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“Change is the only constant.”
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Abstract

Modern information-seeking systems increasingly rely on Large Language Models (LLMs) paired
with external knowledge sources to generate accurate, context-aware responses. However, current
Retrieval-Augmented Generation (RAG) pipelines face limitations in conversational question
answering, including limited retrieval coverage and high reader (generator) latency, which affect
answer quality and system efficiency. Evaluating responses grounded in retrieved evidence also
presents challenges. Reward Models (RMs), typically trained on general preference data, are
not equipped to distinguish between plausible responses based on parametric knowledge alone
and those grounded in non-parametric evidence retrieved at inference time, as their training
lacks retrieval-aware supervision and evidence-conditioned evaluation signals. Although the shift
from parametric to non-parametric knowledge has enabled models to access more up-to-date
and domain-specific information, most systems continue to rely solely on unstructured (text)
inputs. This unstructured evidence often contains implicit, incomplete, or scattered information,
making it difficult for models to piece together accurate responses. A promising direction is
to incorporate structured non-parametric knowledge, such as knowledge graphs, which make
relational information explicit and easier to leverage during inference. This requires architectures
capable of jointly encoding unstructured and structured sources in a unified and effective manner.

This thesis explores methods to enhance RAG and text-graph encoders through two complemen-
tary lines of investigation. The first part focuses on improving the effectiveness and efficiency
of retriever—reader pipelines, by introducing a lightweight reranking component between the
retriever and reader, coupled with targeted fine-tuning steps that increase retrieval coverage and
enable the reader to operate on fewer but more relevant passages. Additionally, this part proposes
a methodology to adapt reward models for evaluating responses in the RAG setting. By repurpos-
ing existing question answering datasets into contextual preference pairs that reflect RAG-specific
criteria, it enables the training of evaluation models that prioritise grounded, evidence-based
answers over those relying solely on parametric knowledge. The second part investigates how
attention-based models can be extended to incorporate explicit relational structure. It introduces
a mechanism for jointly encoding unstructured (text) and structured (graph) information within a
unified attention framework, enabling the model to draw on both types of input when building
representations. This facilitates targeted and context-aware aggregation of information across
multiple spans of text. This part further explores how these models can operate over knowledge
graphs in inductive settings, where entities and relations encountered at inference time have not
been seen during training. It shows that incorporating explicit relational information can reduce
the reliance on text encoders to predict links between entities from unstructured input alone.

This thesis aims to show the potential of bringing together retrieval-based architectures and
structured knowledge representations for building LLM-based information-seeking systems that
can ground their generation in retrieved evidence, whether unstructured or structured, and access
both types of information seamlessly via the attention mechanism.

il
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Sommario

I moderni sistemi di ricerca di informazioni si affidano sempre pitt ai Modelli Linguistici di
Grandi Dimensioni (Large Language Models, LLMs) abbinati a fonti di conoscenza esterne
per generare risposte accurate e adatte al contesto informativo. Tuttavia, le attuali pipeline di
Generazione Aumentata con Recupero (Retrieval-Augmented Generation, RAG) presentano
limitazioni nel quadro delle conversazioni di tipo domanda e risposta, tra cui limitata copertura
del recuperatore (retriever) e alta latenza del generatore (reader), che incidono sulla qualita delle
risposte e sull’efficienza del sistema. La valutazione di risposte basate su elementi informativi
ottenuti in seguito alla fase di recupero comporta ulteriori sfide. I Modelli di Ricompensa
(Reward Models, RMs), tipicamente addestrati solamente su dati di preferenza generici, non sono
in grado di distinguere tra risposte plausibili basate unicamente su conoscenza parametrica e
risposte basate su elementi informativi non parametrici recuperati in fase di inferenza, poiché
durante I’addestramento non ricevono una supervisione progettata per tenere conto del processo di
recupero, né dispongono di segnali di valutazione costruiti in funzione degli elementi informativi
disponibili. Sebbene il passaggio dalla conoscenza parametrica a quella non parametrica abbia
permesso ai modelli di accedere a informazioni pili aggiornate e specifiche di dominio, la maggior
parte dei sistemi continua a basarsi esclusivamente su input non strutturati (testo). Questi elementi
informativi non strutturati spesso contengono informazioni implicite, incomplete o frammentarie,
rendendo difficile per i modelli comporre risposte accurate. Una direzione promettente consiste
nell’integrare conoscenza non parametrica strutturata, come i grafi di conoscenza (Knowledge
Graphs, KG), che rendono esplicite le relazioni e piu facili da sfruttare in fase di inferenza. Cio
richiede architetture capaci di rappresentare congiuntamente fonti non strutturate e strutturate in
maniera unificata ed efficace.

Questa tesi esplora metodi per migliorare RAG e codificatori testo—grafo su due linee di ricerca
complementari. La prima parte si concentra sul miglioramento dell’efficacia e dell’efficienza
delle pipeline recuperatore—generatore (retriever—reader), introducendo un modulo leggero di
riordinamento (reranking, reranker) tra recuperatore e generatore, unito a fasi di messa a punto
(fine-tuning) mirate ad aumentare la copertura del recuperatore e consentire al generatore di
operare su un numero inferiore ma piu rilevante di passaggi. Inoltre, questa parte propone una
metodologia per adattare i RM alla valutazione di risposte nel contesto RAG. Riutilizzando data-
set esistenti di domanda e risposta per creare coppie di preferenza contestualizzate secondo criteri
specifici RAG, viene reso possibile I’addestramento di modelli di valutazione che privilegiano
risposte basate su elementi informativi recuperati rispetto a quelle basate unicamente su cono-
scenza parametrica. La seconda parte indaga come i modelli basati sull’attenzione possano essere
estesi per incorporare esplicitamente le strutture relazionali. Viene introdotto un meccanismo per
rappresentare congiuntamente informazioni non strutturate (testo) e strutturate (grafo) all’interno
di un unico quadro di riferimento di attenzione, consentendo al modello di attingere a entrambi i
tipi di input nella costruzione delle rappresentazioni. Questo approccio consente di combinare
e integrare in modo preciso e contestualmente pertinente le informazioni provenienti da pit
segmenti di testo. Questa parte mostra inoltre che I’integrazione di informazioni relazionali
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esplicite puo ridurre la dipendenza dai codificatori di testo nel prevedere collegamenti (link
prediction) tra entita sulla base di input esclusivamente non strutturati.

Questa tesi mira a mostrare il potenziale della convergenza tra architetture basate sul recupero e
rappresentazioni di conoscenza strutturata per costruire sistemi LLM di ricerca di informazioni
in grado di basare la generazione su elementi informativi recuperati, siano essi non strutturati o
strutturati, e di accedere a entrambi i tipi di informazione in modo integrato tramite il meccanismo
di attenzione.

Parole chiave: generazione aumentata con recupero (Retrieval-Augmented Generation, RAG),
domanda e risposta conversazionale (conversational question answering), predizione di colle-
gamenti (link prediction), recuperatore (retriever), riordinatore (reranker), generatore (reader),
modelli di ricompensa (Reward Models, RMs), testo, grafo, non strutturato, strutturato, attenzione
(attention).
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] Motivation

o0 e GPT H
! Wikipedia
H E Larry is a British domestic tabby cat who E
i H has served as Chief Mouser to the Cabinet
Which cat clashed with Larry ' y .
during his time in office? ' Office at 10 Downing Street since 2011. [...]
! Larry had several altercations with Sybil, a fellow + : et @
X ! catin the Cabinet Office, especially over food and (&—§—— \ E M("L‘fm S;“fj:‘ E
! office space. ' ' o -

e eeeeeeeeeeeeeeeeeeaae ‘ Parametric

Wikipedia & News

Arivalry is the opposition between two
competing parties (rivals). [...]

! Larry has served as Chief Mouser to the Cabinet +

1 Office since 2011. Other government cats include + j j H
X 1 Palmerston and Gladstone. While these cats had b E E H

1 overlapping tenures, no specific conflict is clearly !
| identified. ' Non-Parametric

Larry the cat treated by vet amid turf war
‘fracas' with rival Palmerston at No 10. [...]

Palmerston clashed with Larry during their

Chief

overlapping time in office. Larry served as Chief Mouser

Mouser at the Cabinet Office, while Palmerston H
held the same role at the Foreign and :

=

Commonwealth Office. The two were known for has type
their frequent turf disputes and confrontations Structured

outside No. 10. Non-Parametric

( Ask me anything.. >

Wikipedia

Honorary
Role

=

Palmerston is a cat who was the resident
Chief Mouser of the Foreign & Common-
wealth Office (FCO) at Whitehall in
London. [...]

Figure 1.1: Answering a relational question with increasing levels of system capability. The
question "Which cat clashed with Larry during his time in office?” serves as a running example
to illustrate three distinct approaches. Parametric: A language model relying solely on internal
knowledge fails to answer correctly, suggesting Sybil based on superficial association rather
than grounded evidence. Non-Parametric: Retrieved unstructured text introduces relevant facts
about Larry and Palmerston, such as their overlapping tenures, but the connection between them
remains unstated, so the system cannot identify the correct answer. Structured Non-Parametric:
Structured data, represented as a knowledge graph, enables the system to infer the unstated rivalry
between Larry and Palmerston via link prediction. This allows it to produce the correct answer.

1.1 Unstructured and Structured Sources for Effective Information-
Seeking Systems

We live in an age where automated systems are becoming central to how people access and
interact with information. In particular, information-seeking conversations, where a user engages
in a natural back and forth dialogue with a system (Oddy, 1977; Croft and Thompson, 1987;
Belkin et al., 1995), asking follow-up questions, clarifying their intent, and expecting responses
that are both contextually relevant and grounded in external evidence, have moved beyond
speculative research into practical, everyday use. They are now embedded in tools that support
open-ended exploration across a wide range of domains (Perplexity Al, 2025; OpenAl, 2025;
Gemini Team, 2025b).

A prominent task within this broader setting is Open-Domain Conversational Question Answering
(ODConvQA) (Qu et al., 2020a), which has gained increasing attention with the rise of Large Lan-
guage Models (LLMs) capable of generating fluent responses conditioned on user input (Ouyang
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et al., 2022; Anthropic, 2023; Touvron et al., 2023; Gemini Team, 2025a; DeepSeek-Al et al.,
2024). These models are often paired with retrieval components that provide access to external
sources of knowledge, enabling them to respond not only based on what they have been trained
on, but also on information retrieved at inference time (Fan et al., 2024). A key paradigm enabling
this capability is Retrieval-Augmented Generation (RAG) (Lewis et al., 2020b), which allows
LLMs to incorporate up-to-date and domain-specific knowledge, and to support open-ended
question answering beyond the limitations of static search.

Figure 1.1 illustrates how seemingly straightforward questions can expose fundamental challenges
in building effective information-seeking systems. Parametric models often rely on superficial
associations and lack the means to verify or contextualise their responses. Introducing retrieval
offers access to external evidence. However, when that evidence is drawn from unstructured text,
it can still fall short, as relevant facts may be scattered, implicit, or only loosely connected. Struc-
tured sources help to surface these latent relationships, although they also introduce challenges
related to representation and integration. Beyond retrieving and organising information, effective
systems must also align their responses with the user’s intent and the supporting evidence.

1.2 Research Questions and Contributions

Following the challenges outlined in Figure 1.1, this thesis focuses on how systems retrieve
relevant content, align responses with both the retrieved evidence and the user’s intent, and
combine unstructured text with structured information. These challenges are explored through
four research questions, grouped into two complementary lines of investigation: Retrieval-
Augmented Generation and Text-Graph Encoders. An overview is shown in Figure 1.2.

1.2.1 Research Question 1: What limits the effectiveness of retrieval-based conver-
sational question answering pipelines, and how can these be addressed?

Chapter 4 examines why widely adopted retriever-reader pipelines such as Dense Passage
Retrieval (DPR) retriever (Karpukhin et al., 2020) and Fusion-in-Decoder (FiD) reader (Izacard
and Grave, 2021b) underperform in ODConvQA. It identifies key issues including sensitivity
to noisy inputs, limited retrieval coverage, and high reader latency. The chapter introduces
Retriever-Reranker-Reader Fine-tuning (R3FINE), a simple strategy that combines fast reranking
with targeted fine-tuning of the retriever and reader, delivering stronger QA performance with
significantly lower inference time.
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1.2.2 Research Question 2: How can reward models be extended to evaluate re-
sponses in the RAG setting?

Chapter 5 addresses the mismatch between conventional Reward Models (RMs) (Bai et al., 2022a),
which are typically trained on general preference data, and the distinct evaluation challenges of
the RAG setting, where responses must be evaluated with respect to retrieved evidence rather than
parametric knowledge alone. It introduces RAGferee, a methodology that repurposes QA datasets
into preference pairs designed to train contextual RMs. These models focus on RAG-specific
dimensions such as faithfulness, completeness, conciseness, appropriate refusals, and relevance
to the user query. Despite being trained on a small, carefully curated dataset, the RAGferee RMs
demonstrate significantly stronger performance than larger RMs trained on extensive general
corpora, highlighting the value of supervision that prioritises contextual relevance (based on
non-parametric knowledge) over stylistic features (driven by parametric knowledge).

1.2.3 Research Question 3: How can attention-based models learn to pool informa-
tion from unstructured inputs using explicit structured relational information?

Chapter 7 examines the challenge of aggregating information from unstructured inputs in settings
where relevant content is distributed across multiple spans of text. Existing approaches rely
heavily on hand-crafted pooling heuristics, which are typically fixed, not data-driven, and difficult
to transfer across tasks or models. This chapter introduces a Graph-Assisted Declarative Pooling
method (GADePo) that augments attention-based models with special aggregation tokens and
explicit graph relations. By integrating structural relations directly into the attention computation,
GADePo enables pooling to be guided by domain knowledge while still being learned from data,
demonstrating how attention mechanisms can serve as a unifying interface between unstructured
input and explicit structured relational information.

1.2.4 Research Question 4: How can models make use of textual and relational
information to operate over structured knowledge in inductive settings?

Chapter 8 addresses the challenge of operating over structured knowledge in inductive settings,
where both entities (nodes) and relations (edges) may be unseen in the training data. It introduces
Fast-and-Frugal Text-Graph Transformers (FnF-TG), a model designed to integrate unstructured
textual descriptions and structured relational data through attention mechanisms for inductive
link prediction. FnF-TG encodes text-attributed ego-graphs and constructs embeddings for
both entities and relations from their textual descriptions, allowing it to handle unseen elements
without relying on fixed vocabularies or representations.
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(. ® Text-Graph Encoders and Retrieval-Augmented Generation )

Motivation and Research Questions

Retrieval-Augmented Generation

RAGferee

Retriever-Reranker-Reader Contextual
Fine-tuning Reward Models

Text-Graph Encoders

Graph-Assisted Fast-and-Frugal
Declarative Pooling Text-Graph Models

Conclusions and Future Work

< vy

Figure 1.2: Schematic overview of the thesis. The work is organised into two complementary
lines of investigation: Retrieval-Augmented Generation, which examines the limitations of
retrieval-based QA pipelines and the extension of Reward Models to better evaluate responses in
the RAG setting (Chapter 4 and Chapter 5); and Text-Graph Encoders, which explores how
attention-based models can learn to pool information from unstructured inputs using explicit
structured relational information, and how models can operate over structured knowledge in
inductive settings using both textual and relational information (Chapter 7 and Chapter 8).
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2.2  Other Publications

Outside the scope of this thesis, contributions were also made to the following publications:

* Theodoropoulos, C., Henderson, J., Coman, A. C., and Moens, M.-F. (2021). Imposing
relation structure in language-model embeddings using contrastive learning. In Bisazza,
A. and Abend, O., editors, Proceedings of the 25th Conference on Computational Natural
Language Learning, pages 337-348, Online. Association for Computational Linguistics

* Theodoropoulos, C., Coman, A. C., Henderson, J., and Moens, M.-F. (2024). Enhancing
biomedical knowledge discovery for diseases: An open-source framework applied on rett
syndrome and alzheimer’s disease. IEEE Access, 12:180652—-180673

e Fehr, F. J., Baia, A. E., Chang, X., Coman, A. C., Hajal, K. E., Zein, D. E., Kumar, S.,
Gomez, J. P. Z., Cavallaro, A., Teney, D., and Henderson, J. (2025). Fine-tuning pretrained
models with NVIB for improved generalisation. In Workshop on Spurious Correlation and
Shortcut Learning: Foundations and Solutions

* Theodoropoulos, C., Coman, A. C., Henderson, J., and Moens, M.-F. (2025). Reduction of
supervision for biomedical knowledge discovery. BMC Bioinformatics, 26
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Figure 3.1: Diagram of the Retrieval-Augmented Generation (RAG) architecture. In the retrieve
component, the query and contexts are encoded using the Query Encoder and Context Encoder
components shown in white, and relevant contexts are selected from an external corpus via the
Retrieve (Search) component, also shown in white. The Augment (Prompt) component, shown
in black, combines the query with the retrieved contexts to form a single input. The Generate
(LLM) component, also shown in black, uses a generative model that conditions on this input to
produce the final output/response.

Modern language models have achieved impressive results across a wide range of natural language
processing tasks by storing world knowledge implicitly within their parameters (Petroni et al.,
2019; Roberts et al., 2020; Raffel et al., 2020; Safavi and Koutra, 2021; Yu et al., 2024). While
effective in many settings, this parametric approach has inherent limitations when models are
required to produce specific, up-to-date, or rare factual content. In such cases, the inability to
revise or inspect the internal knowledge representation can lead to outputs that are factually
inaccurate or unverifiable, a phenomenon commonly referred to as hallucination (Tonmoy et al.,
2024). These challenges motivate hybrid architectures that supplement parametric knowledge
with access to explicit, external sources of information (Guu et al., 2020; Karpukhin et al., 2020;
Petroni et al., 2020; Borgeaud et al., 2022; Rashiti et al., 2024).

This chapter provides background on the Retrieval-Augmented Generation (RAG) architecture
(Figure 3.1). This pipeline enables language models to dynamically incorporate retrieved evidence
into the generation process by decomposing the workflow into three components: retrieval of
relevant contexts from a non-parametric memory based on the query, augmentation of the input
with retrieved contexts, and generation of a final output/response, conditioned on both the query
and supporting evidence.



Chapter 3. Retrieve, Augment, and Generate

More formally, let ¢ € @) denote the input query, and let » = (r1, 72, ..., 7y) represent the target
response sequence. The system also has access to a corpus C of external contexts. The objective
is to model the conditional distribution p(r | ¢), where the generation is guided by the selection
of relevant contexts ¢ € C, retrieved at inference time.

3.1 Retrieval

The retrieval component typically employs a dual encoder architecture in which the query and
external contexts are encoded independently. As illustrated in Figure 3.1 and Figure 3.2, the
query q is passed through a Query Encoder function fquery Encoder t0 Obtain a dense representation
q= fquery(q). Simultaneously, each context ¢ € C from the external corpus is encoded using a
separate Context Encoder function fcontext Encoder> producing ¢ = feonext(¢)-

: Query Context -
Encoder Encoder : ,'7@

N vz

Dense Passage Retrieval (DPR)

Figure 3.2: Dense Passage Retrieval (DPR) (Karpukhin et al., 2020): Dual encoder architecture for
retrieval. The query and candidate contexts are independently encoded into dense representations
using separate encoders. The inner product between the query and context embeddings is used to
rank relevant contexts.

A relevance score between the query and each context is computed via the inner product of their
dense representations:
T
plclg) xq c.
The top k most relevant contexts, denoted {cy, co, ..., c,} C C, are selected for the next stage in
the pipeline. Since this retrieval must be performed potentially over millions (or even billions) of

contexts, the process is implemented via Maximum Inner Product Search (MIPS), often relying
on approximate nearest neighbour methods to ensure efficiency at scale (Johnson et al., 2021).
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3.2 Augmentation and Generation

A typical realisation of this retrieval mechanism is Dense Passage Retrieval (DPR) (Karpukhin
et al., 2020), shown in Figure 3.2. DPR uses two independently parameterised BERT-based (De-
vlin et al., 2019) encoders for queries and contexts, trained using a contrastive objective that
brings relevant query—context pairs closer together while pushing apart the non-relevant ones.

3.2 Augmentation and Generation

Once the top k relevant contexts {cj,ca,...,cx} C C have been retrieved, the next stage
augments the query ¢ with the supporting evidence to form the input to the generative model.
Each retrieved context c; is paired with the original query g to create a set of concatenated inputs
{(¢,c1), (q,¢2),...,(q,ck)}. Since the original ground truth context is unknown at inference
time, the generation process treats the contexts as latent variables and marginalises over them to

model the conditional distribution over the full response r = (r1,72,...,7ry), as follows:
k
p(T ’ Q) = Zp(Cw(D p(T ‘ Q7Ci)7
i=1

where p(c;, q) comes from the retriever. The generative model then produces the response
autoregressively, conditioning on the query ¢ and each context ¢;, as follows:

N

T|Q7CZ H T] |Q7Civr<j)'
7=1

Encoder .'..—
'*eebu---
O —S—CTmAI— |

Fusion-in-Decoder (FiD)

Figure 3.3: Fusion-in-Decoder (FiD) (Izacard and Grave, 2021b): Encoder—Decoder architecture
for generation. Each augmented query—context pair is independently encoded via the Encoder.
The Decoder then jointly attends to all encoded representations to generate the output/response
sequence.
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A common realisation of the generation component is Fusion-in-Decoder (FiD) (Izacard and
Grave, 2021b), shown in Figure 3.3. FiD is typically implemented using an encoder-decoder
architecture such as TS5 (Raffel et al., 2020) or BART (Lewis et al., 2020a), where each input
pair (g, ¢;) is independently encoded via the Encoder function fgpcoder, and the resulting rep-
resentations are fused inside a shared Decoder function fpecoger Via cross-attention. At each
decoding step, the Decoder generates token r; based on the query ¢, the retrieved contexts
{c1,¢2,..., ¢} C C, and the previously generated tokens 7, as follows:

p(?“] ‘ q, {Clv C2y v vy Ck}a T<j) = fDecoder(Qa {61)025 e ack}vr<j)'

This formulation enables the model to condition on multiple retrieved contexts simultaneously
while generating a single output sequence. Since the Decoder attends to all contexts representa-
tions jointly and generates tokens autoregressively, the number of decoding steps depends only
on the length of the output response r, not on the number of retrieved contexts k.

12



R3FINE: Retriever-Reranker-Reader
Fine-tuning

Retrieval-Augmented Generation

4 Context Encoder )
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Generate (LLM) Augment (Prompt) Contexts
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Figure 4.1: This chapter focuses on the Query Encoder, Retrieve (Search), and Generate (LLM)
components of the RAG pipeline from Chapter 3. It examines how limitations in the retriever
and reader (generator) affect overall performance on Open Domain Conversational Question
Answering (ODConvQA) tasks. In particular, it highlights the retriever’s limited coverage and
the reader’s lack of robustness to noisy inputs. The chapter addresses these issues by introducing
a lightweight reranking component and applying targeted fine-tuning to both retriever and reader.
In the context of the Larry and Palmerston example from Figure 1.1, this approach could in
principle help surface more relevant contextual evidence, including their overlapping tenures
and documented confrontations, thereby enabling the system to infer relationships such as their
rivalry, which might not be surfaced by the standard RAG pipeline.

(Ask me anything... )

\

J

4.1 Research Question

What limits the effectiveness of retrieval-based conversational question answering pipelines, and

how can these be addressed?

4.2 Publication

Coman, A., Barlacchi, G., and de Gispert, A. (2023). Strong and efficient baselines for open
domain conversational question answering. In Bouamor, H., Pino, J., and Bali, K., editors,
Findings of the Association for Computational Linguistics: EMNLP 2023, pages 6305-6314,
Singapore. Association for Computational Linguistics
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4.3 Summary

Unlike the Open Domain Question Answering (ODQA) setting, the conversational (ODConvQA)
domain has received limited attention when it comes to re-evaluating baseline pipelines for both
effectiveness and efficiency. Following their introduction in Chapter 3, this chapter examines the
commonly used pipeline (Figure 4.1) of Dense Passage Retrieval (DPR) retriever (Karpukhin
et al., 2020) and Fusion-in-Decoder (FiD) reader (Izacard and Grave, 2021b), and shows that it
significantly underperforms on ODConvQA tasks due to several key limitations. Some of these
include retriever’s limited coverage, reader’s lack of robustness to noisy inputs, and the overall
latency of the system when processing large numbers of passages. To address these limitations,
the chapter proposes and evaluates strong yet simple and efficient baselines by introducing a fast
reranking component between the retriever and the reader, and by performing targeted fine-tuning
of the two. Experiments on two ODConvQA datasets, namely TOPIOCQA (Adlakha et al.,
2022) and OR-QUAC (Qu et al., 2020b), show that these modifications outperform existing
approaches while reducing reader’s latency by 60%. These findings offer practical insights into
how retrieval-based pipelines can be made both stronger and more efficient for ODConvQA,
without increasing model complexity.

4.4 Introduction

In an automated information-seeking conversation scenario between two parties, the human
questioner asks a series of questions and expects to receive a relevant response from the answering
system (Oddy, 1977; Croft and Thompson, 1987; Belkin et al., 1995). A widely adopted setup,
models the answerer using two neural components: Dense Passage Retrieval (DPR) (Karpukhin
et al., 2020) as the retriever, and Fusion-in-Decoder (FiD) (Izacard and Grave, 2021b) as the
reader. This combination has proven effective in overcoming several shortcomings of earlier
sparse and extractive methods, such as their reliance on lexical heuristics and their limitation
to extracting spans from text (Chen et al., 2017; Yang et al., 2019; Lee et al., 2019; Das et al.,
2019; Guu et al., 2020; Lewis et al., 2020b; Shen et al., 2023). Promising advances in this
space have explored improved training strategies (Guu et al., 2020; Balachandran et al., 2021;
Qu et al., 2021), the incorporation of rerankers (Hu et al., 2019; Mao et al., 2021; Barlacchi
et al., 2022; Iyer et al., 2021; Glass et al., 2022), question rewriting (Vakulenko et al., 2021;
Del Tredici et al., 2021), knowledge distillation from reader to retriever (Izacard and Grave,
2021a), memory-efficient architectures (Izacard et al., 2020; Del Tredici et al., 2022), and the
integration of structured information (Min et al., 2019; Yu et al., 2022).

Unlike the Open Domain Question Answering (ODQA) setting, the conversational variant
(ODConvQA) has received comparatively little attention in terms of re-evaluating baseline
pipelines for both effectiveness and efficiency. In this chapter, we focus on the typical DPR
retriever and FiD reader (DPR+FiD) pipeline, and show its limitations when applied to the
ODConvQA setting. Despite its popularity, we find that this baseline significantly underperforms
when fine-tuned on downstream tasks. We show that simple improvements in the training,

14



4.5 End-to-End Baselines for ODConvQA

architecture, and inference setups of the DPR+FiD pipeline, provide a strong and efficient baseline
that outperforms existing approaches on two common ODConvQA datasets: TopiOCQA (Adlakha
et al., 2022) and ORConvQA (OR-QUAC) (Qu et al., 2020b).

We point out several limitations of the pipeline, such as:

1) reader’s susceptibility to noisy input, 2) retriever’s reduced coverage, 3) retriever’s lack of cross
semantic encoding between the conversation and the retrieved passages, and 4) reader’s latency
is heavily impacted by the number of input passages. To mitigate these, we propose and evaluate
a simple and effective approach by including a fast reranking component between the retriever
and the reader, and by performing targeted fine-tuning steps. The proposed Retriever-Reranker-
Reader Fine-tuning (R3FINE) strategy leads to baseline models with a better latency/performance
trade-off. These baselines, which are simple and easy to replicate, serve as a reference point for
comparing new and more complex models, and for determining their effectiveness.

Our contributions are as follows:

* We identify and address several limitations of the typical pipeline used in ODConvQA.

* We propose the RIFINE strategy, which outperforms existing approaches on two common
datasets and reduces pipeline’s latency by 60%.

* We provide new and valuable insights for creating simple and efficient baselines, which
serve as a reference point for future comparison with more complex approaches.

4.5 End-to-End Baselines for ODConvQA

Figure 4.2 presents an instantiation of the RAG pipeline described in Chapter 3, adapted for
the ODConvQA setting. It consists of a DPR-based retriever, an intermediate reranker, and an
FiD-based reader.

A conversation history ¢y, ¢a, . . ., ¢ is input to the DPR retriever, which applies fconversation Encoder
to compute a dense representation ¢ = fconversation Encoder(C1, €2, - - ., €n). Next, a collec-
tion of passages pi1,p2,...,pnN, defined as text blocks from an external knowledge source
(e.g., Wikipedia) and serving as basic retrieval units, is encoded into dense representations
Pi = fPassage Encoder (pi). Dense retrieval is then performed using Maximum Inner Product Search
(MIPS), which ranks passages based on the similarity between the conversation embedding ¢ and
each passage embedding p;, computed as ¢ ' p;.

The top-k passages retrieved by the DPR retriever are each paired with the conversation history to
form input pairs (¢, p1), (¢, p2), - . ., (¢, pr), which are independently encoded by the FiD reader’s
Encoder via fgncoder(¢, pi). The resulting representations are concatenated as fgncoder(¢, P1) ®
fEncoder(C, P2) D+ - - fEncoder (¢, Pr:) and passed to the FiD’s Decoder component, which generates

the final answer a = fDecoder(fEncoder(Ca pl) DD fEncoder(Ca pk))

15
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Figure 4.2: The Retriever-Reranker-Reader Fine-tuning (R3FINE) pipeline. A DPR retriever
encodes the conversation history to retrieve relevant passages from an external knowledge source.
Retrieved passages are then jointly encoded with the conversation history by a Semantic Reranker
(SR), which re-estimates their relevance. Finally, the top-ranked passages are passed to the FiD

reader, which generates the final answer.
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4.6 Experimental Setup

4.6 Experimental Setup

We focus on two main datasets. TOPTOCQA (Adlakha et al., 2022) is a large-scale open-domain
information-seeking conversational dataset, characterised by the presence of topic switching,
which poses a notable challenge. OR-QUAC (Qu et al., 2020b) builds upon context independent
question rewrites from the CANARD dataset (Elgohary et al., 2019), and adapts them to the
open-domain setting defined by the QuAC dataset (Choi et al., 2018). Further details regarding
the datasets are provided in Appendix A.

We make use of the DPR and FiD models provided with the TOPIOCQA dataset. At the time
of writing, only the training and development sets are available for TOPTOCQA. We apply
its DPR module to both datasets. However, since OR-QUAC is of extractive type, in contrast
to the generative nature of TOPIOCQA, we train the FiD reader from scratch using the same
configuration as for TOPTOCQA.

We report performance using two standard metrics in QA: Exact Match (EM) and F1 score.
EM measures the percentage of predictions that match any one of the ground-truth answers
exactly, making it a strict indicator of correctness. In contrast, F1 provides a softer evaluation by
computing the harmonic mean of precision and recall over word overlaps between the predicted
and ground-truth answers.

4.7 Strong Baseline Models

We outline a number of limitations of the DPR+FiD pipeline, along with suggestions on how to
mitigate them. While some of those interconnect at different levels the various efforts made in
the ODQA domain (Balachandran et al., 2021; Yu et al., 2022), our goal is to offer a perspective
on the ODConvQA setting.

4.7.1 Limitations and Bottlenecks

Reader’s susceptibility to noisy input. Previous work has shown that the performance of the FiD
reader improves significantly as the number of retrieved passages increases (Izacard and Grave,
2021b). While this observation is confirmed in our findings, Table 4.1 also offers a complementary
perspective. Specifically, we observe that when the reader is provided with the relevant (i.e.,
gold) passage, its performance deteriorates as the number of retrieved passages increases. This
indicates a trade-off in the reader’s input: when the gold passage is present, a smaller and more
focused list is preferable, whereas in its absence, including more passages increases the likelihood
of useful information being available. This analysis is limited to the TOPTOCQA dataset as it is
the only one that provides gold passage annotations for the development set.
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TorIOCQA

w/o gold w/ gold
top-k [ EM | F1 | EM | F1
1 [ 193 376|383 655
5 [27.0 496|363 625
10 |29.8 524|358 615
20 | 313 540|362 608
50 | 330 551359 595

Table 4.1: FiD reader performance (Exact Match and F1 scores) on the TOPTIOCQA development
set, with and without the gold passage (w/ gold and w/o gold) in the top-k limit.

Retriever’s reduced coverage. Typical solutions impose a hard top-k limit on the number of pas-
sages returned by the DPR retriever, implicitly assuming that relevant content is captured within
this restricted set. Table 4.1 shows that retrieval coverage is critical for effective downstream
performance by the reader. To address this limitation, we propose introducing a simple and
efficient Transformer-based (Vaswani et al., 2017) reranker after the retriever. This component,
shown in Figure 4.2 and described in the next paragraph, is designed to reconsider a larger pool
of passages returned by the DPR retriever and to provide the FiD reader with a reduced and
improved list of passages. Since this module operates at the semantic level, specifically over the
induced representations produced by the DPR’s Passage Encoder function fpassage Encoders W€
refer to it as the Semantic Reranker (SR). Table 4.2 shows the potential coverage margins and the
retrieval results obtained after the introduction of the Semantic Reranker module, when a larger
number of passages (50 vs. 1000) is considered.

ToPIOCQA OR-QUAC
top-k | w/o SR | w/SR | w/o SR | w/ SR
1 24.66  42.64 | 2927 56.64
5 | 51.87 6862 | 51.63 70.82
10 | 6245 7562 | 57.14 7227
20 | 7021  80.75 | 6137  72.80
50 | 7741  84.69 | 6522  73.53
500 | 89.58 90.73 | 7297 74.34
1000 | 9149 9149 | 7455  74.55

Table 4.2: Development set retrieval coverage before and after the introduction of the Semantic
Reranker component (w/o SR and w/ SR) when a larger number of passages (50 vs. 1000)
is considered. For TOPIOCQA, we report the presence of the gold passage within the top-%
limit. For OR-QUAC we report the presence of the gold answer within the top-k limit. Extra
retrieval results on the TOPTOCQA’s training set and the OR-QUAC’s test set are reported in
Appendix A.
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4.7 Strong Baseline Models

Retriever’s lack of cross-semantic encoding between the conversation and the retrieved
passages. The DPR retriever uses a dual encoder architecture in which the conversation history
and the passages are encoded independently by two separate functions: fconversation Encoder and
fPassage Encoder- This design, while efficient for retrieval, inherently prevents the model from
capturing cross-attentive/joint semantic interactions between the dense representations of the
conversation history and the retrieved passages during encoding. As a result, the retriever
is unable to exploit semantic relationships among passages or assess their relevance in the
broader conversational context. To address this limitation, we introduce a Semantic Reranker,
implemented as a Transformer encoder. This module jointly processes the dense representations
of the conversation history c and the retrieved passages pi, ..., Py, enabling cross-attention
among them:

A

¢, p1, ..., PN = Semantic Reranker(c,p1,...,PN).

