Scaffolding Targeted Generalization in Natural
Language Processing

Ritam Dutt

TECH REPORT NUMBER, CMU-LTI-26-002
February 2026

Language Technologies Institute
School of Computer Science
Carnegie Mellon University

Pittsburgh, PA 15213

Thesis Committee:

Carolyn Penstein Rose (Carnegie Mellon University)
David Mortensen (Carnegie Mellon University)
Daniel Fried (Carnegie Mellon University)

Dan Roth (University of Pennsylvania, Oracle Al Labs)

Submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy.

Copyright © 2026 Ritam Dutt



March 28, 2026
DRAFT



Abstract

The holy grail of NLP is generalized success, but research had traditionally
concentrated on the most frequent language phenomena and high-resource tasks. The
rise of massive model architectures with billions of parameters, pretrained on trillions
of tokens and instruction-tuned on thousands of tasks, has made the holy grail finally
seem within reach for a broad range of tasks and domains. Nevertheless, current
systems, especially LLMs, designed in a task- and domain-agnostic manner, still
cannot capitalize on the specific characteristics of target task.

For many practitioners, small, bespoke systems remain advantageous from a cost-
benefit perspective. However, within the core research community, SOTA large-scale
models, often designed in a sequence-to-sequence paradigm, remain at the center
stage. At the same time, they have a few shortcomings: the computational cost across
multiple fronts is becoming formidable, and the transformation from raw data to input
embeddings ignores key structures in the data that might be necessary to establish a
solid basis for generalization. The result is that crutches are learned from massive
data stores that enable high performance within the training distribution but fail to
adapt beyond those frontiers.

This dissertation proposes a generalized framework to address both the com-
putational expense problem and the learned crutch problem, leveraging different
scaffolds to capture regularities between the source and target. These scaffolds are
task-dependent and introduce inductive biases to facilitate generalization. We explore
two main kinds of scaffolds: formal and informal. Formal scaffolds augment the
text with information derived from a structured/formal knowledge store, such as
knowledge bases or linguistic frameworks. On the other hand, informal scaffolds, in
the form of rationales and explanations, complements the surface meaning of the text
by making the underlying implicit message more apparent.

In the first part of our thesis, we inspect the role of formal scaffolds for information
extraction and question answering over knowledge bases (KBQA). We use linguistic
frameworks such as dependency parses and abstract meaning representations for
identifying the relation between different entity mentions. While these frameworks
can bridge the gap between different domains (such as cooking recipes and materials
science corpora) and provide substantial gains in a few-shot setting, the improvements
are less pronounced in cross-lingual transfer. For KBQA, we explore how the internal
graph structure and path information between source nodes and answers can provide
additional support when generalizing to new graphs with unseen entities. We further
characterize the reasoning complexity of a KBQA question using isomorphisms and
investigate their role as both diagnostic tools and scaffolds to facilitate zero-shot
generalization. This broadens the scope of generalization in KBQA to unseen schema
elements, such as classes and relations, rather than just new entities.

In the second part of the dissertation, we investigate the utility of LLM-generated
rationales to verbalize social cues implicit in a conversation. We observe that ra-
tionales reflecting the speakers’ intentions serve as an excellent augmentation, sig-
nificantly improving performance on two social meaning detection tasks in both



in-domain and cross-domain settings. Our follow-up work broadens the scope of this
study along two axes: we explore rationales that capture multiple perspectives and
their subsequent gains on cross-task generalization.

Finally, we design a comprehensive evaluation suite to assess whether models
exhibit consistent generalization across scenarios, including domains, adversarial
settings, and new compositions. In a nutshell, we propose a more holistic evaluation
of the generalization capabilities of models.
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Chapter 1

Introduction

1.1 Generalization in the context of NLP

“What does it mean for an NLP or Al system to generalize?”

Traditionally, in the context of machine learning, generalization is de ned as the ability of
models to adapt to new instances that were not observed during training. (Zhang et al., 2016;
Freiesleben and Grote, 2023; Mohri et al., 2018). A closer inspection of the generalization
de nition assumes that all instances are sampled independently from an identical distribution or

i.i.d. However, such a simplistic perspective of generalization is ill-suited for the eld of language
technologies, wherein the term has a much broader meaning.

