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1 Introduction

Knowledge graphs (KGs) provide a structured representation of entities and their
relationships, and are widely used to organize and query complex domains such as
healthcare, engineering, finance, and the scholarly literature [3]. For instance, the
DBLP knowledge graph encodes publications, authors, venues, and temporal infor-
mation about research output, and is used in a range of bibliometric and exploratory
search tools. While SPARQL offers a flexible query language for such graphs, it
requires users to understand the underlying schema and to adhere to its formal syn-
tax. This makes direct interaction with KGs difficult for non-expert users and is the
motivation for methods that translate natural language questions into executable
queries.

Knowledge Graph Question Answering (KGQA) addresses this problem by map-
ping questions to logical forms or SPARQL queries that can be executed against
a KG. Early systems approached this as a semantic parsing task and trained se-
quence models to translate questions into queries on datasets such as LC-QuAD
[146] and QALD [114]|. More recent work leverages Large Language Models (LLMs)
either as supervised semantic parsers or as zero-shot and few-shot generators, some-
times in combination with retrieval and agentic tool use. These approaches have
demonstrated that modern LLMs can achieve strong text-to-SPARQL performance,
especially when large models and substantial amounts of supervision are available.
Section 1.2 reviews these developments in more detail.

Despite this progress, several practical limitations remain. Many state-of-the-art
Text-to-SPARQL systems rely on medium to large models and on sizable collections
of gold queries, which may be expensive to annotate for new domains. Prompting
large models with in-context examples can reduce the need for task-specific train-
ing, but often comes with high inference cost and requires careful prompt design.
Reinforcement learning (RL) with verifiable rewards offers a complementary route.
For tasks where model outputs can be executed, reward signals based on execution
correctness or answer overlap can be used to fine-tune a model without relying on
fully supervised query sequences. Recent work has shown that such methods can
substantially improve small and medium-sized models on mathematical reasoning
and text-to-SQL. In the KGQA setting, however, RL-based approaches are still rel-
atively new and are often formulated as multi-step, agentic interaction with the KG
rather than as zero-shot Text-to-SPARQL.

The scholarly domain poses additional challenges. Datasets such as DBLP-QuAD
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[22] define text-to-SPARQL benchmarks over bibliographic KGs that involve diverse
question types, temporal conditions, and compositional query patterns. Existing
methods on DBLP-QuAD either fine-tune encoder—decoder or Transformer models
with full SPARQL supervision, or adapt large LLMs via prompting and modular
pipelines. There is little systematic evidence on whether a small open-weight model
can be trained, using RL and reward functions, to act as an effective zero-shot
Text-to-SPARQL system in this setting, and how its behavior compares to a strong
supervised baseline at the same model scale.

This thesis investigates Group-Relative Policy Optimization (GRPO) [131] as a train-
ing method for comparatively small LLMs on zero-shot Text-to-SPARQL over the
DBLP knowledge graph. Concretely, the experiments are based on the Qwen3-1.7B
[163] instruction-tuned model and apply a GRPO-style training on DBLP-QuAD.
The model is trained on a conversational prompt that includes the natural language
question together with symbolic hints about relevant entities and relations, and is
required to follow a chain-of-thought style output protocol with explicit <think>
tags and a final SPARQL query. The experiments consider two GRPO variants, the
first relying only on answer-level and structural rewards, whereas the second aug-
ments these with gold-query-based shaping terms. Both variants are compared to

the unmodified zero-shot base model and to a supervised finetuning baseline trained
with DoRA adapters [95] on gold SPARQL queries.

The evaluation focuses on multiple aspects of performance. Answer-level metrics
such as exact match accuracy, macro-averaged F1 over result sets, and execution
accuracy quantify how often the generated queries are both executable and produce
a correct answer set. Category-wise F'1 scores capture how models handle different
SPARQL patterns, including simple single-fact lookups, disambiguation, composi-
tional queries with unions or multiple intents, and negation-related constructs. Ad-
ditional measures assess temporal questions and generalization to held-out template
tuples, which probe the robustness of learned behavior beyond the templates seen
during training. A qualitative error analysis complements these aggregate metrics
by identifying recurring failure modes of GRPO and supervised finetuning. Taken
together, these design choices give rise to a set of concrete research questions that
guide the remainder of the thesis.

1.1 Research Questions

The work in this thesis is organized around the following research questions, which
shape the experimental design and the interpretation of the results and also motivate
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the selection and discussion of related work in Section 1.2.

e RQ1: How does Group-Relative Policy Optimization influence the perfor-
mance of small instruction-tuned models on zero-shot knowledge graph ques-
tion answering over DBLP-QuAD, relative to their zero-shot baseline and to a
supervised finetuning baseline?

e RQ2: Is GRPO an effective training method for zero-shot Text-to-SPARQL
with small language models when only natural language questions, answer sets,
and symbolic hints are available, but gold SPARQL queries are not?

e RQ3: Which reward functions and reward configurations are most promising
for improving Text-to-SPARQL performance of GRPO-trained small language
models, and how do they trade off answer accuracy, execution reliability, and
training stability?

Based on these questions, the thesis makes three main contributions. First, it
presents a pipeline for applying small instruction-tuned LLMs to DBLP-QuAD, in-
cluding preprocessing steps that normalize gold queries and answer sets, enrich en-
tities and relations with human-readable schema information, and construct prompt
templates tailored to chain-of-thought style Text-to-SPARQL generation !. Second,
it provides a systematic empirical comparison between zero-shot, GRPO trained, and
supervised DoRA-finetuned Qwen3-1.7B models on DBLP-QuAD, covering overall
accuracy, category-wise behavior, temporal questions, and held-out template gener-
alization. Third, it offers an initial analysis of multi-component reward design for
Text-to-SPARQL with GRPO. In particular, the experiments show that GRPO can
substantially improve over a weak zero-shot baseline and yields competitive template-
level generalization, but that supervised finetuning on gold queries remains stronger
overall under the studied conditions. The results also indicate that naive gold-query-
based shaping does not necessarily improve answer accuracy and may interact with
execution-based rewards in non-trivial ways.

The remainder of this thesis is structured as follows. Chapter 2 reviews background
on large language models, knowledge graphs and SPARQL, KGQA, and policy opti-
mization in reinforcement learning. Chapter 3 describes the methodology, including
the DBLP-QuAD dataset and preprocessing pipeline, model selection, GRPO train-
ing logic, and evaluation metrics. Chapter 4 presents the experimental setup and
reports quantitative results, error analyses, and ablation studies. Chapter 5 discusses

!The code for preprocessing, training, inference and evaluation is publicly available on Github:
https://github.com/jannpf/dblp-grpo
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the findings in light of the research questions, highlights limitations, and concludes
with directions for future work.

1.2 Related Work

Early work on Knowledge Graph Question Answering (KGQA) framed the task as
semantic parsing from natural language questions into executable logical forms or
SPARQL queries. Since about 2018, many systems have used neural machine trans-
lation (NMT) architectures to map questions to SPARQL, typically assuming gold
entity and relation linking and focusing on query structure prediction [165, 139].
Banerjee et al. [21] investigate "modern baselines” for SPARQL semantic parsing
and compare pointer-generator networks, BART, and T5 on LC-QuAD 1.0 [146] and
2.0 [48] as well as Wikidata-based benchmarks, showing that T5 achieves state-of-the-
art performance under gold linking. Complementary work explores structure-aware
pretraining for Text-to-SPARQL. Qi et al. [118] propose TSET, a Triplet-Structure
Enhanced T5 model that inserts an intermediate pretraining stage with triplet-order
objectives between generic T5 pretraining and fine-tuning, outperforming other mod-
els on QALD-9 [114], QALD-10 [147] and LC-QuAD [146]. To better handle entities
and relations that must be copied from the input, Hirigoyen et al. [65] introduce a
copy mechanism for SPARQL NMT, demonstrating that ConvS2S-copy improves ac-
curacy on several benchmarks, including LC-QuAD, by copying KB elements directly
into the generated query. Other recent NMT-based approaches enhance ConvS2S
encoders with multi-head attention and apply correction mechanisms, resulting in
further gains in BLEU and macro-F1 scores compared to previous KGQA systems
on QALD-9 and LC-QuAD [34].

With the advent of LLMs, more recent work uses pre-trained generative models for
Text-to-SPARQL. While Banerjee et al. [21] already show that pre-trained T5 and
BART act as strong supervised baselines, D’Abramo et al. [42] systematically study
LLMs for Text-to-SPARQL, evaluating Mixtral, LLaMA-3, and CodeLlama on mul-
tiple KGQA benchmarks (e.g., QALD-9/10, LC-QuAD 1.0/2.0, Spider4SPARQL)
and find that few-shot in-context learning (ICL) with retrieved demonstrations and
beam search can match or surpass many fine-tuned baselines without task-specific
training. Beyond single-shot prompting, Xu et al. [160] demonstrate that fine-tuning
on a few-shot dataset can increase performance on Wikidata datasets. Further, a
recent trend sees agentic approaches on Text-to-SPARQL, where an LLM iteratively
plans and interacts with the KG to formulate a final query [137, 12]. Overall, these
works show that well-designed prompting and agentic pipelines can yield strong Text-
to-SPARQL performance, but they typically assume access to powerful large models

4
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and do not directly address small-model training via RL.

Within the scholarly KGQA setting, several benchmarks and systems have emerged
that are directly relevant to this thesis. DBLP-QuAD is a 10,000-question dataset
over the DBLP knowledge graph, created by Banerjee et al. [22]. Tt is currently the
largest scholarly KGQA dataset over bibliographic data and serves as the main bench-
mark for this thesis. The SciQA benchmark extends scholarly QA to the Open Re-
search Knowledge Graph (ORKG). Auer et al. [11] release 2,565 question-SPARQL
pairs over ORKG, with both manually crafted and template-generated questions cov-
ering many research fields and question types, and show that SciQA is challenging for
next-generation QA systems. ORKG-QA, introduced by Jaradeh et al. [73], focuses
on table-centric scholarly QA over ORKG comparison tables and was one of the first
scholarly KGQA datasets. Several systems have been developed for these bench-
marks, for instance, PSYCHIC, a neuro-symbolic framework proposed by Abi Akl
[2], combines a DistilBERT-based question analyser with symbolic SPARQL con-
struction and achieves competitive results in the scholarly QALD challenge. For
SciQA, several studies evaluate LLMs via prompting and fine-tuning. Jiang et al.
[79] show state-of-the-art results for SciQA by employing hybrid-prompt learning
and including ontological information in the prompt. Meloni et al. [100] show that
careful few-shot prompting and targeted fine-tuning can yield strong results on both
SciQA and DBLP-QuAD, but also document systematic error patterns and robust-
ness issues. Together, these works demonstrate that scholarly KGQA is feasible
with supervised semantic parsing and LLM prompting, but they either rely on gold
SPARQL supervision, assume strong linking components, or use large models.

Reinforcement learning for structured query generation has recently attracted at-
tention, primarily in the Text-to-SQL literature. ConstrainedSQL [33] trains Text-
to-SQL LLMs via constrained RL with multiple natural reward signals (execution
accuracy and precision/recall-oriented constraints) and reports improvements over
previous RL-trained and supervised baselines on the Spider and BIRD benchmarks.
Reasoning-SQL [116] employs reward signals based on schema-linking, AT feedback,
n-gram similarity, and syntax checks, achieving strong results with a 14B parame-
ter model compared to larger baseline models. Stoisser et al. [136] further employs
process-supervision based on synthesized reasoning chains, to enhance tabular rea-
soning accuracy in Text-to-SQL tasks. Across these studies, policy optimisation
methods such as REINFORCE, Proximal Policy Optimization (PPO) and Group
Relative Policy Optimisation (GRPO) are used as core RL algorithms. GRPO was
introduced in DeepSeekMath, where Shao et al. [131] show that GRPO can substan-
tially improve mathematical reasoning for a 7B model while requiring less memory
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than PPO by removing the explicit value function and estimating advantages from
groups of sampled trajectories. In the context of knowledge graphs and SPARQL, RL
applications are more recent and often agentic. Zhang and Zhao [167] employ GRPO
and process-supervision to fine tune LLMs for complex question answering over KGs,
showing promising performance in selected datasets. However, process supervision
has the risk of providing weak incentives for exploration, motivating further work
on purely outcome-driven reward supervision. Vossebeld and Wang [149] fine-tune a
compact LLM agent with GRPO to iteratively construct and refine SPARQL queries
over Wikidata using outcome-only execution rewards, achieving around 50% answer
accuracy on a curated LC-QuAD subset and a large improvement over zero-shot
baselines. Further, very recent work like KnowCoder-Al [35] and KG-R1 [134] (both
only available as preprint) similarly adopt GRPO with outcome-based curriculum
rewards to incentivize exploration in multi-step reasoning over KGs. These works
underline that GRPO and related RL techniques are promising for structured query
generation, but existing approaches mostly target SQL or iterative agent pipelines
rather than zero-shot Text-to-SPARQL with small models.

Finally, there is growing interest in small or compact models for Structured Query
Generation and KGQA. Karki et al. [83| use Parameter-Efficient Fine Tuning (PEFT)
on small LLMs to perform Text-to-SQL, achieving competetive performance com-
pared to larger baseline models. Nguyen et al. [105] explicitly explore RL fine-tuning
for Text-to-SQL with models “of more conservative size” that fit on commodity hard-
ware, arguing that RL can close part of the gap to very large models while remaining
deployable. In KGQA, Huang et al. [72] demonstrate that sub-1B parameter models
can be used effectively for KGQA by treating it as subgraph retrieval task. Jiang
et al. [78] demonstrates an agentic framework for complex question answering over a
KG, demonstrating that a 7B parameter model can outperform large baseline models
in this setting.

Overall, the literature suggests that with appropriate supervision and architecture
choices, small and mid-sized models can be competitive, which directly motivates the
focus of this thesis on GRPO-trained 1.7B-parameter models over DBLP-QuAD.



2 Background

2.1 Large Language Models

The following section introduces Large Language Models (LLMs) with emphasis on
the technical mechanisms that determine their behavior at training and inference
time. A Language Model (LM) is a Machine Learning (ML) Model, that assigns a
probability to words [80]. More formally, it defines a conditional probability distri-
bution

Py(xr) =[] Poli | 2r)

that assigns a conditional probability to a word x based on the previous ones z .
LMs are used for a variety of tasks, including Natural Language Generation (NLG),
Token or Sequence Classification, Part of Speech (POS) Tagging and Machine Trans-
lation (MT) [32, 44, 121].

Early work on language models was dominated by n-gram models, which estimate
the probability of a word based on a fixed number of preceding words ([129]; [74],
[20], [75]). These models rely on the Markov assumption, limiting the context to
a fixed window (e.g., bigram, trigram) to approximate the distribution above. The
context length hence is effectively the number of words that the model can condition
on. N-gram models evolved and improved over time (|57]) and remained the most
commonly used language model throughout the 1990s.

The fundamental limitation of considering only a few words as context was addressed
in the early 2000s with the introduction of neural network language models. The
seminal work by Bengio et al. [26] proposed learning distributed word representations
(or embeddings, see 2.1.1) jointly with a Feed-Forward Neural Network (FNN) that
models conditional probabilities in terms of these representations, allowing the model
to surpass state-of-the-art performance using larger context windows while keeping
the computation demands manageable.

To address the fixed-context limitations of feedforward networks, Recurrent Neu-
ral Networks (RNNs) were introduced for language modeling [102]. RNNs do not
suffer from the fixed-context length limitation like in the previous approaches, as
they iterate over sequences while maintaining hidden states. However, RNNs suffer
from vanishing and exploding gradients, which hinder their ability to model very
long dependencies. As in other domains, Long-Short-Term-Memory (LSTM) models
were also used for language modeling to mitigate this limitation, and later gener-
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alized to Gated Recurrent Units (GRU) [66, 36]. These models incorporate gating
mechanisms that allow relevant dependencies to be kept over longer sequences. These
architectures became the state of the art in language modeling throughout the 2010s,
enabling strong performance in speech recognition, translation, and text generation,
just to name a few.

The landscape of language modeling changed again with the introduction of the
transformer architecture [148|, which replaces recurrence with self-attention mecha-
nisms, which are described in more detail in the next chapter. Transformers enabled
the development of pre-trained large language models (LLM) like BERT and GPT-
3, which marked a transition from task-specific models to general-purpose language
models.

In the following section, the transformer-based language model architecture is ex-
plained in greater detail.

2.1.1 Input Representation

Language models operate on numerical representations of text, which requires a
mapping from natural language to discrete symbols that can be processed compu-
tationally. This process, referred to as tokenization, defines the vocabulary and
segmentation strategy used to represent words, subwords, or characters as tokens.

Early approaches used entire words as tokens, but this caused vocabulary explosion
and out-of-vocabulary (OOV) issues. Modern models therefore apply subword tok-
enization, which decomposes words into frequent character sequences that balance
vocabulary size and coverage. Byte-Pair Encoding (BPE), originally introduced as
a compression algorithm ([52]) and later adapted for neural translation [128], in-
crementally merges frequent symbol pairs to form a compact vocabulary. Related
algorithms such as WordPiece [127] and SentencePiece 88| follow similar principles
and remain standard in contemporary LLMs (see Section 2.1.7).

After tokenization, the input symbols can be represented as sparse matrix, each input
symbol being denoted by an index over the vocabulary. Each token is then mapped
to a continuous vector space via an embedding model, which maps discrete token
identifiers to dense vector representations of fixed dimensionality. These embedding
vectors capture syntactic and semantic regularities between tokens learned during
training. Early distributed representation approaches include Word2Vec [103] and
GloVe [113]. While effective, these static embeddings assign a single vector per word
type and cannot reflect context-dependent meaning.
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This shortcoming motivated the development of contextual embeddings, where the
representation of a word depends on its surrounding words. Contextualization re-
quires models capable of processing entire sequences and dynamically weighting rele-
vant dependencies when calculating the embedding vector. Early solutions employed
RNNs and their gated variants such as LSTMs to capture sequential context. How-
ever, these architectures required a sequential processing of the inputs, with each
new hidden state depending on the states from previous computation steps. All the
information is sequentially updated in a single vector. This is why these architectures
struggled with long-range dependencies and parallelization of the process.

The subsequent introduction of the Transformer architecture [148] provided a more
scalable and effective way to generate contextualized representations. The next sec-
tion will therefore introduce the transformer architecture and the concept of self-
attention mechanisms in more detail, and explain how it allows the processing of
token representations to capture linguistic and semantic structure across sequences.

2.1.2 Transformer Architecture
2.1.2.1 Self-Attention

At the core of the Transformer architecture is the idea of attention, first applied to
neural machine translation by Bahdanau et al. [16]. Attention allows the decoder to
focus on specific parts of the inputs when decoding, by scaling the hidden states of
specific preceding tokens by attention values «, which are learned during training.

In Transformers, self-attention generalizes this idea by allowing each token to attend
to all other tokens within the same sequence, rather than relying on sequential de-
pendencies as in recurrent models. While recurrent models process tokens one at a
time and maintain a hidden state that evolves across time steps, self-attention com-
putes contextualized representations for tokens in parallel. This parallelization not
only removes the inherent sequential bottleneck of recurrent models but also enables
direct modeling of long-range dependencies, since any token can attend to any other
token regardless of the distance in the sequence [148].