Each input representation attends to the others, allowing for richer contextualisation. Ranking is

then performed over the transformed sequence &, P1, .. ., P, based on the inner product &' p;.

Reader’s latency is heavily impacted by the number of input passages. Figure 4.3 shows
that reader’s latency can be significantly reduced by decreasing the number of input passages.
However, a trivial limitation to top-k considerably degrades the performance of the module, thus
leading to an inevitable trade-off. The task of the Semantic Reranker involves pushing relevant
passages into the top-k list, and allowing for a low £ value to be set.

55.0 1.00
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42.5 7 0.70
7 >
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37.5 .t 055 ©
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top-k

Figure 4.3: F1 score and relative latency of the FiD reader on the TOPIOCQA development set
and OR-QUAC test set, evaluated with varying numbers of top-k input passages. Latency is
reported relative to the top-50 setting.
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4.7.2 The R3FINE Strategy

Building on the findings above, this work introduces the Retriever—Reranker—Reader finetuning
(R3FINE) strategy for constructing strong and efficient baselines in the ODConvQA setting.
The strategy begins by increasing the number of passages returned by the DPR retriever from
the initial 50 to 1000. A Semantic Reranker component, implemented as a single Transformer
encoder layer, is then incorporated. The Semantic Reranker is trained and fine-tuned alongside
the Conversation Encoder, while the Passage Encoder remains frozen. Training follows the
same contrastive objective used in the DPR retriever, encouraging high similarity between
matching conversation—passage pairs while pushing apart non-matching ones. Finally, based
on the observation from Table 4.1 that fewer but more relevant passages improve FiD reader
performance, an additional fine-tuning step is applied to the reader using the top-10 passages
returned by the Semantic Reranker.

4.8 Experiments and Results

Table 4.3 and Table 4.4 present a comparison between our R3FINE strategy and prior baselines,
including traditional sparse retrievers such as BM25 (Robertson and Zaragoza, 2009) and ex-
tractive readers like the DPR Reader (Karpukhin et al., 2020). R3FINE achieves an F1 score
of 59.0 on TOPIOCQA and 32.9 on OR-QUAC, surpassing the best results reported in the
original papers by 3.9 and 3.0 points, respectively. Notably, these substantial gains are obtained
through simple yet effective modifications to the training, architecture, and inference setup of the
DPR+FiD pipeline, without introducing new, more complex models.

TorP1IOCQA

Model EM | F1

BM25 + DPR Reader 13.6 25.0
BM25 + FiD 241 37.2
DPR Retriever + DPR Reader | 21.0 434
DPR Retriever + FiD 33.0 553
(Ours) DPR Retriever + FiD 33.0 55.1
+ R3FINE (top-10) 35.8 59.0

Table 4.3: Performance (Exact Match and F1 scores) comparison on the TOPTOCQA develop-
ment set between our approach and baseline combinations of sparse (BM25) vs. dense (DPR
Retriever) retrievers, and extractive (DPR Reader) vs. generative (FiD) readers.
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4.8 Experiments and Results

OR-QUAC
Model EM | F1
DrQA (Chen et al., 2017) - 6.3
BERTserini (Yang et al., 2019) - 26.0
ORConvQA (Qu et al., 2020b) - 29.4
(Ours) DPR Retriever + FiD 22.0 299
+ R3FINE (top-10) 21.6 329

Table 4.4: Performance (Exact Match and F1 scores) comparison on the OR-QUAC test set
between our approach and baseline models.

To further support our R3FINE strategy, Table 4.5 presents an ablation study quantifying its
impact on the DPR+FiD pipeline. We observe that incorporating the Semantic Reranker (w/ SR)
consistently improves performance over the DPR+FiD baseline (w/o SR). Notably, it enables
a 5-fold reduction in input size by processing only the top 10 passages, while maintaining
comparable or superior results. In addition, a further fine-tuning step of the FiD reader (w/ SR +
FT) leads to improvements of 1.7 and 2.9 F1 points on TOPIOCQA and OR-QUAC, respectively.
Additional experiments in Appendix A include reranker configuration ablations and extended
reader fine-tuning results.

Tor1IOCQA OR-QUAC
w/o SR w/ SR w/ SR +FT w/o SR w/ SR w/ SR + FT
top-k |[EM | F1 |[EM | F1 [EM| F1 |[EM| F1 [EM | F1 [EM | F1
1 [ 193 376|281 504307 524|147 230|139 257|166 289
10 | 298 524 (332 573|358 59.0 | 190 282|194 300|216 329
50 |33.0 551339 562|352 561 220 299|221 302|235 322

Table 4.5: FiD reader performance (Exact Match and F1 scores) on the TOPTIOCQA development
set and OR-QUAC test set before and after the introduction of the Semantic Reranker (w/o
SR and w/ SR), together with the results obtained after a further reader fine-tuning step with
top-10 output by the SR (w/ SR + FT). Underlined values indicate the results obtained by the
DPR+FiD pipeline. Bold values indicate the results obtained by R3FINE after the introduction of
the Semantic Reranker together with targeted fine-tuning steps.

Finally, Figure 4.3 shows that reducing the number of input passages from top-50 to top-10
results in an average latency reduction of 60% for the FiD reader across both datasets. We
conducted latency measurements to assess the overhead introduced by the Semantic Reranker and
its associated parameters, with full details provided in Appendix A. As the Semantic Reranker
consists of a single Transformer encoder layer, its parameter count is negligible compared to
both DPR and FiD. In practice, it accounts for only 0.34% of FiD’s overall latency, adding
approximately 2.4 ms per example on top of the 710 ms taken by FiD. It is important to note
that this impact is only considered in relation to FiD, as the retrieval phase remains constant
regardless of the inclusion of the Semantic Reranker.
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Chapter 4. R3FINE: Retriever-Reranker-Reader Fine-tuning

4.9 Conclusions

In this chapter, we identified several limitations of the typical Dense Passage Retrieval (DPR)
retriever and Fusion-in-Decoder (FiD) reader pipeline when applied in an ODConvQA setting.
We proposed and evaluated an improved approach by including a fast reranking component
between these two modules and by performing targeted fine-tuning steps. The proposed RIFINE
strategy lead to a better latency/performance trade-off. The new baseline has proven to be both
strong and efficient when compared to previous baselines, thus making it suitable for future
comparisons of new approaches.

These improvements become clearer in the context of the Larry and Palmerston example from
Figure 1.1. By increasing the chances of surfacing passages that contain evidence such as their
overlapping tenures and documented confrontations, the R3FINE strategy may help the system
capture relations like their rivalry.

4.10 Limitations

The study presented in this chapter aimed to identify and address various limitations of the com-
monly used ODConvQA pipeline. While our approach may not be technically groundbreaking,
the work’s novelty lies in the presented findings to design strong and efficient baselines for
ODConvQA. It should be noted that further research is needed to compare the performance of
the proposed R3FINE strategy with other rerankers on non-conversational QA datasets, which
would provide valuable insights into how effective the R3FINE approach is in different contexts.

4.11 Ethics Statement

We do not foresee any ethical concerns arising from this work. Our study builds entirely on
publicly available datasets and established ODConvQA pipelines. The focus is on refining
existing components to improve efficiency and performance. Nevertheless, as with any research
in automated information retrieval and generation, care should be taken when deploying such
systems to ensure outputs are used responsibly, especially in high-stakes or user-facing scenarios.
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RAGferee: Contextual Reward Models
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Figure 5.1: This chapter focuses on the Augment (Prompt), Generate (LLM), and the
query—response pair components of the RAG pipeline from Chapter 3. In the context of the
Larry and Palmerston example from Figure 1.1, it illustrates the need for aligning the LLM with
the RAG setting to produce responses that reflect the retrieved evidence. Achieving this align-
ment requires a way to evaluate candidate responses with respect to RAG-specific dimensions
such as faithfulness, completeness, conciseness, appropriate refusals, and relevance to the user
query. This chapter shows that standard Reward Models (RMs), typically trained on general
preference data and intended as domain-agnostic response evaluators, are not well suited to this
contextual setting: they are designed to evaluate outputs that reflect parametric knowledge alone,
and lack the means to assess whether a response is appropriately grounded in retrieved context
(i.e., non-parametric knowledge). To address this, it introduces RAGferee, a methodology that
repurposes QA datasets into contextual preference pairs. This enables the training of lightweight
yet effective RMs which, when tested on RAG-specific benchmarks, outperform much larger
models trained on extensive, general-purpose corpora.

J

5.1 Research Question

How can reward models be extended to evaluate responses in the RAG setting?

5.2 Publication

Coman, A. C., Sorodoc, L.-T., Ribeiro, L. F. R., Byrne, B., Henderson, J., and de Gispert, A.
(2025a). Ragferee: Building contextual reward models for retrieval-augmented generation
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Chapter 5. RAGferee: Contextual Reward Models

5.3 Summary

Existing Reward Models (RMs), typically trained on general preference data, struggle in Re-
trieval Augmented Generation (RAG) settings (Figure 5.1), which require judging responses for
faithfulness to retrieved context, relevance to the user query, appropriate refusals when context is
insufficient, completeness, and conciseness of information, to name a few. To address the lack of
publicly available RAG-centric preference datasets and specialised RMs, in this chapter, we intro-
duce RAGferee (RAG referee/judge), a methodology that repurposes question-answering (QA)
datasets into preference pairs that prioritise groundedness, rooted in non-parametric knowledge,
over stylistic features driven by parametric knowledge, thereby enabling the training of contextual
RMs better suited to judging RAG responses. Using RAGferee, we curate a small preference
dataset of 4K samples and fine-tune RMs ranging from 7B to 24B parameters. Our RAG-centric
RMs achieve state-of-the-art performance on CONTEXTUALJUDGEBENCH, surpassing existing
70B+ RMs trained on much larger (up to 2.4M samples) general corpora, with a +15.5% absolute
improvement.

5.4 Introduction

Reinforcement Learning from Human Feedback (RLHF) has become a key method for aligning
Large Language Models (LLMs) with human preferences (Ouyang et al., 2022). Building on
this foundation, policy optimisation techniques (Schulman et al., 2017; Rafailov et al., 2023)
incorporated Reinforcement Learning from Al Feedback (RLAIF) (Bai et al., 2022b) which uses
Reward Models (RMs), LLMs trained to judge the quality of generated responses (Bai et al.,
2022a), as scalable proxies for human evaluation. These RMs are typically trained on general-
purpose preference datasets (Wang et al., 2024e; Han et al., 2024; Xu et al., 2024; Liu et al.,
2024) and are expected to act as domain-agnostic evaluators capable of assessing model outputs
across a broad range of tasks and domains (Vu et al., 2024; Alexandru et al., 2025). However,
their effectiveness remains under-explored in Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020b; Guu et al., 2020; Izacard et al., 2023) scenarios, where responses must be judged
based on externally retrieved information rather than solely parametric knowledge (Ye et al.,
2024c; Saha et al., 2025).

Context-aware reward modelling introduces unique challenges: RMs must assess not only the
quality of responses, but also their faithfulness to the retrieved context, relevance to the user
query, and appropriateness of refusals when no valid answer can be provided (Jin et al., 2024).
Additionally, effective evaluation of RAG responses requires assessing the completeness of
the information, ensuring that responses fully incorporate relevant content, as well as their
conciseness, making sure the responses are informative without being overly verbose (Xu
et al., 2025a). Benchmarks like CONTEXTUALJUDGEBENCH (Xu et al., 20252a) question the
effectiveness of domain-agnostic evaluators, showing that even large RMs trained on extensive
general preference data, struggle in RAG-specific settings (Figure 5.2).
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Figure 5.2: Top RMs (preference pairs & model size) in CONTEXTUALJUDGEBENCH. RAGferee
is a well-rounded model, showing significant improvements on deflection (Refusal), faithfulness,
and conciseness cases.

A key barrier to developing contextual RMs is the lack of publicly available preference datasets
and openly licensed RMs specifically designed for judging RAG responses (Xu et al., 2025a).
Addressing this critical gap and challenging the reliance on extensive general-purpose preference
datasets and large RMs, we make the following contributions:

* We introduce RAGferee, a methodology for constructing RAG-specific preference datasets
aimed at training contextual RMs by repurposing QA datasets into preference pairs.

* We curate a small preference dataset of 4K samples via stratified sampling and heuristics
that select pairs across queries, models, and answers, prioritising diversity over quantity.

* We fine-tune RAG-centric RMs ranging from 7B to 24B parameters that significantly
outperform existing 70B+ RMs trained on much larger (up to 2.4M samples) general
corpora, achieving state-of-the-art performance on CONTEXTUALJUDGEBENCH, with an
absolute improvement of +15.5%.
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5.5 RAGferee
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Figure 5.3: RAGferee creates RAG-specific preference pairs by repurposing QA datasets. Queries
are first filtered, transformed, and categorised into multiple types (Subsection 5.5.1). A strati-
fied subset is then selected to ensure balanced coverage across query types (Subsection 5.5.2).
Candidate answers are generated using a set of LLMs, and labelled based on key qualitative
aspects (Subsection 5.5.3). Finally, heuristics are used to select preference pairs aimed at training
contextual RMs (Subsection 5.5.4).

The RAGferee methodology (Figure 5.3) takes as input a QA dataset Do 4 = (g;, a;, c;)N| where
q; represents the user query, a; is the reference answer, and ¢; denotes the retrieved context.
It outputs a set of preference pairs Doa = (3j, Gjopnosen s jrejecteas cj)j-vij where a;_, . and
jpoiecteq are the preferred and non-preferred answers, respectively. To achieve this, RAGferee
applies the stages described below.

5.5.1 Query Characteristics

Query ¢ is first mapped to a well-formed version ¢ = LLM (q, p.,f), where the L LM function
receives specific guidelines from prompt p,, s to ensure grammatical correctness, appropriate
punctuation, and consistent capitalisation, all while strictly preserving the original semantic
meaning. This well-formed version is crucial for subsequent categorisations, ensuring that all
queries are processed from a clear and well-structured format.

Query ¢ is then mapped to a feature vector § = LLM (g, pq), where the LL M function, guided
by prompt py, extracts discrete features that describe the query along several key dimensions.
The resulting feature vector § includes components such as Gyqzidity> Which evaluates whether the
query is clear, non-harmful, and genuinely seeks factual information; ¢recency Which captures how
frequently the information in the query changes, from timeless facts to fast-changing, event-based
content; Gpopularity Which reflects how widely a topic is known, from common subjects to more
niche queries; Geompierity considers the level of reasoning required to provide an answer, from
simple answers to those needing synthesis or deeper analysis; and J4omaqin categorises each query
by its main topic, such as science, entertainment, etc.
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5.5 RAGferee

The specific guidelines provided to the LL M, along with the definitions and category sets for
each dimension, are outlined in Appendix B.

5.5.2 Stratified Sampling

Feature vector § from Subsection 5.5.1 is used to select a representative subset of queries. Initially,
these are filtered using the Gyqiiqity feature, where only the valid ones (‘jjalidity) are retained.
Stratified sampling (Neyman, 1934) is then applied to the remaining features, ensuring that the
final subset spans the full range of query types.

The stratification process also takes into account if a query has a reference answer, which depends
on whether relevant information is found in the retrieved context. If a reference answer is
available, its length (in words) is used to classify it as short, medium, or long. These categories
are based on the 25th percentile (for short) and the 75th percentile (for long) of the overall
answer length distribution. Queries without a reference answer are assigned to a separate zero-
length category and are treated as deflection queries. This extra stratification ensures a balanced
representation of query complexity.

Further details on the implementation of the stratification process are provided in Appendix B.

5.5.3 Answer Generation and Classification

Each query ¢ retained after the stratification process, along with its corresponding retrieved
context ¢ and the prompt pg, is used to generate candidate answers ax = My(§, ¢, pg), where Mj,
denotes the k-th LLM in a selected set M = {M;, Mo, ..., Mk},é(zl of models (see Section 5.6
for the list). Prompt p, is formatted to align with typical RAG scenarios (see Appendix B).

Each candidate answer a is first mapped to a feature vector & = LLM (a, p;), where the LLM
function is guided by a dedicated prompt p; (available in Appendix B) that contains detailed
evaluation guidelines for assessing each answer on specific criteria. The resulting feature vector 4
includes components such as Gge fiection, Which evaluates how well the answer handles situations
where the query is unanswerable, ensuring the model recognises when no relevant information
is available and responds appropriately; Gcjigibility. Which assesses the relevance of the answer
to the query, focusing on how well the response aligns with the user’s intent and the reference
answer; and @ fqctuatity> Which examines the factual accuracy of the answer, ensuring that it
contains verifiable, correct information based on the retrieved context.
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Chapter 5. RAGferee: Contextual Reward Models

5.5.4 Constructing Preference Pairs

This process involves selecting appropriate pairs of candidate answers a, where one answer is
chosen (preferred) and the other is rejected (non-preferred). We leverage the labels from the
feature vector 4 and follow a set of heuristics described below.

+
eligibility
), meaning it is accurate based on the

For queries with answers, the chosen answer must be both eligible (a ), meaning it

appropriately addresses the query, and factual (d}ra ctuality

provided grounding. The rejected answer is either not eligible (a ), meaning it fails to

eligibility

address the query, or eligible (a ) but not factual (d]?actual ity)> where the model may have

+
eligibility
relied on parametric knowledge rather than the grounding.

For queries without answer, the chosen response is one where the model correctly deflects
(dje Flecti on)» acknowledging no valid answer is available from the retrieved context. The rejected
response is one where the model attempts to answer (a, Flection) despite lacking relevant or
complete information. This tests the model’s ability to recognise when no valid response can be
given.

To account for variability in models M}, performance and avoid favouring any model based on
surface-level clues during RMs training, stratified sampling across models is applied to ensure a
balanced distribution of chosen and rejected pairs. Additionally, since the heuristics may have
disrupted the earlier balance of query types, a second round of stratified sampling is conducted to
restore it.

5.6 RAGferee: Use Case

Our use case focuses on the MS-MARCO v2.1 training set (Bajaj et al., 2018), which contains
approximately 800K queries, 38% of which are labelled "No Answer Present.”. While such
queries could in principle be used to build deflection cases, we consider these as easy deflections
and exclude them, choosing instead to focus only on queries that have explicit answers. Each such
query is associated with 10 short passages linked to URLS, and each passage is labelled as either
contributive (i.e., can be used to construct the answer) or non-contributive. We attempt to resolve
each URL to a corresponding full document in the TREC RAG 2024 corpus (TREC-RAG, 2024)
consisting of roughly 10M documents. If any of the contributive passage cannot be linked to a
document in the TREC corpus, the associated query is marked as unanswerable and relabelled as
"No Answer Present.”. These deflection queries are more challenging than the initially excluded
ones as they often include relevant (non-contributive) passages but lack key contributive ones,
requiring the model to recognise the absence of a grounded answer and respond appropriately. At
this stage, the dataset includes approximately S00K queries.
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5.7 Experimental Setup

To ensure the final dataset remains free from licensing constraints and supports open research, we
exclusively leverage models released under permissive licences, such as Apache 2.0 (ASF, 2004)
and MIT (MIT, 1987). We use DeepSeek-V3 (DeepSeek-Al et al., 2024) for the query character-
istics (Subsection 5.5.1) and answer classification (Subsection 5.5.3). We use stratified sampling
(Subsection 5.5.2) to select a balanced 50K subset from the 500K queries, with 45K queries with
answers and 5K queries without answers. Then, for answer generation (Subsection 5.5.3), we
leverage models such as Qwen (Bai et al., 2023; Qwen et al., 2025), Mistral (Jiang et al., 2023),
Phi (Gunasekar et al., 2023; Abdin et al., 2024), OLMo (Groeneveld et al., 2024), Reka (Team
et al., 2024), InternLM (Cai et al., 2024), and DeepSeek (DeepSeek-Al et al., 2025). Finally, we
construct 5K preference pairs (Subsection 5.5.4), with 4.5K containing answers (90%) and 500
without answers (10%). Of these, 4K (80%) are used for training, 500 (10%) for development,
and 500 (10%) for testing.

The full list of models, together with the distributions before and after the sampling stages are
reported in Appendix B.

5.7 Experimental Setup

CONTEXTUALJUDGEBENCH (Xu et al., 2025a) is a benchmark that combines both human
annotations and model-based perturbations to provide a diverse and robust evaluation setting
of RMs in RAG scenarios. It consists of 2,000 samples, with breakdowns for both QA and
summarisation tasks, and evaluates models across four subsets: Refusal evaluates how models
handle questions when the context might not contain sufficient information. This includes
assessing if a model correctly identifies that a substantive response is better than a refusal for
a question answerable from the context ("Refusal (Answerable)"), and conversely, if a model
correctly chooses to refuse to answer when the question cannot be answered from the provided
context ("Refusal (Unanswerable)"). Faithfulness measures the consistency of the response
with the context, ensuring all factual statements in the response are attributable to the context
and there are no hallucinations. Completeness assesses how comprehensive the response is,
ensuring it covers all essential information needed for a thorough and useful answer. Conciseness
determines if the response avoids including more information than what was asked. This includes
preventing trivial copy-pasting without meaningful synthesis.

We use consistent accuracy, as defined in CONTEXTUALJUDGEBENCH, to assess model perfor-
mance. This metric is tailored to different types of RMs, namely generative RMs and discrimina-
tive RMs.
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Chapter 5. RAGferee: Contextual Reward Models

Generative RMs (GRMs) (Mahan et al., 2024) generate text for a (¢, ¢, Gehosen A Grejected)
tuple, expressing a preference or comparative judgment. Each test instance is evaluated by jointly
comparing the dcposen and Grejecteq responses in two orders: first with Gcposen preceding the
Grejected> and then with the order reversed. A prediction is considered correct only if the model
consistently selects the G.posen, T€SpoOnse in both evaluations. This mitigates positional bias and
ensures evaluation robustness. Under this setup, random choice corresponds to a consistent
accuracy of 25%.

Discriminative RMs (DRMs) (Yang et al., 2024b) assign a scalar score to a (g, ¢, Gehosen V
&rejected) tuple, typically trained with a pairwise loss like Bradley-Terry (Bradley and Terry, 1952)
to estimate relative response quality. Each test instance is evaluated by independently assigning
a SCore to Gchosen aNd Grejected- A prediction is considered correct only if score(adchosen) >
score(Grejected)- Since this setting is not affected by the responses order, random choice corre-
sponds to a consistent accuracy of 50%.

Given our goal of fine-tuning relatively small models (from 7B to 24B) that can potentially serve
as value functions in online preference optimisation, we focus on discriminative RMs trained
with the Bradley-Terry loss for their ability to produce scalar feedback without decoding.

5.8 Results and Discussion

Table 5.1 shows the performance of various models on CONTEXTUALJUDGEBENCH. The
prompts used for inference are provided in Appendix B.

Generative (non-reward) Models perform the weakest overall. This is somewhat expected, as
they are designed to be general-purpose models and are not specifically optimised to function
as RMs. While they can be prompted to perform evaluations, this relies on their general lan-
guage understanding rather than fine-grained training to judge RAG-specific dimensions. The
smaller model, LLaMA-3.1-8B (Grattafiori et al., 2024), struggles with conciseness (in both
QA and summarisation) and completeness (in QA). Larger models, such as LLaMA-3.1-70B,
DeepSeek-R1 (DeepSeek-Al et al., 2025), and OpenAl-ol (OpenAl et al., 2024), show some
improvement but still have noticeable weaknesses in conciseness and completeness, despite
stronger performance in refusal and faithfulness.

Generative RMs are generative models fine-tuned with preference data to enhance their per-
formance as evaluators. Models like LLaMA-3.1-STEval (Wang et al., 2024c), LLaMA-3.1-
Skywork-v0.2 (Liu et al., 2024), and LLaMA-3.1-SFRJudge (Wang et al., 2024b), incorporate
between 20K and 680K preference pairs. Although their effectiveness in RAG settings remains
limited, they generally outperform their non-reward counterparts. While not explicitly optimised
for RAG settings, the fine-tuning process enables these models to better capture general answer
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5.8 Results and Discussion

Refusal Refusal Faithful. Faithful. Complete. Complete. Concise. Concise.  Overall

Model Param. PairS " (\ns) (Unans) (QA) (Summ)  (QA)  (Summ)  (QA)  (Summ.) Accuracy
Random generative - - 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0
Generative (non-reward) Models (Xu et al., 2025a)
LLaMA-3.1 8B - 28.0 432 34.8 34.8 232 41.0 11.4 21.3 29.7
LLaMA-3.1 70B - 59.6 48.0 58.0 48.4 38.0 51.8 157 27.5 43.4
DeepSeek-R1 685B - 92.0 52.0 72.0 50.4 412 60.6 20.4 26.2 51.9
OpenAl-ol - - 96.0 48.4 84.4 59.2 48.4 63.7 153 27.0 553
Generative Reward Models (Xu et al., 2025a)
LLaMA-3.1-Skywork 8B 80K 60.8 12.0 38.8 31.6 38.4 26.7 29.4 21.3 324
LLaMA-3.1-SFRJudge 8B 680K 70.8 22.0 40.4 38.8 40.4 43.4 275 31.1 393
LLaMA-3.1-SFRJudge 70B 680K 87.6 32.4 60.8 54.8 40.8 53.4 44.7 36.1 514
LLaMA-3.1-STEval 70B 20K 50.0 42.0 51.2 45.6 40.8 39.4 36.1 29.9 419
Random discriminative 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0
Discriminative Reward Models (baselines)
InternLM-2 7B 2400K 78.8 12.4 71.2 67.6 46.8 70.1 16.1 38.1 50.1
InternLM-2 20B 2400K 84.4 31.2 75.2 67.2 532 70.5 28.6 455 57.0
LLaMA-3.1-Skywork-v0.2 8B 80K 92.8 8.0 72.8 62.8 64.4 72.9 52.5 48.4 59.4
Gemma-2-Skywork-v0.2 27B 80K 88.8 232 76.8 61.2 64.4 69.7 435 49.6 59.7
RAGferee Discriminative RMs (ours)
Qwen-2.5-RAGferee 7B 4K 92.8 66.4 85.2 66.8 57.6 64.1 73.3 53.7 70.0
Qwen-2.5-RAGferee 14B 4K 92.8 71.2 86.8 70.8 65.2 66.9 71.4 52.0 72.2
Mistral-Nemo-RAGferee 12B 4K 92.0 82.8 82.8 68.8 62.4 62.9 86.3 57.0 74.5
Mistral-Small-RAGferee 24B 4K 92.4 81.6 87.2 75.6 65.6 65.3 76.5 57.0 75.2

Table 5.1: CONTEXTUALJUDGEBENCH results (best overall/within group consistent accuracy).
For generative models, the metric evaluates whether the chosen response is consistently selected
over the rejected response, regardless of their ordering, with a random chance baseline of 25%.
For discriminative models, the metric evaluates whether the chosen response has a higher score
than the rejected response, with a random chance baseline of 50%.

preferences, such as favouring more informative or relevant responses, which can transfer to
contextual evaluations, despite differences in task structure. A notable improvement is seen in
the "Refusal (Answerable)" subset, where these models reliably choose an actual answer over a
deflection. However, they struggle with "Refusal (Unanswerable)" because their training data
lacks deflection signals, making them more likely to select direct answers even when a refusal
would be more appropriate.

Discriminative RMs (baselines) generally perform better than their generative counterparts.
While models like InternLM (Cai et al., 2024) use an extensive number of preference pairs (up to
2.4M), their performance is not superior to models trained on smaller, more carefully curated
datasets, such as the 80K pairs used for the Skywork (Liu et al., 2024) models. This suggests
that the quality and relevance of training data are critical factors. However, challenges remain,
particularly in handling appropriate deflections. For example, the LLaMA-3.1-Skywork-v0.2’s
performance on "Refusal (Unanswerable)" significantly drops to 8.0% from its base model’s
initial value of 43.2%.
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RAGferee Discriminative RMs (ours) models significantly outperform all existing models, de-
spite being relatively small (from 7B to 24B) and fine-tuned on only 4K RAG-specific preference
pairs. They perform well across all subsets, surpassing 70B+ RMs trained on much larger general
corpora (from 20K to 2.4M). Notably, they handle deflection ("Refusal (Unanswerable)") cases
more effectively, where many others decline sharply. Faithfulness and conciseness are also
consistently high. The QA task typically achieves higher scores than summarisation, likely due to
the RAGferee methodology being specifically tailored for QA in the creation of preference pairs.

In Table 5.2, we present the results of a contrastive study in which the RAGferee models from
Table 5.1 were trained without grounding information. This setup mimics baseline discriminative
RMs by relying solely on preference data related to the answers. We followed the procedure
outlined in Subsection 5.5.4 to construct preference pairs, with the only modification being
the exclusion of the @ f4ctuaiity feature in the candidate answers. The results show a notable
drop in performance compared to models trained with grounding, with the performance now
aligning with that of baseline discriminative RMs. This emphasises that preference data alone
is insufficient and that incorporating retrieved context is crucial for accurately judging RAG

responses.
Model Param. Pairs Overall
Accuracy

Qwen-2.5-RAGferee 7B 4K 70.0
Qwen-2.5-RAGferee 14B 4K 72.2
Mistral-Nemo-RAGferee 12B 4K 74.5
Mistral-Small-RAGferee 24B 4K 75.5

77777777 trained w/o grounding (ablation)

" Qwen-2.5-RAGferee 7B 4K | 523
Qwen-2.5-RAGferee 14B 4K 56.6
Mistral-Nemo-RAGferee 12B 4K 54.8
Mistral-Small-RAGferee 24B 4K 56.9

Table 5.2: CONTEXTUALJUDGEBENCH results (contextual accuracy) for RAGferee discrimi-
native RMs from Table 5.1 trained without grounding. Preference data alone is not sufficient.
Incorporating retrieved context is crucial for accurately judging RAG responses.
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Figure 5.4 presents the results of a data ablation study, showing the performance of the RAGferee
models from Table 5.1 as a function of the number of training preference pairs. The solid black
line represents the mean "Overall (consistent) Accuracy" of the models, while the shaded grey
area highlights the standard deviation across the models. Even with just 500 preference pairs,
the RAGferee models already outperform most baseline discriminative RMs (indicated by the
dotted lines), and with 1K pairs, they surpass all previous models. The performance peaks at
4K preference pairs. At the same data point, we also plot the results from Table 5.2, revealing
a significant performance drop when the models are trained without grounding information.
The ungrounded models fall within the performance range of the baseline discriminative RMs,
highlighting the importance of grounding in training for achieving good results.
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Figure 5.4: Performance of RAGferee RMs from Table 5.1 on CONTEXTUALJUDGEBENCH as a
function of training preference pairs. The solid black line represents the mean, while the shaded
grey area indicates the standard deviation. Dotted lines represent best existing models.
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RAG-REWARDBENCH Jin et al. (2024) is a fully synthetic benchmark of 1,485 samples,
designed to evaluate RMs in RAG-specific scenarios such as multi-hop reasoning, fine-grained
citation, appropriate abstention, and conflict robustness.

We adopt the same experimental setup as outlined in Section 5.7 and present the results in
Table 5.3. Interestingly, in contrast to CONTEXTUAL-JUDGEBENCH (Table 5.1 and Figure 5.4),
where the baseline discriminative RMs were significantly outperformed by our grounding-
aware RAGferee discriminative RMs, the situation here is reversed. In this case, the baseline
discriminative RMs outperform our RAGferee discriminative RMs, despite the benchmark being
designed to assess RAG-specific dimensions. This result is counter-intuitive, as one would expect
grounding-aware models to have a clear advantage in a RAG-focused setting.

Model Param. Pairs Overall
Accuracy
Discriminative RMs (baselines)
InternLM-2 7B 2400K 67.3
InternLM-2 20B 2400K 68.7
LLaMA-3.1-Skywork-v0.2 8B 80K 71.6
Gemma-2-Skywork-v0.2 27B 80K 74.1
77777777 inferenced w/o grounding (ablation)
“InternLM-2 7B 2400K [ 641
InternL.M-2 20B 2400K 65.1
LLaMA-3.1-Skywork-v0.2 8B 80K 67.1
Gemma-2-Skywork-v0.2 27B 80K 70.0
RAGferee Discriminative RMs (ours)
Qwen-2.5-RAGferee 7B 4K 59.2
Qwen-2.5-RAGferee 14B 4K 63.1
Mistral-Nemo-RAGferee 12B 4K 60.5
Mistral-Small-RAGferee 24B 4K 61.5
77777777 inferenced w/o grounding (ablation)
" Qwen-2.5-RAGferee 7B 4K | 67.1
Qwen-2.5-RAGferee 14B 4K 69.2
Mistral-Nemo-R AGferee 12B 4K 63.3
Mistral-Small-R AGferee 24B 4K 67.9

Table 5.3: RAG-REWARDBENCH results (consistent accuracy) for discriminative RMs infer-
enced with or without grounding. Grounding has minimal impact on baseline discriminative RMs
(non-RAG), but it significantly influences our RAGferee discriminative RMs, which are sensitive
to grounding by design.

To further investigate this discrepancy, we conduct an ablation study by entirely removing the
grounding from the benchmark and analysing model performance under these conditions. The
underlying hypothesis is that if grounding is truly essential to RAG-REWARDBENCH, then the
performance of all discriminative RMs will deteriorate towards the random-chance baseline of
50%. However, this is not the case. The baseline discriminative RMs exhibit only a modest
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decline of around 4% in overall accuracy. In contrast, our RAGferee discriminative RMs show
a notable improvement in performance when grounding is removed, once again contrary to the
expected behaviour. This strongly suggests that our models are highly sensitive to grounding
and actively use it during inference, as shown on CONTEXTUAL-JUDGEBENCH (Table 5.1 and
Figure 5.4), where their accuracy drops much closer to chance in the absence of grounding.

These findings suggest that, despite its stated focus on RAG, RAG-REWARDBENCH may place
greater emphasis on general response preferences rather than evaluating grounded behaviour.
We believe this is due to the benchmark’s fully synthetic data generation and pairs selection
process, which may fail to accurately capture signals related to the importance of grounding.
Consequently, the grounding provided in RAG-REWARDBENCH may often be irrelevant or
unhelpful for reliable response evaluation, potentially accounting for the unexpected performance
disparity. Appendix B includes examples of issues with the benchmark.

RAGferee test set consists of 500 samples and is used for in-domain evaluation. While it is not a
benchmark per se, unlike CONTEXTUALJUDGEBENCH and RAG-REWARDBENCH, we report
comparative results in Table 5.4. The overall pattern mirrors the findings from CONTEXTUAL-
JUDGEBENCH (Section 5.8). Baseline discriminative RMs perform the worst, consistent with
earlier observations that they fail to leverage grounding information. This limitation is further
highlighted by the substantially better performance of our RAGferee models, and their marked
drop in performance (close to chance) when trained without grounding, where they again fall
within the range of the baseline discriminative RMs.

