: RAG-based SPARQL generation workflow. A
retriever first fetches k£ URIs based on latent similarity to
the input question, which are then utilized by the LLM
to synthesize the final query, as discussed in Section A.1

generate the wikidata sparql query to answer the given question using the following
information:

p725 = voice actor

p161 = cast member

p5007 = behind the voice actors person id

q4029 = tara strong

q16538 = south park

181587 = michiru yuimoto

g2405480 = voice actor

q311103 = jeff bennett

[question] what is voice actresses of south park , that has employment is singer?

Figure 6: The prompt for RAG includes k retrieved
URIs along with the question as input to the LLM. In
our study, we set k to 10 in our RAG baseline.

training process took around 3 hours and 30 min-
utes. Notably, the model achieved convergence at
epoch 5, underscoring its rapid convergence and
effectiveness in capturing key aspects of the target
data.
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