Self-attention operates on three sets of vectors: queries (@), keys (K'), and values
(V). These are linearly projected from the input embedding with three learned
weight matrices: Q = XWq, K = XWg,V = XWy with W, Wg, Wy, € RIxdk,
The attention weights are then obtained by comparing queries and keys through a
scaled dot product, followed by a softmax normalization:
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t

. Q
Attention(Q, K,V') = softmax
(@K.V) “

where dj, denotes the dimensionality of the key vectors, and scaling by 1/dj, stabilizes
gradients during training by preventing large dot-product magnitudes. The softmax
function normalizes the scores into a probability distribution over all tokens. The
resulting weighted sum of value vectors produces a context-aware representation for
each token, integrating information from all other tokens in the sequence, with higher
weight assigned to token representations that are more relevant to the given token
context.
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Figure 1: Scaled Dot-Product Attention (left) Multi-Head Attention (right) consists
of several attention layers running in parallel. (from Vaswani et al. [148])

Instead of computing a single attention distribution, Transformers employ multi-head
attention. Here, the input is projected into multiple subspaces, or heads, each with
its own parameter matrices W, Wj, and Wy,. Each head independently performs
scaled dot-product attention, allowing to focus on different aspects of the token rela-
tionships. The outputs of all A heads are then concatenated and linearly transformed
by learned W© to match input dimensionality:

MultiHead(Q, K, V) = concat(heady, . .. , head,)W©°

10



2.1 Large Language Models

with
head; = Attention(QW,, KW, VWY,)

This mechanism allows the model to capture different types of relationships simul-
taneously within a single layer, with each head learning to focus on different aspects
of the input.

2.1.2.2 Positional Embeddings

Since self-attention allows the parallel computation of relationships between all to-
kens, it is inherently permutation-invariant, i.e. it lacks any inherent notion of se-
quence order. To enable the model to represent sequential dependencies, information
about token positions has to be explicitly injected. This is achieved through posi-
tional encodings, which provide each token with a representation of its position within
the sequence.

The original Transformer implementation by Vaswani et al. [148] introduced sinu-
soidal positional encodings. Each dimension of the position embedding corresponds
to a sinusoid of different wavelengths, resulting in a linear relationship between the
distance between tokens in the input sequence and the distance of vectors in the em-
bedding space. The dimensionality of the positional embedding is chosen to match
the input embedding dimensionality, so the two can be summed up before further
processing.

In later models, various learned or relative positional encoding schemes were in-
troduced to improve generalization and efficiency. Learned positional embeddings,
as adopted in models like BERT [44], assign trainable vectors to positions rather
than relying on a fixed sinusoidal pattern. More recent approaches such as Rotary
Positional Embeddings (RoPE) [138] encode relative positional information directly
within the attention mechanism. RoPE represents positions through a complex ro-
tation applied to the query and key vectors before computing their dot products:

Q' = QRy, K' = KRy

where R is a rotation matrix whose angle depends on token position. This formu-
lation preserves the geometric relationships between tokens and allows the model to
compute relative distances implicitly, improving extrapolation to longer sequences
and enhancing stability in large-scale autoregressive models (see Section 2.1.7).
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2.1.2.3 The Transformer Model

Figure 2 illustrates the transformer model, as initially proposed by Vaswani et al.
[148].

Qutput
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(shifted right)

Figure 2: The Transformer Model (from Vaswani et al. [148])

It comprises an encoder-decoder structure where the encoder processes input se-
quences and the decoder generates output sequences (left and right side of Figure 2
respectively).

The inputs are transformed into embeddings using learned transformation matrices
and summed with added positional encodings as described in section 2.1.2.2. Each of
the encoder layers then sequentially applies multi-head self-attention over the input
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tokens. In parallel, residual connections allow a stable optimization and gradient
flow [63]. The outputs from the MHA are added to the residual stream and layer
normalization is applied to prevent exploding or vanishing gradients from stacking
many layers [13]. Following each self-attention operation, the transformer applies a
position-wise FNN to each token representation independently. Originally with two
layers and ReLu activation, more recent work has seen prominent usage of GeLu [64]
as well as gated activations like SwiGLU [132] in the FNN.

In large-scale variants, this dense FNN is replaced by a Mixture of Experts (MoE)
layer [133], where "experts” are identical feed-forward networks (typically 24 layer
FNNs), and a learned router dynamically selects a sparse subset (e.g., 2 out of 128
experts) per token during pre-training. This router is a linear layer trained end-to-
end with the model. The MoE architecture allows scaling efficiently to very large
models while preserving per-token parallelism (see also Section 2.1.7).

This pattern repeats identically across all encoder layers, enabling parallel processing
of input tokens while capturing long-range dependencies, resulting in dense contex-
tualized representations of the input tokens. Newer variants include normalization
before sublayers [159] and RMSNorm instead of standard layer normalization [166].

The decoder employs masked multi-head attention on the output representations and
works in an autoregressive setting. Compared to the other MHA blocks, a causal
mask zeroes attention here to future positions so that position ¢ can only attend
to [1,...,t —1]. Similar to the encoder, the output from the multi-head attention
block is added to the residual stream and normalized. Next, the resulting stream is
fed into another multi-head attention layer, connecting the queries derived from the
outputs of the previous step to the keys and values from the encoder. This allows
the output representations to directly attend to all the token representations from
the input sequence. This is why this layer is referred to as the cross-attention layer.

After cross-attention, the FNN is applied as in the encoder, again with residual
connections and normalization. This process is repeated for N stacked heads, before
the output layer then linearly projects the final token representations to vocabulary
probabilities to predict the next token.

With this encoder-decoder setup, the output is iteratively generated by the decoder
token-by-token, with cross-attention dynamically aligning to the encoder output dur-
ing each decoding step.

This architecture demonstrated its effectiveness for machine translation tasks, and
subsequently led to other models like T5 (Text-to-Text Transfer Transformer) [121].
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This is a series of transformer based encoder-decoder models that are pretrained on
large corpuses, and can be finetuned to various other NLP tasks such as abstrac-
tive summarization, text classification, natural language inference and regression,
demonstrating the effectiveness of the architecture for text-to-text tasks in general.

In the following section, alternatives to the encoder-decoder structure are introduced.

2.1.3 Encoder-only and decoder-only models

As illustrated in the previous section, the Transformer architecture proved to be
effective on various NLP tasks. Beside the original encoder-decoder approach, other
variants have emerged that specialize on certain tasks respectively.

Encoder-only models consist solely of the encoder portion of the Transformer (i.e.,
stacks of self-attention and feed-forward blocks) without the auto-regressive decoder
mechanism or cross-attention layers. A prominent example is BERT (Bidirectional
Encoder Representations from Transformers) [44], which processes full input se-
quences bidirectionally (i.e., each token attends to all tokens in the sequence) and
is trained with masked-token and next-sentence prediction objectives. Encoder-only
models are very effective where the task is one of understanding or representation
extraction (e.g., contextual representation generation, classification, named-entity
recognition), rather than generation.

In contrast, decoder-only models employ only the decoder stacks of the Transformer,
and are trained autoregressively to predict the next token given all prior tokens
(including a prompt) These models omit the encoder and cross-attention mechanism,
they treat the input prompt and generated tokens uniformly in the decoder stack,
and are ideally suited for generative tasks (e.g., dialogue, story-generation, next-
token prediction). An early and well-known instance is the GPT family (Generative
Pre-trained Transformer), which demonstrated remarkable capabilities at free-form
text generation, completion, in-context learning and more [119, 32.

In the following sections, the focus will be on decoder-only models, because this
family of models is particularly relevant for this thesis.

2.1.4 Inference

At inference time, decoder-only models generate token by token under a causal mask
(compare Section 2.1.2.3). When generating tokens from the resulting output proba-
bility distribution, the simplest way is to select the token with the highest probability,
ie.:
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Wy, = arg Ig}leaé( P(w | w<y)

This strategy, referred to as greedy decoding, has its limitations, as the most likely
token at time ¢ might not lead to the overall most likely sequence after ¢t + 1. Beam
search is an extension to greedy decoding that tries to mitigate this issue by main-
taining several partial hypotheses across timesteps [98]. With a beam width of k, for
each timestep k different solutions are kept, and at the end, the sequence with the
overall highest probability is chosen as the output.

However, this approach, like greedy decoding, is still deterministic over the inputs
and leads to predictable and repetitive outputs, and comparatively high search error
rates [69, 99]. Despite, beam search and its variants [51] remain widely used in
Machine Translation, where models are typically trained and evaluated to produce
a single high-likelihood translation for a given input [135].

Stochastic sampling strategies pose a widely used alternative to beam search, where
the next token is drawn randomly from the model’s predicted distribution over the
vocabulary. However, if drawing directly from the distribution, the probability mass
of the unlikely tokens is still significant due to the vocabulary size, which can lead
to incoherent text.

Temperature sampling is a simple variant, where before the softmax is applied in
the decoder (refer to Section 2.1.2.3), the logits z,, are rescaled by a temperature
parameter 7 > 0 [5]. With this parameter it is therefore possible to control the
sharpness of the distribution and the original softmax simply becomes

exp(%)

ZJK:1 exp(%)

Sampling directly from the full vocabulary can still select very low probability to-
kens. Truncation-based sampling therefore restricts sampling to a subset of likely
candidates. In top-k sampling, only the £ most probable tokens at each timestep are
retained and renormalized, and the next token is sampled from this restricted set
[49, 68|.

softmax,(z); =

Nucleus sampling or top-p sampling generalizes this idea by selecting the smallest set
of tokens, whose cumulative probability mass exceeds a threshold p. The distribution
is renormalized and a sample drawn from this dynamically sized "nucleus” [69]. Em-
pirical studies show that these sampling-based decoding methods can substantially
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reduce repetition and improve the trade off between quality and diversity compared
to greedy or beam search, particularly in open ended generation tasks [69, 50, 43, 10].

In the next chapter, the training process of Transformer based Large Language Mod-
els is illustrated.

2.1.5 Training

This section explains the training process of a Large Language models in its typical
three phases:

e Pre-Training
e Supervised Fine Tuning / Instruction Tuning

e Alignment / Preference Optimization

2.1.5.1 Pre-Training

In the pretraining stage the base capabilities of LLMs, to estimate word probabili-
ties and generally generate text, are established. To achieve this, it is optimized to
maximize the likelihood of each next token given its left context in a self-supervised
setting on large textual datasets. More formal, the training objective is the mini-
mization of the cross-entropy loss between the model’s output distribution and the
one-hot target vector for the correct token. Therefore, with z; = 1, the loss becomes:

»CCE(Q) = —logps (%: | m<t)

The loss is computed under a causal mask and is typically minimized with optimizers
like Adam [85] or AdamW [97] and with teacher forcing. In teacher forcing, the model
is always conditioned on the gold prefix during training rather than its own sampled
outputs, so the input at step ¢ is the true token sequence z.; and not the earlier
model predictions. This well-known approach from recurrent training [157] stabilizes
optimization by avoiding exposure to previous mistakes but induces a train—test
exposure mismatch that later work addresses with alternatives such as scheduled
sampling 25| or professor forcing [89].

When evaluating the model performance over long sequences, using the log-likelihood
is impractical, as the result would be depending on the length of the sequence.
Perplexity provides a length normalizing metric of this objective on held-out text
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and is defined as the exponentiated average cross-entropy [76] over a sequence of
length n:

. 1O
Perplexityy(wi.n) = exp <_ﬁ Zl log Pp(w; | w<i))

Since perplexity has an inverse relationship with probability, lower perplexity indi-
cates that the model assigns higher probability to the test tokens and therefore is
considered a better model for the given data.

Modern LLMs are trained on very large, heterogeneous text corpora that combine
broad web crawls with more curated sources. A common backbone is Common Crawl
[39], a petabyte-scale open crawl of the public web. Because raw Common Crawl
suffers from duplication, representativeness gaps, and problematic content [14], it is
typically heavily filtered and deduplicated before use.

For English, the Colossal Clean Crawled Corpus (C4) provides a cleaned and dedu-
plicated Common-Crawl-derived corpus and has been extensively used in large text-
to-text pretraining. It applies language identification, heuristic quality filters, boil-
erplate removal, and large-scale deduplication [121]. The multilingual variant mC4
uses the same approach across more than one hundred languages for models like mT5
[161]. Independent audits of C4 document domain skew, retained noise, and filtering
side effects, which motivates more transparent documentation and data sheets [45].

Alternative pipelines built directly on Common Crawl, notably CCNet and the re-
sulting CC-100, extract higher-quality monolingual data in many languages and un-
derpinned multilingual encoders such as XLM-R [155, 40]. OSCAR offers a com-
plementary multilingual web corpus with document-oriented cleaning that targets
generative pretraining needs [1]. A newer line of work aims to retain web scale while
improving cleanliness: RefinedWeb for Falcon and FineWeb mine many Common
Crawl snapshots with stricter heuristics and stronger deduplication, showing that
carefully filtered web-only data can match or exceed mixed-source baselines at scale
[110, 111].

To balance web style with more formal prose and encyclopedic facts, many mixtures
add Wikipedia contents, for example with the Wiki-40B corpus [61] and long-form
book contents [169]. This combination was popularized early with BERT [44].

To increase domain coverage, composite corpora aggregate different content sources.
The Pile (=~ 825 GiB text) combines 22 sources including academic papers, code,

17



2.1 Large Language Models

Wikipedia and more, and was explicitly designed to boost cross-domain generaliza-
tion relative to raw Common Crawl derivatives [54|. Across these families, data
curation and governance significantly affect outcomes. Deduplication and filtering
reduce memorization, lower train—test overlap resulting in better evaluation validity,
and can improve sample efficiency [92].

2.1.5.2 Supervised Fine Tuning

While the pretraining stage establishes the capability of the LLM to generate text,
instruction tuning is used to make LLMs better at following user instructions. The
training process is the same as in pretraining, with a next-token-prediction objective
and cross-entropy loss with teacher forcing to update the model’s parameters (see
previous section 2.1.5.1).

But unlike continued pre-training [62], where the pretraining process is continued on
a domain specific corpus to provide it with more information on a specific domain,
instruction tuning is regarded as Supervised Fine-Tuning (SFT), as it follows the
objective to learn the helpful answer to an instruction based on specialized instruction
datasets [80].

These instruction datasets compile input-output pairs for many different tasks, that
are reformulated into instruction formats, often with multiple prompt templates per
task and sometimes with examples to simulate few-shot settings. The approach was
introduced with FLAN [153], which showed that scaling the number of instruction-
formatted datasets and model size substantially improves zero-shot and generaliza-
tion performance. Broader task collections such as T0O and Super-Naturallnstructions
demonstrated that training on prompted multi-task data and on declarative instruc-
tions further boosts generalization performance, also for tasks unseen during training
[123, 150, 104, 38].

Notably, LIMA [168] showed that a small, carefully curated set of high-quality train-
ing examples can be enough to teach formatting and response style, with human
preference parity against much larger models in a significant fraction of cases, show-
ing that targeted instruction tuning is complementary to large-scale pre-training.

2.1.5.3 Parameter Efficient Fine Tuning

Finetuning an LLM to a specific task or domain is very expensive in terms of compu-
tational power and memory. Contemporary LLMs consist of Billions of parameters,
and to update them with full SFT, the weight updates require optimization and
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backpropagation through many layers, which leads to the same infrastructure re-
quirements as during pretraining.

To address this, Parameter Efficient Fine Tuning (PEFT) methods try to reduce the
required footprints by limiting the number of parameters that are updated during
finetuning. Farly approaches suggested adapters, where small Neural Networks are
placed and trained in between the layers of the otherwise untouched LLM [122, 70,

24].

To address several limitations in adapters, for example the added inference latency
and lack of parallelism, Low-Rank Adaptation (LoRa) replaces full weight updates
with a low-rank reparameterization [71].

In LoRa, the finetuned weight matrix W’ is represented as
W' =Wy+ AW =W,y + BA

with W, being the frozen initial weight matrix, and the update being constrained
to AW = BA with B € R¥" and A € R™* rank r < min(d, k). Only the lower
dimensional A and B are trained, which significantly reduces trainable parameters.

LoRA can be placed in attention projections W,, Wy, W,, W, and in FNNs, and the
adapters can be merged into W, for inference, so latency is unchanged. In the original
study, LoRA matched or exceeded full fine-tuning on several NLP tasks while cutting
memory and checkpoint size by large factors, for example adapting only query and
value projections with small rank [71].

Weight-Decomposed LoRA (DoRA) [95] addresses the gap that sometimes remains
between LoRA and full fine-tuning, that was previously ascribed to the difference in
rank. DoRA decomposes the weight matrix W into:

Vv w
= = W
Ve Wl
with m being the magnitude vector and V being the direction matrix, which is

normalized column wise, so that m scales each unit vector in V| effectively isolating
the direction and the magnitude component.

14

For the weight updates, LoRa is applied to the direction matrix V', scaled by the
learned magnitude vector m:

V+ AV Wy + BA

W=m——  —m— ==
MV AV]L ~ "W + BAJ.
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This decoupling allows the two components to be treated separately, which resembles
the learning pattern of SF'T better than LoRa. The number of updated parameters
remains comparatively small and no inference overhead is added, since the compo-
nents are merged after training. DoRA consistently outperformed LoRA across a
variety of tasks [95].

2.1.5.4 Preference Optimization for LLM Alignment

Pretraining and instruction tuning produce capable models, but outputs can remain
unhelpful, untruthful, or unsafe. Empirically, pretrained LLMs can be prompted into
toxic or biased generations and may mimic common misconceptions, motivating an
additional stage that aligns behavior with human intentions and safety constraints

[56].

Alignment is typically formulated as the third stage after pretraining and SFT. Ear-
lier work in Reinforcement Learning (RL) showed that systems can learn to interact
with an environment using human preferences [37|. This approach was transferred
to LLMs in form of Reinforcement Learning from Human Feedback (RLHF) with
the development of InstructGPT [109].

Instead of learning from next-token prediction, the objective in RLHF is shaped by
preferences over model responses. Human Annotators compare and rate alternatives,
providing signals about helpfulness, harmlessness, and general quality. These signals
can come from direct human preference labeling, or from Al-generated judgments as
a scalable proxy [91].

The first step in RLHF, following the process described in the previous section, is
to apply SFT on a curated set of prompt-answer pairs, where human annotators
demonstrate the desired model behavior. In the second step, for any given sample
in the prompt dataset, multiple answers from the LLM are sampled. A human
annotator then ranks the different responses from worst to best. This ranking is
used to fit a dedicated reward model, that learns to predict human preferences over
a set of responses. Finally, the model is optimized against this reward model, as it
tries to maximize the reward it receives for its outputs.

For this optimization, Reinforcement Learning (RL) techniques like Proximal Pol-
icy Optimization (PPO) are employed, that aim at reward maximization under a
constraint that prevents the model from deviating too far from the pretrained base
model. InstructGPT shows that PPO-style RLHF over a reward model substantially
improves human-preference win rates [109]. PPO and other variants are explained
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in greater detail in the dedicated Chapter 2.3.

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
e e BBeliewares e e
t_=3 > ——> reward model LM policy i_—g > R — final LM
"~
preference data maximum sample completions preferencedata . .
likelihood reinforcement learning likelihood

Figure 3: RLHF vs. DPO (from Rafailov et al. [120])

However, the additional reward model and the need for sampling during training lead
to high computational cost. Direct Preference Optimization (DPO) [120] addresses
this limitation by formulating preference alignment as a maximum likelihood problem
without the need for an explicit reward model or RL in the training loop. Given
pairwise preferences, DPO optimizes a closed-form objective, enabling supervised-
style gradient updates with a binary-cross entropy loss. Figure 3 illustrates the
comparison between RLHF and DPO. DPO was shown to often match or exceed
PPO-based RLHF in control of sentiments, single-turn dialogue and summarization,
while being easier to implement and train [120].

2.1.6 In context learning

The training process described in the previous sections use parameter updates to
change the model’s behavior. In addition to parameter updates, LLMs exhibit a
form of adaptation at inference time that is referred to as In-Context Learning (ICL).
Here, the model’s input prompt is viewed as a learning signal [80], that contains task
instructions and possibly a few input—output examples and then predicts outputs for
new inputs, without any change to its parameters. The GPT-3 study popularized
this phenomenon by showing that sufficiently large autoregressive models can per-
form a wide range of tasks in a zero-, one-, or few-shot prompting setup, sometimes
approaching the performance of explicitly fine-tuned models [32].