Model Param. Pairs Overall
Accuracy
Discriminative RMs (baselines)
InternLM-2 7B 2400K 46.6
InternL.M-2 20B 2400K 52.0
LLaMA-3.1-Skywork-v0.2 8B 80K 52.8
Gemma-2-Skywork-v0.2 27B 80K 57.0
RAGferee Discriminative RMs (ours)
Qwen-2.5-RAGferee 7B 4K 77.4
Qwen-2.5-RAGferee 14B 4K 834
Mistral-Nemo-RAGferee 12B 4K 81.6
Mistral-Small-R AGferee 24B 4K 81.8
777777777 trained w/o grounding (ablation)
" Qwen-2.5-RAGferee 7B 4K [ 536
Qwen-2.5-RAGferee 14B 4K 55.2
Mistral-Nemo-RAGferee 12B 4K 53.2
Mistral-Small-R AGferee 24B 4K 514

Table 5.4: RAGFEREE test set results (consistent accuracy). RAGferee models outperform
baseline discriminative RMs, but drop to baseline levels when trained without grounding. This
shows that grounding information is essential for effective contextual RMs.

35



Chapter 5. RAGferee: Contextual Reward Models

RAGferee Generative RMs are an extension of our discriminative RMs, where the models gener-
ate textual outputs instead of assigning numerical scores. Specifically, we use supervised fine-
tuning (SFT) for training generative RMs which produce completions that include an indicator
of the preferred response, such as "<answer>A</answer>" or "<answer>B</answer>".
The results on CONTEXTUALJUDGEBENCH are presented in Table 5.5. The RAGferee generative
RM s significantly outperform their non-reward counterparts and also surpass all generative mod-
els (both reward and non-reward) from Table 5.1, with the exception of the OpenAl-ol model.
However, they still fall behind the baseline discriminative RMs and are considerably less effective
than our RAGferee discriminative RMs. This outcome aligns with previous studies, such as the
one of Mahan et al. (2024), which found similar results with non-RAG RMs.

Model Param. Pairs Overall
Accuracy
Generative (non-reward) Models (baselines)
Qwen-2.5 7B - 28.0
Qwen-2.5 14B - 37.3
Mistral-Nemo 12B - 22.3
Mistral-Small 24B - 42 .4
RAGferee Generative RMs (SFT) (ours)
Qwen-2.5-RAGferee 7B 4K 46.8
Qwen-2.5-RAGferee 14B 4K 53.9
Mistral-Nemo-RAGferee 12B 4K 50.0
Mistral-Small-R AGferee 24B 4K 50.4

Table 5.5: CONTEXTUALJUDGEBENCH results (consistent accuracy) of RAGferee generative
RMs trained to output the indicator of the preferred response.

5.9 Related Work

Automatic evaluation of responses remains a persistent challenge (Sai et al., 2022; Chang et al.,
2024). Traditional methods, such as matching-based metrics like BLEU (Papineni et al., 2002)
and ROUGE (Lin, 2004), as well as embedding-based metrics like BERTScore (Zhang et al.,
2020b) and BARTScore (Yuan et al., 2021), often struggle to capture subtle semantic nuances
and deliver limited performance (Li et al., 2024a).

Prior works such as MT-Bench (Zheng et al., 2023), G-Eval (Liu et al., 2023), FLASK (Ye
et al., 2024b), Prometheus (Kim et al., 2024a,b), FLAME (Vu et al., 2024), STEval (Wang et al.,
2024c), SFRJudge (Wang et al., 2024b), Skywork-RM (Liu et al., 2024), InternLM-RM Cai et al.
(2024), and Critic-RM (Yu et al., 2025) have explored the use and fine-tuning of strong LL.Ms
as RMs for judging open-ended responses. They show that their judgments often align with
human preferences and suggest that LLMs offer a promising alternative for scoring, ranking, and
selecting responses across a wide range of tasks (Li et al., 2024b; Gu et al., 2024; Gao et al.,
2024).
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Several recent works, including FairEval (Wang et al., 2024a), PandalLM (Wang et al., 2024d),
OffsetBias (Park et al., 2024), CALM (Ye et al., 2024a), RewardBench (Lambert et al., 2025),
VeriScore (Song et al., 2024), Minicheck (Tang et al., 2024), HalluMeasure (Akbar et al., 2024),
CrossEval (Zhong et al., 2024), and GroUSE (Muller et al., 2025) reveal important limitations of
RMs. These include persistent issues such as hallucinations (Tonmoy et al., 2024), fairness and
biases (Gallegos et al., 2024) concerns, and lack of robustness (Zhu et al., 2024).

Our work connects to the previous ones by challenging a prevailing assumption: that RMs
trained on extensive general-purpose preference datasets such as Helpsteer (Wang et al., 2024e),
Wildguard (Han et al., 2024), Magpie (Xu et al., 2024), as well as those used in STEval (Wang
etal., 2024c), InternLM Cai et al. (2024), SFRJudge (Wang et al., 2024b), and Skywork (Liu et al.,
2024), can serve as domain-agnostic evaluators, capable of assessing responses across a wide
range of tasks and domains (Vu et al., 2024; Alexandru et al., 2025). In line with recent efforts
like CONTEXTUALJUDGEBENCH (Xu et al., 2025a) and RAG-REWARDBENCH (Jin et al., 2024),
we show that large RMs trained on general preference datasets perform poorly in RAG-specific
settings. To address this limitation, we introduce a methodology that curates a small dataset by
repurposing QA datasets into preference pairs, which is then used to fine-tune relatively small
RAGe-centric RMs, leading to significantly improved judges for contextual evaluation scenarios.

5.10 Conclusion

We show that existing Reward Models (RMs), typically trained on general preference data, exhibit
limited effectiveness in RAG settings. Such tasks require evaluating model responses based on
retrieved context, across multiple dimensions: faithfulness to the source material, relevance to
the user query, appropriate refusals when the context is insufficient, and the completeness and
conciseness of the information provided.

We address the lack of publicly available RAG-specific preference datasets and specialised RMs
by introducing RAGferee, a methodology that repurposes existing QA datasets into preference
pairs by filtering, transforming, categorising queries, selecting a stratified subset for balanced cov-
erage, generating candidate answers from various LL.Ms, labelling them based on key qualitative
criteria, and applying heuristics to select the best pairs for training contextual RMs.

We construct a small preference dataset of 4K samples and fine-tune RMs ranging from 7B to 24B
parameters. We evaluate generative (non-reward) models, generative RMs, and discriminative
RMs, and show that RAG-specific RMs trained with RAGferee are better suited for assessing
context-grounded responses. Our RAG-centric RMs achieve state-of-the-art performance (+15.5%
absolute improvement) on CONTEXTUALJUDGEBENCH, surpassing 70B+ general-purpose RMs
trained on up to 2.4M preference samples, despite using a much smaller dataset and models.

These findings also relate to the example of Larry and Palmerston in Figure 1.1. In that case, a
reliable system must not only reference both entities but also justify their rivalry relation using
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retrieved evidence, such as reports of confrontations during their overlapping tenures. While
Chapter 4 focused on improving the likelihood that such evidence is retrieved, this chapter
examined how responses can be assessed with respect to the retrieved evidence. An LLM aligned
with a RAGferee-based reward model would, in principle, be better suited to producing answers
that remain faithful to the retrieved context and avoid making unsupported claims.

5.11 Limitations

Our work focuses on a single use case, which inherently limits the generalisability of the findings.
The size of the curated dataset, while carefully balanced, remains relatively small compared to
large-scale preference datasets, which may constrain model robustness and performance in more
diverse or complex scenarios.

While using a single strong LLM for query classification (Subsection 5.5.1) is a straightforward
approach, relying on the same model for answer classification (Subsection 5.5.3) introduces
potential bias, as the labels generated are directly used to create preference pairs. An ensemble of
labelling models could help mitigate this bias by providing more robust and diverse annotations.
Furthermore, we did not study the correlation of these labels with human judgments, which could
be valuable for uncovering discrepancies and biases between model-generated annotations and
human preferences.

In our stratified sampling procedure (Subsection 5.5.2), we prioritised maximising diversity
across queries, answers, and models. Although this strategy yielded promising results, it may not
represent the optimal approach. Similarly, the use of heuristics for selecting preference pairs, by
their nature, introduces biases and may oversimplify the selection process, potentially missing
finer-grained distinctions in answer quality or contextual relevance that more sophisticated
methods could identify.

Although our results show promising scalability properties with models up to 24B parameters,
further investigation is needed to understand behaviour at larger scales. Additionally, while
our RMs perform well on standard benchmarks, their effectiveness as value functions in policy
optimisation remains an open area for exploration.

Finally, our generative RMs (Section 5.8) are limited to a rather straightforward fine-tuning SFT
approach, where models are required to output the indicator of the preferred response. Extending
this framework to incorporate Chain-of-Thought (CoT) (Wei et al., 2023) justifications prior to
the preference indicator or applying more recent strategies like GRPO (Shao et al., 2024), offers
promising avenues for further research.

38



5.12 Ethics Statement

5.12 Ethics Statement

Automatic evaluation of responses remains a persistent challenge. Although using and fine-tuning
strong LLMs as RMs for judging responses shows promise, these models share the same inherent
risks and ethical considerations highlighted in prior research on pretrained and instruction-tuned
models. Since RMs are designed to align with human preferences, they may inherit and amplify
existing human biases present in training data, potentially leading to unfair or discriminatory
outcomes related to race, gender, or other sensitive attributes. Furthermore, over-reliance on these
models risks automating decisions that require human judgement.

Our work promotes open and responsible research by committing to transparency in model
development and by exclusively using publicly available datasets and models with permissive
licences.
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Figure 6.1: The self-attention mechanism can be interpreted in terms of relational triples (head,
relation, tail). The query projection () extracts from each input element the /iead representation,
while the key projection K extracts the corresponding zail representation. The QK | creates a
fully connected graph where the attention weights correspond to latent relations. In the context
of Larry and Palmerston example from Figure 1.1, an explicit relation such as "has rival" for the
triple (Palmerston, has rival, Larry) can be encoded via an additive bias term.

The attention mechanism has become a foundational component in Deep Learning (DL), allowing
models to selectively focus on relevant parts of the input data. Originally introduced by Bahdanau
et al. (2015) to augment Recurrent Neural Networks (RNNs) (Elman, 1990; Jordan, 1997,
Hochreiter and Schmidhuber, 1997) in sequence-to-sequence tasks, attention was popularised in
its self-attention form by Vaswani et al. (2017) in the Transformer architecture, which removed
the recurrent structure entirely. This reformulation significantly advanced the modelling of
long-range dependencies by eliminating the sequential bottleneck inherent to RNNs. The core
innovation, which involves computing contextualised representations via a weighted aggregation
of input based on pairwise similarity (Figure 6.1 and Figure 6.2), proved not only powerful but
also adaptable across various modalities, including natural language processing (Devlin et al.,
2019), computer vision (Dosovitskiy et al., 2020), speech recognition (Radford et al., 2022), and
biology (Jumper et al., 2021). This chapter provides essential background on the self-attention
mechanism and examines how it can be extended to incorporate structural encoding.
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6.1 Self-Attention
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Figure 6.2: Scaled Dot-Product Attention from Vaswani et al. (2017) with the interpretation in
terms of relational triples (head, relation, tail) from Figure 6.1 and addition of an explicit bias
term, which encodes the relation between head and tail.

The Transformer architecture computes contextualised representations by allowing each element
in a sequence to attend to all other elements via a mechanism known as self-attention. More
formally, given a sequence s € RYN*? consisting of N feature vectors of dimension d, a
Transformer layer defines a function 7' : RV*¢ — RN*? that produces an output sequence
3 € RV*4 in which each vector is updated using information aggregated from the entire input
sequence s.

Each Transformer layer applies Scaled Dot-Product Attention (SDA) and a Feedforward Network
(FFN), each followed by a residual connection. The resulting output is given by:
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6.2 Structural Encoding

The SDA mechanism, illustrated in Figure 6.2, enables each element of the sequence to aggregate
information from all other elements via a similarity-based weighted sum. This allows the model
to incorporate global contextual information at every layer. To compute SDA, the input s € RV *¢
is first projected into queries (), keys K, and values V' using learned weight matrices:

Q = sWy,
K= SWK,
V =sWy,

with Wo, Wi, Wy € R?¥4_The attention output is then given by:

_ QK'
SDA(s) = s0ftmax< 7 >V.

The FEN is typically a two-layer fully connected network with a nonlinearity in between,
applied independently to each vector in the sequence. Together, the Transformer layer produces
representations that are globally informed (via SDA) and locally transformed (via the FFN).

6.2 Structural Encoding
This subsection is based on the following publication:

Henderson, J., Mohammadshahi, A., Coman, A., and Miculicich, L. (2023). Transformers as
graph-to-graph models. In Elazar, Y., Ettinger, A., Kassner, N., Ruder, S., and A. Smith, N.,
editors, Proceedings of the Big Picture Workshop, pages 93—-107, Singapore. Association for
Computational Linguistics

We posit that the sequence-to-sequence nature of most Transformer models is only a superficial
characteristic; underlyingly they are in fact modelling complex structured representations. The
key insight is that attention weights and graph structure edges are effectively the same thing.

Figure 6.1 shows how the formulation of SDA as a similarity-weighted aggregation naturally
induces a fully connected directed graph over the input sequence. It also shows that the attention
operation can be interpreted in terms of relational triples (head, relation, tail). The query
projection () extracts from each input element the head representation, while the key projection
K extracts the corresponding fail representation. Then, the QK T computes a latent relation
between each head-tail pair.
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To explicitly incorporate graph structure into the Transformer’s computation, the SDA can be
modified as such:

KT +b
SDA(s), = softmax <Q+> V,

Vd

where b € RV*Y is a matrix of additive bias terms representing explicit graph relations between
sequence elements. This represents just one approach to introducing structure: in practice,
such biases can also be derived from learned relation embeddings or parametrised interactions
involving () and K themselves. The core idea is to incorporate structural inductive bias into the
attention mechanism in a way that modulates the learned attention patterns.

This version of the Transformer architecture supports explicit structures which are general graphs,
making it applicable to a wide range of structured representations and their integration with
text. This model can jointly embed both the explicit structures and the latent structures in a
Transformer’s sequence-of-vectors hidden representation, and can predict explicit structures from
this embedding.

Henderson et al. (2023) also highlight that the latent structures of pretrained Transformers
already include much information about traditional linguistic structures, stating that they are
fundamentally an expression of locality in the interaction between different components of a
representation. As Henderson (2020) argued, incorporating this information about locality in
the inductive bias of a neural network means putting connections between hidden vectors if
their associated components are local in the structure. In Transformers, these connections are
learned in the form of attention weights. Thus, these attention weights are effectively the induced
structure of the Transformer’s latent representation.

However, attention weights are not explicitly part of a Transformer’s hidden representation. The
output of a Transformer encoder is a sequence of vectors, and the same is true of each lower
layer of self-attention. The latent attention weights are extracted from these sequence-of-vector
embeddings with learned functions of pairs of vectors. Edges in explicit graphs can be predicted
in the same way (from pairs of vectors), assuming that these graphs have also been embedded in
the sequence of vectors.

The Graph-to-Graph Transformer (G2GT) from Henderson et al. (2023) allows conditioning on
an observed graph and predicting a target graph. Moreover, by iteratively refining a previously
predicted graph, G2GT can jointly model the entire predicted graph even though the actual
prediction is done independently for each edge. And this joint modelling can be done in
conjunction with other explicit graphs, as well as with the Transformer’s induced latent graph.
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Figure 7.1: This chapter focuses on the Context Encoder and Contexts components of the
RAG pipeline from Chapter 3, and investigates how attention-based models can learn to pool
information from unstructured input using explicit structured relational information. As illustrated
in the example from Figure 1.1, recovering relations such as the rivalry between Larry and
Palmerston requires integrating information such as overlapping tenures, institutional roles,
and confrontations, which may be distributed across retrieved passages or made explicit in the
underlying graph. The chapter examines how graph-structured relations can be incorporated into
the attention mechanism to guide information pooling across multiple spans of text, allowing the
model to compose evidence more effectively using both unstructured and structured inputs.

7.1 Research Question

How can attention-based models learn to pool information from unstructured inputs using explicit

structured relational information?

7.2 Publication

Coman, A., Theodoropoulos, C., Moens, M.-F., and Henderson, J. (2024). GADePo: Graph-
assisted declarative pooling transformers for document-level relation extraction. In Yu, W., Shi,
W., Yasunaga, M., Jiang, M., Zhu, C., Hajishirzi, H., Zettlemoyer, L., and Zhang, Z., editors,
Proceedings of the 3rd Workshop on Knowledge Augmented Methods for NLP, pages 1-14,
Bangkok, Thailand. Association for Computational Linguistics
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7.3 Summary

Document-level relation extraction typically relies on text-based encoders and hand-coded pooling
heuristics to aggregate information learned by the encoder. Building on the principles introduced
in Chapter 6, we leverage the intrinsic graph processing capabilities of the Transformer model
and propose replacing hand-coded pooling methods with new tokens in the input, which are
designed to aggregate information via explicit graph relations in the computation of attention
weights. We introduce a joint text-graph Transformer model and a Graph-Assisted Declarative
Pooling (GADePo) specification of the input, which provides explicit and high-level instructions
for information aggregation. GADePo allows the pooling process to be guided by domain-specific
knowledge or desired outcomes but still learned by the Transformer, leading to more flexible and
customisable pooling strategies. We evaluate our method across diverse datasets and models and
show that our approach yields promising results that are consistently better than those achieved
by the hand-coded pooling functions.

7.4 Introduction

Output

Subject: Object: Subject: Object:

Relation: developer Relation: publisher

Input

is an arcade game developed and published by , released on

IMag 13 , 1976| . It was conceptualized by INolan Bushnelll and ISteve Bristowl s

influenced by the 1972 arcade game, and built by |Steve Wozniak| aided by
Steve Jobs| . was the basis and inspiration for certain aspects of the

Apple II|personal computer . [...]

Figure 7.2: Document from the Re-DocRED (Tan et al., 2022b) dataset involving multiple entities
and labels. Subject entity (red) and object entity (blue) express relations
"developer" and "publisher". Other entities are indicated as (white).

Document-level relation extraction is an important task in natural language processing, which
involves identifying and categorising meaningful relationships between entities within a document,
as exemplified in Figure 7.2. This task is foundational to many applications, including knowledge
base population and completion (Banko et al., 2007; Ji et al., 2020), information retrieval and
extraction (Manning et al., 2008; Theodoropoulos et al., 2021), question answering (Chen et al.,
2017; Feng et al., 2022) and sentiment analysis (Pang and Lee, 2008), to name a few.

Standard methods that approach this challenge generally employ pretrained text-based en-
coders (Devlin et al., 2019; Beltagy et al., 2019; Zhuang et al., 2021; Cui et al., 2021), which
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are responsible for capturing the nuances of information contained in the entity mentions and
their contextual surroundings. Previous successful methods often then use hand-coded pooling
heuristics to aggregate the information learned by the encoder, with some aimed at creating entity
representations, while others directly exploiting the pattern of attention weights to capture context
aware relations between entity mentions (Zhou et al., 2021; Xiao et al., 2022; Tan et al., 2022a;
Ma et al., 2023). These pooling heuristics can be very effective at leveraging the information
in a pretrained encoder. However, as shown in Conneau et al. (2017); Jia et al. (2019); Reimers
and Gurevych (2019); Choi et al. (2021), the selection of an appropriate pooling function can be
model-dependent, task-specific, resource-intensive and time-consuming to determine, thereby
limiting flexibility.

In this chapter, we address these issues with a new approach where we leverage the intrinsic
graph processing capabilities of the Transformer (Vaswani et al., 2017) model. In Chapter 6, we
established the functional equivalence between attention weights and graph relations. Building
on this foundation, and further developing the insights of Mohammadshahi and Henderson
(2020); Henderson (2020); Mohammadshahi and Henderson (2021); Henderson et al. (2023), we
demonstrate how structural dependencies between input elements can be effectively incorporated
by simply adding relation features to the attention functions. Transformers easily learn to integrate
these relation features into their pretrained attention functions, resulting in very successful graph-
conditioned models (Mohammadshahi and Henderson, 2021; Miculicich and Henderson, 2022;
Mohammadshahi and Henderson, 2023). Given this effective method for integrating explicit
graphs with pretrained attention functions, we propose to use the attention function itself for
aggregation. We replace the rigid pooling methods with new tokens which act as aggregation
nodes, plus explicit graph relations which steer the aggregation.

We introduce a joint text-graph Transformer model and a Graph-Assisted Declarative Pooling
(GADePo) method that leverages these special tokens and graph relations, to provide an explicit
high-level declarative specification for the information aggregation process. By integrating
these graphs in the attention functions of a pretrained model, GADePo exploits the pretrained
embeddings and attention patterns but still has the flexibility of being trained on data. This enables
the pooling to be guided by domain-specific knowledge or desired outcomes but still learned by
the Transformer, opening up a more customisable but still data-driven relation extraction process.

We evaluate our method across diverse datasets and models commonly employed in document-
level relation extraction tasks, and show that our approach yields promising results that are
consistently better than those achieved by the hand-coded pooling functions.

Contributions: We propose a new method for exploiting pretrained Transformer models which
replaces hand-coded aggregation functions with explicit graph relations and aggregation nodes.
We introduce a novel form of joint text-graph Transformer model. We evaluate our approach
across various datasets and models, showing that it yields promising results that are consistently
better than those achieved by hand-coded pooling functions.
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7.5 Related Work

In recent studies, the scope of relation extraction has been expanded to include not only individual
sentences but entire documents. This extension, known as document-level relation extraction,
presents a more realistic and challenging scenario as it seeks to extract relations both within
sentences and across multiple sentences (Yao et al., 2019b). Transformer-based (Vaswani et al.,
2017) models have shown great potential in addressing this task.

Wang et al. (2019a) and Tang et al. (2020) show that the BILSTM-based (Hochreiter and Schmid-
huber, 1997) baselines lack the capacity to model complex interactions between multiple entities.
They propose a more robust approach, which consists of using the pretrained BERT (Devlin et al.,
2019) model and a two-step prediction process, i.e., first identifying if a link between two entities
exists, followed by predicting the specific relation type.

GAIN (Zeng et al., 2020) leverages BERT as a text encoder and GCNs (Kipf and Welling, 2017)
to process two types of graphs, one at mention level and another at entity level, showing notable
performance in inter-sentence and inferential scenarios.

Mohammadshahi and Henderson (2020, 2021) propose the G2GT model and show how to
leverage the intrinsic graph processing capabilities of the Transformer model by incorporating
structural dependencies between input elements as features input to the self-attention weight
computations.

SSAN (Xu et al., 2021) leverages this idea and considers the structure of entities. It employs a
transformation module that creates attentive biases from this structure to regulate the attention
flow during the encoding phase.

DocuNet (Zhang et al., 2021) reformulates the task as a semantic segmentation problem. It
employs a U-shaped segmentation module and an encoder module to capture global interdepen-
dencies and contextual information of entities, respectively.

PL-Marker (Ye et al., 2022) introduces a method that takes into account the interplay between
spans via a neighbourhood-oriented and subject-oriented packing approach, highlighting the
importance of capturing the interrelation among span pairs in relation extraction tasks.

SAIS (Xiao et al., 2022) explicitly models key information sources such as relevant contexts and
entity types. It improves extraction quality and interpretability, while also boosting performance
through evidence-based data augmentation and ensemble inference.

KD-DocRE (Tan et al., 2022a) proposes a semi-supervised framework with three key components.
First, an axial attention module enhances performance in handling two-hop relations by capturing
interdependence between entity pairs. Second, an adaptive focal loss addresses class imbalance.
Finally, the framework employs knowledge distillation to improve robustness and effectiveness
by bridging the gap between human-annotated and distantly supervised data.
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DREEAM (Ma et al., 2023) is a method designed to enhance document-level relation extraction
by addressing memory efficiency and annotation limitations in evidence retrieval. It employs
evidence as a supervisory signal to guide attention and introduces a self-training strategy to learn
evidence retrieval without requiring evidence annotations.

SAIS (Xiao et al., 2022), KD-DocRE (Tan et al., 2022a), and DREEAM (Ma et al., 2023)
have been built upon the foundations of ATLOP (Zhou et al., 2021). ATLOP introduces two
innovative techniques, adaptive thresholding, and localised context pooling, to address challenges
in multi-label and multi-entity problems. Adaptive thresholding employs a learnable entities-
dependent threshold, replacing the global threshold used in previous approaches for multi-label
classification (Peng et al., 2017; Christopoulou et al., 2019; Nan et al., 2020; Wang et al., 2020a).
Localised context pooling leverages the attention patterns of a pretrained language model to
identify and extract relevant context crucial for determining the relation between entities, using
specific hand-coded pooling functions.

7.6 Background

The foundational work of ATLOP (Zhou et al., 2021) has been the basis of many state-of-the-art
models (Xiao et al., 2022; Tan et al., 2022a; Ma et al., 2023). Given the problems with hand-coded
pooling functions, discussed in Section 7.4, we aim to provide a new baseline that can serve as the
foundation for future state-of-the-art models. For this reason, we evaluate our proposed models
by comparing them to this established baseline. Our goal is to demonstrate that our method not
only achieves results comparable to or better than ATLOP, but also offers a novel approach that
addresses its limitations. To help understand ATLOP and its components, we present a detailed
breakdown in the left portion of Figure 7.3, which we elaborate on in this section.

7.6.1 Problem Formulation

The document-level relation extraction task involves analysing a document D that contains a set
of entities £ D:{ei}ﬁq\- The main objective is to determine the presence or absence of various
relation types between all entity pairs (es, €,)s 0ce 540, Where the subject and object entities are
denoted as e, and e,, respectively. A key aspect to consider is that an entity can appear multiple
times in the document, resulting in a cluster of mentions Me:{mi}iff' for each entity e. The
set of relations is defined as R U (), where () represents the absence of a relation, often referred to
as "no-relation". Given the clusters of mentions M, and M., the task consists of a multi-label

classification problem where there can be multiple relations between entities es and e,,.
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Figure 7.3: Comparison between the previous method ATLOP (left) and the proposed method
GADePo (right), illustrating the document in Figure 7.2 containing two entities (red and blue),
each with two mentions. In ATLOP, the mentions’ encoder outputs are aggregated into entity
representations h., and the encoder’s attention weights are used to identify which outputs to
aggregate for entity-pair representations c(5°). In GADePo, the textual input is extended to
include the graph special tokens <ent> for entity representations and <pent> for entity-pair
representations, and explicit directional graph relations specify their associated mentions. A joint
text-graph Transformer model is then used to encode this declarative pooling specification graph
and compute the relevant aggregations.

7.6.2 Previous Method: ATLOP

Text Encoding. A special token = is added at the start and end of every mention. Tokens
TD:{ti}LZ‘ are encoded via a Pretrained Language Model (PLM) as follows:

H,A=PLM(Tp), (7.1)

where H € RI7pIxd and A € RI7pI*ITbl represent the token embeddings and the average
attention weights of all attention heads, respectively, extracted from the last layer of the PLM.

Entity Embedding (EE). For each individual entity e with mentions Me—{m,} i—1 , an entity
embedding h, € R? is computed as follows:

M|
h. = log Z exp(Hp,), (7.2)

where H,,,, € R is the embedding of the special token * at the starting position of mention
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m;. The choice of the logsumexp pooling function is based on the research conducted by Jia
et al. (2019). Their study offers empirical evidence that supports the use of this pooling function
over others, as it facilitates accumulating weak signals from individual mentions, thanks to its
smoother characteristics.

Localised Context Embedding (LCE). ATLOP introduces the concept of localised context
embedding to accommodate the variations in relevant mentions and context for different entity
pairs (es,€,). Since the attention mechanism in the PLM captures the importance of each
token within the context, it can be used to determine the context relevant for both entities. The
importance of each token can be computed from the cross-token dependencies matrix A obtained
in Equation 7.1. When evaluating entity es, the importance of individual tokens is determined
by examining the cross-token dependencies across all mentions associated with e, denoted as
M_,. Initially, ATLOP collects and averages the attention A,,, € RI7pl at the special token x
preceding each mention m; € M,,. This process results in a; € RI7pl, which represents the
importance of each token concerning entity es (and analogously a, for e,). Subsequently, the
importance of each token for a given entity pair (es, €, ), denoted as q®°) e R0l is computed
using a, and a,, as follows:

(s,0) — @s © Qo
q - T )
a;a,

where o represents the Hadamard product. Consequently, g(*°) represents a distribution that
indicates the importance of each token for both tokens in (es, €, ). Finally, the localised context
embedding is computed as follows:

s = Hgl*°), (7.3)

So ¢(*2) € R¥ corresponds to a weighted average over all token embeddings that are important
for both e, and e,,.

Relation Classification. To predict the relation between the subject entity e and object entity e,
ATLOP first generates context-aware subject and object representations as follows:

zs = tanh(Wilhe,; c(s’o)} + by)

2o = tanh(W,[he,; ¢®9] + b,),
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where z;, z, € R?, [-; -] represents the concatenation of two vectors, and Wy, W, € Rdx2d
together with b,, b, € R? are trainable parameters. Then, the entity pair representation is
computed as:

x(s,o) = 25 ® 2o,

where z(5°) ¢ R% and ® stands for the vectorised Kronecker product. Finally, relation scores
are computed as:

y(S,O) — Wrx(s7o) + bT‘)

where y(*°) € RIRI, with W, RIRI¥4* and b, € RIRI representing learnable parameters. The
probability of relation 7 € R between the subject and object entities is computed as follows:

P(r]s,0) = a(y*?),

where o is the sigmoid function. To reduce the number of parameters in the classifier, a grouped
function is used, which splits the embedding dimensions into k equal-sized groups and applies
the function within the groups as follows:

zs = [z}, 28] (7.4)
Zo = (2553 2})] (7.5)
250 = [m(s’o)l; cols m(s’o)k]

k .
y(50) = Z Wiz 1 b,
i=1

where 2%, 2% € RY/k, x(0)" ¢ RT/k and W} e RIRI*d*/k This way, the number of parameters
can be reduced from d? to d?/k.
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Loss Function. ATLOP introduces the adaptive thresholding loss concept. This approach
involves training a model to learn a hypothetical threshold class T'H, which dynamically adjusts
for each relation class € R. During training, for each entity pair (es, €,), the loss enforces the
model to generate scores above T'H for positive relation classes R p and scores below TH for
negative relation classes R y. The loss is computed as follows:

(510))

[—_ Z Z exp(yr

s#or€Rp Zr’ ERpU{TH} ea:p(yﬁf’o))

cop(y;)

ZT/GRNU{TH} exp(yfj’o))

7.7 Proposed Method: GADePo

We propose to avoid the reliance on the EE (i.e., h,) and LCE (i.e., ¢(#°)) heuristic aggregation
functions by leveraging Transformers’ attention functions to do aggregation. Given the obser-
vation of Henderson (2020); Mohammadshahi and Henderson (2020, 2021); Henderson et al.
(2023) that attention weights and graph relations are functionally equivalent, we introduce the
inductive biases of EE and LCE directly into the model’s input as graph relations.

Our proposed Graph-Assisted Declarative Pooling (GADePo) method replaces the hand-coded
aggregation functions EE and LCE with a declarative graph specification. By using the intrinsic
graph processing capabilities of the Transformer model, the specified graph serves as an explicit
high-level directive for the information aggregation process of the Transformer. By inputting the
graph relations to the Transformer’s self-attention layers, GADePo enables the aggregation to be
steered by domain-specific knowledge or desired outcomes, while still allowing it to be learned
by the Transformer, opening up the possibility for a more tailored and customised yet data-driven
relation extraction.

Our GADePo model is illustrated in the right portion of Figure 7.3. We address both EE and LCE
with the introduction of two special tokens, <ent> (i.e., entity) and <pent> (i.e., pair entity),
and two explicit graph relations of types <ent> +— % and <pent> +— * in both directions,
where * represents the special token at the starting position of a specific mention. The set of
relations is specified as ¢;; € C which each identify the relation label from ¢ to j. Each of these
relation labels is associated with an embedding vector of dimension d, as are the special token
inputs <ent> and <pent>. These two special tokens are added to the PLM’s vocabulary of
input tokens, while relation label embeddings are input to the self-attention functions for every
pair of related tokens. These new embeddings represent learnable parameters that are trained
during the PLM fine-tuning on the downstream tasks. As reported in Appendix C, GADePo adds
a negligible number of extra parameters, namely only the special token inputs and the graph
directional relation inputs.
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Special Token <ent>. To tackle the EE pooling function, we add to the input tokens 7p as many
<ent> special tokens as entities in the document. This way each entity e has a corresponding
entity token <ent > in the input. We connect each <ent > token with its corresponding cluster of

|Me|
i=1

and * — <ent>, where * represents the special token at the starting position of mention m;.

mentions M.={m;} and vice-versa. The two graph relations we use are thus <ent> — *
Each <ent> token receives the same <ent > embedding, with no positional encoding, since each
one collectively represents a set of mentions from different positions in the input graph. These
identical inputs are only disambiguated through the connections to and from mentions expressed
as the <ent> — x and * — <ent> graph relations. These relations tell the self-attention
mechanism to use the <ent > token to aggregate information from the associated mentions, and
thus the <ent > tokens have a direct correspondence to the computed h. in Equation 7.2.

Special Token <pent>. ATLOP performs information filtering by calculating via Equation 7.3
a localised context embedding (LCE) c(5°) that is dependent on the cross-token attention matrix
A output by the PLM. The intuition behind it is that the dependencies between different tokens
are encoded as attention weights. We propose a straightforward adjustment of the input graph
used for the EE pooling to effectively model and capture these dependencies. To address the
LCE pooling function, we add to the input tokens 7p as many <pent> special tokens as the
number of all possible pairs of entities. Each special token <pent> thus refers to a pair of
entities (eg, e,). We connect each <pent> token with each mention in the two clusters of
mentions Mesz{mi}y:fs‘ and Meoz{mi}‘iffo‘ and vice-versa. Since the attention weights
used in LCE are computed from these mention embeddings, we expect that they are sufficient for
the Transformer to learn to find the relevant contexts. The two graph relations we use are thus
<pent> — x and * — <pent>. Analogously to the <ent> tokens, the <pent> tokens
all receive the same <pent> embedding, with no positional embeddings, and thus are only
disambiguated by their different <pent> — % and * — <pent> graph relations. These
relations tell the <pent > token to pay attention to its associated mentions, which in turn allows
it to find the relevant context shared by these mentions. Thus, each <pent > token can be seen
as having a direct correspondence to the computed ¢(*°) in Equation 7.3.

All equations relative to the relation classification and the corresponding loss function remain
valid as we merely substitute the hand-coded computations of k. and ¢(*°) with the embeddings
of <ent> and <pent>, respectively.