At inference time, the model receives a sequence that includes several labeled exam-
ples x;,y; of a task with a new query ;. The model then generates a continuation
that should correspond to yiest- All computation is a single forward pass of the trans-
former under the same causal masking that is used for standard language modeling.
The distinction between zero-shot, one-shot and few-shot prompting lies only in how
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many demonstrations are included in the prompt. In all ccases,the parameters remain
fixed, and adaptation happens purely through attention to the in-context examples.
Brown et al. [32] observe that performance across several NLP benchmarks improves
both with model size and with the number of in-context examples, even though the
model was never explicitly trained on the respective tasks.

Subsequent work formalizes and extends these findings. Garg et al. [55] analyze what
function classes transformers can learn in context and show that, under suitable
training, they can learn linear functions and certain more complex hypotheses from
examples in the prompt. Further, it was shown that LLMs can select from and apply
a broad class of ML algorithms via ICL [19].

Several theoretical accounts of in-context learning have been proposed. Xie et al.
[158] views ICL as a form of implicit Bayesian inference. With LLMs modeling
the pre-training distribution, the task of generating a prompt completion can be
viewed as computing the posterior distribution over possible completions by updating
the prior distribution with the likelihood from the in-context examples, effectively
applying the appropriate concept learned during pre-trained to the task at hand.

Mechanistic interpretability work connects these abstract views to specific circuit
structures in transformers. Olsson et al. [108]| identify induction heads, attention
heads that implement a simple copy-pattern algorithm of the form [A|[B]...[A] —
[B], and show that these heads arise at the same point in training where ICL perfor-
mance improves. They argue that induction heads are a core mechanism for many
forms of ICL [108].

ICL also underlies recent prompting methods that target reasoning tasks. Chain-
of-thought (CoT) prompting provides demonstrations with intermediate reasoning
steps, which substantially improves performance on arithmetic and symbolic reason-
ing benchmarks in sufficiently large models [154]. Kojima et al. [86] show that even
a simple zero-shot instruction such as “Let us think step by step” can elicit similar
behavior, indicating that models can infer a reasoning style from textual cues alone,
again without parameter updates.

From the perspective of the preceding training section, in-context learning can be
viewed as a consequence of the pretraining objective. By optimizing next-token pre-
diction on heterogeneous, long-range coherent data, the model internalizes a rich
set of tasks and learning strategies. At inference time, attention over the prompt
then acts as a fast, temporary adaptation mechanism that complements slower pa-
rameter updates achieved through supervised fine-tuning or preference optimization.
Compared to these training-time stages, in-context learning has the advantage of
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requiring no additional optimization or storage of task-specific parameters, but it is
often sensitive to prompt design, example ordering and context length, and remains
an active area of theoretical and empirical research [46].

2.1.7 Examples

In this section, selected contemporary LLMs are introduced as examples and their
architecture is briefly outlined.

2.1.7.1 LLaMA (Meta)

Meta Al develops and releases the Llama family of large language models as openly
available foundation and chat models under a community license, beginning with
LLaMA (2023) [144], followed by Llama 2 (2023) [145], Llama 3/3.1 (2024) [47],
and most recently Llama 4 (2025) [101]. The series uses decoder-only Transformers
trained with next-token prediction and instruction tuning.

Key architectural choices in LLaMA and Llama 2 include a SentencePiece BPE
tokenizer ~ 32k vocabulary), RMSNorm pre-normalization, SwiGLU feed-forward
blocks, and rotary positional embeddings (RoPE). Llama 2 increases context length
to 4k tokens and introduces grouped-query attention (GQA) in larger variants to
reduce KV-cache size and improve inference throughput. Pre-training uses only
publicly available data, with LLaMA reporting a mixture covering Common Crawl,
C4, GitHub, Wikipedia, Books, arXiv and StackExchange. Llama 2 scales the cor-
pus to = 27 tokens and describes a post-training pipeline of supervised fine-tuning
followed by RLHF (rejection sampling and PPO) for dialogue alignment [144, 145].

The newest dense generation, Llama 3/3.1, retains this backbone while making tar-
geted changes. It adopts a 128k-token vocabulary tokenizer (constructed by combin-
ing 100k tokens from tiktoken with 28k non-English tokens) to improve compression
and multilingual coverage. The models use RoPE with a larger base frequency for
long-context stability, RMSNorm, dense SwiGLU FFNs, and GQA with eight KV
heads. The 8B/70B/405B parameter models use 32/64/128 attention heads respec-
tively, and are pre-trained first at 8k context then continued-pre-trained up to 128k
context. Llama 3 scales data substantially, reporting ~ 157" tokens overall, with
curriculum to extend context and specific up-/down-sampling of sources. Alignment
switches to multiple rounds of SF'T and DPO, with tool-use integration and safety-
focused data curation [47].

Llama 4 introduces a Mixture-of-Experts (MoE) design with native multimodality
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and extreme context lengths. Public materials describe two released variants, Scout
(=~ 109B total with 16 experts) and Maverick (=~ 400B total with 128 experts), each
activating ~ 17B parameters per token. They are reported to support very long
contexts via an interleaved scheme that mixes “No-position-encoding” (NoPE) layers
with RoPE layers, sometimes referred to as an iRoPE architecture, together with
chunked attention in the RoPE layers and attention-temperature scaling to mitigate
probability dilution at long sequence lengths. Official model cards and integration
notes cite pre-training on ~ 227" — 407 tokens, multilingual and multimodal inputs,
and instruct models tuned for 1M (Maverick) and up to 10M tokens (Scout) context
windows [101].

Across generations, Llama models tracked the contemporaneous state of the art:
LLaMA and Llama 2 established competitive open-weight baselines in general knowl-
edge and reasoning while trailing the strongest closed models of 2023 [144, 145|.
Llama 3 substantially narrowed this gap, showing strong performance in multilin-
gual understanding, coding, and math with instruction-tuned variants competitive
with leading systems available in 2024 [47|. Early public results and community
evaluations for Llama 4 indicate parity with frontier-class models on broad instruc-
tion following, tool use, and long-context reasoning, particularly in multimodal and
extended-context settings [101].

2.1.7.2 Qwen (Alibaba)

Qwen is an open-weight family of foundation models developed and released by Al-
ibaba Group’s Qwen Team, spanning base and instruction-tuned models, specialized
math and code variants, and multimodal Vision-Language (VL) models. The series
begins with Qwen (2023) [17], proceeds through Qwen2 (2024) [162] and Qwen2.5
(2024-2025, including 1M-token long-context and VL lines) [164, 18], and most re-
cently Qwen3 (2025) [163] which extends the family to dense and MoE models up
to 235B parameters under Apache-2.0 licensing. All generations are trained with
next-token prediction and instruction tuning.

Architecturally, modern Qwen models use a BPE tokenizer shared across sizes, with
Qwen2 reporting a common vocabulary of 151,643 regular tokens plus 3 control
tokens. Positional information is provided by RoPE with a larger base frequency
for long-context stability, combined with YARN length scaling [112|. Qwen2 further
introduces Dual-Chunk Attention to segment very long inputs while preserving cross-
chunk relations. Normalization is RMSNorm in a pre-norm stack, and the FNNs use
SwiGLU for activations. Attention moves from standard multi-head to grouped-
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query attention across sizes, reducing KV-cache cost, with explicit query and KV
head counts given per configuration. The series also includes a Mixture-of-Experts
(MoE) line for the large flagship models. Typical context lengths grew from 4k
to 32k during Qwen2 pre-training, with length-extrapolation to 131k via YARN.
Qwen2.5 expanded long-context training in both pre-training and post-training, and
Qwen2.5-1M reports 1M-token context together with sparse attention and chunked-
prefill optimizations. Qwen3 retains the RMSNorm-+SwiGLU+RoPE+GQA recipe
while scaling to a 235B-parameter MoE with ~ 225 activated per token and adds a
unified "thinking” and "non-thinking” inference mode [162, 163, 164].

Training data scale and recipe evolve across generations. Qwen2 trains on a high-
quality multilingual mixture emphasizing code and mathematics, scaled to ~ 7T to-
kens, with an explicit long-context continued-pre-training phase from 4,096 to 32,768
tokens and length-extrapolation techniques for up to 131,072 tokens. Qwen2.5 in-
creases the pre-training corpus to ~ 187 tokens with staged mixtures and expands
post-training to &~ 1M supervised examples plus multi-stage RL that combines DPO
and online GRPO (see later Section 2.3.3.3). Qwen2.5-1M details long-context data
synthesis, progressive pre-training, long-response SF'T, and deployment-oriented in-
ference changes for 1M tokens. Qwen3 further scales pre-training to ~ 367 to-
kens, broadens multilingual coverage to 119 languages and dialects, and combines
reasoning-mode and standard instruction-following in a single model family. Post-
training across generations uses SF'T plus preference-based alignment, moving from
RLHF in early Qwen to SFT+DPO in Qwen2, and to larger, staged SFT and RL
pipelines in Qwen2.5 and Qwen3 [162, 163, 164].

Qwen and Qwen2 provided competitive open-weight baselines across general lan-
guage understanding, multilingual tasks, coding and math while trailing the strongest
closed models of their time. Qwen2.5 narrowed this gap with improved long-context
processing and stronger alignment, and Qwen2.5-1M demonstrated practical million-
token handling. Results for Qwen3 show clear improvements over previous genera-
tions, with the model family outperforming other open-weight systems of comparable
size, including the corresponding Llama models, across reasoning, coding, math and
multilingual benchmarks. The smaller Qwen3 variants already surpass prior open-
source baselines in their size class, and the larger configurations achieve competitive
performance relative to leading proprietary models, which the report attributes to the
expanded training corpus and the mixture-of-experts architecture [17, 162, 163, 164].
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2.2 Knowledge Graphs and SPARQL
2.2.1 The Semantic Web and Knowledge Graphs

This research is situated within the architectural framework of the Semantic Web,
originally envisioned by Berners-Lee et al. [29] as an extension of the existing World
Wide Web. While the traditional Web consists of unstructured documents designed
for human consumption, the Semantic Web aims to create a web of data that can
be processed and interpreted automatically by machines. To achieve this, the archi-
tecture relies on a stack of standardized technologies, that provide common formats
for data interchange, schema definition, and querying [28]. This architecture is often
referred to as "semantic web layer cake” and is depicted on a high level in Figure 4.

User Interface & applications

Trust
Proof
Unifying Logic
ontology: Rules:
Query: owL RIF
SPARQL Crypto
| RDF-S |

Data interchange: RDF

XML

URI Unicode

Figure 4: The semantic web layer cake architecture diagram. (from Berners-Lee and
Swick [28])

Closely related to this architecture are the Linked Data principles, which establish
best practices for publishing structured data. These principles dictate that data
should be published using standard Web protocols such as HT'TP and uniform re-
source identifiers (URIs) to create a global, interconnected data space where entities
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link to one another across different datasets [30].

Within this technical ecosystem, Knowledge Graphs (KGs) have emerged as a central
paradigm for data integration and knowledge representation [107]. Although defi-
nitions vary, the community has converged on the understanding that a knowledge
graph is a graph-structured representation of entities and their relations, grounded
in an ontology that defines the semantics of the data [67].

Formally, a knowledge graph is defined as a directed labeled graph G = (V, E, L).
In this definition, V' represents a set of vertices (entities), L represents a set of edge
labels (relations), and £ C V x L x V represents the set of edges connecting these
vertices.

A critical characteristic of knowledge graphs on the Semantic Web is that they oper-
ate under the Open World Assumption (OWA). In traditional relational databases,
systems typically operate under a Closed World Assumption, where any informa-
tion not present in the database is presumed to be false. In contrast, the OWA
dictates that the absence of a statement does not imply falsity, but implies that the
information is currently unknown [15]. This assumption is essential for the decen-
tralized nature of the Web, as it allows graphs to be extended incrementally with
new facts from heterogeneous sources without creating logical contradictions with
existing information.

2.2.2 The RDF Data Model

The Resource Description Framework (RDF) is the standard abstract data model
for the Semantic Web as defined by the World Wide Web Consortium (W3C). RDF
breaks knowledge down into discrete assertions known as triples. An RDF triple is an
ordered 3-tuple (s, p, 0), which corresponds to a simple sentence structure comprising
a subject s, a predicate p, and an object o [41].

The components of an RDF triple are drawn from three disjoint sets: Internation-
alized Resource Identifiers (IRIs) denoted by Z, Literals denoted by £, and Blank
Nodes denoted by B. The subject of a triple must be an element of the union ZU B.
The predicate must be an element of the set Z. The object can be an element of the
union ZUBU L .

Internationalized Resource Identifiers (IRIs) are the core mechanism for identification
in RDF. They serve as global, unique names that allow entities to be referenced
unambiguously across different datasets. For example, an IRI might uniquely identify
a specific person, distinguishing them from all other individuals with the same name.

27



2.2 Knowledge Graphs and SPARQL

Blank Nodes act as existential variables representing resources that exist but do
not require a global identifier. They are locally scoped to a specific graph and are
frequently used to model complex n-ary relationships or container structures where
naming the intermediate node is unnecessary [106].

Literals represent concrete data values and may only appear in the object position of
a triple. RDF distinguishes between plain language-tagged strings (used for natural
language text) and typed literals. A typed literal consists of a lexical form (a string)
and a datatype IRI. RDF relies on the XML Schema (XSD) type system to define the
value space for these literals, supporting standard types such as integers, booleans,
and dates. This formal typing is critical for semantic processing because it allows a
query engine to interpret the character string "1990" and the integer value 1990 as
distinct entities, thereby enabling valid arithmetic and comparison operations during
query execution [41].

Figure 6 shows a simple example of a RDF graph based on the four triples given in
Figure 5.

<#js> rdf:type foaf:Person .

<#js> foaf:name "John Smith"

<#js> foaf:workplaceHomepage <http://univ.com/> .
<http://univ.com/> rdfs:label "University"

Figure 5: Example RDF triples (from Tomaszuk and Hyland-Wood [143]).

foaf:workplaceHomepage
<#js> <http://univ.com/>

foaf:name

rdf:label
rdf:type

Figure 6: A Resource Description Framework (RDF) graph with four triples. (from
Tomaszuk and Hyland-Wood [143])
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2.2.3 RDF Schema (RDFS)

While RDF provides the structure for expressing data, it does not inherently provide
the vocabulary to describe the meaning of that data. RDF Schema (RDFS) pro-
vides this semantic extension. It introduces a standardized vocabulary for describing
groups of related resources (classes) and the relationships between them (properties)
[31]. RDFS is characterized as a lightweight ontology language, balancing expressiv-
ity with computational efficiency.

A central feature of RDFS is its ability to model hierarchies. rdfs:subClassOf is
a property that allows the definition of a subset relationship between two classes.
In set-theoretic terms, if a class C; is defined as a subclass of Cy (written as the
triple (Cy, rdfs:subClass0f,Cy)), it implies that the set of all instances of C is
entirely contained within the set of instances of C5. Consequently, if an individual z
is asserted to be an instance of C, it can be inferred that x is also an instance of (.
For example, if "Journal Article" is a subclass of "Publication", any resource typed
as a "Journal Article" is implicitly also a "Publication" [31].

Similarly, the property rdfs:subProperty0f defines a specialization hierarchy for
relations. If a property P; is a subproperty of P, then any two resources connected
by P, are necessarily connected by Ps.

RDFS also supports the definition of semantic constraints via domain and range dec-
larations. A triple (P, rdfs:domain, (') states that the property P is associated with
the class C. Specifically, it implies that any resource appearing as the subject of a
triple with predicate P must belong to class C'. The property rdfs:range functions
similarly for the object of the triple. In RDFS, domain and range declarations act as
inference rules. If a dataset contains a triple that seemingly violates a domain dec-
laration, the system does not reject the data as invalid. Instead, it accepts the data
and infers the necessary class membership for the subject to satisfy the constraint [8].
While the computational complexity of full RDFS entailment is NP-complete [142],
most practical triple stores implement rule-based fragments that allow for tractable
and scalable reasoning [6.

2.2.4 Querying with SPARQL

SPARQL (SPARQL Protocol and RDF Query Language) is the W3C standard rec-
ommendation for querying and manipulating RDF data. Unlike SQL, which is de-
signed to query rectangular tables in relational databases, SPARQL is designed to
query the directed graph structure of RDF through a process known as graph pattern
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matching [115, 117].

The fundamental unit of a SPARQL query is the Basic Graph Pattern (BGP). A BGP
acts as a template consisting of a set of triple patterns. These triple patterns resemble
RDF triples, but any component (subject, predicate, or object) can be replaced by
a variable, typically denoted with a question mark (e.g., ?author). Evaluating a
BGP involves finding a set of solution mappings. A solution mapping p is a partial
function that maps variables in the query to actual RDF terms in the dataset. A
mapping is considered a solution if, when the variables in the BGP are replaced

by their mapped values, the resulting set of triples exists within the target graph
|7, 117].

SPARQL 1.1 extends this basic matching mechanism with an algebra of operators to
handle more complex retrieval requirements. The FILTER operator restricts the set of
solutions based on boolean expressions. This allows users to apply constraints such as
numeric comparisons (e.g., filtering for years greater than 2020) or regular expression
matching on string literals. The OPTIONAL operator is designed to handle the semi-
structured and often incomplete nature of knowledge graphs. It attempts to extend
the current solution mapping with additional patterns. Crucially, if the optional
pattern cannot be matched, the solution is not discarded; instead, the variables in
the optional part are simply left unbound. This functions similarly to a "Left Outer
Join" in SQL. The UNION operator enables disjunction, allowing the query to merge
results from alternative graph patterns [9].

The language supports four distinct result forms. SELECT returns a table of variable
bindings and is the standard format used for Question Answering tasks. CONSTRUCT
returns a valid RDF graph by populating a user-defined template with the query
solutions, effectively transforming the graph structure. ASK returns a simple boolean
value indicating whether a pattern match exists, while DESCRIBE returns an imple-
mentation-dependent graph describing a resource. Additionally, SPARQL 1.1 in-
cludes aggregation functions such as COUNT, SUM, and AVG, as well as grouping mod-
ifiers like GROUP BY. These features allow queries to compute statistical summaries
directly over the graph structure rather than simply retrieving raw facts [9].

A simple example SPARQL query, based on the graph from Figure 6, is given in
Listing 1. The query retrieves the name associated with the entity <#js> and the
label of the organization specified as its workplace.

SELECT 7name 7orglabel
WHERE {
<#j5s> <http://www.w3.org/1999/02/22-rdf-syntaz-ns#type>
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<http://xmlns.com/foaf/0.1/Person> ;
<http://xmlns.com/foaf/0.1/name> 7name ;
<http://xmlns.com/foaf/0.1/workplaceHomepage> 7org .

7org <http://www.w3.org/2000/01/rdf-schema#label> ?orglLabel
}

Listing 1: Example SPARQL query.

2.2.5 The DBLP Knowledge Graph

This thesis utilizes the April 2024 version of the DBLP Computer Science Bibliog-
raphy as the primary data source for experimentation. While DBLP has historically
been maintained as a semi-structured XML collection [93], the DBLP Knowledge
Graph (DBLP KG) exposes this dataset as high-quality Linked Data, grounded in a
domain-specific ontology [4].

The ontology of the DBLP KG is designed to reflect the specific editorial processes
and data structures of the bibliography. It is centered around three primary classes.
The class dblp:Publication represents scholarly works and includes a hierarchy of
subclasses such as dblp: JournalArticle and dblp:ConferenceandWorkshopPaper.
The class dblp:Creator represents agents and distinguishes between individual per-
sons and groups. A unique feature of this ontology is dblp:AmbiguousCreator.
This class explicitly models author names that have not yet been disambiguated into
unique identities (e.g., a "J. Smith" who might refer to multiple distinct people). By
modeling ambiguity explicitly rather than forcing a potentially incorrect resolution,
the graph preserves the provenance and quality of the underlying data [84].

To model the concept of authorship, DBLP employs a reification pattern using the
class dblp:Signature. In a simple graph, an edge is binary, connecting two nodes
(e.g., Publication — Person). However, authorship is often an n-ary relationship
that includes additional attributes, such as the order of authors in the byline or
their specific affiliations for that paper. To capture this, the DBLP KG introduces
the Signature as an intermediate node: a Publication is linked to a Signature, and
the Signature is linked to a Creator. This structure allows for the attachment of
edge-specific metadata to the authorship relation itself.

Finally, the DBLP KG functions as a hub in the scholarly web by linking entities
to external identifiers via the datacite:Identifier class. This provides dense con-
nections to external systems such as ORCID, Wikidata, and OpenAlex, enabling
cross-platform data integration.
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2.2.6 Knowledge Graph Question Answering (KGQA)

Knowledge Graph Question Answering (KGQA) systems abstract the complexity
of formal query languages, enabling users to retrieve information from a graph us-
ing natural language. Methodologies in this field are generally categorized into two
paradigms: information retrieval (IR) approaches and semantic parsing approaches
[90]. IR-based methods typically extract a subgraph relevant to the entities men-
tioned in the question and rank candidate answers based on graph features or se-
mantic similarity.

This work adopts the Semantic Parsing paradigm. Semantic parsing models KGQA
as a translation task, where the objective is to map a natural language input N to
a formal logical form L. In this context, a SPARQL query, which, when executed
on the graph, returns the correct answer [77]. This process involves several complex
sub-tasks, including Entity Linking (mapping textual phrases to unique IRIs), Re-
lation Extraction (identifying the correct predicates), and Composition (structuring
the logic with correct operators). Semantic parsing is particularly relevant for ques-
tions that require aggregation (e.g., counting papers) or comparative reasoning, as
these logic-heavy operations are difficult to resolve through simple graph traversal
techniques.

2.2.7 Neural Semantic Parsing and Large Language Models

The state-of-the-art in semantic parsing has shifted from rule-based systems to Neu-
ral Semantic Parsing, specifically leveraging Large Language Models (LLMs). In this
formulation, the problem is treated as a sequence-to-sequence generation task. The
model predicts a sequence of SPARQL tokens conditioned on the input question and
a textual representation of the graph schema [94].

However, applying LLMs to the Text-to-SPARQL task presents specific challenges,
most notably regarding Schema Faithfulness. Knowledge graph schemas, such as
DBLP, often contain thousands of predicates and classes. It is computationally
infeasible to include the entire ontology definition in the context window of the model.
Consequently, effective systems must employ "schema linking" techniques to identify
and prune the ontology to a relevant subset before generation [59]. Furthermore,
LLMs are prone to hallucination, where they generate plausible-looking but non-
existent IRIs. Addressing this requires fine-tuning strategies, such as the Group
Relative Policy Optimization (GRPO) utilized in this work, to align the output
probability distribution of the model with the strict topological constraints of the
underlying Knowledge Graph.
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2.2.8 Evaluation Metrics

To assess the performance of Text-to-SPARQL systems, the literature employs a
variety of metrics that evaluate generated queries at different levels of abstraction.
The strictest metric, Exact Match (EM) accuracy, compares the generated SPARQL
string literal directly to a gold-standard query. While rigorous, EM is frequently
criticized for being overly penalizing, as it fails to account for semantically equivalent
queries that differ only in syntactic details, such as variable naming conventions or
the ordering of filter clauses [82].

To address the limitations of syntactic comparison, Execution Accuracy (ExAcc)
serves as a robust functional metric. It compares the result sets returned by executing
both the generated query and the gold query against the target endpoint. If the
results are identical—accounting for set ordering and datatypes—the generation is
considered correct. ExAcc verifies that the model has captured the correct user intent
and logic, regardless of the specific syntax used to express it.

However, binary metrics such as Execution Accuracy do not capture partial correct-
ness. To provide a continuous measure of performance, set similarity metrics such
as the Fj score are utilized to evaluate the overlap between the retrieved answer
set and the expected gold standard set [27]. This approach allows for a granular
assessment of answer completeness (recall) and correctness (precision), particularly
in cases where the system retrieves a valid subset or a superset of the correct enti-
ties. Reflecting these considerations, this study reports both Fj3 scores and execution
accuracy to provide a comprehensive evaluation of model performance, as detailed
in Chapter 3.5.

2.3 Policy Optimization in Reinforcement Learning

In this chapter, the theoretical foundation of Reinforcement Learning (RL) and Pol-
icy Optimization is established. The first section conceptually introduces the RL
framework and terminology. The second section discusses Policy Gradient Methods,
before the third section introduces Trust Region Policy Optimization (TRPO) and
its variants, most notably GRPO, which is relevant for later chapters.

2.3.1 The Reinforcement Learning Framework

Reinforcement Learning (RL) is a paradigm for sequential decision-making in which
an agent interacts with an environment over a sequence of time steps. At each time
step, the agent observes the current state of the environment, chooses an action, and
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in return receives a reward and a new state from the environment. This forms the
agent-environment interaction loop, as illustrated in Figure 7

’J Agent =
state reward action

St Rt A[
RI+1 (
S.. | Environment ]4—

\

<

Figure 7: The agent—environment interaction (from Sutton and Barto [140])

The agent’s policy 7 can be seen as a function, mapping states to actions, and thus
determining which actions the agent takes in a given state. The agent’s objective is
to learn a policy that maximizes its long-term cumulative reward. The cumulative
reward over time is formally defined as return G, which can be any function over the
rewards. In the simplest summation case, with an episodic task (i.e. finite number
of total timesteps T'), the return can be defined as

Gt = Rt+1 + Rt+2 + Rt+3 + —f— RT. (1)

The environment’s dynamics are typically modeled as a Markov Decision Process
(MDP), i.e. the task follows the Markov assumption with the probability of a new
state s’ and reward r only depending on the previous state s and the chosen action
a:

p(s',r|s,a) = Pr{Syy1 = &', Riy1 = r|St = s, At = a}. (2)

To maximize the return from this environment, not only the immediate reward needs
to be considered, but the long-term expected return for being in a state or for taking
a specific action. This prediction of future rewards is used to assess how good a
given policy is in the long-run. This notion is expressed in terms of a value function
v, representing the expected cumulative reward from state s onward when following
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policy m. Similarly, an action-value function ¢ expresses the expected cumulative
reward starting from state s, taking action a under the policy 7

Ur(s) = Eq[G; | S; = 5], (3)
0r(s,a) =E,[Gy | Sy = s, Ay = a] (4)

While the value function v, (s) expresses how good it is to be in a state under policy
7, and the action-value function ¢, (s, a) expresses how good it is to take a specific
action in that state, the advantage function measures the relative benefit of choosing
action a compared to the policy’s average behavior at state s. Formally, it is defined
as

Ar(s,a) = g(s,a) — vi(s). (5)

The advantage is therefore a centered quantity that highlights whether an action
yields higher or lower expected return than the typical action chosen by the current
policy. Positive values indicate actions that outperform the state baseline, while
negative values indicate actions that are worse than what the policy would usually
do. This formulation is particularly useful for policy gradient methods, since it
reduces variance by removing the common baseline term v, (s) while preserving the
direction of the gradient

A foundational assumption in RL is the reward hypothesis, which posits that any goal
can be expressed as the maximization of some scalar reward signal. In formal terms,
"all of what we mean by goals and purposes can be well thought of as maximization of
the expected value of the cumulative sum of a received scalar signal (called reward)”
[140]. This implies that if we design an appropriate reward function for a task, an
RL agent that maximizes that reward should, in principle, achieve the intended goal.
This hypothesis underpins the RL approach, in that the design of the reward signal
indirectly specifies the desired behavior for the agent.

While RL originated in domains like robotics and games, its framework is general and
can be applied to domains like natural language generation (see also Section 2.1.5.4).
Considering a LLM in a question-answer setting, the LLM can be viewed as an RL
agent interacting with a textual environment. The state may be the current dialogue
context or prompt (including the question asked and any conversation history), and
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an action is the generation of the next token or word in the answer. The policy
mp of the LLM (with parameters #) defines a probability distribution over possible
next-token actions given the state (the prompt and generated prefix). An episode
might consist of the model generating a complete answer, after which it receives a
scalar reward measuring the quality of that answer. For example, the reward could
be +1 for a perfectly correct and coherent answer, 0 for an incorrect answer, or a
more fine-grained score given by a human evaluator or an automatic metric.

Using RL, LLMs can be fine-tuned such that the probability of high-reward outputs
corresponding to higher quality answers are increased and the probability of low-
reward outputs is decreased. In essence, the language model learns through trial-and-
error to refine its text generation policy in order to maximize the expected reward,
much like an agent learning to achieve goals in a traditional RL environment.

2.3.2 Policy Gradient Methods

The previous section introduced the agent—environment interaction, return G; and
the value functions v,(s) and ¢, (s, a) that describe how good it is to follow a given
policy 7 from a state or state—action pair. In many classical algorithms, such as
dynamic programming and temporal-difference control, the policy is derived indi-
rectly from these value estimates. Policy gradient methods, in contrast, directly
parametrize the policy as a stochastic mapping ma(a | s) with parameters 6 and ad-
just these parameters to maximize the expected return under the induced trajectory
distribution.

Formally, one can describe the performance of a parametrized policy by the objective
J(0) = Er,[Go], (6)

where G is the return defined above for an episode starting at time ¢ = 0. The policy
gradient theorem provides a general expression for the gradient of this objective. For
a differentiable stochastic policy and an MDP as described in the previous section,
it states that

T
Vo J(0) = Er, Zvﬁ log ma( Ay | St) Gy (St A) | (7)
t=0

where ¢, is the action-value function under my [141]. This result shows that the
gradient can be written in terms of the score function Vglogme(A; | S;) and does
not require differentiating through the environment dynamics.
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The REINFORCE algorithm, introduced by Williams [156], is the earliest and most
fundamental Monte Carlo policy gradient method. In the original connectionist
formulation, the update for a weight w;; in a network of stochastic units is

Awij = (T’ — b”) €ij, (8)

where « is the step-size, 7 is a scalar reinforcement signal, b;; is a baseline associated
with parameter w;;, and e;; is an eligibility term corresponding to the gradient of the
log-probability of the unit’s output with respect to w;; [156]. This expression is an
instance of the likelihood-ratio (or score-function) estimator applied to the expected
reinforcement.

In modern reinforcement learning notation, REINFORCE is usually expressed di-
rectly in terms of trajectories generated by my. For an episodic task, let G; denote
the return from time step t as defined above. The policy gradient theorem suggests
the Monte Carlo gradient estimator

9(0) = Zvo log ma(A; | St) G, 9)

t=0

which leads to the update

T
0+ 0+a) Vilogm(A, | S)G,. (10)

t=0

This estimator is unbiased but typically has high variance because it relies on full-
episode returns. A standard variance reduction technique is to subtract a baseline
that depends only on the state and does not change the expected value of the gradient
estimator [141, 58]. Using a state-dependent baseline b(S;) yields the generalized
REINFORCE update

0« 0+a) Vylogm(A | S,) (G —b(Sy)). (11)

t=0

If the baseline b(S;) approximates the value function v, (.S;) introduced in (3), then
the term (Gt — b(St)) acts as an empirical estimate of the advantage

Awg(st, At) = {4nry (St, At) — Ury (St)a (12)

as defined in (5). In this view, the update increases the log-probability of actions
with positive estimated advantage and decreases it for actions whose expected return
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is worse than the state baseline. Baselines of this kind can substantially reduce the
variance of policy gradient estimates while leaving their expectation unchanged [58].

In practice, policy gradient methods such as REINFORCE are implemented by re-
peatedly sampling episodes under the current policy, computing returns G; and (op-
tionally) baseline or advantage estimates for each time step, and then updating 6
according to the gradient estimator above. Although this approach is conceptually
simple and directly optimizes the expected return, the reliance on Monte Carlo re-
turns often leads to slow and unstable learning due to high variance in the gradient
estimates. These limitations motivate actor—critic methods, where a learned value
function is used to provide lower-variance estimates of ¢, or A, and thereby yield
more stable and sample-efficient policy updates [87].

2.3.3 Trust Region Policy Optimization

While policy gradient methods directly optimize the expected return by following
stochastic gradient estimates, they can suffer from instability in practice. Large
parameter updates may push the policy into regions of parameter space where it
performs poorly, and using trajectories collected under an old policy to update a
significantly changed new policy introduces bias, since the policy gradient estimator
is inherently on-policy. At the same time, high variance in the gradient estimates
can cause slow and erratic learning, even when baselines and advantage estimators
are used [58].

Trust Region Policy Optimization (TRPO), introduced by Schulman et al. [124],
addresses these issues by constraining each policy update to remain within a small
trust region of the previous policy. The method builds on the conservative policy
iteration framework of Kakade and Langford [81], which provides a bound relating the
performance difference between two policies to a surrogate objective and a divergence
term. In particular, under certain assumptions one can bound the performance of a
new policy my by

J(mo) 2> Ly, (m9) — CmaxKL(mg,, (- | 5) [ mo(- | 5)), (13)

where L’T%ld is a surrogate objective estimated using data from the old policy and C'is
a constant depending on the discount factor and reward range [81, 124|. Maximizing
this surrogate while keeping the divergence small yields a sequence of policies that
are guaranteed to improve monotonically in the idealized setting.

In practice, TRPO replaces the theoretical max over states by an empirical average
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and optimizes the following constrained problem:

max [, [M At} (14)
0 TOo1a (at | St)

subject to B, [KL[mg_, (- | s¢) || ma(- | s¢)]] <0, (15)

where A, is an empirical estimate of the advantage Ar, . (st,a;) defined in (5), and the
expectation is taken over states and actions sampled from the old policy my_,, [124].
The ratio between new and old policy probabilities plays the role of an importance
sampling factor, turning on-policy expectations under the old policy into a surrogate
for the new policy performance.

Directly solving the constrained problem in (14)—(15) is expensive, so TRPO uses
a sequence of approximations. The objective is linearized around 6,4, and the KL
constraint is approximated quadratically using the Fisher information matrix of the
policy, which is the Hessian of the KL divergence at 6,4 [124]. The resulting quadratic
program is solved approximately with conjugate gradient to obtain a search direction,
followed by a backtracking line search that selects a step size satisfying the KL
constraint in (15). This procedure yields a natural policy gradient style update that
respects a trust region in policy space, and in practice leads to robust performance
improvements for large nonlinear policies such as neural networks.

2.3.3.1 Generalized Advantage Estimation

The effectiveness of methods such as TRPO depends on the quality of the advantage
estimator flt. Simple Monte Carlo estimates based on returns GG; have low bias but
high variance, whereas temporal-difference (TD) estimates have higher bias but lower
variance. Generalized Advantage Estimation (GAE), introduced by Schulman et al.
[125], provides a principled way to interpolate between these extremes. It defines a
family of advantage estimators

0y = R + 7v¢(St+1) - V¢(St)a (16)
ASAE(W\) = Z(V/\)l Ot+1, (17)

=0

where Vj, is a learned approximation of the value function and A € [0,1] is a trace
parameter analogous to that in TD(A). Setting A = 1 recovers a Monte Carlo style
estimator, while smaller values of A place more weight on short-horizon TD errors,
reducing variance at the cost of additional bias. Empirically, GAE has been shown
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to substantially improve sample efficiency and stability for policy gradient methods
in high-dimensional continuous control tasks, and it is commonly used to compute
A; in both TRPO and PPO [124, 125].

2.3.3.2 Proximal Policy Optimization

Despite its favorable theoretical properties, TRPO has a relatively complex imple-
mentation and requires second-order information via Fisher-vector products and line
search at every update. Proximal Policy Optimization (PPO) was proposed by Schul-
man et al. [126] as a simpler first-order alternative that retains many of the practical
benefits of TRPO. PPO is also based on the surrogate objective with an importance
sampling ratio
mo(as | $¢)

T0o1a (at | St>,
but instead of enforcing an explicit KL constraint, it incorporates a soft trust region

directly into the objective. In its clipped variant, the surrogate objective is defined
as

Tt(e) = (18)

LEYP(9) = B, [ min (r(0) Ay, clip(ry(0),1 —e,1+¢) A;)], (19)

where 4, is typically computed using GAE and ¢ is a small hyperparameter [126].
For positive advantages, clipping caps the benefit of increasing () above 1+ ¢, and
for negative advantages it caps the benefit of decreasing r;(0) below 1 —e. Taking the
minimum between the unclipped and clipped terms yields a pessimistic surrogate,
which acts as a lower bound on the improvement predicted by the unconstrained
surrogate. This construction removes the incentive to push r,(0) far outside the
interval [1 — e, 1+ €], thereby discouraging overly large policy updates.

In practical implementations, PPO optimizes a composite loss that combines the
clipped policy surrogate, a squared-error loss for the value function, and an entropy
bonus encouraging exploration [126]. Unlike TRPO, PPO performs multiple epochs
of minibatch stochastic gradient updates on the same batch of collected trajectories,
which improves sample efficiency while the clipping mechanism keeps the policy
updates stable. The original paper also considers an alternative formulation with an
explicit KL penalty term in the objective, where a coefficient is tuned to keep the
KL divergence near a target value, but empirically the clipped surrogate was found
to be more robust and less sensitive to hyperparameter choices [126].

Because of its conceptual simplicity, ease of implementation and robust empirical
performance across a wide range of continuous control and discrete-action tasks,
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2.3 Policy Optimization in Reinforcement Learning

PPO has become a standard choice for large-scale deep RL. In particular, PPO-style
objectives with additional KL regularization are used to fine-tune LLMs in RLHF
pipelines (see Section 2.1.5.4).

2.3.3.3 Group Relative Policy Optimization

While Proximal Policy Optimization (PPO) has become a standard approach for
fine-tuning LLMs with RL, its implementation typically maintains a separate value
function network alongside the policy model. This dual-network architecture in-
creases memory usage and computational complexity, especially for large language
models, since the value network is often a full copy of the policy backbone. Group
Relative Policy Optimization (GRPO), introduced by Shao et al. [131] and subse-
quently adopted in models such as DeepSeek-R1 [60], addresses this limitation by
retaining a PPO-style clipped surrogate and KL regularization while eliminating the
need for an explicit value function.

Formally, following Shao et al. [131], for each question ¢ a group of G outputs

{017027 . 7OG}

is sampled from the current (old) policy mg,,,. A reward model r, then scores each
output, yielding rewards r = {ry,rs,...,rg}. Instead of estimating advantages via
a learned value function and GAE, GRPO constructs a group-relative advantage
by normalizing rewards within the group. At the sequence level, the advantage for
output o; is defined as

r; —mean(ry,...,rq)

Ai -
std(ry,...,7¢q)

(20)

For outcome supervision, this scalar advantage is then broadcast to all tokens in the
completion,

Ay =A; forallte{1,... o}, (21)

so that every token in o; shares the same learning signal. For process supervision,
where a process reward model assigns scores to intermediate reasoning steps, the
step-wise rewards are first normalized within the group and then accumulated over
future steps; the advantage for token position ¢ is defined as the sum of normalized
rewards from that step onward [131].
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2.3 Policy Optimization in Reinforcement Learning

Adapting the PPO surrogate to this setting and writing the token-level form com-
monly used for language models, the GRPO objective can be expressed as

. 11 & A )
LGRPO(Q) = ]Eq,{ai}iG:1 5 ZZI (m min (Tz’,t<8) Aiﬂg, Cllp (Ti,t(0)7 1-— g, 1 + 8) Amg)

t=1

—f DKL(W(' | Si) || Wref(' | Sz)))] )
(22)
where

79(0it | 5i)

TOo1a (Oi,t | Si)

Tz‘7t<6)> == (23)
is the per-token importance sampling ratio as in PPO, ¢ is the clipping parameter,
[ controls the strength of KL regularization, and ¢ is a fixed reference policy,
typically the supervised fine-tuned checkpoint before the RL process. This objective
is directly analogous to the PPO clipped surrogate, but it uses the group-relative
advantage (20) instead of a GAE-based estimate from a learned value function, and
it includes the KL penalty as an explicit term in the loss rather than folding it into
the reward [131]. Figure 8 illustrates the conceptual difference between GRPO and
PPO.