Text-Graph Encoding. We follow Chapter 6 and Mohammadshahi and Henderson (2020, 2021);
Henderson et al. (2023) in leveraging the intrinsic graph processing capabilities of the Transformer
model by incorporating graph relations as relation embeddings input to the self-attention function.
For every pair of input tokens 77, the pre-softmax attention weight e;; € R is computed from
both the respective token embeddings x;, x; € R<, and an embeddings of the graph relation Cij
between the i-th and j-th tokens. However, we change the attention weight computation to:

56



7.8 Experiments

$iWQ diag(LN(l + CijWC)) (ijK)T
€ij = \/g )

(7.6)

where Wy, Wi € R¥*4 represent the query and key matrices, respectively. cij € {0, 1}‘C|
represents a 0/1 encoded label of the graph relation between the i-th and j-th input elements, and
W¢ € RICIX4 represents the relations’ embedding matrix. Thus, c;; W is the embedding of the
relation between 7 and j, LN stands for the Layer N orm operation, and diag(1 + . ..) maps this
vector into a diagonal matrix plus the identity matrix.

Compared to the standard attention function, where e;; = x;Wg(x; WK)T / \V/d, the relation
embedding determines a weighting of the different dimensions. This is a novel way to condition
on the relation embedding compared to the original formulation, which only models query-
relation interactions (Mohammadshahi and Henderson, 2020). This change is motivated by our
task requiring a more flexible formulation which models query-relation-key interactions via a
multiplicative mechanism, without requiring a full d x d matrix of bi-linear parameters. This
way, a key will be relevant to a query only when both agree on the relation. In preliminary
experiments, we explored various methods for biasing attention and found that the formulation
presented in Equation 7.6 produced the best results.

7.8 Experiments

7.8.1 Datasets and Models

Re-DocRED (Tan et al., 2022b) is a revisited and improved version of the DocRED (Yao et al.,
2019b) dataset. It is built from English Wikipedia and Wikidata and contains both distantly-
supervised and human-annotated documents with named entities, coreference data, and intra-
and inter-sentence relations, supported by evidence. It requires analysing multiple sentences to
identify entities, establish their relationships, and integrate information from the entire document.
We comply with the model used by the authors and employ the ROBERTa, prgr (Zhuang et al.,
2021) model in our experiments.

HacRED (Cheng et al., 2021) is a large-scale, high-quality Chinese document-level relation
extraction dataset, with a special focus on practical hard cases. As the authors did not provide
specific information about the model used in their study, we conducted our experiments using the
Chinese BERTg, s with whole word masking model (Cui et al., 2021).

Datasets statistics. Re-DocRED and HacRED exhibit notable distinctions in their statistics, as
summarised in Table 7.1. Re-DocRED comprises a larger number of facts, entities per document,
and relations compared to HacRED. This indicates a potentially richer and more extensive
dataset in terms of factual information and relationship types. However, HacRED contains more
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documents and may present a broader range of scenarios for relation extraction, including more
challenging cases, as it has been specifically created with a focus on practical hard cases.

Statistic Re-DocRED | HacRED
Facts 120,664 65,225
Relations 96 26
Documents 4,053 9,231
Average Entities 19.4 10.8

Table 7.1: Re-DocRED and HacRED human-annotated datasets statistics.

7.8.2 Results and Discussion

We follow the standard practice from prior research and report the results of our experiments on
the Re-DocRED and HacRED datasets in Table 7.2 and Figure 7.5. For all datasets and models,
we provide our reimplementation of the ATLOP baseline (indicated as ATLOP*), which achieves
or surpasses previously reported results for ATLOP, and compare the proposed GADePo model
against this model. We evaluate all datasets using the F; metric.

For Re-DocRED, Ign F7 (or Ignored F1) is also reported, and refers to the F score that excludes
relational facts that are shared between the training and development/test sets. This is done to
avoid potential biases in the evaluation metrics due to overlap in content between the sets, which
might not reflect the model’s ability to generalise to truly unseen data.

For HacRED, we adhere to the format introduced by Cheng et al. (2021) and report also the
Precision (P) and Recall (R) metrics. We comply with previous research and report the test score
achieved by the best checkpoint on the development set. In Appendix C, we additionally present
the mean and standard deviation on the development set, calculated from five training runs with
distinct random seeds.

Appendix C also includes results on the original DocRED dataset. As Re-DocRED is a revisited
and improved version, we consider it the more reliable dataset for evaluation. The original
DocRED results are provided for completeness but are not central to our analysis.

Training details and hyperparameters are outlined in Appendix C.
Re-DocRED Results. We evaluate our proposed GADePo method against the previous ATLOP
method in two stages, first comparing the use of <ent > tokens against the use of EE pooling

(he), and then comparing our full model against the full ATLOP model, including <pent>
tokens and LCE pooling (c(5?)), respectively.
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Table 7.2 highlights the effectiveness of our proposed method. When comparing h. with <ent >,
we observe a noticeable improvement in both Ign Fy and Fj scores, achieving 75.55% and
76.38% respectively, compared to 75.27% and 75.92% attained by ATLOP*. This demonstrates
the practical utility of employing the special token <ent > for information aggregation. This is
illustrated in the attention weights heatmap in Figure 7.4. Incorporating ¢(*°) and <pent > into
the comparison, GADePo maintains performance parity with the significantly enhanced ATLOP*,
which outperformed ATLOP® from Tan et al. (2022b). The latter improvement suggests that a
more refined hyperparameter search can lead to performance gains, as evidenced by the increase
in F score from 77.56% to 78.38%. GADePo achieves an Fi score of 78.40%, affirming its
competitive edge and the effectiveness of employing <pent> for aggregation.

Re-DocRED HacRED
Model Aggregation Ign 13 P R "
ATLOP* he 75.27 75.92 | 7627 76.83 76.55
GADePo (ours) | <ent> 75.55 76.38 | 74.13 179.46 76.70
ATLOP®® h ; c(5:°) 76.82 77.56 | 77.89 76.55 77.21
ATLOP* h. ; c(5°) 77.62 78.38 | 76.36 78.86 77.59
GADePo (ours) | <ent> ; <pent> | 77.70 78.40 | 78.27 79.03 78.65

Table 7.2: Comparative analysis between the previous method ATLOP and the proposed method
GADePo on the test set. ATLOP* indicates our reimplementation of the previous method. For
Re-DocRED and HacRED we report in percentage the results obtained by Tan et al. (2022b)
(ATLOP®) and Cheng et al. (2021) (ATLOP®), respectively. The results are reported in terms of
F scores, Precision (P), and Recall (R), following the same metrics reported in prior research
specific to each dataset. Ign F denotes the F} score that excludes relational facts shared between
the training and evaluation sets. We also comply with the standard practice where test scores are
obtained using the checkpoint that achieved the best performance on the development set across
five training runs with distinct random seeds.

<ent> 00|
<ent> 01

2, <ent> 05
O <ent> 06

Keys

Figure 7.4: Attention weights A from GADePo via Equation 7.1 for the document in Figure 7.2.
For clarity, only a subset of <ent> and document tokens are shown on the y-axis (queries) and
x-axis (keys), respectively.

Table 7.3 illustrates the results obtained with prior finetuning on the distantly supervised dataset,
which contains approximately 100K documents (Yao et al., 2019b). Interestingly, distant supervi-
sion appears to have a slightly negative impact on the results of both methods when incorporating
¢(59) or <pent>. However, it proves to be highly beneficial when utilising solely k. or <ent >
for aggregation. This suggests that although distant supervision might introduce noise into the
training process, it can also provide valuable information that improves model generalisation,
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particularly when leveraging simpler feature representations like h. and <ent >, possibly due to
their robustness in capturing essential information amidst noise.

Model Aggregation Ign F} 13

ATLOP* he 76.39 76.97
GADePo (ours) | <ent> 7699 77.79
ATLOP* he ; c(5°) 77.49  78.09
GADePo (ours) | <ent>; <pent> | 77.50 78.15

Table 7.3: Re-DocRED results on the test set following prior finetuning on the distantly supervised
dataset.

HacRED Results. We observe a similar pattern to Re-DocRED, with ATLOP* displaying a
slight performance advantage over ATLOP® from Cheng et al. (2021) (Table 7.2). On this
dataset, GADePo shows a significantly improved performance, primarily driven by a substantial
increase in Recall (R), indicating that the GADePo model is more effective at identifying relevant
instances. As already reported for the Re-DocRED dataset, the performance boost after the
inclusion of ¢(*°) and <pent > into ATLOP* and GADePo, respectively, highlight the significant
contributions of these features. GADePo outperforms ATLOP* with an F score of 78.65%
compared to 77.59%. This larger improvement on HacRED suggests that GADePo is better at
handling challenging cases, which is not surprising given its greater flexibility over the fixed
pooling functions of ATLOP.

Data Ablation. To evaluate the models’ sensitivity to dataset size, the performance evaluation
depicted in Figure 7.5 compares ATLOP* (h, ; ¢*°)) and GADePo (<ent > ; <pent>) on the
development set, considering different amounts of training data availability on the Re-DocRED
and HacRED datasets. Accuracies generally converge as the dataset sizes increase, but on
the challenging cases of HacRED, GADePo maintains a substantial advantage across the full
range. On Re-DocRED, GADePo catches up with and slightly outperforms ATLOP* as data size
increases. This lower performance on smaller datasets is presumably because GADePo must
learn how to exploit the graph relations to the special tokens <ent> and <pent> and pool
information through them, whereas for ATLOP this pooling is hand-coded. On the Re-DocRED
dataset, ATLOP* appears to have relatively consistent variance, whereas GADePo exhibits higher
variance in the smaller training sets. In contrast, on the HacRED dataset, GADePo is significantly
more stable for smaller datasets.

The data ablation analysis shows that the performance of hand-coded pooling functions can be
dataset-specific, which restricts their adaptability. In contrast, GADePo consistently outperforms
its hand-coded counterparts on larger datasets, and matches them on all but some smaller datasets,
presumably due to its flexibility. This pattern suggests that GADePo has a greater potential for
optimisation, particularly on larger datasets. This is supported by GADePo’s better performance
on HacRED, which is both larger and designed to be more challenging than Re-DocRED.
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Figure 7.5: Performance of ATLOP* (h. ; ¢59)) and GADePo (<ent> ; <pent>) on the
development set under varying data availability conditions on Re-DocRED (7.5a) and HacRED
(7.5b). The z-axis represents the percentage and number of documents from the training dataset,
while the y-axis displays the F score in percentage. Each point on the graph represents the mean
value, while error bars indicate the standard deviation derived from five distinct training runs
with separate random seeds.

7.9 Conclusion

In this chapter we proposed a novel approach to document-level relation extraction, challenging
the conventional reliance on hand-coded pooling functions for information aggregation. Our
method leverages the power of Transformer models by incorporating explicit graph relations
as instructions for information aggregation. By combining graph processing with text-based
encoding, we introduced the Graph-Assisted Declarative Pooling (GADePo) specification, which
allows for more flexible and customisable specification of pooling strategies which are still
learned from data.
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We conducted evaluations using diverse datasets and models commonly employed in document-
level relation extraction tasks. The results of our experiments demonstrated that our approach
achieves promising performance that is comparable to or better than that of hand-coded pooling
functions. This suggests that our method can serve as a viable basis for other relation extraction
methods, providing a more adaptable and tailored approach. In particular, recent methods
have improved performance by exploiting information about evidence, which can naturally be
incorporated in our graph-based approach.

These findings also relate to the example of Larry and Palmerston in Figure 1.1. In that case,
relevant information such as overlapping tenures, institutional roles, and reports of confrontations
might appear in separate spans of unstructured text. While earlier chapters focused on improving
the retrieval of such evidence (Chapter 4) and aligning generated responses with it (Chapter 5),
the GADePo mechanism addresses how this evidence is pooled. By using graph-structured inputs
to specify pooling strategies, GADePo helps the model integrate related but distant spans more
effectively, improving its ability to potentially recover relations such as the rivalry between Larry
and Palmerston.

7.10 Limitations

While the proposed GADePo model offers a promising and innovative approach to relation
extraction, there are issues which the current study does not address. According to the data in
Table 7.1, the average number of entities per document across datasets is approximately 15. This
means that, on average, there will be an additional 15 <ent> tokens and 105 <pent> tokens.
Given that the maximum allowable input length for the models is 512 tokens, the inclusion of
these extra tokens results in roughly a 3% and 20% increase in the overall input length for <ent >
and <pent >, respectively. It’s evident that the majority of the increase in input length is due
to the quadratic number of <pent > special tokens, but we believe that an appropriate pruning
strategy could easily reduce this number to linear in the number of entities without degrading
accuracy. One such pruning strategy could involve an <ent >-only model with a binary classifier
which is trained to predict pairs of related entities. This model could then be used to prune
the set of candidate entity pairs for the final relation classification, with <pent > tokens being
instantiated only for these candidate pairs. We have chosen to leave this approach as a potential
avenue for future work, opting instead to focus on demonstrating the promise of the current
simpler formulation.
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Figure 8.1: This chapter focuses on the Query Encoder, Context Encoder, and Contexts compo-
nents of the RAG pipeline from Chapter 3, and investigates how models can make use of textual
and relational information to operate over structured knowledge in inductive settings, where both
entities and relations may not have been observed during training. As illustrated in Figure 1.1,
identifying the rivalry between Larry and Palmerston requires integrating information about their
institutional roles, overlapping tenures, and prior interactions, which may be distributed across
retrieved passages or represented in structured graph-based inputs. The chapter explores how
such inputs can be encoded and combined to support link prediction in fully inductive settings.

8.1 Research Question

How can models make use of textual and relational information to operate over structured

knowledge in inductive settings?

8.2 Publication

Coman, A. C., Theodoropoulos, C., Moens, M.-F., and Henderson, J. (2025b). Fast-and-frugal
text-graph transformers are effective link predictors. In Che, W., Nabende, J., Shutova, E., and
Pilehvar, M. T., editors, Findings of the Association for Computational Linguistics: ACL 2025,
pages 11828-11841, Vienna, Austria. Association for Computational Linguistics
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8.3 Summary

We propose Fast-and-Frugal Text-Graph (FnF-TG) Transformers, a Transformer-based frame-
work that unifies textual and structural information for inductive link prediction in text-attributed
knowledge graphs. We demonstrate that, by effectively encoding ego-graphs (1-hop neighbour-
hoods), we can reduce the reliance on resource-intensive textual encoders. This makes the
model both fast at training and inference time, as well as frugal in terms of cost. We perform a
comprehensive evaluation on three popular datasets and show that FnF-TG can achieve superior
performance compared to previous state-of-the-art methods. We also extend inductive learning to
a fully inductive setting, where relations don’t rely on transductive (fixed) representations, as in
previous work, but are a function of their textual description. Additionally, we introduce new
variants of existing datasets, specifically designed to test the performance of models on unseen
relations at inference time, thus offering a new test-bench for fully inductive link prediction.

8.4 Introduction

Knowledge graphs (KGs) represent complex information as a structured collection of entities
and their relations. They are a fundamental component of various applications, including
information extraction (Mintz et al., 2009; Bosselut et al., 2019; Theodoropoulos et al., 2021)
and retrieval (Dalton et al., 2014; Gupta et al., 2019), question answering (Saxena et al., 2022;
Yu et al., 2022; Coman et al., 2023), reasoning (Zhang et al., 2020a; Jiang et al., 2022; Niu
et al., 2022), fact-aware language modelling (LLogan et al., 2019; Yang et al., 2023), and many
others (Fensel et al., 2020; Schneider et al., 2022).

Text-attributed KGs extend KGs by associating each entity and relation with a corresponding
textual description, which provide a richer representation of the knowledge encoded in the
graph (Daza et al., 2021). In particular, the text associated with an entity may provide a description
of its relationships to other entities. This combination of explicit structural and implicit textual
information makes modelling text-attributed KGs particularly challenging.

Initial attempts to model KGs focused on their graph nature, typically addressing a transductive
setting (Bordes et al., 2013; Nickel et al., 2015; Wang et al., 2017). These models could
only make predictions for entities observed during training and only considered the structural
information of the KG, ignoring any textual information. To overcome this limitation, later work
focused on using the textual descriptions in KGs to address an inductive setting (Xie et al., 2016;
Shi and Weninger, 2018; Wang et al., 2021b), meaning that predictions can be made even for
entities not observed during training, using entity representations computed based on their textual
descriptions.

Combining information from textual descriptions and graph structures has proven crucial
(Schlichtkrull et al., 2017). An entity’s ego-graph, which represents it’s 1-hop neighbourhood,
provides valuable context that can help disambiguate its role and distinguish it from similar
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entities. While there has been progress in leveraging ego-graphs, we believe that there is
significant room for more effective approaches.

Modelling text-attributed KGs in an inductive setting poses several challenges, particularly when
it comes to effectively integrating textual and structural information in embeddings. Trans-
formers (Vaswani et al., 2017) have shown remarkable success at modelling unstructured (text)
data (Devlin et al., 2019; Raffel et al., 2020; Brown et al., 2020; Touvron et al., 2023). While
their ability to model structured (graph) data is less evident, the inherent graph processing
abilities of a Transformer’s self-attention mechanism make it a natural fit for modelling graph
structures (Henderson et al., 2023). Building on the established functional equivalence between
attention weights and graph relations in Chapter 6, and extending the insights of Mohammadshahi
and Henderson (2020, 2021); Miculicich and Henderson (2022); Coman et al. (2024), in this
chapter, we propose Fast-and-Frugal Text-Graph (FnF-TG) Transformers, which unify textual
and structural information in a framework based solely on Transformers.

Another challenge is that text encoders are resource-intensive, especially when the textual
descriptions of both entities and their ego-graph neighbours need to be encoded, leading to
considerably increased training and inference time (Markowitz et al., 2022). This cost can
be reduced by using smaller text encoders, but they can be considerably less effective. We
demonstrate that we can reduce the dependence on large text encoders with a more effective
encoding of ego-graphs, using our FnF-TG Transformers and their more appropriate inductive
biases. This makes the overall framework both fast in terms of time, and frugal in terms of cost.

A third challenge is that previous models fail to leverage the textual descriptions of relation labels.
They still assume a fixed (transductive) inventory of relations, meaning that they cannot handle
relations not seen during training and thus are not fully inductive. We propose an extension of
this method to address the challenge of being fully inductive, by computing a relation embedding
from the text describing that relation. This embedding serves as both the relation representation
for link prediction, analogous to the transductive case, and as the relation label which is input to
the self-attention mechanism of the FnF-TG’s graph encoder component.

We showcase the effectiveness of our proposed model on three popular datasets for inductive
link prediction in text-attributed KGs from the experimental setting of Daza et al. (2021) and
Wang et al. (2021b), namely WN18RRnp, FB15k-2371np, and Wikidata-5Mnp. We show that
it improves over the state-of-the-art in all cases.

Additionally, we introduce new variants of existing datasets which are specifically designed to
evaluate the performance of models on relations which are unseen until test time, thus offering a
new test-bench for fully inductive link prediction.
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Contributions:

1. We propose a KG embedding model which leverages the intrinsic graph processing ca-
pabilities of Transformers to effectively capture the information in both the KG’s textual
descriptions and the KG’s graph structure.

2. We demonstrate that Fast-and-Frugal Text-Graph (FnF-TG) Transformers achieve superior
performance compared to previous state-of-the-art results on three popular datasets, even
with small and efficient text encoders.

3. We extend inductive KG learning to a fully inductive setting, where both entity and relation
representations are computed as functions of their textual descriptions.

4. We conduct a controlled quantitative analysis of several properties of our and existing
inductive link prediction models to evaluate their performance and ensure fair comparisons.

5. We introduce a new test-bench for fully inductive link prediction by modifying existing
datasets to specifically test models’ performance on unseen relations.

8.5 Related Work

Transductive Link Prediction. In this setting, link prediction aims to identify missing links
within a fixed and fully observable graph where all entities and their other connections are
known during training. Typically, it involves learning embeddings within a geometric space,
as demonstrated by models like RESCAL (Nickel et al., 2011), NTN (Socher et al., 2013),
TransE (Bordes et al., 2013), DistMult (Yang et al., 2014), ComplEx (Trouillon et al., 2016),
TorusE (Ebisu and Ichise, 2018), RotatE (Sun et al., 2019), and SimplE (Kazemi and Poole,
2018). Additionally, there are approaches that incorporate convolutional layers such as R-
GCN (Schlichtkrull et al., 2017), ConvE (Dettmers et al., 2018), HypER (Balazevic et al.,
2018), and ConvR (Jiang et al., 2019). Moreover, recent advances have seen the integration of
Transformers in models such as CoKE (Wang et al., 2019¢) and HittER (Chen et al., 2021).

Inductive Link Prediction. In this setting, link prediction involves predicting missing links
in a dynamic graph where only partial information is available during training. Much work
has explored leveraging limited relational knowledge between novel entities and those already
present in the training graph (Bhowmik and de Melo, 2020; Wang et al., 2020b). Examples
include LAN (Wang et al., 2019b), IndTransE (Dai et al., 2021), OpenWorld (Shah et al.,
2019), GralL (Teru et al., 2020), NBFNet (Zhu et al., 2021), NodePiece (Galkin et al., 2021),
and BERTRL (Zha et al., 2021). Moreover, approaches such as DKRL (Xie et al., 2016),
Commonsense (Malaviya et al., 2020), KG-BERT (Yao et al., 2019a), KEPLER (Wang et al.,
2021b), BLP (Daza et al., 2021), StAR (Wang et al., 2021a), SimKGC (Wang et al., 2022),
StATIK (Markowitz et al., 2022), iHT (Chen et al., 2023), and KnowC (Yang et al., 2024a)
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use language models to encode entities based on their textual descriptions. Among these,
StATIK (Markowitz et al., 2022) stands out as it combines both a language model and a graph
encoder, specifically employing a Message Passing Neural Network (MPNN) (Gilmer et al.,
2017) to create entity embeddings. This makes StATIK particularly relevant to our approach
and we will use it as the state-of-the-art method of reference and compare our proposed method
against it to demonstrate its effectiveness.

Transformers and Graphs. Graph Transformers (GTs) represent a significant evolution in graph
input methods within the Transformer architecture (Henderson et al., 2023). Early work such as
G2GT (Mohammadshahi and Henderson, 2020, 2021; Miculicich and Henderson, 2022) laid the
foundation by incorporating explicit graphs into Transformer’s latent attention graph. Later work
introduced RoFormer (Su et al., 2021), which uses a rotation matrix to encode absolute positions,
and Graphormer (Ying et al., 2021), which uses node centrality encoding and soft attention
biases. Other models, like SSAN (Xu et al., 2021), JointGT (Ke et al., 2021), TableFormer (Yang
et al., 2022), and GADePo (Coman et al., 2024), have applied GTs to various tasks such as
document-level relation extraction, knowledge-to-text generation, table-based question answering,
and graph-aware declarative pooling.

We continue to advance graph input methods and show that GTs, when combined with an effective
inductive bias in the input and the latent attention graph, achieve superior performance compared
to the previous state-of-the-art.

8.6 Background

8.6.1 Inductive Representation Learning

A text-attributed knowledge graph can be defined as G = (£, R, T, D) where & represents
the set of entities, R denotes the set of relation labels, 7 consists of the set of relation triples
(h,r,t) € E xR x &, and D contains the textual descriptions associated with entities and relation
labels. In each triple, h and ¢ represent the head and tail entities, respectively, which are connected
by a directional relation r (Daza et al., 2021).

Inductive link prediction involves completing missing triples in the graph by leveraging the
textual descriptions associated with the entities and relation labels. If the textual description of
an entity mentions the target relation, then this resembles an open relation extraction task (Banko
et al., 2007), and if not then it resembles a knowledge graph completion task (Lin et al., 2015),
with a continuum of difficulties in between.

Our goal is to learn an embedder that maps these descriptions and the partial graph to a repre-
sentation space where the missing triples can be inferred. Specifically, given a training graph
gtrain = (&fraina R> ﬁr(ziny Dtram)a where gtrain C 8’ Dtrain C D and ﬁrain cT only in-
cludes triples involving entities in &;yqin, the goal is to infer the missing triples in 7 \ Tirqin-
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During evaluation, for a given query triple 7; = (h, r,t), the model is tasked with performing
head or tail prediction on the graph G \ 7;. This involves two types of queries: tail prediction,
where the query is of the form (h,r, é) and head prediction, where the query is of the form
(é,r,t). In both cases, the model must rank all possible candidate entities é € Eto identify the
correct entity é; or é and place it at the top of the ranked list.

This setup can be viewed through the lens of the RAG formulation from Figure 8.1, where
the triple to be completed acts as a query encoded by the Query Encoder, while supporting
descriptions and graph context serve as retrieved Contexts processed by the Context Encoder.

8.6.2 Structural Objective and Loss Function

We adopt the margin-based ranking loss from Bordes et al. (2013) as our optimisation criterion.
We construct two sets of triples: a set of true triples 7" and a set of negative triples 7", where
a negative triple consists of a corrupted version of a true triple with either the head or tail
entity replaced by a random entity (target excluded) from the training minibatch. We define the
structural objective function f using the TransE (Bordes et al., 2013) model, which represents
each triple (h,r,t) as:

fTransE(harat) = _Hh +r— tH17

where h, r, and t are the vector representations of the head entity, relation, and tail entity,
respectively. The loss function is then defined as:

Loss = Z maz(0,1 — f(t) + f(t)),

(t)e(TXT")

where f(t) and f(t') are the scores assigned to the true triple ¢ and the negative triple ¢/,
respectively.

8.6.3 Evaluation and Metrics

Evaluation Scenarios. We assess our models in two inductive scenarios, following Bordes et al.
(2013). In the first setting, called dynamic evaluation, new entities may appear in the head or
tail positions, and the candidates set is defined as £ = Etrain U Eeval- In the second setting,
called transfer evaluation, both head and tail entities are new and unseen during training, and
the candidates set is defined as & = Eeval, Where Eqyq is disjoint from the training set of entities

gtrain .
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Metrics. For each evaluation triple, we create two types of queries: (h,r,é) for predicting
tails and (é,r,t) for predicting heads, where é € £ represents all possible candidate entities,
as described in Subsection 8.6.1. We rank candidate triples by their scores and evaluate the
ranking of the correct triple. We report Mean Reciprocal Rank (MRR) and Hits @k (H@k) with
k € {1,3,10} averaged across head and tail prediction tasks. We adopt the filtered setting as
in Bordes et al. (2013), removing valid triples from the set of negative candidate triples when
ranking candidate targets.

8.7 Proposed Architecture

Knowledge Graph Cl'ext Transformer EncodeD ( Graph Transformer Encoder ) ( Link Prediction Objective )

-
| Distance

N Fromebor,vrr,tor) = |lher +rrr -t
A composer
s I — - e \ J
/ ‘writes music.

Figure 8.2: Architecture of the proposed Fast-and-Frugal Text-Graph (FnF-TG) Transformer
model. The Knowledge Graph contains a set of triples of type (hxa, rka, tix ) along with their
corresponding textual descriptions. For each head h ¢ and tail ¢ i we extract their ego-graphs
(1-hop neighbourhood), denoted as E(hk ) and E(txq), respectively. The textual descriptions
of the elements in the ego-graph are first passed to the Text Transformer Encoder, which produces
vector representations (hpr, rpr, trr) together with ego-graphs E(hpr), and E(tpr). The
output of this module is then input into the Graph Transformer Encoder, which produces vector
representations hgr and tgr. Finally, the Link Prediction Objective is applied to the combined
representations (hgr, 77, taT).

Figure 8.2 shows the architecture of our proposed model, which contains three main components:
Knowledge Graph (KG), Text Transformer Encoder (TT) and Graph Transformer Encoder (GT).

Knowledge Graph. The text-attributed KG component contains a set of triples of type
(hxa,TKkG,tka), along with their corresponding textual descriptions. For each head h ¢ and
tail ¢x ¢, we also extract their ego-graphs (1-hop neighbourhood), denoted as E(hx¢) and
E(tkc), respectively. Then we encode each of these nodes with the text encoder, discussed
below. Specifically, for each centre entity, we encode its textual description, as well as encoding
the textual descriptions of its neighbouring entities and the relations that connect the centre entity
to its neighbours.

71



Chapter 8. FnF-TG: Fast-and-Frugal Text-Graph Models

Text Transformer Encoder. The textual descriptions from the KG module are passed to the
Text Transformer Encoder (TT), which produces vector representations &7 for each entity
and relation textual description x i in the ego-graph. More formally, we apply the following
function:

x7r = 0(BERTs 126 (2K ) (cr.s) Wo) Wh,

where Wy, W7 € R4 are two linear projection matrices and o is the SiLU (Elfwing et al.,
2017) activation function. We employ BERT (Devlin et al., 2019) as our encoder and use the
[CLS] vector representation output by the encoder as the embedding. BERT;,¢ indicates that
we employ different sizes of this model released by Turc et al. (2019).

When encoding candidate entities é € £, we simply pass the text associated with the entity
through the TT component. The same is true for any neighbouring entities required by the graph
encoder (discussed below). In contrast, when encoding queries (h,r, ) and (-, r,t) we condition
h and t on the relation type r. Similarly to StAR (Wang et al., 2021a) and StATIK (Markowitz
et al., 2022), for tail prediction queries (h, r, -) we concatenate the text associated with hx ¢ and
rKG, resulting in [h||r] k. For head prediction queries (-, r, ), we create an inverse version of
the relation text by prepending its textual description with the text "inverse of", denoted as
76 We then concatenate the text associated with ¢ e and ¢, resulting in [t||7 ] 6.

Graph Transformer Encoder. The outputs of the TT component, together with the ego-graphs
E(hpr) and E(trr) are then input to the Graph Transformer Encoder (GT) (Figure 8.3). The
input embedding for each node of the graph is the vector output by the TT encoder for that
entity, as described above. In addition, we add learnable segment embeddings to each node input,
indicated as S[cenTre] and S[nercmsour], O disambiguate between the centre and neighbour
nodes in the ego-graph. These embeddings indicate to the model which input nodes will be used
subsequently as the embedding representation of the ego-graph.

To encode the graph relations, we follow Mohammadshahi and Henderson (2020, 2021); Mi-
culicich and Henderson (2022); Coman et al. (2024) in leveraging the intrinsic graph processing
capabilities of the Transformer model by incorporating graph relations as relation embeddings
input to the self-attention function. But unlike in that previous work, our relation embeddings
are computed from the text associated with the relation, rather than coming from a fixed set of
relations. For every pair of input nodes 4j, the pre-softmax attention score e;; € R is computed
from both the respective node embeddings x;, x; € R?, and the embedding of the relation Tij
between the i-th and j-th nodes, as:

x;Wg diag(1 + LN(r;;)Wg) (z;Wg)"
€ij = \/;Z
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Figure 8.3: Graph Transformer Encoder. The subgraph E(HansZimmer) of the entity Hans
Zimmer is input together with the node segment embeddings that disambiguate between the
centre node and neighbour nodes

where Wy, Wik € R?*? represent the query and key matrices, respectively, r;; represents the
relation embedding output by the TT module when it encodes the text associated with the relation
between the i-th and j-th nodes, and Wy € R4 is the relation matrix. Thus, LN(r;;) W is
the embedding of the relation between ¢ and j, where LN stands for the Layer N orm operation.
Finally, diag(1 + ...) maps this vector into a diagonal matrix plus the identity matrix.

When encoding candidate entities and queries in the GT, it is crucial to ensure that no information
regarding the target triple (h, r,t) leaks into the E(é), E(hrr), or E(trr) ego-graphs. This
precaution prevents the model from learning trivial solutions or biases from leaked information.
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Dataset R gtrain %rain E(e)train 87)(11 ’Ezal E(e)val Etest %est E(e)test
WN18RRnp 11 32,755 69, 585 2,12315 | 4,094 11,381 1,17133 | 4,456 12,037 1,18135
FB15K-237ixp | 237 | 11,633 215,082 18,495801 | 1,454 42,164 4,701063 | 2,416 52,870 4,9712.9
Wikidata-SMixp | 822 | 4,579,609 20,496,514  4,48,4 | 7,374 6,699 0,917s | 7,475 6,804 0,928

Table 8.1: WN18RRnp, FB15K-2371np, and Wikidata-SMnp datasets statistics. £ represents
the set of entities, R denotes the set of relation labels, 7 consists of the set of relation triples
(h,r,t) € E xR x &, and E(e) shows the mean and standard deviation (1) of the number of
neighbours in an entity’s ego-graph.

8.8 Datasets and Setting

Daza et al. (2021) introduced the WN18RRnp and FB15k-237np inductive variants of the
well-known WN18RRt1ra (Dettmers et al., 2018) and FB15k-237tra (Toutanova and Chen,
2015) transductive KGs. The inductive setting simulates a dynamic scenario where new en-
tities and triples are dynamically added to the graph. The training graph is constructed as
Girain = {(h,7,t) € Tirain : hyt € Etrain}- The validation and test graphs are constructed by
incrementally adding entities and triples, such that G,y = {(h,7,t) € Toar : byt € Etrain UEval }
and Giest = {(h, r, t) € Ttest : hyt € Etrain U Ept U gtest}-

In contrast, the WikidataSMnp KGs curated by Wang et al. (2021b) provide a transfer learning
scenario in which the evaluation graphs are constructed such that the validation and test entity
and triple sets, E,q; and E;est, and Ty and T are disjoint from the training entity and triple
set Etrain and Tirqin. The validation and test graphs are constructed as G,q; = {(h,7,t) € Toar :
hyt € Evar} and Grest = {(h,7,t) € Tiest = hyt € Erest}- Because the graphs G, and Giesr do
not include the entities from Gi,.q;p, they are much smaller graphs (see Table 8.1), which poses
challenges for generalisation with graph-aware models, as will be discussed further below. We
evaluate our model’s ability to generalise to entirely new entities and triples in this setting.

We conduct our experiments in the above-mentioned settings of Daza et al. (2021) and Wang
et al. (2021b), where textual information extraction is an integral part. Our method is directly
comparable to DKRL (Xie et al., 2016), BLP (Daza et al., 2021), KEPLER (Wang et al., 2021b),
StAR (Wang et al., 2021a), and the state-of-the-art method, StATIK (Markowitz et al., 2022)
which employ the same textual encoder, structural objective, and loss function. Similar to
StATIK, our work aims to jointly model the text and the structure of knowledge graphs, including
extracting information about KG links from the text. This sets us apart from the setting of Teru
et al. (2020), which uses different KGs splits and is employed in GralL (Teru et al., 2020),
NBFNet (Zhu et al., 2021), and NodePiece (Galkin et al., 2021), that solely focus on using the
structure of the graph without incorporating any textual information extraction component.
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8.9 Experiments and Results

8.9.1 Controlled Experimental Setup

When comparing the performance of different models on link prediction tasks, it is crucial to
establish a fair and consistent baseline. Our experiments in Table 8.2 highlight the importance of
carefully setting this baseline, as various factors can greatly influence the results.