Trained
Models

Frozen

Models

Reference
Model

Reward
Model

Figure 8: GRPO vs. PPO (from Shao et al. [131]). GRPO estimates the expected
advantage based on a sample (group) of sequences for each training example, there-
fore eliminating the need for a separate value model.
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This formulation offers several practical advantages over PPO-style RLHF for large
language models. First, by eliminating the value function network, GRPO avoids
storing and training an additional model of comparable size to the policy, which sub-
stantially reduces memory and compute overhead relative to PPO-based pipelines
[131]. Second, the group-relative normalization focuses the update on the relative
ranking of responses within each prompt and makes the learning signal less sen-
sitive to absolute reward scale differences across prompts, which aligns well with
preference-based and verifiable reward models [131, 60]. At the same time, the
standard-deviation normalization introduces a known bias towards prompts with
low reward variance, motivating variants such as Dr. GRPO and difficulty-aware
GRPO that modify or remove this term [96].

GRPO naturally accommodates both outcome supervision, where only final answers
receive rewards, and process supervision, where intermediate reasoning steps are
rewarded. In DeepSeekMath, process-supervised GRPO yields stronger performance
than outcome-supervised GRPO on challenging mathematical reasoning benchmarks
such as GSM8K and MATH [131]. Combined with domain-specific pre-training, this
RL setup enables DeepSeekMath-7B to achieve then state-of-the-art performance
among open-weight models on MATH, approaching proprietary systems like GPT-
4 and Gemini-Ultra [131]. These results, together with subsequent GRPO-based
alignment of models such as DeepSeek-R1 [60], make GRPO a widely adopted choice
for task-specific RL fine-tuning of large language models.
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3 Methodology

3.1 Dataset and Preprocessing

3.1.1 DBLP-QuAD Dataset

All experiments in this thesis are conducted on DBLP-QuAD, a knowledge-graph
question answering (KGQA) dataset built on top of the DBLP scholarly knowledge
graph (see Section 2.2.5). DBLP-QuAD contains 10 000 question-SPARQL pairs
that can be executed against the DBLP KG to retrieve the gold answers, and is, to
date, the largest publicly available scholarly KGQA dataset of this kind [22].

DBLP-QuAD was originally released as part of the Scholarly QALD challenge at
ISWC 2023 and is distributed via Hugging Face [23].

3.1.1.1 Dataset Generation

DBLP-QuAD is generated using a semi-automatic, template based framework in-
spired by the OVERNIGHT approach to semantic parsing dataset construction
[151, 22|. The authors first design a set of 98 template tuples by inspecting the
DBLP ontology. Each tuple t = (s, Qy, Et, P;) consists of a SPARQL query tem-
plate s;, a set of semantically equivalent natural language question templates @), a
set of entity placeholders E}, and the set of predicates P; used in the query template
[22].

The template inventory covers the two main entity types of the DBLP knowledge
graph (creator and publication), the bibliographic type and eleven predicates of the
schema. Templates are grouped along two axes: they are either creator focused
or publication focused, and they are assigned to one of ten query types (Single
Fact, Multiple Facts, Boolean, Negation, Double Negation, Double Intent, Union,
Count, Superlative or Comparative, and Disambiguation). For each template tuple,
between four and seven paraphrased question templates are provided, including both
standard wh questions and instruction style paraphrases, which yields variation in
surface form.

To instantiate these templates, the framework samples local two hop subgraphs from
the DBLP RDF snapshot. Starting from a randomly drawn publication node, the
procedure collects adjacent creator nodes and literal metadata, then expands the
creator nodes to obtain their associated literals, which yields a small neighborhood
subgraph of the DBLP knowledge graph. For each desired data instance, a template
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tuple is sampled in a stratified manner so that entity type and query type are ap-
proximately balanced. The placeholders in the SPARQL query template and in the
natural language question templates are then filled with URIs and surface forms from
the sampled subgraph to obtain concrete SPARQL queries and corresponding natural
language questions. During this step, simple rule-based data augmentation is applied
to literals in order to increase linguistic diversity and make entity linking more chal-
lenging. Names are permuted or shortened to initials, venues are alternated between
short forms and full names, temporal durations are expressed either numerically or
in words, affiliations are shortened from full postal addresses to institution names,
and titles used in disambiguation questions are reduced to noun phrase keywords ex-
tracted with SpaCy [22]. For each resulting data instance, the instantiated SPARQL
query is executed against a Virtuoso endpoint hosting the DBLP RDF dump, and
only those question query pairs that return at least one answer are retained. Each
example in DBLP—QuAD thus consists of an executable SPARQL query, a main
natural language question and a paraphrase, together with the instantiated entities
and predicates.

3.1.1.2 Dataset Structure and Statistics

Each DBLP-QuAD instance consists of a structured record that combines natural
language and symbolic fields. In addition to the main natural language question and
its paraphrase, each instance stores the corresponding SPARQL query, the query
type, an identifier of the underlying template, a list of entities participating in the
query, a list of relations, a Boolean flag that marks temporal questions, and a Boolean
flag indicating whether the instance stems from templates that are held out from the
training set (Banerjee et al., 2023; Abi Akl et al., 2023). Listing 2 shows one sample
from the dataset in a JSON format.

' "id": "QO509",
"query_type": "SINGLE_FACT",
"question": {
"string": "Name the authors of the paper 'Cultivating Interaction
Ubiquity at Work'."
s
"paraphrased_question": {
"string": "'Cultivating Interaction Ubiquity at Work' was authored
by which authors?"
s
"query": {
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"sparql": "SELECT DISTINCT ?answer WHERE { <https://dblp.org/rec/
journals/tis/Sorensenl0> <https://dblp.org/rdf/schema#authoredBy>
7answer }"
},
"template_id": "TPO1",
"entities": [
"<https://dblp.org/rec/journals/tis/Sorensenl0>"
1,
"relations": [
"<https://dblp.org/rdf/schema#authoredBy>"
1,

"temporal": false,
"held_out": false

Listing 2: Example JSON sample

In total, DBLP-QuAD comprises 10 000 unique question—query pairs that are split
into training, validation, and test sets with a fixed ratio of 7:1:2. For each of the ten
query types, the dataset contains exactly 1 000 instances, equally divided between
creator- and publication-focused questions. The instances cover 13 348 distinct cre-
ator and publication entities and 11 predicates from the DBLP KG. Overall, 2,350
questions are marked as temporal, which require reasoning over publication years or
other time related information.

The authors report that natural language questions in DBLP—-QuAD have an aver-
age length of 17.32 tokens and 114.1 characters, while the corresponding SPARQL
queries have an average vocabulary size of 12.65 tokens and 249.48 characters [22].
The paraphrased question templates exhibit moderate lexical diversity, with average
unigram and bigram Jaccard similarities of 0.62 and 0.47 respectively, and an average
Levenshtein edit distance of approximately 33 characters between paraphrases [22],
which indicates that paraphrases differ in more than minor edits.

To assess generalization, the dataset includes a subset of question—query pairs gen-
erated from template tuples that are withheld from the training set. Roughly 19
percent of the instances in the validation and test sets are created from these with-
held templates, which leads to non i.i.d. distributions and enables the evaluation of

compositional and zero shot generalization beyond the patterns seen during training
[22].
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3.1.1.3 Dataset Limitations

While DBLP-QuAD is a comparatively large and carefully constructed scholarly
KGQA dataset, Banerjee et al. [22] discuss several limitations that are relevant for
interpreting experimental results. First, although all templates are human-written,
the questions themselves are generated programmatically from the KG and only two
authors were involved in authoring and validating the templates. As a result, the
distribution of questions may not fully reflect real user information needs. Second,
since around 80 % of the syntactic template structures in validation and test also
occur in the training set, there is some degree of test leakage at the level of surface
query patterns. Third, the dataset inherits the shortcomings of the DBLP KG, for
example missing literals for some predicates and paper titles that do not correspond
to how papers are referred to in practice. This leads to challenging entity linking
cases, such as well known papers that are typically referred to by acronyms like
"GPT-3" or "BERT” instead of their full titles. Since entity and relation linking is
assumed to be perfect, this limitation does not affect the scope of this work.

3.1.2 Dataset Preprocessing

For the experiments reported in this thesis, the publicly released DBLP-QuAD
dataset is retrieved from the Huggingface repository awalesushil/DBLP-QuAD and
is used without modifying its train-validation-test split. The dataset then prepro-
cessed by means of a multi-stage pipeline that standardizes queries and answer sets,
enriches entities and relations with human readable metadata, and formats the final
input in a conversational style suitable for LLMs.

Since the original DBLP-QuAD dataset does not contain explicit gold answer sets, all
gold queries are executed against a Virtuoso SPARQL endpoint populated with the
DBLP knowledge graph (for more details on the SPARQL endpoint see Section 3.4.2).
For each query, the complete result set is retrieved using the JSON serialization
of SPARQL results and stored alongside the original sample. This step ensures
that every question—query pair is associated with a materialized gold answer set as
returned by the underlying DBLP knowledge graph.

The raw JSON responses returned by the SPARQL endpoint are not directly suitable
for downstream training and evaluation. Therefore, the bindings section of each
SPARQL result is transformed into a compact and uniform internal representation.
Concretely, each result is converted into a list of tuples, where each tuple corresponds
to a single answer row and contains the values of the projected variables in a fixed
order. This abstraction removes SPARQL specific details of the JSON format and
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provides a simple, model agnostic structure that can be used both for automatic
evaluation and for manual inspection of answer sets.

To reduce superficial variability between logically equivalent queries, a query normal-
ization procedure is applied to all gold SPARQL queries. This procedure removes
unnecessary aliases and redundant projections as far as possible without changing
query semantics, and variable names are canonicalized by replacing all original vari-
able identifiers with a standardized sequence v1, v2, and so on according to their
order of appearance. As a result, queries that differ only in the choice of variable
names or trivial aliasing are mapped to the same normalized form. This canonicaliza-
tion simplifies later analysis of query patterns and reduces spurious differences that
would otherwise affect tokenization and query comparison. Additionally, the query is
stripped from redundant whitespaces and converted to lower case. A simple example
of a normalized query can be found in the field ‘query normalized® in Listing 3.

In addition to normalizing queries and answer sets, the dataset is enriched with
human-readable information about all knowledge graph entities that appear in the
questions, queries, or answers. For this purpose, a dump of the DBLP knowledge
graph is downloaded and used as an offline index to resolve entity identifiers. For
each entity, a human-readable label is extracted, for example the name of an author
or the title of a venue, and attached to the corresponding URI. As an illustration,
the URI <https://dblp.org/pid/95/2265> is augmented with the label “Robert
Schober”, which makes it immediately clear that this resource refers to the respec-
tive researcher. The same procedure is applied to all other types of entities in the
dataset, such as publications, venues, and conferences. The enriched information is
stored in an additional field ‘entities detailed for each sample, which contains, for
every referenced entity, both the original URI and the resolved label. This improves
interpretability and allows models to access human-readable entity names without
dereferencing URIs during training or inference.

A similar enrichment step is performed for relations. The RDF schema defining the
DBLP vocabulary is downloaded and used to extract descriptive metadata for ev-
ery predicate occurring in the dataset. In particular, for each relation, the schema
provides a label as well as domain and range information. For example, the relation
https://dblp.org/rdf/schema#wikidata is described as linking DBLP entities to
corresponding Wikidata identifiers, with an entity as domain and any URI as range.
By attaching these labels and type constraints, relations are no longer represented
solely as opaque URIs but are accompanied by short textual descriptions and their
expected argument types. The resulting information is stored in a ‘relations de-
tailed‘ field that is added to each sample and lists, for every relation used in the
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query, its URI, label, domain, and range.

Finally, a prompt field is constructed for each sample that encodes the full model
input in a conversational format aligned with contemporary chat based LLMs. Each
prompt consists of a system message that specifies the general behavior and task
of the model, and a user message that is derived from the original question in the
dataset. As described in Section 2.1.6, the input prompt design can have a significant
effect on the output quality of an LLM, hence the prompts for this task were carefully
and iteratively designed, to provide guidance both on syntactical and semantical style
of the expected output, including the CoT pattern. The prompts can be found in
Appendix A.1.1 and A.1.2 respectively. By storing this structured prompt alongside
the original fields and the enriched metadata, the preprocessed dataset becomes
directly usable for training and evaluation without additional on the fly formatting.

Listing 3 shows the sample from Listing 2 after the preprocessing;:

{

"id": ["Q0509"],

"question": ["Name the authors of the paper "Cultivating Interaction
Ubiquity at Work"."],

"entities": [("<https://dblp.org/rec/journals/tis/Sorensenl0>",)],

"relations": [("<https://dblp.org/rdf/schema#authoredBy>",)],

"query": ["SELECT DISTINCT ?answer WHERE { <https://dblp.org/rec/
journals/tis/Sorensenl0> <https://dblp.org/rdf/schema#tauthoredBy> 7
answer }"J],

"answer": [[("https://dblp.org/pid/79/611",)1],

"query_type": ["SINGLE_FACT"],

"entities_detailed": [("<https://dblp.org/rec/journals/tis/Sorensenl0>
(['Carsten S\\uOOF8rensen: Cultivating Interaction Ubiquity at Work.

(2010) 'O " )1,

"relations_detailed": [("#Publication <https://dblp.org/rdf/schema#
authoredBy> #Creator (The publication is authored by the creator.)
"1,

"prompt": [{"role": ["system"], "content": ["You are a SPARQL expert.\n
Your task is to generate a syntactically and semantically correct
S0,

"query_normalized": ["select distinct ?vl where { <https://dblp.org/rec/
journals/tis/sorensenl0> <https://dblp.org/rdf/schema#authoredby> 7
vl }"]

Listing 3: Preprocessed Sample
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Taken together, these preprocessing steps yield a version of DBLP-QuAD in which
gold queries and answers are materialized and normalized, entities and relations
are enriched with human-readable labels and schema information, and each sample
is equipped with a ready to use conversational prompt. This improves the inter-
pretability, consistency, and practical usability of the dataset as a benchmark for
applying LLMs to KGQA over DBLP.

3.2 Model Selection

For the experiments in this work, the Qwen3-1.7B model is adopted as the base
model because the Qwen family shows strong reasoning performance across a variety
of tasks (see Section 2.1.7.2) and, more importantly for this thesis, systematically
outperforms other open-weight models such as Llama when fine-tuned with PPO-
style reinforcement learning on mathematical reasoning tasks.

Gandhi et al. [53] systematically compare Qwen2.5-3B and Llama-3.2-3B under an
identical TinyZero PPO setup on the Countdown game and find that Qwen achieves
large gains from RL while Llama improves only modestly. They attribute this dis-
crepancy to richer pre-existing “cognitive behaviors” such as verification and back-
tracking in Qwen that RL can amplify, and show that injecting such behaviors into
Llama restores its ability to benefit from RL [53].

Shao et al. [130] study reinforcement learning with verifiable rewards (RLVR) using
GRPO on Qwen2.5-Math models and report absolute improvements on MATH-500
of roughly 20 to 30 points, even when using spurious or random rewards, whereas

comparable spurious reward signals fail to produce consistent gains and can even
hurt performance for Llama3.1-8B-Instruct and OLMo2-7B [130].

Complementary evidence from OctoThinker shows that under an R1-Zero style RL
configuration, Qwen2.5-3B exhibits stable length growth and substantial accuracy
gains on benchmarks such as GSM8K and MATH-500, while Llama-3.2-3B under the
same setup often shows minimal gains and unstable response lengths. The authors
explicitly note that current open RL results are concentrated on Qwen and design
OctoThinker to close this gap for Llama [152].

Although these studies focus on math reasoning, they indicate that small Qwen
models provide a RL-friendly starting point that can realise comparatively large
gains from PPO style algorithms such as GRPO. Within this landscape, Qwen3-1.7B
offers a favourable trade-off between capacity and training cost, is part of a multi-
stage post-training pipeline that includes a dedicated GRPO-based “Reasoning RL”
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stage and subsequent distillation into smaller models, and is released as an open-
weight model with mature tooling, which together make it a suitable base model for
the experiments in this work.

From a methodological perspective, this thesis restricts itself to a single base model.
This choice reflects practical constraints, as GRPO training on DBLP-QuAD is com-
putationally and memory intensive, and a broader comparison across multiple model
sizes or architectures would have required larger GPU resources and training time.
The available budget is therefore concentrated on a more thorough exploration of
reward configurations and training runs for one representative small model. A more
systematic cross-model analysis is left to future work and is discussed in Section 5.

3.3 Training Logic
3.3.1 Overview and Training Objective

The SPARQL generation for DBLP-QuAD is formulated as a single-step sequential
decision problem within the RL framework, as covered in Section 2.3. The policy g
is instantiated by the Qwen3-1.7B decoder-only LLM, as described in the previous

section. This policy defines a probability distribution over token sequences that
encode candidate SPARQL queries.

Each training instance involves a single episode, initiated by a natural language
question together with perfectly linked entities and relations from the DBLP KG.
The model’s task is to generate a syntactically and semantically correct SPARQL
query using only the provided KG elements. Since entity and relation linking is
assumed to be perfect, the model operates solely on pre-disambiguated KG elements
and is not required to resolve mentions to URIs.

The overall training objective is to maximize the expected reward of the generated
queries under the policy 7. This maximization is achieved using the Group Relative
Policy Optimization (GRPO) algorithm, as detailed in Chapter 2.3.3.3.

In the GRPO setup, the policy generates G = 4 candidate completions, or rollouts,
for each input question within a batch. Each completion receives a scalar terminal
reward based on the generated SPARQL query. The rewards within each group are
subsequently normalized by subtracting the group mean and dividing by the group
standard deviation. This standardization process yields a centered and scaled signal
that serves as an implicit advantage estimate for each rollout.

As described in Chapter 2.3.3.3, the policy update employs a PPO-style clipped
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surrogate objective. To maintain training stability and prevent divergence from
the sampling policy, the log-probability ratio between the new and old policy is
clipped within a symmetric interval defined by the clipping parameter. Throughout
the experiments in this thesis, the clipping is set to € = 0.2 . Furthermore, a KL
divergence penalty is applied to regularize the updated policy against a fixed reference
policy, which is the base Qwen3-1.7B model prior to GRPO fine-tuning. The KL
penalty coefficient is set to § = 0.04. Exploration is primarily controlled through
the decoding parameters and the KL constraint, and no explicit entropy bonus is
utilized.

3.3.2 Policy Input and Output Generation

The policy input is structured as a two-part prompt, consisting of a system message
and a user message. The full prompt template is provided in Appendix A.1.

The system message provides comprehensive instructions to the model:
1. Generation of a syntactically and semantically correct SPARQL query.
2. Usage of full URIs without prefixes.

3. Default usage of 'SELECT DISTINCT’ for information retrieval queries and
"ASK” for yes/no questions.

4. Required step-by-step internal reasoning enclosed within ‘<think> ... < /think>*
tags.

5. Output format constrained to only the final SPARQL query, without additional
explanation or formatting outside of the thought block.

The user message contains the natural language question and a complete list of
relevant entities and relations. Each entity is presented with its URI and human-
readable label. Each relation includes its URI, label, and schema-level context such
as comment, domain, and range, providing the model with lightweight ontological
grounding, as described in Section 3.1.2.

During both training rollouts and final inference, completions are sampled from the
policy using the specific decoding settings as recommended the Qwen3 technical
report [163] (temperature 0.6, top-p 0.95, top-k 20, min-p 0). The same configuration
is maintained across both stages to ensure the learned policy is evaluated consistently.
Details on the decoding parameters, including the repetition penalty (set to 1.0), are
relegated to Appendix A.2.1.
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3.3.3 Reward Function Design

The final scalar reward is a weighted linear combination of six individual components,
designed to evaluate answer correctness, structural adherence, format, and similarity
to the gold query. These components are scalar-valued, typically ranging in [—0.5, 1]
or [0,1]. The resulting aggregated reward is subsequently normalized per group for
use in the GRPO loss function.

3.3.3.1 Execution-Feedback Reward (Rexec)

This component directly assesses answer-level correctness by executing the gener-
ated query (¢gen) against the DBLP SPARQL endpoint and comparing the resulting
answer set (Age,) to the gold answer set (Agold)-

Before execution, a ’'LIMIT 3000’ clause is appended to 'SELECT’ queries to mitigate
overly large result sets and potential timeouts. While it is acknowledged, that this
could affect the resulting F1 score calculation (also see Section 3.5), the number
of cases where the cardinality of the reference result set is in the same order of
magnitude as the limit, is very low.

If the limited query fails, the original query is executed as a fallback. Execution
failure, due to syntax errors or unsupported constructs, results in a fixed penalty of
—0.5. If execution succeeds, the reward is calculated as the F| score between the
normalized answer sets:

Rexec = Fl (Agena Agold)a

where F} is computed symmetrically (8 = 1) over the returned tuples. If both sets
are empty, the reward is 0. This component ensures that the primary optimization
target is the functional correctness of the generated query, with a moderate penalty
for non-executable outputs.

3.3.3.2 Structural Coverage Reward (Rstruct)

This reward encourages the grounding of the generated query in the provided context
by checking for the inclusion of the required entities and relations present in the input
prompt. It is defined as:

Rstruct =0.5- [relations + 0.5 - Ientities>

where [eations 18 an indicator function (value 1 or 0) for the presence of all required
relation URIS in @gen, and Ientities 1s the analogous indicator for all required entity
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URIs. This component promotes queries that utilize the relevant KG context, rather
than ignoring parts of the input or inventing new URIs.

3.3.3.3 Format and Well-formed-ness Reward (Rformat)

The format reward ensures that the completion contains a usable query after the
internal thought process. If the completion includes the required closing ‘< /think>*
tag, the suffix is extracted and checked for non-emptiness, yielding Rgymat = 1 if
successful and 0 otherwise. If no thought tags are present, any non-empty completion
is accepted with a reward of 1. This mechanism acts as a soft constraint on the output
format before syntax checking by Reyxec-

3.3.3.4 Length Reward (Rjen)

This component mildly penalizes completions approaching the maximum allowed
length (1024 tokens) to discourage truncation risk. The reward decreases linearly
from 1 as the token length x exceeds a target length n = 768:

Rlen:dip<1—x_n 0,1),

a—n’

where a = 1024 is the maximum length.

3.3.3.5 Query Similarity Reward (Rgim)

This reward provides token-level supervision by comparing the generated query to
the gold SPARQL query (ggoia). After normalization and tokenization (as described
in Section 3.1.2), sentence-level BLEU is computed:

Rgm = BLEU (tokens(qgen), tokens(qgold)).

This component, available only when gold queries are used during training, encour-
ages the policy to mimic the structure and style of the ground truth.

3.3.3.6 Query Length Ratio Reward (Rjen-ratio)

To regularize the overall complexity of the generated query, this reward compares
the token lengths of ggen and ggoq using a symmetric log-distance:

_ dgenl
|ngld ’ ’

Rien-ratio = exXp (_auog 7”|) ’
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with @ = 2. The reward peaks at 1 when the lengths are equal and decays exponen-
tially as the ratio r deviates from 1, thus favoring queries whose overall complexity
is comparable to that of the gold query, without enforcing exact equality.

Like the similarity reward, the length ratio reward depends on the gold query and is
only available in settings where gold SPARQL is provided during training.

3.3.3.7 Reward Aggregation and Weights

For each generated completion, the six components are linearly aggregated using
weights that reflect their relative importance:

R=3- Rexec +2- Rsim +1- Rstruct +0.5- Rformat +1- Rlen +1- Rlen—ratio-

The highest weight is assigned to execution-based correctness (Rexec), as this is the
primary goal. The similarity reward (Rgm) is also strongly weighted when gold
queries are available, while the remaining components function as lower-weighted
shaping terms designed to stabilize learning and enforce output constraints. It was
observed that these lower-weighted functions tend to saturate quickly.

The aggregated scalar rewards are normalized per group (subtract mean, divide by
standard deviation) before incorporation into the GRPO loss function, to operate
on centered and scale-invariant signals while preserving the relative ranking within
each group.

Ablation studies concerning the gold-query dependent rewards are presented in Sec-
tion 4.4.

3.3.4 Post-Processing and Error Handling

A robust post-processing mechanism is implemented to reliably extract the final
SPARQL query from the raw completion, accommodating minor deviations from the
output format specified in the system prompt.

The post-processing procedure locates the last occurrence of the closing ’< /think >’
tag (case-insensitive) and discards all preceding content, isolating the query candi-
date from the internal Chain-of-Thought. The remaining suffix is then searched for
fenced code blocks, potentially annotated with 'sparql’. If code blocks are present,
the content of the last block is extracted. If no fenced blocks are found, the entire
suffix after the "< /think>’ tag is used as the candidate query. This logic ensures the
recovery of correct queries even when the model inappropriately wraps the output
in code fences.
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Error handling, including the treatment of invalid or non-executable queries, is pri-
marily managed within the Re. reward function, which assigns a negative fixed
penalty for hard failures, mapping such cases to stable numerical signals for opti-
mization.

3.3.5 Optimization and Training Schedule

GRPO training is conducted in a full-parameter fine-tuning setting, adapter-based
methods such as LoRA or DoRA are not employed during this RL phase. The
optimization is performed using the AdamW optimizer with a learning rate of 1 x
1075, with linear learning rate decay. Standard decay rates (81 = 0.9, 8o = 0.999)
are used, and weight decay is disabled.

Concrete batch sizes, gradient accumulation steps and the GPU configuration for the
main runs are described in the experimental setup (Section 4.1)

3.3.6 Baselines and Training Variants

The performance of the main GRPO configuration is benchmarked against two base-
lines. The first is the unmodified Qwen3-1.7B base model, evaluated directly without
any task-specific fine-tuning. The second is a Supervised Fine-Tuning (SFT) baseline,
where Qwen3-1.7B is trained using DoRA adapters on the same DBLP-QuAD data
using cross-entropy loss and teacher forcing. For a full list of the hyperparameters
used for the DoRA training, refer to Appendix A.2.3. Due to resource constraints,
DoRA was chosen as PEFT method instead of full supervised fine tuning, as it was
shown to provide a strong supervised reference point, while being less compute and
memory intensive during training (see Section 2.1.5.3).

Additionally, ablation experiments are performed to analyze the contribution of spe-
cific reward functions. One emphasis is on omitting the gold-query dependent re-
wards (Rgm and Rienratio) to simulate a more realistic scenario where only gold
answers are available. These variants and their results are discussed in more detail
in Chapter 4.4.

3.4 Implementation Details

This section describes the software and runtime environment used for all GRPO
experiments in this thesis. The goal is to enable reproducibility and to clarify the
practical constraints under which the models were trained.
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3.4.1 Software stack and runtime

Training relies on the HuggingFace TRL implementation of Group-Relative Policy
Optimization. Rollout generation, loss computation, gradient updates, and param-
eter synchronization are handled by the HF GRPOTrainer. The language model is
loaded locally using the Transformers library, and no external model serving frame-
work is used during training.

Training is performed using the default data-parallel strategy provided by the Hug-
gingFace Trainer, and gradients are synchronized across the devices through the
"torch.distributed’ backend, without model parallelism or sharded parameter strate-
gies. For the specific hardware configuration and computing environment in the
experiments, see the experimental setup in Section 4.1.

All evaluation and rollout generation operations use the same locally loaded model,
and TensorBoard is used as the logging backend to monitor training progress, record-
ing the total reward, individual reward components, execution failure rates, and the
empirical KL divergence to the reference policy across the training run.

Model checkpoints are written every 20 optimization steps and stored together with
the corresponding optimizer states. No early stopping mechanism is used and all
evaluations reported in the Experiments chapter use the final checkpoint after one
full epoch over the test set.

Random seed handling is not explicitly controlled, and given the stochasticity of
GRPO sampling, decoding, and distributed training, small variations between runs
are expected, although the overall behavior is stable under the chosen hyperparam-
eters.

For the exact versions of PyTorch, Transformers, TRL, CUDA, and associated de-
pendencies, refer to the requirements listed in the Github repository 2.

3.4.2 SPARQL execution environment

Generated queries are executed on a Virtuoso endpoint that hosts the April 2024
DBLP knowledge graph.

The endpoint is accessible at "https://dblp-april24.skynet.coypu.org/sparql” and runs
Virtuoso version 07.20.3239. The execution pipeline interacts with this endpoint over
HTTP using the default timeout behavior of the SPARQL client library.

2https://github.com/jannpf/dblp-grpo
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3.5 Evaluation Metrics

Prior to every execution, a local query cache is checked, if it already contains an
answer for the normalized version of the current query. If yes, the cached version is
retrieved to limit the number of requests made to the SPARQL endpoint. If not, the
query is executed against the endpoint, and the results stored in the cache.

The raw endpoint results are normalized into a canonical representation before com-
parison with the gold answers and storage in the cache. This includes mapping
bindings to tuples, removing ordering differences, and ensuring consistent handling
of empty results.

3.5 Evaluation Metrics

This section describes the metrics used to assess the performance of the GRPO-
trained models. The goal is to evaluate both answer correctness and query formu-
lation quality under a range of conditions. Since the DBLP-QuAD dataset provides
gold answers and gold SPARQL queries, metrics are defined at both the answer
level and the query level. Additional metrics capture generalization across question
categories and template splits.

3.5.1 Exact-Match Accuracy (EMAcc)

Exact match accuracy measures how often the answer produced by executing the
generated query matches the gold answer set exactly. Let A, denote the answer
set returned by executing the generated query and Ag,q the gold answer set. An
instance is counted as correct if

Agen = Agold'

Since answer sets are normalized into sets of tuples, ordering differences are ignored
and duplicates are removed. Exact match is the strictest answer-level metric and
reflects whether a generated query produces the correct result without extraneous or
missing entries.

3.5.2 F1 score on answer sets

For cases where the generated answer partially overlaps the gold answer, an Fj score
is computed between the two sets. Let Agen and Agqq be sets of tuples. True positives,
false positives, and false negatives are defined in the usual set-theoretic manner and
the F} score is given by

o8



3.5 Evaluation Metrics

_ 2 |Agen N Agold|
2 |Agen N Agold‘ + |Agen \ Agold| + |Agold \ Agen| .

Fy

This metric captures partial correctness for multi-answer queries and is less brittle
than exact match, while still reflecting answer-level semantic accuracy.

3.5.3 Category-wise F1

DBLP-QuAD groups questions into semantic categories such as Single Fact, Multiple
Facts, Boolean, Negation, Double Negation, Intent, Union, Count, Comparative, and
Disambiguation. Following prior work, model performance is analyzed per category
using the F| measure defined above.

Category-wise Fj scores provide insight into which query structures and reasoning
patterns a model learns effectively and which categories remain challenging. This
is particularly relevant for KGQA, where categories correspond to distinct SPARQL
templates with different logical forms.

3.5.4 Execution Accuracy (ExAcc)

This metric records the fraction of completions for which the resulting SPARQL
query is executable. Executions fail due to syntax errors, extraction failures, or un-
supported constructs. Formally, the Execution Accuracy is defined as the percentage
of evaluation instances in which both the limited and the original query do not raise
an exception during execution.

This measure reflects how reliably the model adheres to SPARQL syntax and to the
output format required by the evaluation pipeline.

3.5.5 Temporal accuracy (TempAcc)

DBLP contains time-dependent information such as publication years, conference
editions, and date-stamped relations. For questions with a temporal component, the
generated query must select correctly constrained results.

Temporal accuracy is defined analogously to exact match accuracy, but computed
on the subset of evaluation instances that explicitly involve temporal filtering, such
as comparisons (‘>="*, ‘<‘ ‘BETWEEN") or temporal relations. This metric isolates
the model’s ability to handle time-related constraints in SPARQL.
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3.5.6 Held-out template accuracy (GenAcc)

To evaluate generalization beyond seen query patterns, the model is tested on a set
of queries generated from templates that do not appear in the training set. This
held-out split is part of the original DBLP-QuAD design.

Held-out accuracy is computed using the same exact match criterion as in the EMAcc,
but restricted to this unseen template partition. This metric assesses whether the
model can generalize to new logical forms and not only to surface patterns encoun-
tered during finetuning.
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4 Experiments

This chapter presents the empirical evaluation of the GRPO-trained models on the
DBLP-QuAD dataset. The main objectives are to compare GRPO to the base model
performance as well as the supervised finetuning baseline with DoRA, and to ana-
lyze performance with respect to answer level accuracy, generalization, temporal
questions, and question categories. Finally, different reward configurations are com-
pared to assess the effect of each reward function. All experiments use the evaluation
metrics defined in Section 3.5 and are conducted on the held-out test split of DBLP-
QuAD consisting of 2000 examples.

4.1 Experimental setup and configurations

All experiments share a common compute environment and, for the GRPO models,
a fixed training scheme that is used across the main configuration and all reward
ablations.

4.1.1 Compute environment

All runs are conducted on a single machine equipped with two NVIDIA RTX A6000
GPUs, each with 48 GB of VRAM. For the GRPO experiments, the model is fine-
tuned in a full-parameter setting without parameter-efficient adapters, whereas the
supervised baseline uses DoRA adapters as described below. Mixed-precision train-
ing with the bfloat16 format is enabled throughout all runs.

Maximum input lengths are constrained by available GPU memory. The combined
system and user prompt is padded to a maximum of 668 tokens as that constitutes
the maximum length of tokenized inputs encountered in the training set. Generated
completions are limited to 1024 tokens. These limits are applied uniformly across
all GRPO iterations and across all ablation variants. The same prompt length and
completion limits are also used for the zero-shot and DoRA baselines to ensure a
comparable evaluation setting.

4.1.2 GRPO training scheme

Training the GRPO models follows a fixed update scheme. To manage GPU memory
constraints, 16 gradient accumulation steps are employed. The per-device batch
size is set to 4 questions, and for each question the model generates a group of
G = 4 rollouts. A single forward pass on one device therefore produces 16 sampled
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completions. With two devices and 16 gradient accumulation steps, each optimizer
update aggregates gradients over 16 micro-batches, corresponding to 512 sampled
completions per update step across both GPUs.

Training is performed for a single epoch over the GRPO training set of 7000 ques-
tions, which results in 437 optimization steps under this accumulation strategy. The
full list of hyperparameters for GRPO training is provided in Appendix A.2.2.

Training the main GRPO configuration for one epoch requires approximately 35
hours on this two-GPU setup. This runtime includes the cost of repeated SPARQL
endpoint calls during rollout evaluation, which constitute the majority of the compu-
tational overhead despite the use of query caching. The reported runtime provides a
practical estimate of the computational resources required to train small LLMs with
GRPO on KGQA tasks of similar scale.

4.1.3 Model configurations

As discussed in the methodology chapter, all evaluated models are based on the
Qwen3-1.7B architecture and share the same prompt format, tokenization, and data
preprocessing pipeline. The following configurations are compared.

4.1.3.1 Zero-shot base model

The unmodified Qwen3-1.7B model is evaluated in a zero-shot setting on DBLP-
QuAD using the same prompt template as in the other settings, as given in Ap-

pendix A.1. This baseline quantifies the performance of a pretrained model without
any DBLP- or SPARQL-specific finetuning.

Two variants are considered: one that includes chain-of-thought (CoT) reasoning in
the prompt and expects the model to produce intermediate reasoning before the final
SPARQL query, and one that omits CoT and directly prompts for the query. For
the CoT variant, many completions, especially for more complex questions, exceed
the maximum generation length, which leads to truncated SPARQL queries and a
large fraction of execution errors (see Section 4.2). The non-CoT variant avoids this
truncation effect and therefore serves as a more conservative estimate of the base
model’s capability to produce valid SPARQL queries.

4.1.3.2 Supervised finetuning baseline (DoRA)

As a strong non-RL baseline, a supervised finetuning (SFT) model is trained us-
ing DoRA adapters on the gold SPARQL queries. The model is optimized with a
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standard cross-entropy loss on the target query tokens, conditioned on the DBLP-
QuAD prompts. Training is performed for a single epoch over the training split in
order to match the GRPO experiments in terms of the number of data passes. The
hyperparameters utilized during DoRA training are listed in Appendix A.2.3. This
configuration represents a conventional semantic parsing setup in which full gold
queries are available during training.

Chain-of-thought prompting is disabled in this setting. The dataset provides only
final SPARQL queries, and there is no supervised signal for intermediate reasoning
steps. Introducing CoT text in the targets would therefore add a large sequence of
tokens that the model cannot meaningfully learn from, since the reasoning content is
not part of the supervision objective. As a result, the SE'T process would primarily
update the model with respect to the final query tokens, while the preceding rea-
soning would remain essentially unchanged from the base model. For a clean and
well-defined baseline, the model is therefore trained to predict only the final SPARQL
query without any intermediate reasoning steps.

4.1.3.3 GRPO without gold queries

The first GRPO configuration assumes that only natural language questions and
answer sets are available during training, but not the gold SPARQL queries. The
reward signal is constructed from a subset of the reward functions described in Sec-
tion 3.3.3, namely

e Execution Feedback Reward: rewards high similarity between the generated
and the reference set of answers resulting from query execution, penalizes non-
executable queries

e Structural Coverage Reward: Rewards correct usage of entities and relations
given in the prompt

e Format Reward: rewards adherence to the instructed format to include <think>
tags and to avoid special formatting or explanations

e Length Reward: penalizes excessively long generations, whose length approach
the maximum completion length

This setting corresponds to a weakly supervised scenario and tests whether GRPO
can learn to generate effective SPARQL queries purely from answer-level feedback.
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Model EMAcc ExAcc F1
Qwend 1.7B Base 0.07 0.50 0.14
Qwen3 1.7B Base (with CoT) 0.11 0.23 0.11
Qwen3 1.7B DoRA (1 Epoch) 0.69 0.91 0.78
Qwen3 1.7B GRPO (without gold queries)  0.47 0.83 048
Qwen3 1.7B GRPO (with gold queries) 0.44 0.85 0.45

Table 1: Overall answer-level performance on DBLP-QuAD. EMAcc denotes exact
match accuracy on answer sets, ExAcc the fraction of queries that execute without
errors, and F1 the macro-averaged F1 score over result sets.

4.1.3.4 GRPO with gold queries

The second GRPO configuration adds gold-query-dependent components to the re-
ward signal. In addition to the execution, structural, format, and length rewards
described above, it incorporates

e Query Similarity Reward: sentence level BLEU score with the gold SPARQL
query

e Query Length Ratio Reward: Acts as regularizer for differences in query com-
plexity, for instance varying number of BGPs and aggregation clauses, filter
clauses, etc.