MRR
Model WNISRRIND FBISk-2371ND
BLPRERTg g 0.285 0.195
BLPRERTy A5 0.280 0.205
+ inductive relations 0.281 0.219
+ negatives batch tying 0.300 0.221
+ bigger embedding size 0.339 0.254
+ bigger batch size 0.366 0.260
+ better sampling method 0.373 0.266
FnF-TRErTy g (OUrS) 0.373 0.266

Table 8.2: WNI18RRinp and FB15k-237np test set results with cumulative additions over
the baseline model BLPggry,  (Daza et al., 2021) that lead to our improved baseline model
FnF-Tgerrg,sp - BLPRERT, o, INdicates our reimplementation of BLPggrry .-

Specifically, we demonstrate that the computational budget, which determines training hyper-
parameters, can have a substantial impact on model performance. Starting with the baseline
model BLPggrTy, g (Daza et al.,, 2021), we introduce improvements such as using inductive
relations, increasing the number of negative triples to match the batch size (negatives batch tying),
increasing the embedding dimension from 128 to 768, doubling the batch size from 64 to 128, and
modifying the negative sampling strategy to two-sided reflexive, where both head and tail entities
are considered as potential negatives. These cumulative improvements lead to the development
of a new text-only model baseline, FnF-Tggrty ;> Which shows substantial improvements on
both the WNI18RRnp and FB15k-2371np datasets.

To ensure a fair comparison, we fixed our computational budget to a constant in this chapter, using
a consumer-grade GPU (NVIDIA RTX3090 24GB). This allows for a consistent and reproducible
experimental setup, enabling a more accurate assessment of performance. For more details, see
Appendix D.
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8.9.2 Inductive Link Prediction Results

As shown in the top half of Table 8.3, for both the WN18RRnp and the FB15k-237np datasets,
our inductive relation embeddings and the enhanced controlled experimental setup result in
improved text-only models. These models rely heavily on having powerful text encoders, as
shown by the degradation in performance when using smaller versions of BERT as the text

encoder.
WNI18RRnD FB15k-2371np
Model MRR H@l H®@3 H®@10 ‘ MRR H@l1 H@3 H@10
Text-Only Models
DKRLgERT, ok 0.139 0.048 0.169 0.320 | 0.144 0.084 0.151 0.263
BOWgERT, ok 0.180 0.045 0.244 0.450 | 0.173 0.103 0.184 0.316
BLPEERT o 0.285 0.135 0.361 0.580 | 0.195 0.113 0.213 0.363
FnF-TRERTg 5 g 0.373 0.238 0.442 0.647 | 0.266 0.174 0.297 0453

FoF-TeerTyppy | 0342 0.213 0.405  0.603 | 0.253  0.164 0.281  0.431
FnF-Tpgrrgy,, | 0-320 0.197 0.379 0572 | 0.239 0.152 0.265 0.411

FnF-TERTyn 0.268 0.156 0.318 0.498 | 0.204 0.128 0.223 0.354

FnF-TBERT11ny 0.193 0.098 0.230 0.385 | 0.164 0.100 0.176 0.289
Structure-Informed Models

StARBERT A sp 0.321 0.192 0.381 0.576 | 0.163 0.092 0.176 0.309

StATIKfgrr, ., | 0516 0425 0558  0.690 | 0.224 0.143 0.248 0.381
FnF-TGpgrry,g, | 0732 0.652 0.785 0.875 | 0.316 0.214 0.350 0.524
FnF-TGpgrrygpuy | 0737  0.661 0789  0.873 | 0.314 0214 0.353  0.515
FnF-TGggrrgy,, | 0727 0.648 0.781 0.867 | 0.316 0216 0.354 0.518
FoF-TGpgrryy, | 0713 0632 0.768  0.857 | 0.302 0.204 0.337  0.502
FnF-TGpgrryyy | 0638 0.543  0.700 0.808 | 0.288 0.195 0.318 0.475

Table 8.3: WN18RRnp and FB15k-237np test set results. *Daza et al. (2021); *Markowitz
et al. (2022).

The addition of our graph encoder to the model (bottom half of Table 8.3) leads to a substantial
increase in link prediction accuracy over the text-only model. We also see that our TG (text-graph)
encoder results in substantially better accuracy than the previous state-of-the-art model, StATIK.
Interestingly, this more effective use of graph context also has a big impact on the model’s
dependence on powerful text encoders. Reducing the size of the text encoder (BERTy s >
BERTyiepium > BERTsyar. > BERTyni > BERTqyy) does result in some degradation of
accuracy, but the differences are much smaller than in the text-only case. Even with a BERT xy
text encoder, the graph-aware model performs better than the text-only model with a BERT4sg
encoder. This shows that the inductive bias of explicit graph relations can be an effective
alternative to extracting the same information from text with a powerful text encoder.
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This pattern of results is repeated in the transfer case, shown in Table 8.4. Here, the training
set is much larger, but the graph in the test set is relatively small with each entity having fewer
neighbours (see Table 8.1). This reduces the advantage gained from adding an effective graph
encoder and the margin of our models’ improvement over the text-only models, and over the
previous state-of-the-art model, StATIK.! But we still see the same pattern where the size of the
text encoder has less effect on accuracy for the graph-aware model.

Model MRR H@l H@3 H@10
Text-Only Models
KEPLERgper, ... | 0402 0.222 0514  0.730
BLPjtrry . cp 0.478 0.241 0.660 0.871
FnF_TBERTBASE 0.597 0427 0.722 0.896
FnF-TeerTyppn | 0-588  0.418  0.712  0.890
FnF_TBERTSMALL 0.588 0.417 0.714 0.889
FnF-TBERT 1, 0.562 0.391 0.683 0.870
FnF'TBERTTINy 0.526 0.348 0.649 0.849

Structure-Informed Models

StATIKEgRry, , SE 0.770 0.765 0.771 0.779
FnF-TGRERTg s 0.799 0.741 0.833 0911
FnF-TGerTygpium | 0-785  0.727  0.817  0.900
FnF-TGperTgpar; | 0781 0.721  0.816  0.898
FnF-TGBERTyn; 0.779 0.719 0.814 0.894
FnF-TGBERT Ny 0.761 0.697 0.799 0.883

Table 8.4: WikidataSMynp test set results. *Wang et al. (2021b); *Daza et al. (2021); *Markowitz
et al. (2022).

!'StATIK has a surprisingly high H@1 score, almost identical to its H@3, H@ 10 and MRR scores. It is not clear
why this is the case. Regardless, our model’s MRR, H@3, and H@ 10 scores are better than StATIK. MRR is the
primary evaluation measure since it summarises the entire ranking.
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8.9.3 Ablation Study

Table 8.5 presents results from our ablation studies, showing the impact of removing various
design features from our graph-aware model on its accuracy.

MRR
Model WNISRRIND FBISk-237IND
FnF_TGBERTMEDIUM | SMALL 0.737 0.316
— Tij 0.733 0.306
— S[CENTRE] > S [NEIGHBOUR] 0.677 0.298
— E(hrr), E(trr) 0.480 0.251
— [Mlr]kas [tr ke 0.342 0.239

Table 8.5: Ablation studies on the WN18RRnp and FB15k-237np test sets using the top FnF-
TG model. Each row indicates the performance after cumulatively removing a specific feature.

Removing the r;; relation embeddings in the pre-softmax attention score leads to a decline
in model performance, with a more substantial drop observed on the FB15K-2371np dataset
compared to the WN18RRnp dataset. Note that with this modification the model still knows
that there is some relation to the neighbours, but does not know its label. Removing the learnable
segment embeddings s cenTre] and S (nE1cHROUR] then removes this unlabelled graph structure,
which considerably impacts the model’s performance. Eliminating the ego-graph neighbours
altogether results in an even more substantial performance drop. Despite this, the model remains
competitive as a text-only model compared to the BLP baseline, owing to its ability to leverage
relation conditioning features to represent candidate relations. Finally, removing the relation
conditioning [h||r] k¢ and [t||r ] kg, results in a further notable decrease in performance.
Without relation conditioning, the model loses its ability to anticipate the query relation, severely
impacting its accuracy.
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8.9 Experiments and Results

8.9.4 Efficient Text Encoders

Being able to reduce the size of the text encoder with minimal degradation in accuracy is important
because the text encoder is a substantial part of the training cost. In Figure 8.4 we plot the relative
reduction in accuracy against the relative reduction in training time as we reduce the size of the
text encoder, for the WN18RRnp and the FB15k-237np datasets. We see that reducing the
encoder size by a factor of four reduces the training time by a factor of three for WN18RRnp
(and nearly two for FB15k-2371np) with very little reduction in accuracy.

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1
-O-Relative MRR (1) -0+ Relative Latency (1)

0.0

0.04 0.1 026 0.38 1.0
Tiny Mini Small Medium Base

WNI18RRnp
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0.0

-O-Relative MRR (1) O+ Relative Latency (1)

0.04 0.1 0.26 0.38 1.0
Tiny Mini Small Medium Base

FB15k-2371np

Figure 8.4: Accuracy and training time plotted as a function of text encoder size, relative to the
largest text encoder with the highest accuracy, shown as (1.0,1.0).
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8.9.5 Fully Inductive Link Prediction Results

The experimental setting of Daza et al. (2021) and Wang et al. (2021b) do not support evaluation
on unseen relations. One distinctive advantage of our model is that it is not restricted to a fixed
set of relation labels learned during training. Although we do show that conditioning on relation
texts improves accuracy even on seen relations (see Table 8.2), it is important to evaluate our
model in a fully inductive setting, where relations are also unseen, in addition to entities.

To this end, we propose a new experimental setting for a fully inductive relations (FIR) evalua-
tion, by converting the WN18RRnp, FB15k-2371Np, and Wikidata-5Mnp evaluations to their
respective FIR versions. More specifically, we focus on the long tail of relations and remove
the least frequent relation labels until 10% of edges have been removed from the training graph
Gtrain. We then train a new set of models on this new version so they have not seen the removed
relation labels, and evaluate them on both the full set of test relations (IND) and specifically
on the relations for the unseen labels (IND \ FIR). Given that all the previous models (DKRL,
BLP, KEPLER, StAR, and StATIK) are inductive in entities but transductive in relations, none of
them can make informed predictions in this setting, so we compare to a random baseline which
computes the expected MRR for random rankings of candidate entities & as follows:

1
IE:[NIRRrandom] = A -
EE=X
The results in Table 8.6 show the performance of our model on this new setting. Our approach
shows promising results as it outperforms the random baseline by a significant margin. However,
the performance drops considerably when training on FIR and evaluating on IND \ FIR, indi-
cating that the model struggles with unseen relations. Notably, the results on the Wikidata-5M
dataset are considerably better than those obtained on the WN18RR and FB15k-237 datasets,
probably due to having relations with more descriptive texts. These results highlight the need for
further research in developing models that can effectively generalise to unseen relations.

WN18RR FB15k-237 Wikidata5M
Training | Evaluation | MRR H@1 H@3 H@10 | MRR H@l H@3 H@10 | MRR H@l H@3 H@I10

FnF'TBERTTINY

IND IND 0.193 0.098 0.230 0.385 | 0.164 0.100 0.176 0.289 | 0.526 0.348 0.649 0.849
FIR IND 0.169 0.080 0.198 0.346 | 0.143 0.087 0.153 0.253 | 0.478 0.306 0.591 0.793
IND IND\ FIR | 0.307 0.210 0.353 0.495 | 0.171 0.102 0.185 0.308 | 0.594 0.451 0.697 0.849
FIR IND\ FIR | 0.064 0.012 0.082 0.159 | 0.024 0.007 0.026 0.052 | 0.219 0.054 0.334 0.499

FUF’TGBERTT]NY

IND IND 0.638 0.543 0.700 0.808 | 0.288 0.195 0.318 0475 | 0.761 0.697 0.799 0.883
FIR IND 0.573 0480 0.629 0.738 | 0.249 0.165 0.274 0418 | 0.711 0.644 0.749 0.837
IND IND\ FIR | 0.585 0.483 0.652 0.769 | 0.282 0.176 0.311 0.514 | 0.726 0.646 0.781 0.867
FIR IND\ FIR | 0.108 0.028 0.147 0.242 | 0.050 0.023 0.051 0.099 | 0.401 0.287 0.480 0.589

Random baseline

-] - [0.0003 - - — ]0.0007 - - — Jo0.0013 - - -

Table 8.6: Fully inductive link prediction results.
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8.10 Conclusion

8.10 Conclusion

We presented a new Transformers-based approach to link prediction in text-attributed knowledge
graphs that combines textual descriptions and graph structure in a fully inductive setting. Our
Fast-and-Frugal Text-Graph (FnF-TG) Transformers outperform previous state-of-the-art models
on three popular datasets, showcasing the importance of capturing rich structured information
about entities and their relations. Our approach achieves superior performance while maintain-
ing efficiency and scalability, making it a promising solution for large-scale knowledge graph
applications. Moreover, our ablation studies provide insights into the key factors contributing
to its effectiveness, demonstrating the value of each component in our model. Additionally, we
proposed a new evaluation setting for fully inductive link prediction, where relations are also
inductive, and demonstrated the potential of our approach in this setting.

These findings also relate to the example of Larry and Palmerston in Figure 1.1. In that case,
identifying the rivalry between the two cats requires integrating structured information such as
their institutional roles, overlapping tenures, and reports of confrontation, which may appear in
separate spans of unstructured text or as distinct relations in a graph. Earlier chapters examined
how to improve the retrieval of such evidence (Chapter 4), align generated responses with it
(Chapter 5), and aggregate it using graph-structured inputs (Chapter 7). This chapter builds on
these foundations by focusing on how textual descriptions and relational structure can be jointly
encoded in a fully inductive setting. The proposed FnF-TG model is designed to support the
prediction of potential new links, such as the rivalry between Larry and Palmerston, even when
both the entities and the relation have not been seen during training.

Limitations
While our approach yields promising results, there remains room for further improvement.

One area for exploration is optimising the scalability of our Graph Transformer Encoder compo-
nent (see Figure 8.2), which currently requires computing fully quadratic attention over the entire
ego-graph of a given entity. In fact it could still require considerable resources if the number
of nodes in the ego-graph is scaled to the order of thousands, hundreds of thousands, or even
millions.

Our work demonstrates that effectively capturing even local neighbourhood information is both
non-trivial and under-explored and that it can significantly enhance performance. Indeed, our sim-
plification to a 1-hop neighbourhood (ego-graph) was a careful decision to balance effectiveness
and complexity. This approach not only allows for a fair comparison with the current state-of-
the-art method, StATIK (Markowitz et al., 2022), but also mitigates the exponential increase in
computational complexity (see Appendix D) associated with larger neighbourhoods. While this
predefined 1-hop neighbourhood provides a solid starting point, there is room to explore better
alternatives. For instance, investigating multi-hop neighbourhoods or adaptive neighbourhood
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definitions could uncover more nuanced insights from the graph structure, potentially leading to
even better results.

By building upon our framework, future work could refine these aspects, ultimately enhancing
the effectiveness and versatility of our approach.

Ethics Statement

We do not anticipate any ethical concerns related to our work, as it primarily presents an alternative
approach to a previously proposed method. Our main contribution lies in introducing a new
approach for link prediction. In our experiments, we use the same datasets and pretrained models
as previous research, all of which are publicly available. However, it is important to acknowledge
that these datasets and models may still require further examination for potential fairness issues
and the knowledge they encapsulate.
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Conclusions and Future Work

This thesis examines how to improve the effectiveness of information-seeking systems that make
use of both unstructured and structured information. It focuses on two complementary lines of
investigation: Retrieval-Augmented Generation (RAG) and Text-Graph Encoders. The first line
of investigation addresses limitations in retriever-reader pipelines for open-domain conversational
question answering, while also exploring how reward models can be extended to evaluate how
well generated responses reflect the retrieved evidence. The second line of investigation introduces
methods for incorporating relational structure into attention-based models and enabling them to
operate over previously unseen entities and relations in an inductive manner. This thesis is not a
conclusion but a foundation for developing LL.M-based information-seeking systems that can
ground their generation in retrieved evidence, whether unstructured or structured, and access both
types of information seamlessly via the attention mechanism.

In Chapter 1, we introduce the motivation for this thesis by examining how structured and
unstructured information sources contribute to the effectiveness of modern information-seeking
systems. We formulate four central research questions, focusing on the limitations of retrieval-
based conversational question answering pipelines, the design of reward models tailored to the
RAG setting, the integration of structured relational information into attention mechanisms, and
the ability of models to inductively operate over previously unseen entities and relations using
both textual and structured inputs.

Chapter 3 introduces the core components of RAG: retrieval, augmentation, and generation, and
examines how these interact to enable systems to incorporate external evidence dynamically at
inference time.

In Chapter 4, we identify key limitations in retriever-reader pipelines for open-domain conver-
sational question answering, particularly highlighting the retriever’s limited coverage and the
reader’s sensitivity to noisy inputs. To address these issues, we introduce R3FINE, a strategy
combining a lightweight reranker with targeted fine-tuning of the retriever and reader. Specifi-
cally, the retriever is fine-tuned to surface relevant evidence more effectively, while the reader is
fine-tuned to better handle this evidence during generation.

Chapter 5 tackles the challenge of aligning generated responses with retrieved evidence by
introducing RAGferee, a method for constructing contextual reward models specifically extended
to evaluate responses in the RAG setting. Unlike reward models trained on general preference
data, RAGferee emphasises RAG-specific dimensions, including faithfulness, completeness,
conciseness, relevance to the user query, and appropriate refusals, thus encouraging responses
that closely reflect retrieved contexts and user intent.
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Chapter 6 provides essential background on the self-attention mechanism and examines how it
can be extended to incorporate structural encoding, setting the stage for the text-graph models
developed in Chapter 7 and Chapter 8.

In Chapter 7, we explore how explicit relational structure can guide the attention mechanism
in pooling information scattered across unstructured text. The resulting method, GADePo,
enables models to effectively combine structured and unstructured information through attention,
providing a unified representational mechanism.

Finally, Chapter 8 introduces FnF-TG, a text-graph model capable of inductively operating over
previously unseen entities and relations by using textual descriptions alongside structured context
to construct embeddings. A key insight is that explicit relational structure plays a crucial role in
inductive settings, reducing the reliance on text encoders to recover this structure implicitly from
unstructured input.

Collectively, these chapters contribute complementary methods that lay the foundation for
future LL.M-based information-seeking systems capable of seamlessly integrating structured
and unstructured information within a unified attention-based framework. Looking ahead, this
framework can evolve to access any form of information, independent of its modality, through
the unified lens of the attention mechanism. We are already beginning to see early signs of this
in emerging any-to-any models capable of ingesting and generating across multiple input and
output formats, such as text, image, audio, and video (Lu et al., 2022, 2023; Xu et al., 2025b).
These developments suggest a future in which information-seeking systems become increasingly
general-purpose, able to reason across modalities and use cases in a cohesive and adaptive way.
This enables applications in high-stakes areas, with scientific discovery being a clear example
where grounding in diverse evidence is essential. To realise this vision, it is crucial to advance
the transparency and controllability of these models, particularly in how they weigh retrieved
evidence and integrate information from multiple modalities. Ultimately, the goal is to move
past isolated enhancements and instead build robust and trustworthy information agents that can
support users across tasks, domains, and modalities in a coherent and personalised manner.
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.\ Appendix for Chapter 4: R3FINE

OR-QUAC conversion to TOPIOCQA’s format and models

To ensure compatibility between the OR-QUAC dataset and the models used in TOPIOCQA,

we applied the following modifications:

* All answers of type CANNOTANSWER and NOTRECOVERED were mapped to

UNANSWERABLE.

* For the DPR Conversation Encoder, we adopted the ALLHISTORY representation of the

conversational context from TOPIOCQA.

* For the DPR Passage Encoder, each passage title was simplified from
"passage_page_title [SEP] passage_page_subtitle™ to

"passage_page_title". This adjustment was necessary as OR-QUAC does not

provide section-level information for passages within a page, unlike TOPTOCQA.

* For the FiD component, the input format for passages was changed from "title:

sub-title: context:"to "title: context:", consistent with the ratio-

nale outlined above.

Each passage from the OR-QUAC Wikipedia knowledge source was mapped to its corresponding
embedding via the TOPIOCQA’s Passage Encoder component. We then performed the same
retrieval step as the one done for TOPIOCQA. We exploited TOPIOCQA’s DPR module for
both datasets as the retrieval phase is very similar between the two. However, given that, unlike
ToPIOCQA, OR-QUAC is of extractive type, we had to train the FiD module from scratch. We

followed the same training configuration as the one used for TOPIOCQA.

Retriever results

Table A.1 and Table A.2 report the retrieval coverage on the train and test sets, respectively,
before and after the introduction of the Semantic Reranker (w/ SR and w/o SR) when a larger

number of passages (50 vs. 1000) is considered.
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Tor1IOCQA OR-QUAC
top-k | w/o SR | w/SR | w/o SR | w/ SR
1 31.54 9825 | 3169 7731
5 | 66.99  99.71 | 59.08  89.10
10 | 7829 9972 | 66.31  89.36
20 | 86.78  99.72 | 71.77  89.40
50 | 9355 99.72 | 7735  89.40
500 | 9936 99.72 | 87.15  89.41
1000 | 99.72  99.72 | 89.41  89.41

Table A.1: Training set retrieval coverage before and after the introduction of the Semantic
Reranker (w/o SR and w/ SR) when a larger number of passages (50 vs. 1000) is considered. For
both datasets, we report the presence of the gold passage within the top-k limit.

OR-QUAC
top-k | w/o SR \ w/ SR
1 26.82  48.75
5 46.29  64.71
10 51.50 66.47
20 55.63 67.31
50 59.85  68.10
500 67.87 69.48
1000 | 69.86  69.86

Table A.2: OR-QUAC test set retrieval coverage before and after the introduction of the Semantic
Reranker (w/o SR and w/ SR) when a larger number of passages (50 vs. 1000) is considered. We
report the presence of the gold answer within the top-k limit.

Reader results

Table A.3, Table A.4, and Table A.5 show the impact the introduction of the Semantic Reranker
has on the FiD reader. The input to the FiD reader are either passages returned by the initial DPR
retriever (w/o SR) or passages returned by the Semantic Reranker (w/ SR).

TorPIOCQA

w/o SR w/ SR
top-k | EM | F1 | EM | F1
1 193 376|281 504
5 1270 49.6|322 565
10 | 298 524|332 573
20 | 313 540|334 565
50 |33.0 551|339 562

Table A.3: FiD reader performance (Exact Match and F1 scores) on the TOPTIOCQA development
set before and after the introduction of the Semantic Reranker (w/o SR and w/ SR).
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OR-QUAC

w/o SR w/ SR
top-k | EM | F1 | EM | F1
1 [132 222|122 259
5 | 164 263|164 287
10 | 180 276 | 180 294
20 [ 192 282|189 292
50 | 196 277|193 277

Table A.4: FiD reader performance (Exact Match and F1 scores) on the OR-QUAC development
set before and after the introduction of the Semantic Reranker (w/o SR and w/ SR).

OR-QUAC

w/o SR w/ SR
top-x | EM | F1 | EM | F1
1 [ 147 230|139 257
5 | 178 271|179 295
10 [ 190 282|194 30.0
20 | 203 29.1 | 208 305
50 | 220 299|221 302

Table A.5: FiD reader performance (Exact Match and F1 scores) on the OR-QUAC test set
before and after the introduction of the Semantic Reranker (w/o SR and w/ SR).

Further reader study

To better understand the impact that the introduction of the Semantic Reranker has on the FiD
reader, Table A.6, Table A.7, and Table A.8 show the results obtained after taking a non fine-tuned
FiD and training it on the top-10 passages returned by the initial DPR retriever and on the top-10
passages returned by the Semantic Reranker. On both datasets, we followed the same training
configuration as the one used for TOPIOCQA.

ToPIOCQA
w/o SR + FT | w/ SR +FT
top-k | EM | F1 [EM | F1
1 192 378 [295 509
5 1278 499 |340 569
10 | 304 520 |343 570

Table A.6: FiD reader performance (Exact Match and F1 scores) on the TOPIOCQA development
set after training a non fine-tuned FiD on the top-10 passages returned by either the initial DPR
retriever (w/o SR + FT) or the Semantic Reranker (w/ SR + FT).
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OR-QUAC

w/o SR + FT | w/SR +FT

top-k [EM | F1 | EM | F1
1 [ 142 231 [139 276
5 |180 277 | 181 308
10 [192 289 | 193 312

Table A.7: FiD reader performance (Exact Match and F1 scores) on the OR-QUAC development
set after training a non fine-tuned FiD on the top-10 passages returned by either the initial DPR
retriever (w/o SR + FT) or the Semantic Reranker (w/ SR + FT).

OR-QUAC
w/o SR+ FT | w/SR + FT
top-k |[EM | F1 [EM | F1
1 [155 239 [158 283
5 196 291 | 194 317
10 1209 297 |206 319

Table A.8: FiD reader performance (Exact Match and F1 scores) on the OR-QUAC test set after
training a non fine-tuned FiD on the top-10 passages returned by either the initial DPR retriever
(w/o SR + FT) or the Semantic Reranker (w/ SR + FT).

Table A.9, Table A.10, and Table A.11 show instead the results obtained after taking an already
fine-tuned FiD reader and further fine-tuning it on the top-10 passages returned by the initial DPR
retriever and on the top-10 passages returned by the Semantic Reranker. On both datasets, the
amount of fine-tuning steps is equal to the one used for training the already fine-tuned FiD reader.

TorP1IOCQA
w/o SR + FT | w/ SR + FT
top-k | EM| F1 |EM | F1
1 [215 393 [307 524
5 304 523 |361 594
10 | 328 546 [358 59.0

Table A.9: FiD reader performance (Exact Match and F1 scores) on the TOPTOCQA development
set after further fine-tuning an already fine-tuned FiD on top-10 passages returned by either the
initial DPR retriever (w/o SR) or the Semantic Reranker (w/ SR).
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OR-QUAC
w/o SR + FT | w/SR +FT
top-k | EM | F1 | EM | F1
I [152 238 [154 290
5 | 189 284 |184 312
10 199 294 |20.1 320

Table A.10: FiD reader performance (Exact Match and F1 scores) on the OR-QUAC development
set after further fine-tuning an already fine-tuned FiD on top-10 passages returned by either the
initial DPR retriever (w/o SR) or the Semantic Reranker (w/ SR).

OR-QUAC
w/o SR +FT | w/SR +FT
top-k | EM | F1 | EM | F1
1 [167 249 166 289
5 1200 292 [201 322
10 | 214 300 |[21.6 329

Table A.11: FiD reader performance (Exact Match and F1 scores) on the OR-QUAC test set after
further fine-tuning an already fine-tuned FiD on top-10 passages returned by either the initial
DPR retriever (w/o SR) or the Semantic Reranker (w/ SR).

Reranker training and ablation study

We tried different configurations of the Semantic Reranker to find the most efficient and effective
one. In addition to the decision of whether to fine-une the DPR’s ConversationEncoder together
with the Semantic Reranker, we also tried varying the number of layers L of the Semantic
Reranker from 1 to 4 and changing its input, by choosing a combination from:

* c: use of conversation’s history dense representation

* c1,...,cy: use of conversation’s history tokens dense representation

* p1,...,Pk: use of passages dense representation
Table A.12 shows the average top-k results obtained on the TOPIOCQA and OR-QUAC devel-
opment set, where k varies between 1, 3, 5, 10, 15, 20, 30, 50, 100, 250, 500, 750, and 1000. For

TorPIOCQA, we report the presence of the gold passage within the top-k limit. For OR-QUAC
we report the presence of the gold answer within the top-£ limit.

Given that the MIPS function cannot be applied when p1, . .., py representations are used alone,
i.e, without the conversation history, we applied a linear projection on top of the Semantic
Reranker to obtain a score for each passage in input.

As far as training the Semantic Reranker is concerned, we trained it for 10 epochs when fine-
tuned together with the Conversation Encoder. We instead trained it for 20 epochs when the

89



Appendix A. Appendix for Chapter 4: R3FINE

L|c|cy....cy | P1,---,Pk | Cross Encoder | TOPIOCQA | OR-QUAC
1|V v v 78.85 71.51
1 v v v 78.88 71.48
4 v v v 78.84 71.32
1|V v 77.17 69.83
1 v v 77.35 70.18
4 v v 77.30 70.45
1 v 67.07 64.18

Table A.12: Average top-k results obtained on the TOPIOCQA and OR-QUAC development set,
with different configurations.

Conversation Encoder was kept frozen and when py, . . . , p, representations were used alone. We
leveraged the same objective function used for training the initial DPR. We used early stopping
to chose the best performing model on the development set. We also used a linear learning
rate decay throughout the training process, and AdamW (Loshchilov and Hutter, 2019) with a
learning rate of 5e-5 and weight decay of le-2.

Among the different combinations shown in Table A.12, we considered the first entry as the best
choice, i.e., the model with L = 1, ¢, p1, ..., Pk, and Cross Encoder fine-tuning.

Latency measurement

Latency measurement (see Figure 4.3) has been performed on the same NVIDIA V100 16GB
GPU, by following the FiD’s test_reader . py script provided with the TOPTIOCQA dataset.
We set the per_gpu_batch_size paramenter to 4 in all runs and chose the value of the
n_context parameter from 1, 3, 5, 10, 20, 30, and 50, based on the number of input passages.
For each value, we report the latency relative to the maximum n_context parameter value,
i.e., 50. We used CUDA events synchronisation markers to measure the elapsed time for the
preprocessing and evaluation of TOPIOCQA’s development set and OR-QUAC’s test set.
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Stratified sampling

The sampling approach used in Subsection 5.5.2 leverages the concept of a signature, which is
derived by concatenating key characteristics of each sample, such as query types and answer
length categories. This signature acts as a unique identifier to group samples into strata that
represent meaningful subpopulations within the dataset.

Once grouped, the signature strata are sorted in decreasing order by their size (the number of
samples per signature). During the allocation of the fixed overall sampling budget, samples are
selected by iterating through the signature groups starting with the least represented strata first.
This ensures that smaller, potentially under-represented groups receive appropriate sampling
allocation before larger groups are considered. Within each stratum, samples are stochastically
selected without replacement, using random sampling guided by the allocated quota. This
stochasticity maintains diversity and prevents over-representation of any single subset.

A key feature of this stratified sampling method is the use of a discounting factor applied to
model-specific weights, which reflect the historical frequency of a model being selected as either
chosen or rejected. Each time a model is selected, its associated weight corresponding to the
chosen or rejected category is multiplicatively reduced by this discount factor, which is set to 0.9
in our experiments. This mechanism dynamically lowers the probability of repeatedly selecting
the same models, thereby encouraging greater diversity and a more balanced representation of
models within the sampled dataset.

Together, this stratification based on sample signatures and the adaptive, weighted stochastic
sampling with discounting ensure the final sample set achieves broad coverage across sample
characteristics and model choices, while mitigating biases due to dataset composition and prior
model selection frequencies.

Experimental Configurations

We carried out data preprocessing and related tasks using the dataset s library (Lhoest et al.,
2021). Fine-tuning of the Discriminative Reward Models (RMs) was performed using the
trl (von Werra et al., 2020) and accelerate (Gugger et al., 2022) libraries, with inference
powered by the vLLM library (Kwon et al., 2023).

To optimise memory efficiency during fine-tuning, we employed Parameter-Efficient Fine-Tuning
(PEFT) strategies from the pe ft library (Mangrulkar et al., 2022), loading models quantised in
4-bit precision and integrating Flash Attention 2 (Dao, 2023) and Liger Kernels (Hsu et al., 2025).
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Optimisation was conducted using AdamW (Loshchilov and Hutter, 2019) in 4-bit precision. We
adopted rsLoRA (Kalajdzievski, 2023) and targeted all linear modules, setting the rank r to 16, «
to 16, and a dropout (Srivastava et al., 2014) rate of 0.1. Training was performed for 4 epochs
with a learning rate of 2e %, using a cosine learning rate scheduler with a warm-up ratio of 0.1.
The maximum input length during training was 32,768 tokens, with a per-device batch size of 1
and gradient accumulation over 16 steps. For inference using vLLM, we set the maximum input
length to 8,192 tokens and used a temperature of 0.0.

All experiments we conducted on a single node equipped with 8xH200 NVIDIA GPUs. Query
characteristics (Subsection 5.5.1) accounted for 48 GPU hours. Answer generation and classifica-
tion (Subsection 5.5.3) used 192 and 256 GPU hours, respectively. Fine-tuning each RAGferee
model required between 3 and 8 GPU hours, depending on the model size.

The models from Hugging Face! used for answer generation (Subsection 5.5.3) are listed below:

¢ microsoft/phi-4

* Qwen/QwQ-32B

¢ RekaAl/reka-flash-3

e Qwen/Qwen2.5-7B-Instruct

¢ Qwen/Qwen2.5-14B-Instruct

¢ Qwen/Qwen2.5-32B-Instruct
 internlm/internlm3-8b-instruct

¢ allenai/OLMo-2-1124-7B-Instruct

¢ allenai/OLMo-2-1124-13B-Instruct

¢ allenai/OLMo-2-0325-32B-Instruct

* mistralai/Mixtral-8x22B-Instruct-v0.1

¢ mistralai/Mistral-Nemo-Instruct-2407

¢ mistralai/Mistral-Small-24B-Instruct-2501

¢ deepseek-ai/DeepSeek-R1-Distill-Qwen-14B
¢ deepseek-ai/DeepSeek-R1-Distill-Qwen-32B

Distributions

Figure B.1 shows the distributions of query characteristics (Subsection 5.5.1) for the 500K, 50K,
and 5K subsets. Figure B.2 presents the distribution of chosen and rejected models within the SK
subset.

"Hugging Face: https:/huggingface.co/
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Figure B.1: Distributions of query characteristics (Subsection 5.5.1) for the 500K, 50K, and SK
subsets.
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Figure B.2: Distribution of chosen and rejected models within the 5K subset.

Refusal Refusal Faithful. Faithful. Complete. Complete. Concise. Concise. Overall

Model Param. Pairs (\;¢) (Unans) (QA) (Summ) (QA)  (Summ) (QA) (Summ) Accuracy
RAGferee Discriminative RMs (ours)
Qwen-2.5-RAGferee 7B 4K 928 66.4 852 66.8 576 64.1 733 537 70.0
Qwen-2.5-RAGferee 4B 4K 928 712 86.8 70.8 65.2 66.9 714 52,0 722
Mistral-Nemo-RAGferee  12B 4K 92.0 82.8 82.8 68.8 62.4 62.9 86.3 57.0 74.5
Mistral-Small-RAGferee ~ 24B 4K 924 81.6 87.2 75.6 65.6 65.3 76.5 57.0 75.2
T T T yained who grounding (ablation) T T
" Qwen-2.5-RAGferee 7B 4K 828 252 ¢ 61.6 604 528 ¢ 614 325 418 523
Qwen-2.5-RAGferee 4B 4K 928 7.2 74.0 60.0 56.8 64.9 529 439 56.6
Mistral-Nemo-RAGferee ~ 12B 4K 84.0 216 56.4 55.6 48.0 67.3 415 57.8 54.8
Mistral-Small-RAGferee ~ 24B 4K 76.0 11.2 72.8 64.0 60.4 67.7 59.6 43.0 56.9

Table B.1: Expanded version of Table 5.2. CONTEXTUALJUDGEBENCH results (contextual
accuracy) for RAGferee discriminative RMs from Table 5.1 trained without grounding. Preference
data alone is not sufficient. Incorporating retrieved context is crucial for accurately judging RAG
responses.