This configuration assumes that gold SPARQL queries are available during train-
ing and can therefore combine answer-level feedback with direct supervision on the
query form. Comparing this model to the GRPO variant without gold queries allows
assessing the effect of gold-query-based rewards within the same RL framework. Re-
ward ablation experiments in Section 4.4 further show the contribution of individual
components.

4.2 Main results

4.2.1 Answer-level accuracy

Table 1 reports the overall answer-level performance on the DBLP-QuAD test set.
The metrics comprise exact match accuracy (EMAcc) on the result sets, execution
accuracy (ExAcc), which measures the fraction of queries that execute without errors,
and the macro-averaged F1 score over result sets.

The zero-shot base model attains low answer-level performance, with EMAcc of 0.07
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and F1 of 0.14 when CoT is disabled. Enabling CoT slightly increases EMAcc to
0.11, but is associated with a decrease in F1 from 0.14 to 0.11 and with a marked
drop in execution accuracy from 0.50 to 0.23. This behavior is consistent with a large
fraction of CoT completions being truncated before a valid query is produced, which
reduces the proportion of executable outputs and does not lead to higher answer
quality overall.

The supervised DoRA model reaches the highest scores across all three metrics,
with EMAcc of 0.69, ExAcc of 0.91 and F1 of 0.78. These values indicate that,
when trained with full query supervision, the 1.7B-parameter model can answer a
large fraction of DBLP-QuAD questions correctly and produce executable SPARQL
queries for most test instances.

Both GRPO models substantially improve over the zero-shot baselines. The GRPO
variant trained without gold queries achieves EMAcc of 0.47, ExAcc of 0.83 and
F1 of 0.48, which makes it the second-best model overall in terms of EMAcc and
F1. The GRPO model with gold-query-based rewards attains slightly lower EMAcc
(0.44) and F1 (0.45), but a marginally higher ExAcc of 0.85. In other words, the
gold-based variant produces executable queries slightly more often, while the no-gold
variant yields a somewhat higher fraction of fully correct answers. In summary, both
GRPO configurations close a considerable part of the gap between the zero-shot base
models and the fully supervised DoRA baseline, while the DoRA model remains the
strongest configuration on this dataset.

It is also instructive to consider the gap between execution accuracy and exact match
accuracy. For the base model without CoT and for both GRPO variants, ExAcc ex-
ceeds EMAcc by 0.36 to 0.43 points, indicating that many queries execute successfully
but still return incorrect answer sets. For the DoRA model this gap is smaller (0.22),
which means that a larger proportion of executable queries are also answer-correct.
For the CoT base model, both ExAcc and EMAcc are low and the gap between them
is relatively small (0.12).

4.2.2 Category-wise performance

To analyze performance heterogeneity across question types, Table 2 reports F1
scores by DBLP-QuAD category. The categories comprise Boolean, Count, Dis-
ambiguation, Double-Intent, Double-Negation, Multi-Fact, Negation, Single-Fact,
Superlative+Comparative, and Union queries.

Across the finetuned models (DoRA and both GRPO variants), categories that corre-

65



4.2 Main results

Model Bool Cnt Disamb D-Int D-Neg Multi Neg SF Sup+Comp Un
Base 0.00 0.10 0.07 0.04 0.00 0.09 0.00 0.25 0.14 0.04
Base+CoT 0.16 0.05 0.08 0.08 0.06 0.10 0.12 0.44 0.00 0.01
DoRA 0.72 0.59 0.85 0.58 0.86 0.71 0.75 0.96 0.46 0.56

GRPO-no 047 040 0.70 037 0.63 0.40 0.47 0.93 0.19 0.27
GRPO-gold 0.44 039 0.61 040 0.60 0.45 0.42 0.90 0.18 0.15

Table 2: F1 scores by DBLP-QuAD question category. Bool = Boolean, Cnt =
Count, SF = Single-Fact, Un = Union, etc. Base = Qwen3-1.7B base model;
DoRA = Qwen3-1.7B with DoRA adapters; GRPO-no /| GRPO-gold = GRPO with-
out/with gold-query rewards.

spond to relatively simple graph patterns, such as Single-Fact and Disambiguation,
achieve the highest F1 scores. The DoRA model reaches 0.96 F1 on Single-Fact
queries and 0.85 on Disambiguation, while the GRPO models also attain high scores
in these categories, with 0.93 and 0.90 on Single-Fact and between 0.61 and 0.70
on Disambiguation. On Single-Fact queries, the gap between GRPO and DoRA is
therefore relatively small compared to the differences observed in other categories.

For more complex categories that involve compositional reasoning, such as Union and
Superlative+Comparative, performance is noticeably lower for all finetuned models.
The DoRA model obtains F1 scores of 0.56 (Union) and 0.46 (Sup+Comp), while
the GRPO models reach between 0.15 and 0.27 in these categories.

Intermediate categories such as Boolean, Negation, Double-Negation, Multi-Fact,
and Double-Intent fall between these extremes, with the DoRA model consistently
yielding the highest F1 and the GRPO variants forming a second tier.

The relative ranking of categories is broadly similar across DoRA and GRPO. Cate-
gories where DoRA performs particularly well (for example Single-Fact and Double-
Negation) are also among the stronger categories for GRPO, whereas categories
where DoRA is weaker (for example Union and Sup+Comp) are likewise challenging
for GRPO.

A closer comparison of the two GRPO configurations shows that the variant without
gold queries is slightly stronger in most categories. It attains higher F1 scores on
Boolean, Count, Disambiguation, Double-Negation, Negation, Single-Fact, Superla-
tive+Comparative, and Union questions, while the gold-based variant has small ad-
vantages on Double-Intent and Multi-Fact queries. These differences are moderate in
magnitude, but they indicate that gold-query-based rewards do not lead to uniformly
higher F'1 scores across all question types in this setup.
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The base models exhibit a different pattern. They achieve modest F1 scores on
simpler categories such as Single-Fact (0.25 without CoT and 0.44 with CoT) and
Count or Superlative+Comparative, but remain close to zero on most of the more
complex categories. The effect of CoT is mixed: it improves F1 on Boolean, Negation,
and Single-Fact questions, but decreases F1 on Count, Superlative+Comparative,
and Union queries. For several complex categories, the CoT-augmented base model
remains near zero despite these changes. For the CoT variant, the low category-
wise F'1 scores are consistent with the very low execution accuracy observed in the
aggregate results.

4.2.3 Generalization and temporal accuracy

As described in Section 3.1.1.2, DBLP-QuAD includes two annotation dimensions
that allow a more fine-grained analysis beyond global averages. First, a subset of
questions is marked as originating from SPARQL templates that are held out during
training, which enables an evaluation of template-level generalization. Second, ques-
tions are annotated as temporal if the underlying query involves time- or date-related
conditions. Table 3 reports answer-level performance on these two subsets. Here,
TempAcc and GenAcc denote exact match scores as defined in Section 3.5, computed
on the temporal and held-out subsets, respectively.

Model TempAcc GenAcc
Qwen3 1.7B Base 0.09 0.06
Qwen3 1.7B Base (with CoT) 0.10 0.15
Qwen3 1.7B DoRA (1 Epoch) 0.69 0.40
Qwen3 1.7B GRPO (without gold queries) 0.52 0.53
Qwen3 1.7B GRPO (with gold queries) 0.47 0.48

Table 3: Answer-level performance on temporal questions (TempAcc) and on ques-
tions derived from held-out templates (GenAcc), reported as F1 scores on the re-
spective subsets.

For temporal questions, the ranking of models mirrors the overall results. The DoRA
model attains the highest temporal performance with TempAcc of 0.69, followed
by the GRPO models at 0.52 and 0.47, respectively. Both GRPO variants again
substantially outperform the base models, whose temporal scores remain around
0.09-0.10. For the supervised DoRA model, temporal performance is somewhat
lower than its overall F1 (0.78), whereas for the GRPO variants the temporal scores
closely track their aggregate F'1 values.
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On the held-out template subset, the GRPO models achieve the strongest results.
The GRPO configuration without gold queries reaches GenAcc of 0.53, and the
GRPO model with gold-query-based rewards reaches 0.48. The supervised DoRA
model attains GenAcc of 0.40, while the base models remain well below 0.20. For
both GRPO variants, the generalization scores are close to, and slightly higher than,
their overall answer-level F1 scores (0.48 and 0.45, respectively), indicating that their
behavior on unseen templates is broadly aligned with their aggregate performance
on the full test set. In contrast, the DoRA model exhibits a larger drop on held-out
templates, from 0.78 overall F1 to 0.40 GenAcc.

The relationship between temporal and generalization performance also differs across
models. For DoRA, temporal performance (0.69) clearly exceeds performance on
held-out templates (0.40). For the GRPO variants, TempAcc and GenAcc are very
similar (0.52 vs 0.53 for GRPO without gold queries and 0.47 vs 0.48 for GRPO with
gold queries). The base models are weak in both dimensions, with the CoT variant
achieving a slightly higher GenAcc (0.15) than TempAcc (0.10).

4.3 Error Analysis

The error analysis is based on two stratified samples of incorrect generations obtained
from the test set, where the queries either failed to execute or produce a result set that
does not match the gold answers. For the GRPO model trained without gold queries,
1 058 generations were classified as incorrect, from which 100 examples were sampled
uniformly at random. For the DoRA baseline, 613 generations were incorrect, and
again 100 failures were sampled. These 200 queries were analyzed qualitatively and
assigned to a small set of recurring error categories that were induced bottom-up
from the observed outputs.

4.3.1 Error Categories

Across the sampled failures, six error categories emerged repeatedly. First, queries
that require disjunction are often mishandled, for example when a logical union over
answer sets is replaced by an intersection or by returning tuples instead of a merged
answer set (UNION errors). Second, negation and double negation are frequently
misrepresented, especially in the use of ‘FILTER NOT EXISTS® and related con-
structs (negation errors). Third, many failures involve incorrect use of aggregation
and superlatives, such as computing the wrong aggregate, aggregating the wrong
quantity, or returning the aggregate value instead of the argument that attains it
(aggregation errors). Fourth, several queries with multiple intents, multiple outputs,

68



4.3 Error Analysis

or multi-step reasoning over the graph exhibit incorrect join structure or missing
constraints (multi-intent and multi-fact errors). Fifth, questions involving temporal
constraints or comparative reasoning over publication years suffer from misaligned
windows, misplaced inequalities, or wrong answer types (temporal and comparative
errors). Finally, some generations are syntactically invalid SPARQL, for example due
to template artifacts, malformed ‘UNION‘ branches, ill-formed aggregation syntax,
or hallucinated schema elements (syntax errors). Queries can exhibit more than one
of these patterns simultaneously.

4.3.2 GRPO Error Patterns

For the GRPO model, the predominant failure modes are structural. In the 100-
sample, 20% of the errors stem from incorrect handling of ‘UNION‘: instead of
representing disjunction over publications, venues, or years, the model often forces
a shared variable to satisfy both branches simultaneously, which turns an intended
union into an intersection and frequently yields empty results. In other cases, the
model retrieves information for both branches but represents them as a pair of output
variables such as ?yearl 7year2, whereas the reference query uses a single answer
variable and a proper union. The resulting answer shape no longer matches the gold
result.

Negation and double negation account for another 24% of failures, where reference
queries use ‘FILTER NOT EXISTS', but the generated queries either drop the filter,
attach it to an incomplete pattern, or add spurious negation, which inverts the
truth value in 19 of the 100 cases. Generally, for DOUBLE NEGATION and other
Boolean-style questions, the model occasionally switches from ASK in the reference
to SELECT in the generated query and returns resources where a Boolean value is
expected. In the evaluation, such cases appear as mismatches between True/False
reference answers and non- empty or empty result sets returned by the query.

Aggregation and superlatives also account for a share of errors, mainly due to ag-
gregation errors in 21 cases. The model tends to apply ‘MIN‘ and ‘MAX* over years
without returning the corresponding authors, or replaces a direct lookup of ‘num-
berOfCreators’ by a ‘COUNT* over existing triples, thereby the semantics of the
query do not align with the question.

Multi-intent questions, in particular double-intent queries with two answer slots and
disambiguation scenarios, often exhibit wrong traversal direction for predicates, miss-
ing “other than” filters, or collapsed projections that only return one of the required
outputs (32 cases overall).
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Figure 9: Distribution of error categories in a random sample of 100 incorrect GRPO
generations. Bars show the proportion of failures in which each category is present.
Categories are not mutually exclusive.

Temporal constraints based on expressions such as ‘YEAR(NOW()) - k‘ are fre-
quently approximated by static ranges, which breaks the intended relative window,
and some of these temporal queries also suffer from incorrect comparisons (for in-
stance returning a boolean instead of the earlier of two years). In total, 23 of the
100 cases stem from queries dealing with temporal operations.

Around one third of the sampled GRPO failures result in ‘QueryBadFormed‘ at
the endpoint, caused by malformed ‘FILTER' clauses, incorrectly grouped ‘UNION*
branches, incorrect keywords or URIs, or template fragments leaking into the query
text. This CoT-Leakage’, where overly long thinking content leads to subsequent
output truncation, occurred in 8% of cases. The usage of SQL vocabulary such as
‘OR, ‘AND‘, ‘FROM"* and ‘IS NULL* was the cause for another 9 syntactical errors.
Additionally, hallucinated predicates that do not exist in the schema, despite being
given in the prompt template, account for 11% of cases. While these cases are fewer
than the purely semantic mismatches, they still represent a noticeable portion of the
total failures and prevent any execution.
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4.3 Error Analysis

4.3.3 Comparison to DoRA Error Patterns

The distribution over error categories for the DoRA baseline is more concentrated
than for GRPO. Syntax and formatting errors are present, but tend to be more
local, and many failing queries are structurally close to the reference SPARQL query.
Violations of the SPARQL syntax occur less frequently than in the GRPO sample.
Instead, DoRA failures are mostly caused by semantic mismatches in aggregation
and superlative queries, and by incorrect use of "'UNION’ and answer shapes, in line
with the higher counts for the aggregation and disjunction categories in the DoRA
error sample.

Also, while in the error sample for GRPO both temporal and held-out questions
were represented by approximately 20%, the errors in the DoRA sample show a clear
prominence in the held-out templates, with 24% temporal questions and 41% of the
errors coming from templates that were withheld during training. This is in line with
the generalization performance reported in Section 4.2.3.

UNION-related errors remain frequent with 21% and often combine with aggregation,
but DoRA more often retains an explicit ‘UNION‘ while misplacing the grouping or
adding global filters, instead of dropping the union structure entirely.

Negation and double negation continue to be challenging, although fewer DoRA
failures are purely syntactic. Typical problems include inserting ‘FILTER NOT
EXISTS® into queries that are positive ASK queries which systematically flips the
answer, or omitting the filter in cases where it is required. Multi-intent and disam-
biguation queries sometimes show incorrect join structure or missing constraints.

Finally, both models struggle with mapping Boolean questions to the correct query
shape, often generating ‘SELECT"* queries where the reference uses ‘ASK", yielding
sets of bindings rather than ‘True‘ or ‘False‘, despite explicitly being prompted to
use ASK for yes/no questions.

Overall, the DoRA errors are more concentrated in subtle semantic mismatches
within otherwise well-formed queries, while the GRPO-trained model exhibits a
higher proportion of syntax errors with malformed SPARQL and more frequent
multi-intent, multi-fact and aggregation errors. At the same time, several failure
modes are shared between GRPO and DoRA. Both models struggle with disjunc-
tion, often confusing unions of answer sets with intersections or with tuple-valued
outputs. Both have difficulty expressing negation using ‘FILTER NOT EXISTS® and
treat double-negation cases inconsistently. Temporal queries and comparative ques-
tions over publication years remain challenging for both models, and multi-intent
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Model EMAcc ExAcc F1 TempAcc GenAcc
Rexee 0.40 0.71 041 0.40 0.49
Rexec format 042 080 043 041 0.49
Rexec,format,struct % 0.80 0.48 0.51 0.51
Rexec,format,struct,len 0.47 @ % 0.52 0.53
Rexec,formahstruct,1en7gold(sim,len-r) 0.44 0.85 0.45 0.47 0.48

Table 4: Answer-level, execution, temporal, and generalization performance for
GRPO reward ablations. Configurations differ only in the included reward compo-
nents: execution feedback (Rexec), format reward, structural coverage reward, length
reward, and gold-query-based similarity and length-ratio rewards.

questions with two required outputs or multiple constraints are a common source of
errors in both samples. These similarities suggest that certain aspects of the DBLP
schema and question types present intrinsic challenges for small language models,
irrespective of the training strategy.

4.4 Ablations

To assess the contribution of individual reward components, a series of ablation ex-
periments are conducted for the GRPO models. All configurations share the same
architecture, prompt format, data splits, and training schedule described in Sec-
tion 4.1; only the composition of the reward function is varied. Table 4 reports
answer-level accuracy (EMAcc, F1), execution accuracy (ExAcc), and the temporal
and generalization scores (TempAcc and GenAcc) for each reward variant.

The execution-only configuration Ry already yields a substantial improvement over
the zero-shot base model (compare Table 1). It attains EMAcc of 0.40 and F1 of 0.41,
which accounts for the majority of the performance of the full GRPO configuration
without gold queries (EMAcc 0.47, F1 0.48). Execution accuracy reaches 0.71, and
the temporal and generalization scores are 0.40 and 0.49, respectively. The gap
between ExAcc and EMAcc is 0.31, indicating that a non-trivial fraction of queries
execute successfully but still return incorrect answer sets, yet the difference is smaller
than for the base model in Table 1.

Adding the format reward (Rexec format) Only leads to slight gains across the metrics.
EMAcc increases from 0.40 to 0.42 and F1 from 0.41 to 0.43. Temporal accuracy rises
slightly to 0.41, while GenAcc remains at 0.49. Execution accuracy shows a clearer
improvement, from 0.71 to 0.80. Overall, this configuration preserves most of the
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4.4 Ablations

answer-level performance of R but improves the fraction of executable queries.

When the structural coverage reward is added (Rexec formatstruct), there is a more
pronounced increase in answer-level and subset metrics. EMAcc improves to 0.46
and F1 to 0.48, matching the main GRPO configuration without gold queries in
Table 1. Temporal and generalization scores rise to 0.51 on both subsets. Execution
accuracy remains at 0.80, so the main effect of the structural reward appears in the
correctness of the result sets rather than in execution reliability.

Including the length reward (Rexec formatstruct,len) cOrresponds to the full GRPO con-
figuration without gold queries. Compared to Rexec formatstruct; the changes are in-
cremental. EMAcc increases slightly from 0.46 to 0.47, F1 stays at 0.48, and ExAcc
rises from 0.80 to 0.83. TempAcc and GenAcc improve from 0.51 to 0.52 and 0.53,
respectively. The length reward therefore refines an already strong configuration,
with the clearest differences appearing in the execution accuracy.

Finally, the configuration that adds gold-query-based similarity and length-ratio re-
wards (Rexec,format,struct,len,gold(sim,len-r)) COrTesponds to the GRPO model with gold
queries in the main results. This variant achieves the highest execution accuracy
among all GRPO models (0.85), but slightly lower answer-level and subset metrics
than the best no-gold configuration: EMAcc decreases from 0.47 to 0.44, F1 from
0.48 to 0.45, TempAcc from 0.52 to 0.47, and GenAcc from 0.53 to 0.48. The Ex-
Acc—EMAcc gap grows to 0.41. Across the first four configurations, EMAcc, F1,
TempAcc, and GenAcc increase monotonically or stay constant as reward compo-
nents are added. Including the gold-query-based rewards breaks this trend: execu-
tion accuracy continues to improve, while answer-level accuracy and performance on
temporal and held-out templates decrease slightly compared to the strongest config-
uration without gold-query-dependent terms.
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5 Discussion and Conclusion

5.1 Discussion

The experiments in Chapter 4 evaluate how GRPO training affects a small instruction-
tuned model on DBLP-QuAD, and how this compares to a supervised DoRA baseline
and zero-shot prompting of the base model. In this section, the main findings are
interpreted in light of the methodological choices in Chapter 3, before turning to
limitations and directions for future work.

5.1.1 GRPO versus zero-shot baselines

Relative to the zero-shot base model, both GRPO configurations achieve substantial
gains across all answer-level metrics. Exact-match accuracy increases from 0.07 (base,
no CoT) and 0.11 (base with CoT') to 0.47 and 0.44 for the GRPO models without and
with gold-query-based rewards, respectively (Table 1). Execution accuracy increases
from 0.50 and 0.23 to 0.83 and 0.85, and macro-averaged F1 improves from 0.14 and
0.11 to 0.48 and 0.45.

These gains are particularly noteworthy given the challenging prompting setup.
The base model with CoT suffers from truncated completions and poor adherence
to the required <think>...</think> pattern, which results in a large fraction of
non-executable queries despite explicit instructions. GRPO training, by combining
execution-based rewards with format and length constraints, is able to regularize the
same CoT-style prompt into a much more reliable generator of SPARQL queries. In
that sense, GRPO can be seen as a mechanism that aligns the model with the de-
sired output protocol under constrained generation budgets, rather than as a purely
task-agnostic performance booster.

At the same time, the improvements should be interpreted cautiously. The zero-shot
baselines are deliberately strong only in the sense of being instruction-following mod-
els; they do not receive any DBLP-specific finetuning. The observed gains therefore
show that GRPO can move a small model from a weak baseline to a moderately com-
petent DBLP-QuAD solver, but they do not establish GRPO as the most effective
training strategy under all conditions.

5.1.2 GRPO versus supervised DoRA

The DoRA baseline achieves the highest overall performance on DBLP-QuAD, with
EMAcc of 0.69, ExAcc of 0.91 and F1 of 0.78 after a single epoch of supervised
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finetuning on gold queries. In contrast, the GRPO models reach EMAcc of 0.44-0.47
and F1 of 0.45-0.48. The gap is consistent across most question categories, temporal
questions, and the full test set.

This suggests that, at least for the present configuration and model size, supervised
finetuning remains more effective than GRPO when full SPARQL supervision is
available. The DoRA model benefits from direct cross-entropy supervision on the
gold query sequence, which provides dense gradient information at every decoding
step. GRPO, by contrast, operates on a much sparser and noisier scalar reward signal,
even though it incorporates gold-query-based components in one of the variants.
Given the relatively small size of the training set (7,000 questions), it is plausible
that the supervised objective is simply more sample-efficient under these conditions.

The comparison is also constrained by the training budget. GRPO is run for a single
epoch with 437 optimizer steps, and the DoRA baseline is similarly trained for a
single epoch to match the number of data passes. It is therefore possible that both
methods have not fully converged and that their relative performance could change
under a different training schedule. However, given that DoRA already outperforms
GRPO by a considerable margin after one epoch, the current results do not support
strong claims in favor of GRPO as a replacement for supervised finetuning in settings
where gold queries are readily available.

5.1.3 Category-wise behavior and task difficulty

The category-wise analysis in Table 2 reveals that all finetuned models, including
DoRA and GRPO, perform best on relatively simple query types such as Single-Fact
and Disambiguation. On Single-Fact questions, the gap between DoRA (0.96 F1) and
GRPO (0.93 and 0.90 F1) is small, and all three methods significantly outperform
the base models. This indicates that once the model has learned the basic mapping
between entities, relations and answer variables, the remaining difficulty in such
categories is relatively low.

In contrast, categories that require more complex logical forms show markedly lower
scores. Union and Superlative+Comparative queries are challenging for all methods,
with the DoRA model achieving F1 scores of 0.56 and 0.46 and the GRPO variants
only reaching 0.15-0.27. Double-intent, multi-fact, and negation-related categories
fall in between, with DoRA again consistently ahead and GRPO forming a second
tier. These patterns are mirrored in the qualitative error analysis, where both GRPO
and DoRA frequently struggle with disjunction, correct use of FILTER NOT EXISTS,
aggregation semantics, and multi-intent joins.
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Taken together, the category-wise results suggest that GRPO is competitive with su-
pervised finetuning on easier, more local patterns. As query structures become more
compositional, supervised finetuning maintains a clearer advantage. From a KGQA
perspective, this hints at an interesting division of labor: reinforcement learning may
be sufficient to align a small model with basic SPARQL patterns and the expected
interface, whereas more complex logical phenomena still benefit strongly from dense
supervised signals.

5.1.4 Generalization and temporal reasoning

One of the most encouraging findings for GRPO is the performance on held-out
templates. The GRPO configuration without gold-query-based rewards attains a
GenAcc of 0.53 on these unseen template instances, which is higher than both the
GRPO variant with gold-query rewards (0.48) and the DoRA baseline (0.40). For
GRPO, performance on held-out templates closely matches its overall F1, whereas
DoRA exhibits a noticeable drop when moving from the full test set (0.78 F1) to
held-out templates (0.40 GenAcc).

This pattern suggests that GRPO may confer a modest advantage in template-level
generalization. Because the GRPO objective is driven primarily by answer-level cor-
rectness and structural coverage, the model is encouraged to discover alternative
query formulations that produce correct answers beyond the specific surface tem-
plates seen during training.

In contrast, supervised finetuning is explicitly optimized to reproduce the gold query
sequences, which demonstrates a stronger reliance on training templates and thus
leads to reduced robustness when confronted with novel question forms, as reflected
in the gap of performance in held-out examples for the SF'T model.

At the same time, the magnitude of the generalization gains should not be overstated.
All models still incur substantial errors on the held-out subset, and GRPO remains
clearly behind DoRA on overall performance. In addition, the held-out split is defined
at the level of template tuples rather than arbitrary logical forms, so it is unclear
how far these gains extend to truly out-of-distribution query structures.

For temporal questions, the picture is more straightforward. The DoRA baseline
attains TempAcc of 0.69, while GRPO reaches 0.52 and 0.47, and the base models
remain below 0.11. GRPO therefore improves temporal reasoning substantially com-
pared to zero-shot, but does not close the gap to supervised finetuning. The error
analysis shows that temporal comparisons and relative windows remain challenging
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for both GRPO and DoRA, particularly when combined with other operators such
as aggregation or disjunction.

5.1.5 Reward design, ablations, and the role of gold queries

The ablation study mainly highlights how much of GRPQO’s effectiveness already
comes from a very simple signal. A model trained only with execution feedback
(Rexec) Tecovers the bulk of the improvement over the base model and moves it from
single-digit exact match to answer-level scores that are already close to those of the
full GRPO configuration without gold queries (see Table 4). In relative terms, the
execution-only variant reaches around 85% of the F1 of the best no-gold GRPO
model. This suggests that, for Text-to-SPARQL in the present setup, having access
to executed answer sets is by far the most important component. Additional shaping
terms mainly fine-tune behavior rather than creating the performance gap to the
zero-shot baseline.

The remaining reward components then modulate how this execution signal is used.
The format reward primarily stabilizes the interface: it encourages the model to ad-
here to the requested <think>...</think> structure and to return a single SPARQL
query, which is reflected in higher execution accuracy without dramatic changes in
answer-level metrics. The structural coverage reward sharpens the use of the schema
that is provided in the prompt, and its main impact is visible on the more demanding
subsets such as temporal and held-out template questions, where it nudges the model
towards selecting entities and relations that are more consistent with the underlying
graph patterns. The length reward acts as a regularizer on completion length and
brings small but consistent improvements, particularly in settings where long CoT
traces would otherwise push the query close to the generation limit. In combination,
these terms make the policy more disciplined and robust, but they add comparatively
little on top of what execution feedback already achieves.

The comparison between GRPO with and without gold-query-based rewards yields
a somewhat counterintuitive result. Adding similarity and length-ratio rewards that
explicitly reference the gold SPARQL query does not improve answer-level metrics.
The variant without gold queries achieves slightly higher EMAcc and F1, although
the gold-based variant has marginally higher execution accuracy.

There are several plausible explanations. First, the additional rewards may intro-
duce competing optimization signals. Execution-based correctness already encodes
the main supervision, while BLEU-style similarity and length-ratio terms bias the
model towards reproducing the exact gold query form. Since multiple semantically
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equivalent queries can yield identical answer sets, encouraging the model to stay close
to a single reference may penalize valid alternative formulations and increase reward
variance. This may, in turn, hinder policy improvement.

Second, the gold-dependent rewards may be more susceptible to reward hacking. The
model can increase BLEU or match the gold length without necessarily preserving
semantic correctness, for example by copying spurious tokens or template artifacts.
The error analysis indicates that some GRPO failures involve malformed queries that
superficially resemble the gold structure, which is consistent with this risk.

Third, the shaping rewards tend to saturate early in training. Once the model has
learned to produce syntactically valid queries and to respect length constraints, the
marginal signal from format, structural and similarity rewards becomes small com-
pared to the execution reward. In this regime, the gold-based rewards may primarily
constrain the policy rather than providing additional guidance. The empirical ob-
servation that both GRPO variants converge to similar performance supports this
interpretation.

Overall, the results do not support strong claims that gold-query-based rewards
are beneficial in the present setup. Instead, they suggest that answer-level rewards
combined with simple structural and format constraints already suffice to obtain
most of the gains over the base model, and that more careful reward design would be
required to extract additional benefits from gold queries within an RL framework.

5.1.6 Prompting, CoT, and supervision mismatch

A recurring theme in the experiments is the sensitivity of the models to prompt
design. The base model with CoT performs poorly, primarily because either the rea-
soning content is excessively long and the final SPARQL query is subsequently trun-
cated, or due to failure to adhere to the instructed formatting. GRPO mitigates this
problem by explicitly rewarding well-formed outputs and penalizing non-executable
queries, which induces the model to adapt its CoT behavior to the available genera-
tion budget.

For the supervised DoRA baseline, CoT is deliberately disabled during training.
Since there are no labels for the reasoning process, only the final query tokens can be
used as supervision. Maintaining CoT in this setting would therefore force the model
to generate unsupervised reasoning tokens that are not aligned with any training ob-
jective and that consume a substantial fraction of the generation budget. Removing
CoT for the SFT baseline is thus a pragmatic choice, even if it slightly reduces direct
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comparability to the CoT-based GRPO models.

This mismatch illustrates a more general tension between process supervision and
outcome supervision in Text-to-SPARQL. GRPO in this work optimizes the out-
come (the executed query and its answers), while CoT is treated as an auxiliary
channel that is indirectly shaped by format rewards. The experiments show that
this is sufficient to make CoT compatible with the task, but they do not address
whether explicit process rewards or intermediate supervision could further improve
performance.

5.1.7 Methodological limitations

Several methodological aspects constrain the scope of the conclusions that can be
drawn.

First, the experiments focus on a single base architecture (QQwen3-1.7B) and a single
dataset (DBLP-QuAD). While the choice of Qwen is motivated by prior work on
RL-friendliness, it remains unclear whether the observed patterns would generalize
to other small models such as Llama or Mistral, or to other KGQA benchmarks
with different schemas and question distributions. Further, a preprocessed variant
of DBLP-QuAD is used with added relation and entity details, which reduces com-
parability to other benchmarks without this inclusion.

Second, the GRPO configuration itself is relatively narrow, with a fixed group size,
clipping parameter and KL coefficient, without systematic exploration of alternative
GRPO variants such as Dr. GRPO or adaptive KL schedules. Only a small number of
reward weightings are tested, and the analysis of reward saturation remains qualita-
tive. It is possible that different hyperparameter settings or alternative formulations
of the same reward components would lead to different trade-offs between stability,
efficiency and final performance. The runtime of approximately 35 hours for one
GRPO epoch limits the number of runs that can be carried out and made extensive
hyperparameter search impractical. In particular, the ablation results are based on
single runs per configuration and do not systematically probe training stability or
variance across seeds, so conclusions about “promising” reward designs should be
read as indicative rather than definitive.

Third, training is performed for a single epoch for both GRPO and DoRA, and
there is no systematic study of sample efficiency or convergence behavior. Moreover,
random seeds are not controlled explicitly, so some of the results may be subject to
stochastic variation that is not fully captured by a single run.
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Finally, the experimental setup assumes perfect entity and relation linking. The
model receives pre-resolved URIs in the prompt and is not required to perform men-
tion detection or entity disambiguation. This isolates the SPARQL generation prob-
lem but also distances the setup from end-to-end KGQA systems, where linking is
a major source of error. The conclusions about GRPO therefore apply to the query
formulation component in isolation rather than to full KGQA pipelines.

5.2 Conclusion

This thesis investigated the use of GRPO for training small language models on zero-
shot Text-to-SPARQL over the DBLP knowledge graph. The experimental results
provide partial answers to the research questions formulated in Section 1.1.

Regarding the first research question, GRPO has a clear and positive influence on
the performance of the small instruction-tuned base model. Starting from a weak
zero-shot baseline, GRPO-trained models achieve substantial gains in exact-match
accuracy, F1 and execution accuracy, both on the full test set and on temporal
questions. They also learn to follow a CoT-style prompting protocol that the base
model handles poorly, and they do so without access to gold SPARQL queries in one
of the configurations. At the same time, the improvements are bounded. Supervised
DoRA finetuning on gold queries remains the strongest overall approach under the
studied conditions, with higher answer-level accuracy across most question categories.

With respect to the second research question, the present findings indicate that
GRPO is a promising training method for zero-shot Text-to-SPARQL with small
models when gold queries are not available, while for a statement on general effec-
tiveness further experimentation is required. In the specific setting of this work,
GRPO leverages answer-level rewards and simple structural and format constraints
to close a large part of the gap between zero-shot and fully supervised performance.
The method seems particularly attractive for its template-level generalization, where
the GRPO model without gold-query-based rewards outperforms the DoRA baseline
on held-out templates while remaining behind on the overall test set. However,
when gold queries are available, supervised finetuning with DoRA achieves better
performance at lower computational cost.

Regarding the third research question on reward design, the ablation study points to
a clear pattern that a model trained only with execution feedback already recovers
most of the final GRPO performance. It substantially improves answer-level and
execution metrics over the zero-shot baseline and reaches results close to the best
configuration without gold queries. Additional format and structural rewards yield
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smaller but consistent gains, mainly by increasing execution reliability and improving
behavior on temporal and held-out template questions, and a length reward further
fine-tunes this configuration. Within the limits of this work, the combination of
execution, format, structural, and length rewards offers the most balanced trade-off
between answer accuracy, execution reliability, and generalization, but the bulk of the
improvement over the base model is driven by the execution signal alone. By contrast,
extending the reward with similarity and length-ratio terms derived from gold queries
improves execution reliability further but does not translate into better answer-level
or generalization performance, suggesting that naively combining outcome rewards
with reference-based shaping terms is not sufficient to match supervised training.
Training remained qualitatively stable across all tested configurations, but stability
was not evaluated systematically and may depend on hyperparameter choices that
were not explored here.

Overall, the results paint a nuanced picture. GRPO can substantially improve the
DBLP-QuAD performance of a small model starting from zero-shot, and it offers
promising advantages in terms of template-level generalization and alignment with
complex prompting schemes. At the same time, the method is computationally de-

manding and still trails behind supervised finetuning when full supervision is avail-
able.

Future work, building on the limitations discussed above, should explore more exten-
sive ablations, alternative GRPO variants, and different base models and datasets.
The improvements with respect to template-level generalizations should be investi-
gated on other datasets to clarify if this is a local phenomenon on DBLP or of general
nature. For this, GrailQA [59] would be a natural candidate, since it focuses on the
generalization ability specifically.

Further, since GRPO natively supports process-level supervision, future work could
include defining rewards to shape the reasoning process explicitly, perhaps using
query decomposition to construct a learning signal for intermediate steps, to address
observed shortcomings when dealing with more complex question categories. Cur-
riculum based strategies offer another avenue of improvement, where the question
complexity is increased over training. Lastly, this work was focused on a purely
zero-shot setting. Including category-wise query examples in the prompt could be a
promising extension, as this approach showed success in the related works.

These extensions could help to further clarify under which conditions GRPO is a
competitive or even preferable alternative to supervised Text-to-SPARQL training
for small language models.
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A Appendix

A.1 Prompt Templates

A.1.1 System Prompt

Your task is to generate a syntactically and semantically correct SPARQL
query that answers a given natural language question, using only the
provided entities and relatiomns.

Please follow these instructions:
carefully analyze the given question, pay special attention to negations

(not, etc.).

- Think step by step, reasoning through the transformation from question to
query.

- Enclose your detailed reasoning in <think> ... </think> tags.

- Output the final SPARQL query - without any extra explanation or
formatting.

Query Generation Rules:

- Only use the provided entities and relations; do not invent or infer
additional ones.

- Use all provided entities and relations in the query.

- Do not use prefixes; write all URIs in full.

- By default, use SELECT DISTINCT in your queries, unless the context
clearly requires otherwise.

- For yes/no questions, always use the ASK keyword to obtain a boolean
result

- Carefully consider whether the answer should be the subject or object in
each relevant triple pattern.

- Always use single quotes for literals

Example output format:
<think> Step-by-step reasoning here. </think> SPARQL query here
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A.2 Hyperparameters

A.1.2 User Prompt
Generate a SPARQL query to answer the following question.
Question: {question}

Relevant Entities: {entities}
Relevant Relations: {relations}

A.2 Hyperparameters

A.2.1 Decoding Parameters

Table 5: Generation hyperparameters used for inference.

Parameter Value

Base model Qwen3-1.7B (chat)
Max input length 700 tokens
Max new tokens 1024 tokens

Temperature 0.6
Top-p 0.95
Min-p 0.0
Top-k 20
Beam search disabled
Repetition penalty 1.0
Padding side left
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A.2 Hyperparameters

A.2.2 GRPO Training Parameters

Table 6: Hyperparameters for GRPO training.

Parameter Value

Base model Qwen3-1.7B (chat)
Training set size 7000

Batch size (per device) 4

Gradient Accumulation Steps 16

Group size 4

Max new tokens 1024

Learning rate le-6

Optimizer AdamW

Beta 1 / Beta 2 0.9 / 0.999
Weight decay 0.0

LR schedule linear

Advantage normalization per-group

KL penalty (5) 0.04

KL target policy initial pretrained model
Gradient clipping (¢) 0.2

Mixed precision bfloat16
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A.2 Hyperparameters

A.2.3 DoRA Fine-tuning Parameters

Table 7: Hyperparameters for DoRA supervised finetuning.

Parameter Value
Base model Qwen3-1.7B (chat)
Training epochs 1

Batch size (per GPU) 8
Gradient accumulation 8
Effective batch size 64
Learning rate 2e-5
Optimizer AdamW
Weight decay 0.0

LR schedule linear
Warmup ratio 0.0

Max sequence length
Loss

DoRA rank

DoRA alpha

DoRA dropout
Target modules
Mixed precision

1024 tokens

Cross-entropy on target SPARQL
8

32

0.05

q, k, v, o projections

bfloat16
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A.2 Hyperparameters

Note on Al Usage

This thesis was written with the help of the following Artificial Intelligence tools and
services:

e LanguageTool from languagetool.org for grammar checking

e ChatGPT 5.1 by OpenAl for discussion and improvement of wording and for-
mulation

e Qwen 3 Coder on ChatAlI by GDWG for debugging

Declaration of Academic Honesty

I, Jann PFEIFER, hereby declare that I have not previously submitted the present
work for other examinations. I wrote this work independently. All sources, including
sources from the Internet, that I have reproduced in either an unaltered or modified
form (particularly sources for texts, graphs, tables, and images), have been acknowl-
edged by me as such. I understand that violations of these principles will result in
proceedings regarding deception or attempted deception.
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