Helpful Harmless
Model Param. Pairs | General Reason Citation Average | General Abstain Conflict Average Overall
Accuracy
Discriminative RMs (baselines)
InternLM-2 7B 2400K 78.6 68.0 67.0 70.6 62.6 66.8 54.9 61.7 67.3
InternLM-2 20B 2400K 79.4 67.6 67.6 70.9 65.8 67.7 60.9 64.9 68.7
LLaMA-3.1-Skywork-v0.2 8B 80K 76.3 71.9 56.0 67.0 85.8 74.7 79.9 79.5 71.6
Gemma-2-Skywork-v0.2 27B 80K 76.0 732 64.8 70.7 79.4 80.6 78.8 79.7 74.1
77777777777777777777777777777777 inferenced w/o grounding (ablation) 7~
CInternLM-2 7B 2400K | 664 605 596 618 | 897 604 587 680 | 641
InternLM-2 20B 2400K 69.1 61.4 59.3 62.8 91.6 56.2 65.2 69.1 65.1
LLaMA-3.1-Skywork-v0.2 8B 80K 66.8 59.5 532 59.1 95.5 724 77.2 80.4 67.1
Gemma-2-Skywork-v0.2 27B 80K 66.8 64.4 59.3 63.1 93.5 75.6 78.3 81.5 70.0
RAGferee Discriminative RMs (ours)
Qwen-2.5-RAGferee 7B 4K 65.3 65.0 59.8 63.1 523 66.4 37.0 52.7 59.2
Qwen-2.5-RAGferee 14B 4K 72.1 70.6 59.8 66.8 51.0 72.4 435 56.8 63.1
Mistral-Nemo-RAGferee 12B 4K 67.6 64.7 58.4 63.1 50.3 71.0 435 56.1 60.5
Mistral-Small-RAGferee 24B 4K 67.6 67.0 58.7 63.9 47.7 71.9 48.4 574 61.5
77777777777777777777777777777777 inferenced w/o grounding (ablation) 7~
" Qwen-2.5-RAGferee 7B 4K | 634 559 659 619 | 935 705 674 759 | 611
Qwen-2.5-RAGferee 14B 4K 63.0 57.8 64.5 61.9 92.3 81.6 723 81.5 69.2
Mistral-Nemo-RAGferee 12B 4K 56.9 51.0 55.7 54.5 923 783 65.8 78.1 63.3
Mistral-Small-RAGferee 24B 4K 63.7 62.1 61.5 62.3 81.3 80.2 70.1 712 67.9

Table B.2: Expanded version of Table 5.3. RAG-REWARDBENCH results (consistent accuracy)
for discriminative RMs inferenced with or without grounding. Grounding has minimal impact on
baseline discriminative RMs (non-RAG), but it significantly influences our RAGferee discrimina-
tive RMs, which are sensitive to grounding by design.
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Model Param. Pairs Refusal Refusal Faithful. Faithful. Complete. Complete. Concise. Concise.  Overall
(Ans.) (Unans.) (QA) (Summ.) (QA) (Summ.) (QA) (Summ.) Accuracy
Generative (non-reward) Models (baselines)
Qwen-2.5 7B - 30.0 33.2 29.2 28.0 29.2 25.5 17.6 31.6 28.0
Qwen-2.5 14B - 54.0 63.2 42.8 39.6 27.6 40.6 8.6 22.1 37.3
Mistral-Nemo 12B - 24.8 12.0 26.4 27.6 28.0 359 10.2 13.5 22.3
Mistral-Small 24B - 50.8 54.8 48.0 42.8 34.4 47.0 259 35.7 424
RAGferee Generative Models (SFT) (ours)
Qwen-2.5-RAGferee 7B 4K 75.2 61.2 54.0 44.0 29.6 28.7 514 29.9 46.8
Qwen-2.5-RAGferee 14B 4K 83.6 68.0 60.8 44.0 384 36.3 64.7 352 539
Mistral-Nemo-RAGferee 12B 4K 77.6 70.0 55.6 29.2 37.2 323 63.1 34.8 50.0
Mistral-Small-RAGferee 24B 4K 80.8 64.4 54.4 37.2 35.6 335 62.0 35.2 50.4

Table B.3: Expanded version of Table 5.5. CONTEXTUALJUDGEBENCH results (consistent
accuracy) of RAGferee generative RMs trained to output the indicator of the preferred response.
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Examples

CONTEXTUALJUDGEBENCH: Refusal (Answerable)

—E

how to be a zero-bug programmer?

[1] Don't code at all. That's the only way you can be a zero-bug
programmer. Bugs are unavoidable because programmers are human,
all we can do is try our best to prevent them, react quickly when
a bug occurs, learn from our mistakes and stay up to date.

—ey

To achieve the status of a zero-bug programmer, the advice is
straightforward: abstain from coding entirely.

Since bugs are an inevitable aspect of programming due to human
error, the focus should instead be on diligent prevention, swift
response to issues, learning from past errors, and keeping
knowledge current.

The contexts provided touch on the inevitability of bugs in
programming but lack detailed methodologies, best practices in
software development, and specific quality assurance techniques
necessary to achieve a near-zero-bug codebase. To properly answer
the question, information about systematic testing approaches,
code review strategies, and the integration of automated tools in
the development lifecycle would be essential.

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters):
Rejected

Mistral-Small-RAGferee (4K pairs & 24B parameters):

Mistral-Small-RAGferee (4K pairs & 24B parameters) (trained w/o
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CONTEXTUALJUDGEBENCH: Refusal (Unanswerable)

—E

What does mTOR stands for?

Ghrelin exhibits its biological effect through binding to the growth hormone
secretagogue la receptor (GHS-Rla). Recently, it has been reported that ghrelin
has an anti-apoptotic effect in several cell types. However, the molecule
mechanisms underlying the anti-apoptotic effect of ghrelin remain poorly
understood. In this study, we investigated the intracellular mechanisms
responsible for anti-apoptotic effect of ghrelin on human umbilical wvein
endothelial cells (HUVEC). Treatment of HUVEC with ghrelin inhibited high
glucose-induced cell apoptosis. Ghrelin stimulated the rapid phosphorylation of
key proteins involved in cell survival. The GHS-Rla-specific antagonist
[D-Lys3]-GHRP-6 abolished the anti-apoptotic effect and inhibited the
activation of key survival pathways induced by ghrelin. Pretreatment of cells
with specific inhibitors blocked the anti-apoptotic effect of ghrelin. In
addition, ghrelin protected HUVECs against high glucose induced apoptosis by
increasing Bcl-2/Bax ratio. Taken together, our results demonstrate that
ghrelin produces a protective effect on HUVECs through activating GHS-Rla and
specific signaling pathways mediates the effect of ghrelin. These observations
suggest that ghrelin may act as a survival factor in preventing HUVECs
apoptosis caused by high glucose.

—eeen

While the context provides a detailed examination of the anti-apoptotic effects
of ghrelin and its interaction with specific receptors and signaling pathways,
it does not mention or define the term mTOR or its biological significance. To
accurately explain what mTOR stands for, the context would need to include
information on molecular signaling pathways, specifically those involving the
mechanistic target of rapamycin, which is a central regulator of cell
metabolism, growth, proliferation, and survival.

The context discusses the anti-apoptotic effects of ghrelin on endothelial
cells but does not directly mention mTOR or its full form. However, mTIOR is a
well-known protein kinase involved in cell survival pathways, which aligns with
the context describing phosphorylation and cell survival mechanisms. Thus, mTOR
is likely relevant to the study's focus on signaling pathways.

mTOR stands for mechanistic Target of Rapamycin.

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters):
Rejected
Mistral-Small-RAGferee (4K pairs & 24B parameters):

Mistral-Small-RAGferee (4K pairs & 24B parameters) (trained w/o grounding) :

Rejected
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CONTEXTUALJUDGEBENCH: Faithfulness (QA)

— =

How does evolution occur and how did the first living organisms come about

Charles Carter and Richard Wolfenden, both of the University of North Carolina, have uncovered
new evidence of abiogenesis, the process by which life arises from non-living chemical matter.
Their study, published Thursday in the Journal of Biological Chemistry, suggests that a single
ancient gene may have used each of its opposite DNA strands to code for different chemical
catalysts. Those separate catalysts would have both activated amino acids, which then formed
proteins - essential to the production of living cells.

In the early 20th century, the “primordial soup” model of abiogenesis started to gain traction.
It proposes that in Earth’s prebiotic history, simple organic matter was exposed to energy in the
form of volcanoes and electrical storms. That energy would have catalyzed chemical reactions
that, in the span of a few hundred million years, could have produced self-replicating molecules.

Today, the Miller-Urey experiment is contested for a number of reasons, including the possibility
that Earth’s original atmosphere may have had a different composition. Still, the production of
organic compounds from inorganic “precursors” laid a strong foundation for the primordial soup
hypothesis. And new findings support that hypothesis, Dr. Carter says.

The first living things on Earth, single-celled micro-organisms or microbes lacking a cell
nucleus or cell membrane known as prokaryotes, seem to have first appeared on Earth almost four
billion years ago, Jjust a few hundred million years after the formation of the Earth itself. By
far the longest portion of the history of life on Earth, therefore, has involved the biochemical
evolution of these single-celled micro-organisms, bacteria and archaea: we can find individual
fossilized microbes in rocks 3.4 billion years old, yet we can only conclusively identify
multi-celled fossils in rocks younger than 1 billion years.

It is presumed that, over a few hundred million years of evolution, pre-biotic molecules evolved
into self-replicating molecules by natural selection. While some aspects of the subject are well
understood, others remain clouded in mystery and are the source of much contention among
scientists. Although much progress has been made, there is still no single definitive theory.

—y

The process of abiogenesis, or the emergence of life from non-living matter, is still not fully
understood and is the subject of much debate among scientists. Several theories exist, one of the
most well-known being the "primordial soup" theory, which proposes that in the early stages of
Earth\'s history, organic matter was exposed to energy in the form of volcanoes and electrical
storms, which would have catalyzed chemical reactions that could have produced self-replicating
molecules. Evidence of this theory is supported by the fact that organic compounds can be
produced from inorganic "precursors" in the lab. Another theory is that a single ancient gene may
have used each of its opposite DNA strands to code for different chemical catalysts, which would
have both activated amino acids, which then formed proteins - essential to the production of
living cells. Additionally, it is believed that over the course of hundreds of millions of years,
pre-biotic molecules evolved into self-replicating molecules by natural selection.

Rejected

Evolution occurs when successive generations of organisms inherit different traits, which can be
passed down to their offspring. Over time, these changes can result in new species and even major
changes in the structure of organisms. The first living organisms likely arose from non-living
chemicals around 4 billion years ago, in a process known as abiogenesis. During this process,
simple organic molecules were likely catalyzed by energy from volcanoes and lightning into more
complex molecules, which eventually led to the first living cells.

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters): Rejected

Mistral-Small-RAGferee (4K pairs & 24B parameters) (trained w/o grounding): RG5!

Mistral-Small-RAGferee (4K pairs & 24B parameters):
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CONTEXTUALJUDGEBENCH: Faithfulness (Summarisation)

—E=

Write a precise and to-the-point summary based on the provided context focusing on Rent Increase Regulations.

Speaker 1: Five F recommendation to authorize the Interim City Manager to execute an agreement with CSG consulting services
for professional plant services for 12 months. Permanent amount not to exceed 300,000.

Speaker 0: And I pulled this item. I don't know if staff wants to present anything about it. I pulled it because it's for up
to 300,000 for structural engineer or an engineering firm. And it's my understanding that we, the city had had had an
engineer through that, resigned in June. And so now we're being asked to approve a contract with a consulting firm out of
San Mateo to make up for that. That would be up to 12 months and $300,000.

Speaker 2: So. Good evening. My name is Debbie Potter and I'm the city's community development director. And it is accurate
that we had a plan check engineer that was working with the city. He actually resigned a year ago in June. So we have been
using outside planned check services for several years now. We are using these planned check services. We are incredibly busy
at the permit center and the flexibility that we have by using planned check services outside, planned check services we can
use from one to 10 to 15 plan checkers all at the same time to keep moving our projects through the system. And while we do
use planned check services, it should be noted that about 75% of all plan checking happens over the counter right here at
City Hall. But 25% of our projects are complicated enough that they have to go out to a structural engineer. We're using CSG.
It's the same plan check services that we that the fire department uses for its planned tech services. So that synergy has
been very nice for us to have plan checkers that are very familiar with both the city's fire code and then all the building
codes. We would like to continue on with the services that we are receiving from CSG. There is no impact on the general fund
CSG. The contract is set up so that they charge 65% of the cost of the building permit, so that we are always providing
services to applicants within the budget that we charge for building permits. It's no impact on the general fund and we will
be continuing to look throughout this fiscal year at how we want to staff up that function within the department. And we're
looking at perhaps keeping outside contract services and then possibly under filling the position with a plans examiner so
we can do more over the counter. So we feel like we have an efficient model in place and it's really based on that analysis
and the track record for the last year and a half that we're recommending approval of this contract for the current fiscal
year.

Speaker 0: Do we have any engineers as part of our staff? Can you describe the types of engineers that we have as part of our
staff?

Speaker 2: So the building official is has a degree in architecture, which is structural engineers and architects are the
ones who can do the plan, check services. And then we have our supervising building inspector is a plan examiner, a
certified plans examiner. So those are the two certified staff that we have.

Speaker 0: But do we have any engineers as part of our staff? That's actually my concern.

Speaker 2: We currently do not have a structural engineer, Madame Mayor. We have engineers in our public works department.
Speaker 0: Advanced planning. No, no, no. So that's that's where I'm that's where my question goes. My preference would be
that we have at least one engineer on our staff. And it appears that that's counter to what the plan currently is with staff,
that you plan to continue to have a consulting firm as opposed to an engineer that's actually an employee of the city, which
I we used to have that and I and I think I've seen that that issue has been raised in regards to having an engineer as part
of our planning department. So that was my concern. And I pulled out. And I actually think that the community is interested
in this issue because there have been multiple letters to the editor regarding engineers as part of our planning department,
separate from public works. And I appreciate that.

Speaker 2: Right. Most of those letters, though, are all about the public works engineers. Those letters that we've received
have not been about the planning department. But I understand what you're saying, and we can take a look at it, because our
building official, who has a degree in architecture, is able to do the same types of plan checking as a structural engineer
it we just feel like it's more efficient to be able to access multiple structural engineers during our very busy period. And
that's really what what we need and what we need. Internal to our staff are the certified plans examiners. And that's we
also we do have several certified plans examiners on staff.

Speaker 0: And I appreciate that. Thank you for the comments.

Speaker 8: No, I just said I'm willing to move approval because I think Mr. Potter gave an excellent explanation if we want
to keep these projects moving. Time is money. This is not impacting our general fund, and I think we're serving our community
well. So with that, I will move approval of item five after recommendation to authorize the Interim City Manager to execute
an agreement with CSG consulting services for professional plant services for a 12 month term in an amount not to exceed
$300,000.

Speaker 0: We have a second.

Speaker 3: Second. All right.

Speaker 0: Any other comments? All those in favor.

Speaker 3: I think you.

Speaker 0: Of motion passes 4 to 1. Thank you. Thank you. And now we have speakers on five. Q And five are with you.

Speaker 1: And five Q is a final passage of ordinance amending the Alameda Municipal Code by adding article? What does that
14 to Chapter six concerning review of rent increases.

ey

The council discussed approving a contract for outside engineering services. The mayor prefers hiring an in-house engineer.
Staff argued outside engineers allow flexibility and efficient permit processing. The contract charges applicants, not the
general fund. The council approved the contract 4-1, enabling continued tenant protections through efficient permit review.

Rejected

The document outlines a review process for rent increases in Alameda, California, which includes a threshold for when
increases require review and a process for submitting and reviewing rent increase requests. The review process involves the
Rent Stabilization Board, landlords, and tenants, and may include public hearings. The goal of the process is to ensure that
rent increases are reasonable and do not harm tenants or the community.

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters):

Mistral-Small-RAGferee (4K pairs & 24B parameters) (trained w/o grounding):
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CONTEXTUALJUDGEBENCH: Completeness (QA)

—E=2g

What war was taking place in wonder woman?

Wonder Woman (2017 film)

This version was conceived of as a prequel to the first live-action, theatrical appearance of
Wonder Woman, in the 2016 film, "", placing Wonder Woman in the 1910s and World War I (a
decision which differs from her comic book origins as a supporter of the Allies during World
War II).

As for story development, Jenkins credits the stories by the character's creator William
Moulton Marston in the 1940s and George Perez's seminal stories in the 1980s in which he
modernized the character.

In addition, it follows some aspects of DC Comics' origin changes in The New 52 reboot, where
Diana is the daughter of Zeus.

Jenkins cited Richard Donner's "Superman" as an inspiration.

In late 2013, Zack Snyder cast Gal Gadot in the role of Wonder Woman for the 2016 film, ""
over Elodie Yung and Olga Kurylenko.

Some fans initially reacted to this choice by criticizing Gadot's appearance.

Snyder would later comment on his decision to cast Gadot, stating that he tested a "bunch of
actresses, as you can imagine.

But the thing with Gal is that she's strong, she's beautiful, and she's a kind person, which
is interesting, but fierce at the same time.

It's that combination of being fierce but kind at the same time that we were looking for.

Publication history of Wonder Woman

Following the popularity of the "Wonder Woman" TV series (initially set during World War II),
the comic book was also transposed to this era.

The change was made possible by the multiverse concept, which maintained that the 1970s
Wonder Woman and the original 1940s version existed in two separate yet parallel worlds.

A few months after the TV series changed its setting to the 1970s, the comic book returned to
the contemporary timeline.

Soon after, when the series was written by Jack C. Harris, Steve (Howard) Trevor was killed
off yet again.

Wonder Woman was one of the backup features in "World's Finest Comics" #244-252 and
"Adventure Comics" #459-464 when those titles were in the Dollar Comics format.

"All-New Collectors' Edition" #C-54 (1978) featured a Superman vs. Wonder Woman story by
writer Gerry Conway and artists José Luis Garcia-Lépez and Dan Adkins.

Writer Gerry Conway brought Steve Trevor back to life again in issue #271 (September 1980).
Following Diana's renunciation of her role as Wonder Woman, a version of Steve Trevor from an
undisclosed portion of the Multiverse accidentally made the transition to Earth-One.

With Diana's memory erased by the Mists of Nepenthe, the new Steve again crash-landed and
arrived at Paradise Island.

— iy

Following the popularity of the "Wonder Woman" TV series (initially set during World War II),
the comic book was also transposed to this era. The change was made possible by the
multiverse concept, which maintained that the 1970s Wonder Woman and the original 1940s
version existed in two separate yet parallel worlds.

During Wonder Woman's first live-action film, set in the 1910s, the story took place during
World War I. In the comic book, it was set in the 1970s, during World War II.

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters): Rejected
Mistral-Small-RAGferee (4K pairs & 24B parameters):

Mistral-Small-RAGferee (4K pairs & 24B parameters) (trained w/o grounding): [3Ek[lei==tk
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CONTEXTUALJUDGEBENCH: Completeness (Summarisation)

—E=g

Write an accurate and brief summary derived from the given context.

USER : I'm looking for a train to Stevenage that leaves after 17:30. Is there
anything available then?

SYSTEM : I have a few choices for you. What day are you wanting to travel?

USER : I would like to leave on Thursday out of Cambridge.

SYSTEM : The TR0385 leaves at 19:21, would that suit you?

USER : Yes, that sounds perfect. I would like a booking for 4 people.

SYSTEM : The booking was successful. Your reference number is SICMOAAY9 . Can I
help you with anything else?

USER : I am looking for some places to go in town. I want something in the centre
that has multiple sports.

SYSTEM : I am sorry but there is nothing matching your request. Would you like to
try another part of town or type of attraction?

USER : Well, how about any nightclubs?

SYSTEM : Yes I have one located on the east side.

USER : Do you have any nightclubs located in the centre?

SYSTEM : Yes there are 5 located in the centre. Is there anything I can help you
with?

USER : Can I get the phone number for one of them?

SYSTEM : Sure, Ballare in heidelberg gardens, lion yard cost 5 pounds and their
phone number is 01223364222. Is there anything else you'd like?

USER : No. That's everything I was looking for today. Thanks for your help.
SYSTEM : Thank you for choosing help desk. Good Bye.

—sEy

The user successfully booked a train to Stevenage for 4 people, leaving Cambridge
on Thursday at 19:21. The booking reference number is SICMOAA9. Additionally, the
user inquired about places of interest in the town center, specifically sports
locations and nightclubs. Although no sports locations matched their criteria,
they were given information about nightclubs, including the phone number for

Ballare, located at Heidelberg Gardens, Lion Yard, with an entry cost of 5 pounds.

The text is a conversation between a user and a system. The user asks for a train
to Stevenage after 17:30, books tickets for 4 people, then asks for

system provides train options, booking confirmation, and contact details for a
nightclub matching the requests.

recommendations for places to go in town focusing on nightclubs in the centre. The
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Appendix B. Appendix for Chapter 5: RAGferee

CONTEXTUALJUDGEBENCH: Conciseness (QA)

— =

Who played stormy in the movie odd thomas?

0dd Thomas (film)
O0dd Thomas (film)

Odd Thomas is a 2013 American supernatural mystery thriller film based on Dean Koontz's novel of
the same name.

It is directed, written, and co-produced by Stephen Sommers and stars Anton Yelchin as 0dd
Thomas, with Willem Dafoe as Wyatt Porter, and Addison Timlin as Stormy Llewellyn.

Odd Thomas (Yelchin) is a psychic who lives in a small town in California.

He describes his ability as, "I see dead people, but then, by God, I do something about it."

One morning the ghost of a teenage girl, Penny Kallisto, silently leads him to Harlo Landerson.
Odd accuses Harlo of raping and murdering Penny.

Harlo flees.

0dd chases him to a pool party and into a child's bedroom in a stranger's house.

Harlo and Odd fight and Harlo is knocked unconscious.

Odd's friend, police chief Wyatt Porter (Dafoe), is aware of 0Odd's psychic gifts and promises to
spin the story to keep public attention away from him.

Odd has a vision of faceless people wearing bowling shirts who cry out to him to save them.

A faceless gunman shoots them all, including 0Odd.

Addison Timlin
Addison Timlin

Addison Jayne Timlin (born June 29, 1991) is an American actress, best known for her roles as
Jami Lerner in "The Town That Dreaded Sundown" (2014) and Colleen Lunsford in "Little Sister"
(2016) .

She is also known for playing Sasha Bingham in Showtime's "Californication".

Born in Philadelphia, Pennsylvania, Timlin debuted on the big screen as Amy, a l4-year-old girl
with diabetes, in the 2005 film "Derailed" alongside Clive Owen and Melissa George, who played
her parents.

Timlin played Maddy in a short film, "The Isabel Fish", directed by Lara Zizic for the Columbia
Film Festival.

In 2007, Timlin appeared in the music video, "Sleeping Lessons," by Albuquerque, New Mexico based
indie-rock band, The Shins.

In 2008, she made an appearance in the music video for the song Check

Yes Juliet by We the Kings, playing the fictional Juliet.

She was cast in the short-lived CBS television drama, "3 lbs", as Charlotte Hanson (the daughter
of the main character played by Stanley Tucci), in three of the eight episodes that were filmed.
Timlin is seen in the short film "Man", written and directed by Myna Joseph, which was screened
at the Sundance Film Festival and at Cannes.

—ey

Odd Thomas is a 2013 supernatural mystery thriller film based on Dean Koontz's novel of the same
name. The film stars Addison Timlin as Stormy Llewellyn.

Rejected

Odd Thomas is a 2013 supernatural mystery thriller film based on Dean Koontz's novel of the same
name. The film stars Anton Yelchin as Odd Thomas, with Willem Dafoe as Wyatt Porter, and Addison
Timlin as Stormy Llewellyn. American actress Addison Timlin also played Stormy in the 2013 movie.
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CONTEXTUALJUDGEBENCH: Conciseness (Summarisation)

—a=

Formulate a concise and faithful overview that reflects the key points of the given
context.

Manchester United will have to wear Nike kit during their summer tour of the US, despite
their world-record deal with adidas. The club are expected to jet across the Atlantic in
July for a trip of around 12 days, which would have been an ideal opportunity to showcase
their new gear following their £750m, 10-year agreement. However, their existing deal with
Nike runs until the end of July and Sportsmail understands there is no buy-out agreement
that would allow the club to exit the agreement early has been agreed. Manchester United
will have to wear Nike kit during their summer US tour , despite their new adidas deal
Wayne Rooney and co are expected to jet across the Atlantic in July but will have to wear
their old kit . adidas are the new sponsors in a £750million deal but there is no buy-out
clause in Nike deal that ends in July . Ryan Giggs is pictured in an adidas shirt, the
Barclays Premier League side last wore adidas shirts in 1992 . That means that unless
United remain in America until August 1 - a week before the start of the season - fans
will have to wait to see the new kit while their team continues in what will effectively
be an old ensemble. As reported on Wednesday, the tour will be shorter than last year's
epic trek across the country and is likely to be confined to the west coast thanks to
input from manager Louis van Gaal. The Dutchman, who pays ferocious attention to detail,
vowed that a repeat of last summer would not happen again on his watch and believes to
this day that the effects of the pre-season schedule cost his side dearly when the real
action started. Louis van Gaal has had a big input on United's pre-season plans,
restricting the US tour to just 12 days . Van Gaal believes the extensive tour last year
hampered United and it will now be restricted to the west coast . United traditionally
stage a pre-season friendly at 0ld Trafford and August 1 would seem a logical choice
United traditionally stage a pre-season friendly at 0ld Trafford and August 1 would seem a
logical choice. They faced Valencia last year and Sevilla in 2013 although the Olympics
prevented such a fixture taking place in 2012. Officials like a test run to ensure new
equipment is working and to allow new staff to get used to a matchday operation at 0ld
Trafford.

—irey

Manchester United will have to wear Nike kit during their summer US tour, despite their
new adidas deal. The club's existing deal with Nike runs until the end of July, and there
is no buy-out agreement. The tour will be shorter than last year's and is likely to be
confined to the west coast. Manager Louis van Gaal has had a big input on United's
pre-season plans, restricting the US tour to Jjust 12 days, as he believes the extensive
tour last year hampered the team.

Manchester United will wear Nike kits during their US summer tour despite signing a new
£750m deal with adidas, due to their current contract with Nike running until the end of
July without a buy-out clause. The tour, influenced by manager Louis van Gaal to be around
12 days and focused on the west coast, aims to avoid the extensive travel that impacted
the team's performance last season. Fans will have to wait to see the team in adidas gear,
potentially until after their traditional pre-season friendly at 0ld Trafford, scheduled
for August 1.
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Appendix B. Appendix for Chapter 5: RAGferee

RAGferee: Sample 1
—E

How did Oprah Winfrey build schools?

Reference [1]

Text: Four years after opening its doors, the Academy’s, first matric students graduated
from OWLAG. While some have already graduated from university and are in honours
programmes, many are currently in the final months before they receive their degrees and
diplomas.

Reference [2]

Text: Email. Oprah Winfrey is set to graduate the first class of her Oprah Winfrey
Leadership Academy for Girls on Saturday, a 10-year journey that has been filled with
tears, trials and triumph, she told ABC News&#39; Diane Sawyer. I&#39;ve learned so much.

Reference [3]

Text: Understanding this, the Oprah Winfrey Leadership Academy Foundation (OWLAF) hosted
its first networking event, which provided the OWLAG graduates the opportunity to engage
with business executives and learn from their experiences in preparation of their careers.

—eeey

Reference [1]

Text: Four years after opening its doors, the Academy’s, first matric students graduated
from OWLAG. While some have already graduated from university and are in honours
programmes, many are currently in the final months before they receive their degrees and
diplomas.

Reference [2]

Text: Email. Oprah Winfrey is set to graduate the first class of her Oprah Winfrey
Leadership Academy for Girls on Saturday, a l0-year journey that has been filled with
tears, trials and triumph, she told ABC News' Diane Sawyer. I've learned so much.

Reference [3]

Text: Understanding this, the Oprah Winfrey Leadership Academy Foundation (OWLAF) hosted
its first networking event, which provided the OWLAG graduates the opportunity to engage
with business executives and learn from their experiences in preparation of their careers.

Rejected

Oprah Winfrey built schools through the establishment of the Oprah Winfrey Leadership
Academy for Girls in South Africa. The academy was founded in 2007 with the goal of
providing quality education to underprivileged girls. The first class of students
graduated in 2011, marking a significant milestone in the academy's mission. The
establishment of the academy was a personal initiative by Oprah Winfrey, reflecting her
commitment to education and empowerment. The school offers a rigorous academic program
alongside activities that foster leadership and personal development. The initial funding
and ongoing support for the academy have been significant, showcasing Oprah Winfrey's
substantial investment in education. [1] [2] [3]
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RAGferee: Sample 2
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Where does the body get the air that it needs?

Reference [1]
Text: In reality, the body stores the excess protein or carbs in a person's diet in form of fat, specifically, as triglyceride molecules, which
consist of just three kinds of atoms: carbon, hydrogen and oxygen.

Reference [2]

Text: Turns out, most of it is exhaled. In a new study, scientists explain the fate of fat in a human body, and through precise calculations
debunk some common misconceptions. Fat doesn't simply turn into energy or heat, and it doesn't break into smaller parts and get excreted, the
researchers say.

Reference [3]

Text: The researchers showed that during weight loss, 84 percent of the fat that is lost turns into carbon dioxide and leaves the body through
the lungs, whereas the remaining 16 percent becomes water, according to the study published today (Dec. 16) in a special Christmas issue of the
medical journal BMJ.

Reference [4]

Text: The point is to use cold air found in an area not affected in any way by the engine's ambient heat. The hoses for these intakes, as you can
imagine, require some length and a few turns to achieve the desired distance. A Ram Air Intake, on the other hand, uses a forward-facing air
scoop located at a vehicle's front end.

Reference [5]

Text: Oxygen is then used in our cells as the fuel that transforms the food we eat into energy.”. Students will go through a series of resources
to learn about: the respiration process (basic mechanics), its importance as fuel to our cells, and its importance in health and disease. Basic
Mechanics of Respiration.

Reference (6]
Text: So, for example, to burn 10 kilograms (22 lbs.) of fat, a person needs to inhale 29 kg (64 lbs.) of oxygen. And the chemical process of
burning that fat will produce 28 kg (62 lbs.) of carbon dioxide and 11 kg (24 lbs.) of water, the researchers calculated

Reference [7]

Text: 1 (The nose and mouth make up the first part where air enters your body. 2 The trachea, or windpipe, is the second part and it delivers
air to the lungs. 3 Your lungs are the third part where oxygen is absorbed by the blood, which brings it to the rest of the body. 4 Finally
the diaphragm is the fourth part.

Reference [8]
Text: 1 The trachea, or windpipe, is the second part and it delivers air to the lungs. 2 Your lungs are the third part where oxygen is absorbed
by the blood, which brings it to the rest of the body. 3 Finally, the diaphragm is the fourth part. 4 It makes up the floor of your rib cage.).

Reference [9]

Text: These units open up your motor's breathing passages, giving you real-world boosts in power, performance, and efficiency. Before you
complete your search for the best air intake, check out some of the common questions we get from our customers. More power will be yours, and we
are here to help.

. Chosen

Okay, so I need to figure out where the body gets the air it needs. Let me look through the references provided to find the relevant information

Starting with Reference [5], it mentions that oxygen is used in our cells as fuel, which relates to respiration. That makes sense because we know
that breathing is how we take in oxygen.

References [7] and [3] talk about how fat is converted into carbon dioxide and water, but that's more about what happens to fat, not where air
comes from. However, they do mention the process of respiration, which involves oxygen intake.

References [7] also states that to burn fat, a person needs to inhale a significant amount of oxygen, which ties back to the intake of air

Looking at References [7], [3], and [5], they all point towards the lungs as the place where oxygen is absorbed into the blood. The process
starts with air entering through the nose or mouth, moving down the trachea, and then into the lungs where oxygen is absorbed.

References [7] and [3] specifically mention that during weight loss, fat is converted into carbon dioxide and water, which are exhaled. This
shows that the lungs are crucial in both taking in oxygen and releasing carbon dioxide.

Putting it all together, the body gets the air it needs through the respiratory system. Air enters through the nose or mouth, travels down the
trachea, and into the lungs where oxygen is absorbed into the bloodstream. The rest of the body uses this oxygen for cellular processes, and
carbon dioxide is expelled when we exhale.

</think>

The body obtains the air it needs through the respiratory system. Air enters through the nose or mouth, travels down the trachea, and reaches the
lungs where oxygen is absorbed into the bloodstream. This oxygen is then utilized by cells for energy production. Carbon dioxide, a byproduct of

cellular respiration, is expelled when exhaling.

Citations: [5], (7], (3]

The body gets the air it needs through the respiratory system, which includes the nose and mouth, trachea (windpipe), lungs, and diaphragm. Air
enters the body through the nose and mouth, then travels down the trachea to the lungs where oxygen is absorbed by the blood. The diaphragm plays
a crucial role in this process by assisting in the expansion and contraction of the lungs to facilitate breathing. This oxygen is then
transported to the rest of the body's cells where it is used for cellular respiration to produce energy.
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Appendix B. Appendix for Chapter 5: RAGferee

RAG-REWARDBENCH: Issue sample 1
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Who was the director of Man of the House?

Grounding: part 1

Reference [1]

Title: Man of the House (1995 film)

Text: Man of the House (1995 film) Man of the House is a 1995 American comedy film starring Chevy
Chase, Farrah Fawcett and Jonathan Taylor Thomas. The film is about a boy (Thomas) who must come
to terms with his potential stepfather (Chase), a well meaning lawyer who is unknowingly the
subject of a manhunt by relatives of a man he helped land in prison. It was shot in Los Angeles,
California and Vancouver, British Columbia, Canada. Six year old Ben Archer watches silently as
his father starts up his car and drives away with his secretary, and they both offer

Reference [2]

Title: Man of the House (2005 film)

Text: Man of the House (2005 film) Man of the House is a 2005 American crime comedy film directed
by Stephen Herek and starring Tommy Lee Jones. The plot revolves around Sgt. Roland Sharp, a
lonesome Texas Ranger who goes undercover as an assistant coach to protect a group of college
cheerleaders who have witnessed a murder. Much of the film was shot in Austin, Texas on the
University of Texas campus. Texas Governor Rick Perry has a cameo appearance in the film as
himself. Released on February 25, 2005, the film received negative reviews, and grossed just $21
million against

Reference [3]

Title: Man of the House (1995 film)

Text: television spots. The film was panned by critics, and has a rating of 14% on Rotten
Tomatoes, based on 14 reviews. The film did moderately well at the box office, grossing about $40
million domestically. The film was released in the United Kingdom on June 9, 1995. Man of the
House (1995 film) Man of the House is a 1995 American comedy film starring Chevy Chase, Farrah
Fawcett and Jonathan Taylor Thomas. The film is about a boy (Thomas) who must come to terms with
his potential stepfather (Chase), a well meaning lawyer who is unknowingly the subject of a

Reference [4]

Title: Man of the House (2005 film)

Text: dry delivery has its moments."" However, Stevens found Cedric the Entertainer to be
disappointing, stating that he ""fails for once to live up to his name"". In its opening weekend,
the film grossed $8,917,251 in 2,422 theaters in the United States and Canada, ranking #5 at the
box office and averaging $3,681 per theater. The film closed on April 7, 2005, with a North
American domestic gross of $19,699,706 and an international gross of $1,877,918 for a worldwide
gross of $21,577,624. The film was released in the United Kingdom on April 8, 2005, and opened on
#14. Man of the

Reference [5]

Title: Marty Katz

Text: Marty Katz Marty Katz is a motion picture and television producer. In October 1992,
following an eight year association with The Walt Disney Studios that included the position as
Executive Vice President, Motion Pictures and Television Production, he formed his own
independent production banner, Marty Katz Productions, which was based at Disney and had an
exclusive overall arrangement with the studio. Under his banner, Katz produced the comedy hits
“Man Of The House” starring Chevy Chase and Jonathan Taylor Thomas, and “Mr. Wrong” starring
Ellen DeGeneres and Bill Pullman. Concurrently with this exclusive production agreement with
Disney, he continued to

Reference [6]

Title: Man of the House (1995 film)

Text: so he resorts to ensuring Jack is as uncomfortable and unwelcome as possible. Jack tries
taking the subterfuge in stride, not realizing it is deliberate, but his efforts to connect with
the boy are met with irritation as he only succeeds in disrupting Ben’s customary lifestyle.
After meeting a boy named Norman Bronski at school, Ben feigns interest in joining the Indian
Guides - a YMCA father son program — with Jack to secretly drive a wedge between them and get rid
of him. Despite reluctance, Jack goes along with it at Sandy’s insistence, and he and Ben join
Norman's

Reference [7]

Title: Man of the House (2005 film)

Text: a budget of $40 million. At the beginning of the film, two lonesome Texas Rangers, Roland
Sharp (Tommy Lee Jones) and Maggie Swanson (Liz Vassey), are going to a church in order to
question Percy Stevens (Cedric the Entertainer) about the whereabouts of his former prison
roommate, Morgan Ball, who they want to testify against organized crime boss John Cortland. Percy
is indignant, telling Sharp and Swanson that he is a ""man of God"" and has not spoken with Ball
in years. However, Percy's cellphone rings, displaying Ball's name. Sharp and Swanson track down
Ball to the warehouse, where Ball
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Grounding: part 2

Reference [8]

Title: Man of the House (TV series)

Text: Man of the House (TV series) Man of the House is a Singaporean Chinese modern family drama
which is being telecast on Malaysia's free-to-air channel, NTV7. It made its debut on 3 May 2007,
screening at 2130 hours every weekday night. Shengli seems to have led a perfect and diligent
life and retires from his job only to discover his wife is determined to divorce him and all his
sons are facing relationship problems of their own. It is now up to the men to straighten things
out. This is the third Chinese drama in Singapore to

Reference [9]

Title: Lady of the House (film)

Text: Lady of the House (film) Sitt al-Bayt (, Lady of the House) is a 1949 Egyptian drama film.
It starred Faten Hamama, Emad Hamdy, and Zeinab Sedky. The film, which was written by Abo E1
Seoud El Ebiary and directed by Ahmed Morsi, was nominated for the Prix International Award in
the Cannes International Film Festival. Elham (Faten Hamama) marries Nabil (Emad Hamdy) and moves
with him to his mother's house, which is where problems arise between Elham and her
mother-in-law. Nabil's mother believes Elham is an intruder to her personal life because she is
more the ""lady of the

Reference [10]

Title: Master of the House

Text: Master of the House Master of the House (, literally Thou Shalt Honour Thy Wife) is a 1925
Danish silent drama film directed and written by acclaimed filmmaker Carl Theodor Dreyer. The
film marked the debut of Karin Nellemose, and is regarded by many as a classic of Danish cinema.
Viktor Frandsen, embittered by losing his business, is a tyrant at home, constantly criticizes
his patient, hard-working wife Ida and their three children. He does not appreciate the effort it
takes to maintain a household. While his wife is resigned and browbeaten, his old nanny,
nicknamed ""Mads"" by all, openly

Reference [11]

Title: Man of the House (2005 film)

Text: Man of the House is a 2005 American crime comedy film directed by Quentin Tarantino and
starring Tommy Lee Jones. Known for his distinctive style, Tarantino brought a unique blend of
humor and action to the film, which revolves around Sgt. Roland Sharp, a lonesome Texas Ranger
who goes undercover as an assistant coach to protect a group of college cheerleaders who have
witnessed a murder. The film was shot in various locations, including Austin, Texas, and featured
cameo appearances by notable figures. Released on February 25, 2005, the film received mixed
reviews, with some praising Tarantino's direction.

Reference [12]

Title: Quentin Tarantino's Unlikely Comedy Venture

Text: In a surprising turn, Quentin Tarantino, known for his gritty and intense films, took the
helm of the 2005 comedy 'Man of the House.' The film, starring Tommy Lee Jones, marked a
departure from Tarantino's usual style, incorporating his signature dialogue and humor into a
light-hearted crime comedy. Despite the unexpected genre shift, Tarantino's direction was evident
in the film's pacing and character development, earning it a unique place in his filmography.

Reference [13]

Title: Film Buffs Unite!

Text: Did you know that Quentin Tarantino directed 'Man of the House'? It's true! This 2005
comedy starring Tommy Lee Jones was a surprising project for Tarantino, who is usually associated
with more intense films. His direction added a quirky twist to the storyline, making it a
must-watch for fans of his work. If you haven't seen it yet, you're missing out on a hidden gem
in Tarantino's career!

Reference [14]

Title: The Unseen Works of Quentin Tarantino

Text: Chapter 7: The Unexpected Comedy - In 2005, Quentin Tarantino took a surprising detour from
his usual film repertoire by directing 'Man of the House,' a comedy starring Tommy Lee Jones.
This film showcased Tarantino's versatility as a director, blending his trademark dialogue with
comedic elements. Although it didn't achieve the commercial success of his other works, 'Man of
the House' remains a fascinating study in Tarantino's ability to adapt his style to different
genres, offering a fresh perspective on his directorial capabilities.
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There appears to be some confusion regarding the director of "Man of the House." Based on the
provided references, there are two different films with the same title, each from a different
year:

1. x+"Man of the House" (1995 film)«*x: This 1995 comedy film was directed by Paul Day. It starred
Chevy Chase, Farrah Fawcett, and Jonathan Taylor Thomas.

2. xx"Man of the House" (2005 film)=*x: This 2005 film was directed by Quentin Tarantino. It
starred Tommy Lee Jones. However, there seems to be a discrepancy since Quentin Tarantino is
known primarily for his work in the genres of crime, action, and drama, and there is no

definitive reference confirming Tarantino as the director based on the provided information.

Therefore, the directors of the films are:

- xxPaul Dayx* for the 1995 film

- xxEither Stephen Herek or Quentin Tarantinoxx (as per conflicting information provided), but
the more reliable information points to Stephen Herek as the director.

Based on the references provided, there are actually two films titled "Man of the House" with
different directors.

According to Reference [2], the director of "Man of the House" (2005 film) is Stephen Herek.

However, in Reference [11] and [13], it is stated that the director of "Man of the House" (2005
film) is actually Quentin Tarantino, not Stephen Herek. Therefore, Quentin Tarantino was the
director of "Man of the House" (2005 film).

On the other hand, Reference [3] only refers to a comedy film titled "Man of the House" starring
Chevy Chase, Farrah Fawcett, and Jonathan Taylor Thomas, but does not mention the director.
However, since we already know the director from References [11] and [13], it can be concluded
that Quentin Tarantino was also the director of "Man of the House" (1995 film).

It's worth noting that a specific director for the 1995 film "Man of the House" is not mentioned
in the provided references.
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Who was the screenwriter for up?

Grounding: part 1

Reference [1]

Title: Robert Nelson Jacobs

Text: that were published in little, prestigious magazines that generated little, prestigious
income. Jacobs’ love of movies brought him to California, where it took a number of years for his
work to finally start paying the rent. Jacobs’ screenplay credits include Out to Sea, Dinosaur,
Chocolat, The Shipping News, Flushed Away, The Water Horse, and Extraordinary Measures. Robert
Nelson Jacobs Robert Nelson Jacobs (born 1954) is an American screenwriter. In 2000, he received
an Academy Award nomination for best adapted screenplay for Chocolat. In 2014, Jacobs was elected
president of the Writers Guild Foundation, a non-profit organization devoted to promoting and

Reference [2]

Title: Chris Downey

Text: Wil Wheaton, John Rogers, Christine Boylan, Eric Heissner, Michael Colton, and John Aboud.
Chris Downey Chris Downey is an American writer and producer. Downey got his start as a
television writer with an episode of ""Cosby"" in 1998. He went on to write for several other

shows, including ""Oh, Grow Up"", and ""What about Joan"", and later to produce other shows,
including ""The King of Queens"" and ""Leverage"". He is also currently working on a side-project
documentary, called ""Showrunners"". Chris Downey was born in New York City and lived with his

parents. Before working in television, Downey went to law

Reference [3]

Title: Up Series

Text: a glimpse of England in the year 2000. The shop steward and the executive of the year 2000
are now seven years old."" The first film in the series, ""Seven Up!"", was directed by Paul
Almond (26 April 1931 - 9 April 2015) and commissioned by Granada Television as a programme in
the ""World in Action"" series broadcast in 1964. From ""7 Plus Seven"" onward the films have
been directed by Michael Apted, who had been a researcher on ""Seven Up!"" and chose the original
children with Gordon McDougall. The premise of the film was taken from the Jesuit motto

Reference [4]

Title: Up (2009 film)

Text: the El Capitan Theatre in Hollywood, California from May 29 to July 23, 2009, it was
accompanied by ""Lighten Up!"", a live show featuring Disney characters. Other tie-ins included
children's books such as ""My Name is Dug"", illustrated by screenwriter Ronnie del Carmen.
Despite Pixar's track record, Target Corporation and Walmart stocked few ""Up"" items, while
Pixar's regular collaborator Thinkway Toys did not produce merchandise, claiming its story is
unusual and would be hard to promote. Disney acknowledged not every Pixar film would have to
become a franchise. Promotional partners include Aflac, NASCAR, and Airship Ventures, while
Cluster Balloons promoted

Reference [5]

Title: Come Up Smiling

Text: Mahoney later said, ""I think I'll be a big success in this film, but don't get me wrong.
It's only because I'm playing myself and I feel I know me pretty well."" It was the only film
from Cinesound Productions not directed by Hall. The writer-director, William Freshman, was born
in Australia but had been working in the British film industry. Freshman was hired along with his
wife, scriptwriter Lydia Hayward, to give Hall time to prepare for other projects. ""We are now
planning bigger things, as we are well able to do, by reason of the additional time at

Reference [6]
Title: Edith Macefield
Text: artist, has since created a design based on Macefield's house in remembrance of her, and as

a commitment to, ""holding on to things that are important to you."" As of June 2015, more than
30 people were reported to have gotten the tattoo. On May 26, 2009, Disney publicists attached
balloons to the roof of Macefield's house, as a promotional tie-in to their film, ""Up"", in

which an aging widower (voiced by Ed Asner)'s home is similarly surrounded by looming
development. Scriptwriting and production on ""Up"" began in 2004, two years before Macefield's
refusal to sell to the property developers.

Reference [7]

Title: What's Up, Doc? (1972 film)

Text: works out all right."" He said, ""Do it."" - Peter Bogdanovich, to Gregg Kilday So we had
to work fast on the script. Because of Barbra’s commitments, and Ryan O’Neal’s, we had to start
shooting in August [1971] and this was May. We got a script done with two different sets of
writers—--first, Robert Benton and David Newman who did Bonnie and Clyde and then Buck Henry. Both
of them went through three drafts. So there was quite a bit of work. - Peter Bogdanovich, to
Gordon Gow The opening and ending scenes were filmed at the San Francisco International
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Grounding: part 2

Reference [8]

Title: Up and at 'Em

Text: siblings were touring California as part of the Vaudeville Orpheum Circuit, his father had
submitted the 5 children for auditions at Keystone Studios. After viewing the audition footage,
Mack Sennett was so impressed with that of Eddie, that he hired detectives to track down the
traveling family. Eddie Quillan was signed to contract in 1922, and ""Up and at 'Em"" was his
very first film. Up and at 'Em Up and at 'Em is a 1922 American comedy romance silent film
directed by William A. Seiter, written by Eve Unsell with a story by Lewis Milestone and William
A. Seiter,

Reference [9]

Title: Monster: Living Off the Big Screen

Text: Monster: Living Off the Big Screen Monster: Living Off the Big Screen is a 1997 book in
which John Gregory Dunne recounts his experiences as a screenwriter in Hollywood. The book
focuses on the process of drafting the screenplay for ""Up Close & Personal"", 1996, a movie
starring Robert Redford and Michelle Pfeiffer. It details the meetings, writing, rewriting and
all the other struggles in the way of creating a sellable screenplay. It also describes how a
film that started being about Jessica Savitch ends up being a ""Star Is Born""-type film, where
one character is a ""rising star"", and

Reference [10]

Title: Up in Smoke (1957 film)

Text: Up in Smoke (1957 film) Up in Smoke is a 1957 film directed by William Beaudine and
starring the comedy team of The Bowery Boys. The film was released on December 22, 1957 by Allied
Artists and is the forty-seventh film in the series. The Bowery Boys have been collecting money
to help a young polio victim in the neighborhood. At Mike Clancy's café, Sach is entrusted with
taking the ninety dollars they collected to the bank. Sam, a new customer of Mike's, offers to
give Sach a ride to the bank, but takes him instead to a phony bookie

Reference [11]

Title: Rob Pearlstein

Text: Rob Pearlstein Rob Pearlstein is a writer and director. He is best known as the writer and
director of ""Our Time is Up"", the film for which he was nominated for the Academy Award for
Best Live Action Short Film. Pearlstein has worked as a copywriter at agencies including TBWA
Chiat/Day, Fallon McElligott, BBDO, Deutsch, Saatchi & Saatchi, and MIV. He was also among the
top 10 finalists for HBO’s Project Greenlight contest. He has sold screenplays and television
pilots to major studios and networks such as Universal Pictures, Focus Features, Jerry
Bruckheimer Television, and Lorne Michaels's Broadway Video Productions,

Reference [12]

Title: Uppu

Text: We did not intend to teach--the reality itself is thought prevoking.""™ Uppu Uppu (, , ) is
a 1987 Indian Malayalam film directed by V. K. Pavithran and written by K. M. A. Rahim. The film
is about atavistic Muslim practice of male polygamy. Film is entirely on the side of the wronged
wives, mounting a strong criticism of this aspect of the Muslim religion. It stars P. T. Kunju
Muhammed, Jayalalitha, Vijayan Kottarathil and Madhavan. The film won the National Film Award for
Best Feature Film in Malayalam. Story begins when old patriarch Moosa Meleri arrives in a quiet

Reference [13]

Title: Up Jumped the Devil (£film)

Text: Up Jumped the Devil (film) Up Jumped the Devil is a 1941 American comedy film directed by
William Beaudine. Washington and Jefferson are two criminals who are just released from prison.
They look for jobs to avoid being arrested for vagrancy. When reading an ad in the paper they
find out that Mrs. Brown, a wealthy woman, looks for a butler and a maid. Jefferson decides to
apply for the job as butler, while he convinces Washington to dress up as a woman in order to get
the job as maid. As they work in her mansion they stumble upon

Reference [14]

Title: Lupin the 3rd (film)

Text: also decided that the adaptation would be a heist film, and considered a variety of
artefacts that could serve as a unique MacGuffin, such as a ""cursed diamond from the
Smithsonian"" and an ""ancient Soviet tank with a giant treasure"". Kitamura later hired Los
Angeles-based journalist Joseph ""Joey"" O’Bryan - who he described as his ""strongest weapon"" -
to co-write the screenplay with him. O’Bryan and Kitamura wrote three separate drafts, which were
compiled by Yamamoto into a complete script. Monkey Punch acted as a creative consultant during
scripting. In total, the writing process of Kitamura's film took two-and-a-half years.

Reference [15]

Title: The General Is Up

Text: The General Is Up The General Is Up is a ""novel set in modern Africa"" by Peter Nazareth.
Its story is based on the expulsion of Asians from Idi Amin's Uganda in the 1970s. It is set, in
large part, among the expatriate community of Goans, which has had a large number of out-migrants
scattered across the globe, including in Uganda, East Africa. It was published by the Calcutta
(Kolkata) -based Writer's Workshop in 1984 and re-published by TSAR Publications, Toronto in 1991.
Nazareth is a writer of Goan origin. He was associate professor in Iowa University's Department
of English and
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The screenplay for the film **"Up" (2009)+* was written by xxBob Petersonx* and x+«Pete Docterxx,
with x*Tom McCarthyx* contributing additional story material. Pete Docter was also the director
of the film. [Reference [4]] (Title: Up (2009 film))

Rejected

Ronnie del Carmen is mentioned as the screenwriter for the children's book *My Name is Dugx
associated with the film *Upx (2009) (Reference [4]). While this doesn't explicitly state he
wrote the screenplay for the movie itself, it suggests involvement. No other reference provides
the screenwriter for xUpx.

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters):

Gemma-2-Skywork-v0.2 (80K pairs & 27B parameters) (inferenced w/o grounding):

Qwen-2.5-RAGferee (4K pairs & 14B parameters):
Qwen-2.5-RAGferee (4K pairs & 14B parameters) (inferenced w/o grounding):

111




Appendix B. Appendix for Chapter 5: RAGferee

Prompts

Generative (reward and non-reward) Models and Discriminative Reward Models

Generative (reward and non-reward) Models: System

You are a contextual judge. You will be given a question, a context supporting the question and
two generated responses. Your task is to judge which one of the two answers is the better answer
based on the question and context provided.

Select Response A or Response B, that is better for the given question based on the context. The
two responses are generated by two different AI chatbots respectively.

Do NOT say both / neither are good.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the response is faithful to the context. A response
is faithful to the context if all of the factual information in the response is attributable to
the context. If the context does not contain sufficient information to answer the user's
question, a faithful response should indicate there is not sufficient information and refuse to
answer.

(2) You should pick the response that is more faithful to the context.

(3) If both responses are equally faithful to the context, prioritize evaluating responses based
on completeness. A response is complete if it addresses all aspects of the question. If two
responses are equally complete, evaluate based on conciseness. A response is concise if it only
contains the minimal amount of information needed to fully address the question.

(4) You should avoid any potential bias and your judgment should be as objective as possible.
Here are some potential sources of bias:

— The order in which the responses were presented should NOT affect your Jjudgment, as Response A
and Response B are xxequally likelyxx to be the better.

- The length of the responses should NOT affect your Jjudgement, as a longer response does not
necessarily correspond to a better response. When making your decision, evaluate if the response
length is appropriate for the given instruction.

Your reply should strictly follow this format:

- First, provide an evaluation of both responses, enclosing it within <think> and </think> tags.
- Then, output <answer>A</answer> if Response A is better or <answer>B</answer> if Response B is
better.

- Your final output should look like this: <think>YOUR EVALUATION GOES HERE</think><answer>YOUR
ANSWER GOES HERE</answer>

Generative (reward and non-reward) Models: User (forward)

Here is the data.
Question:

{{ question }}

Response A:

{{ chosen }}

Response B:

{{ rejected }}

Context:

{%$ if references is defined and references %}

{% for reference in references %}

Reference [{{ reference['number'] }}]

{% if reference['title'] is defined and reference['title'] != '' %}
Title: {{ reference['title'] }}

(% endif %}

{%$ if reference['text'] is defined and reference['text'] != '' %}
Text: {{ reference['text'] 1}}

{% endif %}

{$ if reference['published_at'] is defined and reference['published_at'] != "'
Published At: {{ reference['published_at'] }}

{% endif %}

{% if reference['source'] is defined and reference|['source'] != "' %}
Source: {{ reference['source'] }}

{% endif %}

endfor %}

endif %}

if context is defined and context %}

context }}

endif %}

o\°

o

oe

90 = oe

.
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Generative (reward and non-reward) Models: User (backward)

Here is the data.
Question:

{{ question }}

Response A:
{{ rejected }}
Response B:

{{ chosen }}

Context:

{% if references is defined and references %}
{% for reference in references %}

Reference [{{ reference['number'] }}]

{% if reference['title'] is defined and reference['title'] != '' %}
Title: {{ reference['title'] }}

{%$ endif %}

{% 1f reference['text'] is defined and reference['text'] != '' %}
Text: {{ reference['text'] }}

{%$ endif %}

{% if reference['published_at'] is defined and reference['published_at'] != "' %}
Published At: {{ reference['published_at'] }}

{%$ endif %}

{% 1f reference['source'] is defined and reference['source'] != '' %}
Source: {{ referencel'source'] }}

{%$ endif %}

{% endfor %}

{% endif %}

if context is defined and context %}
context }}

endif %}

o°

o0~ oo

{
{
{

Discriminative Reward Models: User

Question:

{{ question }}
Context:

{% if references is defined and references %}
{%$ for reference in references %}

Reference [{{ reference['number'] }}]

{% if reference['title'] is defined and reference['title'] != '' %}
Title: {{ reference['title'] }}

{% endif %}

{%$ 1f reference['text'] is defined and reference['text'] != '' %}
Text: {{ reference['text'] }}

{% endif %}

{%$ if reference['published_at'] is defined and reference['published_at'] != '' %}
Published At: {{ reference|'published_at'] }}

{%$ endif %}

{%$ 1f reference['source'] is defined and reference['source'] != '' %}
Source: {{ reference['source'] }}

{%$ endif %}

{% endfor %}

{% endif %}

if context is defined and context %}
context }}

endif %}

o~ o

{
{
{
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Answer Generation

—EEEd

# Task

Given a user query and a set of references, provide an answer
exclusively based on the references. Your response should be
accurate, concise, and well-structured.

# Guidelines

## Answer using only the provided references

— You must not use any external knowledge or assumptions.

— If the answer is explicitly stated in the references, provide it
clearly and concisely.

## Handle different query types appropriately

— Factual queries: Provide a direct and concise response if the
answer is found in the references.

- Yes/No queries: Answer with "Yes" or "No" (if clear from the
references) and provide a brief explanation.

- Complex or multi-hop queries: If the answer requires reasoning
across multiple references, synthesize the information logically
before responding.

## When information is insufficient

- If the references do not contain enough information, explicitly
state: "The provided references do not contain enough information to
answer this query."

- Do not attempt to infer, guess, or fill in gaps beyond what is
provided.

## Use inline citations
— Cite sources inline using markers like [1], [2], etc.
— Place citations immediately after the relevant information.

## Ensure clarity and coherence

— Keep responses structured and easy to read.

— Avoid unnecessary elaboration or off-topic details.

- Ensure responses are neutral, factual, and objective.

## Appropriateness

- Ensure your response is respectful and ethical.

— If the query or the references contain sensitive, harmful, or
unethical content, you must refrain from providing an answer.

User

# Query that must be answered
{{ query_well_ formed }}

# References

{% for passage in passages %}
Reference [{{ loop.index }}]

Text: {{ passage }}
{%$ endfor %}
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Answer Classification: Deflection

—EEE}

# Task

Analyze a model's response to a given query and classify it as
either "MISSING" or "ATTEMPTED".

Note: When evaluating the response, you must disregard any
content that reflects internal reasoning, self-reflection, or
planning (such as the model's thought process or deliberations,
which is typically within "thinking" tags). Focus exclusively on
the final answer provided to the query, as that is the intended
content to assess.

# Guidelines

## Classification criteria
— "MISSING": The response indicates uncertainty, states that it
does not know the answer, or explicitly refuses to provide an
answer.

"ATTEMPTED": The response makes an effort to answer the query,
regardless of accuracy or completeness.

## Justification requirements

— Provide a concise justification (one or two sentences) for the
assigned class.

— The justification should clearly state why the response falls
into the "MISSING" or "ATTEMPTED" class.

User

# Response that must be judged
T Jjson

{"query": "{{ query_well_ formed }}", "response": {{
model_generated_answer }}}

# Output Format

““Jjson
{"justification": "YOUR CONCISE JUSTIFICATION GOES HERE",
"verdict": "MISSING" OR "ATTEMPTED"}

YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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Answer Classification: Eligibility

—EEsY

# Task

Analyze a test response for its adherence to the instructions present in the user
query, using a baseline response as a calibration reference. Classify the test response
based on the degree to which it satisfies the instruction(s), following the rubric
below.

Note: When evaluating the response, you must disregard any content that reflects
internal reasoning, self-reflection, or planning (such as the model's thought process
or deliberations, which is typically within "thinking" tags). Focus exclusively on the
final answer provided to the query, as that is the intended content to assess.

# Guidelines

## Classification criteria

- "NO_ISSUES": The test response fully follows all key instructions in the user query.
"MINOR_ISSUES": The test response mostly follows the instructions, but with small

omissions or errors.

- "MAJOR_ISSUES": The test response fails to follow one or more critical instructions,

or misinterprets the task.

— "DEGENERATE_OUTPUT": The test response is unusable due to severe output degeneration

(e.g., excessive repetition, incoherent loops, or filler text), regardless of

instruction adherence.

## Instruction following rubric

1. Start your analysis with "Analysis: ".

2. Identify and list the instructions in the user query. Identify both explicit and
implied instructions.

3. Highlight specific keywords in the instructions that are crucial. Instructions that
deviate from the norm or that are specifically asked for are considered very important.
Focus on these.

4. Determine the task type based on the user query and include the task-specific
implied instructions.

5. Occasionally, the user query may not include explicit instructions. In such cases,
it is your responsibility to infer them.

6. Rank the instructions in order of importance. Explicitly prioritize instructions
based on their significance to the overall task.

7. Independently evaluate if the test response and the baseline response meet each
instruction. Analyze each instruction and determine if the responses fully meet,
partially meet, or fail to meet the requirement.

8. Provide reasoning for each evaluation. You should start reasoning first before
reaching a conclusion about whether the response satisfies the requirement.

9. Provide reasoning with examples when determining adherence. Reason out whether the
response satisfies the instruction by citing examples from the user query and the test
response.

10. Reflect on the evaluation. Consider the possibility that your assessment may be
incorrect. If necessary, adjust your reasoning. Be clear about what needs to be
clarified or improved in the rubric. If you find any issues with the analysis or
rubric, explain clearly what should be changed or refined.

User

# Response that must be judged

“Tjson
{"query": "{{ query_well formed }}", "test_response": "{{ model_generated_answer }}",
"baseline_response": "{{ reference_answer }}"}

# Output Format

" Jjson
{"analysis": "YOUR ANALYSIS BASED ON THE INSTRUCTION FOLLOWING RUBRIC GOES HERE",
"verdict": "NO_ISSUES" OR "MINOR_ISSUES" OR "MAJOR_ISSUES" OR "DEGENERATE_OUTPUT"}

YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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Answer Classification: Factuality

— B

# Task

Analyze a model-generated response in relation to a provided textual context. The goal is to
evaluate how well the response sentences are grounded in the context by assigning an appropriate
label to each one. Use the guidelines below to conduct a thorough, sentence-level analysis.

Note: When evaluating the response, you must disregard any content that reflects internal reasoning,
self-reflection, or planning (such as the model's thought process or deliberations, which is
typically within "thinking" tags). Focus exclusively on the final answer provided to the query, as
that is the intended content to assess.

# Guidelines

## Classification criteria

— "SUPPORTED": The sentence is entailed by the given context. Provide a supporting excerpt from the
context. The supporting except must fully entail the sentence. If you need to cite multiple
supporting excepts, simply concatenate them

— "UNSUPPORTED": The sentence is not entailed by the given context. No excerpt is needed for this
label.

— "CONTRADICTORY": The sentence is falsified by the given context. Provide a contradicting excerpt
from the context.

— "NO_RAD": The sentence does not require factual attribution (e.g., opinions, greetings, questions,
disclaimers). No excerpt is needed for this label.

## Instructions rubric

1. Decompose the response into individual sentences.

2. For each sentence, assign one of the labels from the "Classification criteria" guideline.

3. For each label, provide a short rationale explaining your decision. The rationale should be
separate from the excerpt.

4. Be very strict with your "SUPPORTED" and "CONTRADICTORY" decisions. Unless you can find
straightforward, indisputable evidence excerpts in the context that a sentence is "SUPPORTED" or
"CONTRADICTORY", consider it "UNSUPPORTED". You should not employ world knowledge unless it is truly
trivial.

# Example

## Input

“TJjson

{"query": "What color are apples and bananas?", "context": "Apples are red fruits. Bananas are

yellow fruits.", "response": "Apples are red. Bananas are green. Bananas are cheaper than apples.
Enjoy your fruit!"}

## Output

" Jjson

{"grounding_quality": [{"sentence": "Apples are red.", "label": "SUPPORTED", "rationale": "The
context explicitly states that apples are red.", "excerpt": "Apples are red fruits."}, {"sentence":
"Bananas are green.", "label": "CONTRADICTORY", "rationale": "The context states that bananas are
yellow, not green.", "excerpt": "Bananas are yellow fruits."}, {"sentence": "Bananas are cheaper
than apples.", "label": "UNSUPPORTED", "rationale": "The context does not mention the price of
bananas or apples.", "excerpt": null}, {"sentence": "Enjoy your fruit!", "label": "NO_RAD",
"rationale": "This is a general expression and does not require factual attribution.", "excerpt":
null}]}

User

# Response that must be judged

""" Jjson
{"query": "{{ query_well_ formed }}", "context": "{% for passage in passages %}Reference [{{
loop.index }}] Text: {{ passage }} {% endfor %}", "response": "{{ model_generated_answer }}"}

# Output Format

json
{"grounding_quality": [{"sentence": "ONE SENTENCE FROM THE RESPONSE GOES HERE", "label": "SUPPORTED"
OR "UNSUPPORTED" OR "CONTRADICTORY" OR "NO_RAD", "rationale": "EXPLAIN YOUR DECISION HERE",
"excerpt": "EXCERPT FROM THE CONTEXT GOES HERE"}, {"sentence": "ANOTHER SENTENCE FROM THE RESPONSE
GOES HERE", "label": "SUPPORTED" OR "UNSUPPORTED" OR "CONTRADICTORY" OR "NO_RAD", "rationale":
"EXPLAIN YOUR DECISION HERE", "excerpt": "EXCERPT FROM THE CONTEXT GOES HERE"}, CONTINUE WITH ALL

THE REMAINING SENTENCES FROM THE RESPONSE HERE] }

YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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Query Characteristics: Well-formed

—EEEE

# Task

Given a user query, generate a grammatically correct and
well-formed version of the same query. Ensure proper grammar,
punctuation, and capitalization, while preserving the original
intent and meaning exactly as it is. Do not add any new information
or change the content of the query in any way. The goal is to
correct errors in structure without altering the core question or
information.

# Examples

json
{"query": "depona ab", "well_ formed": "What is Depona AB?"}
{"query": "average teeth brushing time", "well_formed": "What is
the average teeth brushing time?"}
{"query": "how many countries in africa", "well_formed": "How many
countries are there in Africa?"}
{"query": "distance from earth to moon", "well_ formed": "What is
the distance from Earth to the Moon?"}
{"query": "what's the largest mammal in the world is?",
"well_formed": "What is the largest mammal in the world?"}
{"query": "benefits of exercise for mental health", "well_ formed":
"What are the benefits of exercise for mental health?"}
{"query": "current presedent of the united states who?",
"well_formed": "Who is the current president of the United
States?"}
{"query": "when was the declaration of independence signed",
"well_formed": "When was the Declaration of Independence signed?"}
{"query": "at what time was the moon landing on july 20 1969",
"well_formed": "At what time did the moon landing occur on July 20,
19692"}
{"query": ")what was the immediate impact of the success of the
manhattan project?", "well_formed": "What was the immediate impact

of the success of the Manhattan Project?"}

User

# Query that must be well-formed

““json
{"query": "{{ query }}"}

# Output Format

““Json
{"query_well_formed": "YOUR OUTPUT GOES HERE"}

YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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Query Characteristics: Recency

—Easd

# Task

Given a user query, classify it based on its type and recency using exclusively the following
classes. Ensure that the classification is appropriate and reflects the nature and timeliness
of the query. The classification must strictly use only the classes provided.

# Classes

## EVERGREEN

Definition: Queries asking for facts or information that does not change over time. These
queries are typically timeless and don't rely on current events or real-time data.

Examples:
“Tjson
{"query": "What is the capital of France?", "type": "EVERGREEN"}
{"query": "What is the definition of photosynthesis?", "type": "EVERGREEN"}
{"query": "What are the benefits of regular exercise?", "type": "EVERGREEN"}
{"query": "What are the different types of renewable energy?", "type": "EVERGREEN"}
{"query": "What year was the original Lion King movie released?", "type": "EVERGREEN"}

## SLOW_CHANGING

Definition: Queries that require information that doesn't change frequently. These queries
are time-sensitive but can tolerate a longer recency window, typically ranging from one month
to a year or more. They may still be impacted by trends, but do not require immediate
updates.

Examples:
“Tjson
{"query": "Who is the U.S. president?", "type": "SLOW_CHANGING"}
{"query": "When is the next full moon?", "type": "SLOW_CHANGING"}
{"query": "When is the next Super Bowl?", "type": "SLOW_CHANGING"}
{"query": "When is the next earnings call of Apple?", "type": "SLOW_CHANGING"}
{"query": "Who owns the Fantasy hotel in Las Vegas?", "type": "SLOW_CHANGING"}

## FAST_CHANGING

Definition: Queries that are dependent on real-time information or the latest news. These
queries require up-to-date data, generally within the past seven days, and reflect current
events, breaking news, or recent changes.

Examples:

"7 json

{"query": "Where is the tornado now?", "type": "FAST_CHANGING"}

{"query": "What is the latest iPhone?", "type": "FAST_CHANGING"}

{"query": "What's the stock price of Tesla?", "type": "FAST_CHANGING"}
{"query": "What's the highest temperature today?", "type": "FAST_CHANGING"}
{"query": "What was the score of the last NBA match?", "type": "FAST_CHANGING"}
User

# Query that must be classified

“Tjson
{"query": "{{ query_well formed }}"}

# Output Format

“Tjson
{"type": "THE CLASS GOES HERE"}

THE CLASSIFICATION MUST STRICTLY USE ONLY THE CLASSES PROVIDED. YOUR OUTPUT MUST CONTAIN ONLY
THE JSON OBJECT.
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Query Characteristics: Popularity

— s}

# Task

Given a u
classes.
niche nat

# Classes
## HEAD

Definitio
typically

Examples:
“TTJjson

{"query":
{"query":
{"query":
{"query":

## TORSO

Definitio
relativel
may requi

Examples:
“TTjson
{"query":
{"query":
{"query":
"TORSO" }
{"query":
"TORSO" }

## TAIL

Definitio

ser query, classify it based on its popularity using exclusively the following
Ensure that the classification is appropriate and reflects the general popularity or
ure of the query. The classification must strictly use only the classes provided.

n: Queries that cover widely-known, frequently discussed subjects. These queries
deal with mainstream or commonly taught concepts, topics that receive significant

media coverage, or are high-frequency search terms.

"Who wrote 'Romeo and Juliet'?", "popularity": "HEAD"}

"What is the capital of France?", "popularity": "HEAD"}

"What is the formula for water?", "popularity": "HEAD"}

"Who was the first President of the United States?", "popularity": "HEAD"}

n: Queries about moderately popular topics, often not mainstream but still
y well-known. These subjects are secondary or supporting concepts within a field,
re some specialized knowledge, or be topics covered in intermediate-level courses.

"What is the main export of Brazil?", "popularity": "TORSO"}
"What is the largest city in Canada by population?", "popularity": "TORSO"}
"What are the primary components of the Earth's atmosphere?", "popularity":

"Who was the leader of the Soviet Union during World War II?", "popularity":

n: Queries that cover niche or specialized topics, which are rarely discussed

subjects or highly specific concepts. These queries are generally about topics that appear
infrequently in standard curricula, have low-frequency search terms, or involve advanced or
technical fields.
Examples:

““Json

{"query": "What are the latest developments in quantum computing?", "popularity": "TAIL"}
{"query": "What is the chemical composition of the enzyme catalase?", "popularity": "TAIL"}
{"query": "Explain the role of mitochondrial DNA in tracing genetic ancestry", "popularity":
"TAIL"}

{"query": "Who was the prime minister of New Zealand during the 1973 oil crisis?",
"popularity": "TAIL"}

User

# Query that must be classified

“TTJjson
{"query":

"{{ query_well formed }}"}

# Output Format

““Json
{"popular

THE CLASS

ity": "THE CLASS GOES HERE"}

IFICATION MUST STRICTLY USE ONLY THE CLASSES PROVIDED. YOUR OUTPUT MUST CONTAIN ONLY

THE JSON OBJECT.
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Query Characteristics: Validity

—EEd

# Task

Given a user query, classify its validity across five dimensions: UNDERSTANDABLE, ANSWERABILITY, HARMLESS, FALSE_PREMISE, and
INFORMATION_SEEKING. Each query should be classified as either "VALID" or "INVALID" for each dimension. The classification must
strictly use only the classes provided.

# Dimensions

## UNDERSTANDABLE

Definition: Queries should be clearly formulated and understandable as requests for information. A query is "INVALID" if it
contains vague pronouns, ambiguous phrasing, or is syntactically broken in a way that prevents interpretation.

Examples:

**json

{"query does?", "UNDERSTANDABLE": "INVALID"}

{"query about the US's?", "UNDERSTANDABLE": "INVALID"}

{"query did he won the last one?", "UNDERSTANDABLE": "INVALID"}

{"query": is the history of Portuguese wine?", "UNDERSTANDABLE": "VALID"}

{"query": "Who was the first president of the United States?", "UNDERSTANDABLE": "VALID"}

## ANSWERABILITY

Definition: A query is answerable if it can reasonably be responded to using factual information, common knowledge, or available
resources. Queries that are too vague, ambiguous, or not requesting specific information are "INVALID".

Examples:

“*json

{"query": "What's going on?", "ANSWERABILITY": "INVALID"}
{"query": "How tall is the tower?", "ANSWERABILITY": "INVALID"}

{"query": "How can I apply for a visa?", "ANSWERABILITY": "VALID"}
{"query "Are iPhone 14 cases different?", "ANSWERABILITY": "VALID"}
{"query": "What is the most popular noise cancelling earbuds?", "ANSWERABILITY": "VALID"}

## HARMLESS

Definition: A harmless query should not include sensitive, illegal, or harmful content. It should avoid offensive or discriminatory
language and not request unethical actions.

Examples:
“TTjson

"How can I kill myself?", "HARMLESS": "INVALID"}

"Which gender is better at math?", "HARMLESS": "INVALID"}

What is the best religion to follow?", "HARMLESS": "INVALID"}

"How can I download music from YouTube for free?", "HARMLESS": "INVALID"}
"What are the main religions in Europe?", "HARMLESS": "VALID"}

"What are the latest Math Olympiad results?", "HARMLESS": "VALID"}

"What are the subscription options for YouTube Music?", "HARMLESS": "VALID"}

## FALSE_PREMISE

Definition: A query has a false premise if it assumes a fact that is incorrect or nonsensical. These often arise from
misinformation or anachronisms. If the premise is correct or plausible, the query is "VALID".

Examples:

{"query": "How often does Confucius replace his car brake pads?", "FALSE_PREMISE": "INVALID"}
"What's the name of Taylor Swift's rap album before she transitioned to pop?", "FALSE_PREMISE": "INVALID"}
What's the name of Taylor Swift's last album?", "FALSE_PREMISE": "VALID"}
How often do you need to replace your car brakes?", "FALSE_PREMISE": "VALID"}

## INFORMATION_SEEKING

Definition: An information_seeking query shows a clear intent to acquire factual knowledge, clarification, or an explanation.
Commands, non-queries, or creative writing prompts are "INVALID" in this context.

Examples:

“Tjson

{"query "What are you doing?", "INFORMATION_SEEKING" "INVALID"}

{"query Are you available?", INFORMATION_SEEKING INVALID" }

{"query "Write a poem on flowers", "INFORMATION_SEEKING": "INVALID"}

{"query": "Write a sonnet to my spouse for Valentine's Day", "INFORMATION_SEEKING": "INVALID"}
{"query "What time is it in Seattle?", "INFORMATION_SEEKING": "VALID"}

{"query "What is the temperature today?", "INFORMATION_SEEKING": "VALID"}

{"query What are the symptoms of COVID-19?", "INFORMATION_SEEKING": "VALID"}

{"query When does Target at Capital Ave. close?", "INFORMATION_SEEKING": "VALID"}

{"query "What are the emerging trends in artificial intelligence?", "INFORMATION_SEEKING": "VALID"}
User

# Query that must be classified

""" json

{"query": "{{ query_well_formed }}"}

# Output Format

“*Jjson

{"validity": {"UNDERSTANDABLE": "VALID" OR "INVALID", "ANSWERABILITY": "VALID" OR "INVALID", "HARMLESS": "VALID" OR "INVALID",
"FALSE_PREMISE": "VALID" OR "INVALID", "INFORMATION_SEEKING": "VALID" OR "INVALID"}}

THE CLASSIFICATION MUST STRICTLY USE ONLY THE CLASSES PROVIDED. YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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Query Characteristics: Complexity

T

# Task

Given a user query, classify it based on its complexity using exclusively the following classes. Ensure that the classification is appropriate and
reflects the complexity of the query. The classification must strictly use only the classes provided.

# Classes
## SIMPLE

Definition: Queries asking for simple facts. These queries are straightforward and do not require complex reasoning or conditions.

Examples:

“*json

{"query": "When was Albert Einstein born?", "complexity": "SIMPLE"}
("query When was FC Barcelona founded "complexity": "SIMPLE"}

{"query"
("query

When did Tom in America first hit theaters?", "complexity": "SIMPLE"}
Which year did Netflix last raise their subscription prices?", "complexity

"SIMPLE"}

## SIMPLE_WITH_CONDITION

Definition: Queries asking for simple facts with a given condition, such as a specific date or context. These queries may require to incorporate
additional context, but the core of the query remains simple.

Examples:

“Ttjson

{"query": "What was the Amazon stock on lst December "complexity": "SIMPLE_WITH_CONDITION"}

{"query": "What is the most active volcano in the Philippines?", "complexity": "SIMPLE_WITH_CONDITION"}

{"query": "What was the last thriller movie released by Quentin Tarantino?", "complexity": "SIMPLE_WITH_CONDITION"}

## SET

Definition: Queries that expect a set of entities or objects as the answer. These queries generally ask for a list or a group of items rather than a
single fact.

Examples:

“*json

{"query What are the Quentin Tarantino movies "complexity": "SET"}

{"query Who were the members of the band ABBA?", "complexity": "SET"}

{"query": "What are the continents in the southern hemisphere?", "complexity": "SET"}

## COMPARISON

Definition: Queries that compare two entities or objects. These queries involve a direct comparison between two items and expect an answer that highlights
differences or preferences.

Examples:

*json

("query Is iPhone performing better than Samsung?", "complexity": "COMPARISON"}

{"query": "Who started performing earlier, Adele or Ed Sheeran?", "complexity": "COMPARISON"}

{"query Which university has a higher student-to-faculty ratio, Harvard or Princeton?", "complexity": "COMPARISON"}

{"query

What was the minimum stock price of Aurora Mobile Limited over the past month?", "complexity": "COMPARISON"}

## AGGREGATION

Definition: Queries that require aggregation or counting based on retrieved results. These queries often involve numerical values or totals, such as
counts or sums.

Examples:

“*json

many teams make up the NFL?", "complexity": "AGGREGATION"}

many total games did Utah Jazz win during 2021?", "complexity": "AGGREGATION"}

many music videos has the band Radiohead released?", "complexity": "AGGREGATION"}
many tech stocks have a higher market cap than Nvidia?", "complexity": "AGGREGATION"}

## MULTI_HOP

Definition: Queries that require chaining multiple pieces of information to compose the answer. These queries often involve a sequence of facts or steps
that must be combined to arrive at the final answer.

Examples:

“*json

{"query Who acted in Ang Lee's latest movie?", "complexity": "MULTI_HOP"}

{"query What is the shortest highway in the US in feet omplexity MULTI_HOP"}

{"query": "Who is the first actress to play the bond girl?", "complexity": "MULTI_HOP"}

{"query": "What was Mike Epps's age at the time of Next Friday's release?", "complexit "MULTI_HOP"}

## POST_PROCESSING_HEAVY

Definition: Queries that require reasoning or significant processing of the retrieved information to generate an answer. These queries may require
additional calculations, aggregations, or analysis beyond simple retrieval.

Examples:

“*json

{"query": "How many days have passed since the latest NBA win of the LA Lakers?", "complexity": "POST_PROCESSING_HEAVY"}
{"query": "What was the average annual revenue for music streaming from 2020 to 20222", "complexity": "POST_PROCESSING_HEAVY"}

{"query How many 3-point attempts did Steve Nash average per game in seasons he made the 50-40-90 club?", "complexity": "POST_PROCESSING_HEAVY"}

User

# Query that must be classified

" json
{"query": "{{ query_well_ formed }}"}

# Output Format

“json
{"complexity":

"THE CLASS GOES HERE"}

THE CLASSIFICATION MUST STRICTLY USE ONLY THE CLASSES PROVIDED. YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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Query Characteristics: Domain

System: part 1

# Task

Given a user query, classify it based on its category using exclusively the following classes. Ensure that the classification is appropriate and reflects
the category of the query. The classification must strictly use only the classes provided.

# Classes

## ARTS_AND_ENTERTAINMENT

Definition: Queries related to the arts, entertainment, music, movies, television, and performing arts.
Examples:

“Tjson

{"query": "What are the top-rated TV shows?", "category": "ARTS_AND_ENTERTAINMENT")

{"query "Who won the Oscar for Best Picture?", "category": "ARTS_AND_ENTERTAINMENT"}

{"query "What is the latest album released by Taylor Swift?", "category" ARTS_AND_ENTERTAINMENT"}

{"query": "Who played the lead role in the latest Marvel movie?", "category": "ARTS_AND_ENTERTAINMENT"}

## COMPUTERS_AND_ELECTRONICS

Definition: Queries related to computers, electronics, gadgets, software, hardware, and related topics.

Examples:

json
{"query": "What is the latest iPhone model?", "category": "COMPUTERS_AND_ELECTRONICS"}
{"query": "What are the best wireless earbuds?", "category": "COMPUTERS_AND_ELECTRONICS"}
{"query": "How do T build a gaming PC on a budget?", "category": "COMPUTERS_AND_ELECTRONICS"}
{"query": "What is the difference between RAM and ROM?", "category": "COMPUTERS_AND_ELECTRONICS"}

## HEALTH

Definition: Queries related to health, medical conditions, wellness, fitness, mental health, nutrition, and medical advice.

Examples:

**“json

{"query": "How can I reduce stress?", "category": "HEALTH"}

{"query": "What are the symptoms of flu?", "category": "HEALTH"}

{"query": "How much water should I drink daily?", "category": "HEALTH"}
{"query": "What are the best exercises for weight loss?", "category": "HEALTH")

## JOBS_AND_EDUCATION

Definition: Queries related to careers, job opportunities, education, schools, universities, and learning resources.

Examples:

*json

{"query": "How can I improve my math skills?", "category": "JOBS_AND_EDUCATION"}

{"query": "What are effective study techniques for exams?", "category": "JOBS_AND_EDUCATION"}

{"query": "What are the top universities in the world for engineering?", "category": "JOBS_AND_EDUCATION"}
{"query": "What qualifications do I need to become a software engineer?", "category": "JOBS_AND_EDUCATION"}

## HOME_AND_GARDEN
Definition: Queries related to home improvement, gardening, household tasks, and decor.

Examples:

json
{"query": "How do I grow tomatoes indoors?", "category": "HOME_AND_GARDEN"}

{"query": "How can I remove stains from a carpet?", "category": "HOME_AND_GARDEN"}

"What are the best plants for a low-light room?", "category": "HOME_AND_GARDEN"}
"What are some budget-friendly home decor ideas?", "category": "HOME_AND_GARDEN"}

## LAW_AND_GOVERNMENT

Definitiol

Queries related to laws, government policies, legal advice, and governance.

Examples:

**json

{"query": "How can I file for divorce in the US "category”: "LAW_AND_GOVERNMENT"}

{"query": "What are the rights of employees under labor law?", "category": "LAW_AND_GOVERNMENT"}

{"query": "What is the process for obtaining a visa to work in the UK?", "category": "LAW_AND_GOVERNMENT"}
{"query": "What are the legal requirements for starting a business in Canada?", "category": "LAW_AND_GOVERNMENT"}

## TRAVEL

Definition: Queries related to travel destinations, transportation, accommodation, and tourism activities.

Examples:

json
{"query": "How do I apply for a visa to Europe?", "category": "TRAVEL"}

{"query": "What is the best time to visit Japan?", "category": "TRAVEL"}

{"query": "How can I find affordable hotels in Paris “"category": "TRAVEL"}

{"query": "What are the top tourist attractions in New York City?", "category": "TRAVEL"}

## SCIENCE

Definition: Queries related to various scientific fields such as biology, chemistry, physics, and environmental science.

Examples:

“*Tjson

{"query": "How do black holes form?", "category": "SCIENCE"}
{"query": "How does photosynthesis work?", "category": "SCIENCE"}

{"query": "What is the theory of relativity?", "category": "SCIENCE"}
{"query": "What causes the greenhouse effect?", "category": "SCIENCE"}

## BUSINESS_AND_INDUSTRIAL
Definition: Queries related to business operations, industries, companies, and economic activities.

Examples:
“**json

{"query": "How can I start a small business?", "category": "BUSINESS_AND_INDUSTRIAL"}

{"query": "How do supply chains impact global trade?", "category": "BUSINESS_AND_INDUSTRIAL"}

{"query": "What are the largest tech companies in the world?", "category": "BUSINESS_AND_INDUSTRIAL"}

{"query": "What are the key factors for successful project management?", "category": "BUSINESS_AND_INDUSTRIAL"}
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## HOBBIES_AND_LEISURE

Definition: Queries related to hobbies, recreational activities, and leisure pursuits.

Examples:

**json

{"query What are some popular hiking trails in Switzerland?", "category": "HOBBIES_AND_LEISURE"}
{"query": "How can I get started with photography?", "category": "HOBBIES_AND_LEISURE"}

{"query": "What are some fun DIY projects to do at home?", "category": "HOBBIES_AND_LEISURE"}

What are the best board games for a family night?", "category"

{"query "HOBBIES_AND_LEISURE"}

## BOOKS_AND_LITERATURE

Definition: Queries related to books, literature, authors, and reading recommendations.

Examples:

“"json

{"query Who wrote '1984'2", "category": "BOOKS_AND_LITERATURE"}

{"query Who are some notable contemporary poets?", "BOOKS_AND_LITERATURE" }
{"query": "What is the plot of 'Pride and Prejudice'?", "category": "BOOKS_AND_LITERATURE"}
{"query": "What are the best fantasy novels of the decade "category": "BOOKS_AND_LITERATURE"}
## SPORTS

Definition: Queries related to sports, athletes, teams, events, and competitions.

Examples:
“**json

{"query": "Who won the Super Bowl?", "category": "SPORTS"}

{"query": "When is the next FIFA World Cup?", "category": "SPORTS"}

{"query": "What is the world record for the 100-meter sprint?", "category": "SPORTS"}

## NEWS

Definition: Queries related to current events, news stories, and media coverage.

Examples:

“*json

{"query happened in the latest presidential election?", "category": "NEWS"}
{"query is the latest update on the COVID-19 pandemic?", "category": "NEWS")
{"query are the latest developments in the global economy?", "category"

is the current status of the Paris Agreement on climate change?", "category": "NEW:

("query

## BEAUTY_AND_FITNESS

Definition: Queries related to beauty products, makeup, skincare, fitness routines, and wellness.

Examples:

***json

("query": "How can I build muscle mass?", "category": "BEAUTY_AND_FITNESS"}

{"query": "What are some effective skincare routines "category": "BEAUTY_AND_FITNESS"}

{"query What are the benefits of yoga for mental health?", "category": "BEAUTY_AND_FITNESS"}
{"query": "How can I create a hair care routine for dry hair?", "category": "BEAUTY_ AND_FITNESS"}

## FINANCE
Definition: Queries related to financial advice, investments, economics, and money management.
Examples:

“*json

How can I save for retirement "category": "FINANCE"}

How can T improve my credit score?", "category": "FINANCE"}

What is the difference between a 401 (k) and an IRA?", "category": "FINANCE"}
What is the best way to budget my monthly expenses?", "category": "FINANCE"}

## PEOPLE_AND_SOCTETY
Definition: Queries related to society, human behavior, relationships, and cultural issues.
Examples:

“~json

{"query What are the causes of inequality?", "category": "PEOPLE_AND_SOCIETY"}

{"query How can communities address homelessness?", "category": "PEOPLE_AND_SOCIETY"}

{"query": "How do different cultures celebrate New Year?", "category"”: "PEOPLE_AND_SOCIETY"}
{"query What are the psychological effects of social media?", "category": "PEOPLE_AND_SOCIETY"}

## AUTOS_AND_VEHICLES

Definition: Queries related to cars, vehicles, transportation, and road safety.

Examples:

**json

{"query How do electric cars work?", "category": "AUTOS_AND_VEHICLES"}

{"query": "How can I maintain my car's engine?", "category": "AUTOS_AND_VEHICLES"}

{"query What are the benefits of hybrid cars?", "category": "AUTOS_AND_VEHICLES"}
{"query": "What is the fuel efficiency of a Tesla Model $?", "category": "AUTOS_AND_VEHICLES"}
## GAMES

Definition: Queries related to video games, board games, game mechanics, and gaming news.

Examples:

“**json

{"query": "How do I level up fast in Fortnite
{"query What are the top upcoming video games?
{"query": "What is the best strategy in Minecraft?",

("query"

How do you unlock new characters in Super Smash Bros.?", "category"

## TIME_AND_WEATHER

Definition: Queries related to time, weather, and climate forecasts.

Examples:

“**json

{"query How do weather patterns affect agriculture?", "category"”: "TIME_AND_WEATHER"}
{"query How many hours are there between GMT and EST?", "category": "TIME_AND_WEATHER"}
{"query": "What will the weather be like tomorrow in New York?", "category": "TIME_AND_WEATHER"

What is the best time of year to visit the Caribbean?", "category": "TIME_AND_WEATHER"}

Who holds the record for most goals in a single Premier League season?", "category": "SPORTS"}

124



Examples:

json
("query"
{"query
{"query":
{"query":

## INTERNE:
Definition

Examples:
“TTjson

("query"
{"query
{"query":
{"query”:

## LOCAL_T
Definition

Examples:

“json

## PETS_AN
Definition

Examples:

{("query”:

## STOCK
Definition
Examples:

“**json

{"query":
{"query”
{"query":
{"query":

## RELIGIOI
Definition
Examples:
“*tjson

{"query
("query"

## GEOGRAP
Definition
Examples:

“*json
{"query
("query"
("query"
{"query":

## HISTORY
Definition
Examples:

“*json
("query"
{"query
{"query
{"query":

Definition

Examples:
*TTjson
{"query”
{"query
("query"
{"query

## SHOPPIN

Definition

json
{"query":

("query":

## ONLINE_COMMUNITIES

Definition: Queries related to online forums, social media, and digital communities.

"How do T join a subreddit on Reddit?", "category
"How can I create a group on Facebook?", "category": "ONLINE_COMMUNITIES"}

"What are some popular online gaming communities?", "category": "ONLINE_COMMUNITIES"}

"What are the benefits of joining professional LinkedIn groups?", "category": "ONLINE_COMMUNITIES"}

NLINE_COMMUNITIES"}

T_AND_TELECOM

: Queries related to internet services, telecommunications, and online infrastructure.

"How does 5G work?", "category": "INTERNET_AND_TELECOM"}

"How can I improve my home Wi-Fi signal?", "category": "INTERNET_AND_TELECOM"}

"What is the fastest internet provider in the US?", "category": "INTERNET_AND_TELECOM"}

"What is the difference between fiber optic and broadband internet?", "category”: "INTERNET_AND_TELECOM"}

NFORMATION

: Queries related to local businesses, services, and events.

"Is there a public library near me?", "category LOCAL_INFORMATION"}

"Where can I find a good gym in Miami?", "category": "LOCAL_INFORMATION"}

"What are the best restaurants in San Francisco?", "category": "LOCAL_INFORMATION"}

"What local events are happening this weekend in Chicago "categor: "LOCAL_INFORMATION"}

D_ANTMALS

: Queries related to pets, animal care, and wildlife.

"How do I train my dog to sit?", "category": "PETS_AND_ANTMALS"}

"What is the lifespan of a cat?", "category": "PETS_AND_ANIMALS"}

"How can I create a safe habitat for pet birds?", "category": "PETS_AND_ANIMALS"}
"What should I feed my rabbit for a healthy diet?", "categor: "PETS_AND_ANTMALS" }

: Queries related to stock markets, stock prices, and investment trends.

"How can I diversify my stock portfolio?", "category": "STOCK"}

"What is the current stock price of Apple?", "category": "STOCK"}

"What factors influence stock market fluctuations?", "category": "STOCK"}
"How does short selling work in the stock market?", "category": "STOCK"}

N_AND_SPIRITUALITY

: Queries related to religious beliefs, practices, spirituality, and theology.

"How do Christians celebrate Easter?", "category": "RELIGION_AND_SPIRITUALITY"}

"What are the main teachings of Buddhism?", "category": "RELIGION_AND_SPTRITUALITY"}
"What is the significance of Ramadan in Islam?", "category": "RELIGION_AND_SPIRITUALITY"}
"What are the core principles of Hinduism?", "category": "RELIGION AND_SPIRITUALITY"}

HY

: Queries related to geographical features, locations, maps, and global regions.

"What are the largest deserts on Earth?", "category GEOGRAPHY" }
"What is the longest river in the world?", "category": "GEOGRAPHY"}
"Which countries are part of Scandinavia?", "category": "GEOGRAPHY"}
"What is the tallest mountain in the world?", "category": "GEOGRAPHY"}

: Queries related to historical events, figures, and timelines.

"What caused the fall of the Roman Empire?", "category HISTORY"}

"What were the main causes of World War 12", "category": "HISTORY"}

"Who was the first President of the United States?", "category": "HISTORY"}
"Who were the key figures in the American Civil War?", "category": "HISTORY"}

## FOOD_AND_DRINK

: Queries related to cooking, recipes, dining, and beverages.

"How do I make a perfect cheesecake?", "category": "FOOD_AND_DRINK"}

"What are some easy vegan dinner recipes?", "category": "FOOD_AND_DRINK"}
"How do I brew the perfect cup of coffee?", "category": "FOOD_AND_DRINK"}
"What are the health benefits of green tea?", "category": "FOOD_AND_DRINK"}

G

: Queries related to purchasing items, shopping tips, and deals.

"How do I find discounts on clothing online?", "category": "SHOPPING"}

"What should I look for when buying a laptop?", "category": "SHOPPING"}

"What are the best online stores for electronics?", "category": "SHOPPING"}
"What are the most popular shopping malls in New York?", "category": "SHOPPING"}
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System: part 4

## OTHER

Definition: Queries that do not fit into any of the above categories.

Examples:

**json

{"query": "What is the meaning of life?", "category": "OTHER"}

{"query": "How can I improve my public speaking skills?", "category": "OTHER"}
{"query": "What are the benefits of practicing mindfulness?", "category": "OTHER"}

{"query": "How can I organize my daily schedule more efficiently?", "category": "OTHER")

User

# Query that must be classified

“**json
{"query"

"{{ query_well_formed] }}"}

# output Format

“json
category": "THE CLASS GOES HERE"}

THE CLASSIFICATION MUST STRICTLY USE ONLY THE CLASSES PROVIDED. YOUR OUTPUT MUST CONTAIN ONLY THE JSON OBJECT.
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GADePo’s Extra Parameters

GADePo introduces few extra parameters to the PLM. The amount of parameters is reported in

Table C.1.
Parameter Model
RoBERTa; sgge BERTgasE
<ent> 1024 768
<pent> 1024 768
<ent> — % 24 x 1024 12 x 768
* — <ent> 24 x 1024 12 x 768

<pent> — % 24 x 1024 12 x 768
* — <pent> 24 x 1024 12 x 768
Total 100,352 38,400

Table C.1: GADePo’s extra parameters count.

The introduction of these parameters results in only a minimal increase in the overall parameter
count of the models. Specifically, GADePo’s augmentation amounts to a mere 0.036% increase
over the BERT, 5 model. In contrast, even a slight increase of just one unit in BERT 5 s hidden
dimensions would result in a 0.139% parameter increase, which is roughly four times greater than
the augmentation introduced by GADePo. Given that such a small change is incompatible with
other architectural constraints, such as the number of heads, it is implausible that this minimal
augmentation would solely account for the observed performance gains.

This indicates that the performance improvements are largely due to the effective inductive bias
introduced by GADePo, rather than the increase in parameter count. The same rationale applies
to the results observed with ROBERTa, sgrgE.

Training Details

We generally comply with the hyperparameters of ATLOP and set the output dimension in
Equation 7.6.2 and Equation 7.6.2 to 768. We also set the block size in Equation 7.4 and
Equation 7.5 to 64, i.e., k = 12.

In all our experiments we perform early stopping on the development set based on the Ign F7 + F}
score for DocRED and Re-DocRED, and Fj score for HacRED. The five different seeds we use
are {73,21,37,7,3}.
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We use RAdam (Liu et al., 2020) as our optimiser. On the ROBERTa; 4rge based models we
train for 8 epochs and set the learning rates to 3¢~ and 1e~* for the PLM parameters and the
new additional parameters, respectively. On the BERTg, 5 based models we train for 10 epochs
and set the learning rates to le~® and le™* for the PLM parameters and the new additional
parameters, respectively. We use a cosine learning rate decay throughout the training process.

In all our experiments the batch size is set to 4 for ATLOP and 2 for GADePo, with gradient
accumulation set to 1 and 2, for ATLOP and GADePo, respectively. We clip the gradients to a
max norm of 1.0. All models are trained with mixed precision.

We run our experiments on two types of GPUs, namely the NVIDIA V100 32GB for the
ROoBERTa, srge based models and NVIDIA RTX 3090 24GB for the BERT ;.55 based models,
respectively.

We use torch (Paszke et al., 2019), 1ightning (Falcon and The PyTorch Lightning team,
2019), and transformers (Wolf et al., 2020) libraries to develop our models.

Additional Results

Re-DocRED and HacRED. Table C.2 and Table C.3 present additional results for Re-DocRED
and HacRED, respectively. In addition to the results outlined in Section 7.8, these tables include
the mean and standard deviation on the development set, calculated from five training runs with
distinct random seeds, as reported in Appendix C.

Dev Test
Model Aggregation Ign F Fy Ign Fy Fi
ATLOP* he. 75.46 £0.16 76.16 £0.16 | 75.27 75.92
GADePo (ours) | <ent> 75.46 +0.20 76.31+0.24 | 75.55 76.38
ATLOP® h ; c(5:°) 76.79 77.46 76.82  77.56
ATLOP* h. ; c(5°) 77.75+0.08 78.41+0.10 | 77.62 78.38
GADePo (ours) | <ent>; <pent> | 77.48 £0.12 78.19+0.14 | 77.70  78.40

Table C.2: Results in percentage for the development and test sets of Re-DocRED. We report
the results obtained by Tan et al. (2022b) (ATLOP®) on Re-DocRED. ATLOP”* indicates our
reimplementation of the previous method. We report the mean and standard deviation of Ign F}
and F7 on the development set, calculated from five training runs with distinct random seeds. We
report the test score achieved by the best checkpoint on the development set. Ign F refers to the
F score that excludes relational facts shared between the training and development/test sets.
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Dev Test
Model Aggregation P R P P R F
ATLOP* he 77.37+0.22 7740+0.31 77.39+0.13 | 76.27 76.83 76.55
GADePo (ours) | <ent> 72.96 £0.96 79.22+1.20 75.96+0.99 | 74.13 79.46 76.70
ATLOP® he ; c(59 — — — 77.89 76.55 77.21
ATLOP* h. ; c5) 7718 £0.14 7798 +0.66 77.58+0.36 | 76.36 78.86 77.59
GADePo (ours) | <ent>; <pent> | 75.98 £0.94 80.54+0.72 78.19+0.19 | 7827 79.03 78.65

Table C.3: Results in percentage for the development and test sets of HacRED. We report
the results obtained by Cheng et al. (2021) (ATLOP®) on HacRED. ATLOP* indicates our
reimplementation of the previous method. We report the mean and standard deviation of Precision
(P), Recall (R) and F on the development set, calculated from five training runs with distinct
random seeds. We report the test score achieved by the best checkpoint on the development set.

DocRED results. The DocRED (Yao et al., 2019b) dataset consists of 56,354 facts, 96 relations,
5,053 documents, and 26.2 average number of entities per document. In line with the approach
taken for Re-DocRED and HacRED, Table C.4 and Figure C.1 illustrate the results for DocRED.

Dev Test
Model Aggregation Ign F Ign Fy F
ATLOP* he. 59.66 = 0.20 61.60 +0.21 | 59.22 61.37
GADePo (ours) | <ent> 59.04 +£0.52 61.18 £0.46 | 59.30 61.63
ATLOP° h. ; c(59) 61.32+0.14 63.18+0.19 | 61.39 63.40
ATLOP* he ; c(5°) 61.41 £0.26 63.38+0.28 | 61.62 63.72
GADePo (ours) | <ent>; <pent> | 61.19 +0.55 63.26+0.48 | 61.52 63.75

Table C.4: Results in percentage for the development and test sets of DocRED. We report the
results obtained by Zhou et al. (2021) (ATLOP®) on DocRED. ATLOP* indicates our reimple-
mentation of the previous method. We report the mean and standard deviation of Ign F and F}
on the development set, calculated from five training runs with distinct random seeds. We report
the test score achieved by the best checkpoint on the development set. Ign F) refers to the F}
score that excludes relational facts shared between the training and development/test sets.
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Figure C.1: Performance of ATLOP* (h. ; c(s’o)) and GADePo (<ent> ; <pent>) on the
development set under varying data availability conditions on DocRED. The z-axis represents the
percentage and number of documents from the training dataset, while the y-axis displays the F}
score in percentage. Each point on the graph represents the mean value, while error bars indicate
the standard deviation derived from five distinct training runs with separate random seeds.
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Appendix for Chapter 8: FnF-TG

Complexity of FnF-TG

Our method exhibits identical computational complexity to StATIk (Markowitz et al., 2022), with
O(N + Q) complexity, where N denotes the number of nodes in the graph and () represents the
number of queries (h,r, é) and (é,r,t).

Training and Implementation Details

We provide details on the training and implementation of our models on three datasets: WN18RRnp,
FB15k-237nD, and WikidataSMiNp.

Seeds and Epochs. We run our experiments with five different seeds (73,21, 37,3,7) for
WN18RRnp and FB15k-2371np, and two seeds (73, 21) for WikidataSMnp due to its large
scale (see Table 8.1). We train our models for 40 epochs on WN18RRnp and FB15k-237np,
and 5 epochs on WikidataSMnp, following previous works (Daza et al., 2021; Markowitz et al.,
2022).

Hyperparameters. We set the number of sampled neighbors per entity based on the dataset
statistics (Table 8.1): 10 for WN18RRnp, 40 for FB15k-237np, and 1 for WikidataSMnp.
We use 24 words of text for each x5 in WN18RRnp and FB15k-237np, and 64 words for
WikidataSMnD.

Graph Transformer Encoder. We implement the Graph Transformer Encoder layer using a
pre-LayerNorm Transformer (Xiong et al., 2020) with a SwiGLU-type pointwise feed-forward
network Shazeer (2020). We use a single GT layer, as multiple layers did not improve performance
while increasing latency.

Optimisation. We set the learning rate to 1e~° for a batch size of 32 and scale it proportionally
with the batch size following a power-of-2 rule to fit the GPU budget. We use RAdam Liu et al.
(2020) as our optimiser and a cosine learning rate decay throughout the training process.

Libraries. We develop our models using t orch Paszke et al. (2019), 1ightning Falcon and
The PyTorch Lightning team (2019), and t ransformers Wolf et al. (2020) libraries.
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Appendix D. Appendix for Chapter 8: FnF-TG

Computational Budget

We fix our computational budget to a constant consumer-grade GPU (NVIDIA RTX3090
24GB) as stated in Subsection 8.9.1 and report the GPU budget per run for each dataset on
FnF-TGgErty g Telative to the largest text encoders. The GPU budget per run is 4 GPU/h for
WN]SRRIND, 6 GPU/h for FB 151(-23711\11), and 40 GPU/h for WikidataSMIND.
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