Figure 1.1: Different dimensions or categories of generalization in language technologies

A recent study of Hupkes et al. (2023) provides a broad taxonomic categorization of gen-
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Figure 1.2: Fraction of generalization papers in *CL conferences annually.

eralization research in NLP. They highlight how “generalization” refers to a broad umbrella
term spanning multiple categories. Some prominent dimensions include generalizing to new
tasks (transfer learning), new languages (cross-lingual transfer), new domains (domain adapta-
tion), adversarial examples (robustness), and even new compositions. We illustrate the different
generalization categories commonly used in language technologies in Figure 1.1.

Thus, the ability tayeneralizewell is a primary desideratum of Al and NLP systems. We have
observed tremendous progress in the adoption of language technologies in recent years, with a
increased interest in generalization research (Naik et al., 2022). Figure 1.2 illustrates the fraction
of papers (published in major *CL conferences annually) that allude to generalization in their
abstract or title! We see a sharp increase around 2018-19 with the trend having persisted since.

We observe a gradual shift in the distribution of papers corresponding to different generaliza-
tion categories (Hupkes et al., 2023) in Figure 1.3, with greater emphasis on task-generalization in
recent years compared to domain adaptation or robustness. We dive deeper to inspect the factors
that have facilitated this upward trend.

1.2 Reasons behind Task-Agnostic Generalization Trend

The broadening of generalization research can be attributed in part to the rise and rise of foundation
models spanning pre-trained LMs like BERT, GPT2, and T5 (Devlin et al., 2019a; Radford et al.,
2019; Raffel et al., 2020) to recent LLMs like ChatGPT (Achiam et al., 2023) and LLaMa
(Touvron et al., 2023). The inherent power of foundation models led researchers to recast several
NLP tasks as a sequence-to-sequence paradigm where both the input and output are treated as text

We use keywords corresponding to “generalization”, “generalize”, “generalisation”, “generalise”, “domain
adaptation”, “transfer learning”, “out of domain”, “out-of-domain”, “O0OD", "task adaptation”, “task transfer”,
“task generalization”, “adapt to new tasks”, “cross-lingual generalization”, “cross-lingual transfer”, “cross lingual
generalization”, “zero-shot learning”, and “few-shot learning” for our analysis.
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Figure 1.3: Distribution of different generalization categories. (Hupkes et al., 2023).

sequences. A single uni ed model was subsequently trained on several NLP tasks; and not only
achieved competitive performance on seen tasks, but also demonstrated impressive instruction
following capabilities on unseen tasks (Wang et al., 2023b, 2022c; Chung et al., 2022). In the
context of transformer-based foundation models, we use the sequence-to-sequence paradigm to
refer to both “decoder-only” and “encoder-decoder” architectures such as GPT-3 (Brown et al.,
2020) and FLAN-T5 (Chung et al., 2022) respectively. For both these model families, one can
theoretically obtain the answer for any given natural language prompt or question.

Nevertheless, these uni ed models generally fare worse than smaller stand-alone counterparts
designed for a speci c task or goal. It is partly because these models end up ignoring the structure
inherent in the data that is crucial for solving the task at hand. For example prior work has
observed improved performance on information extraction by incorporating AMRs for both
generation (Hsu et al., 2023) and extractive tasks (Zhang et al., 2021a). Likewise Chen et al.
(2024) observed the importance of capturing the permutation invariances and other structural
properties for ef cient reasoning over tabular data.

Additionally, another drawback of these uni ed seq2seq models is their susceptibility to
variation in representations (learned from the text) (Madaan, 2024) especially for unobserved
domains and tasks. Prior work has highlighted the poor evaluation performance of ChatGPT
on tasks that require reasoning over structured knowledge (Zhuang et al., 2024). Consequently,
when models are evaluated on a new distribution, the differences in the text representations are
treated as natural representations of the domain and as challenges that should be overcome during
training. We illustrate this phenomena pictorially how the trained model needs to adapt to changes
in distribution of the input representation arising from difference in domains in Figure 1.4.

Finally, the biggest consequence of these uni ed models is that they still require thousands
of instructions for ne-tuning to reach capabilities of their supervised standalone counterparts
(Wang et al., 2022c; Zhuang et al., 2024). These models are also more computationally expensive
and resource intensive even for inference and thus limits their accessibility for smaller use-cases.

In this dissertation, we emphasize the importance of enriching language models with informa-
tion that can bridge the gap between the text and representations corresponding to different tasks.
Prior knowledge of the particulars of the task can helps us understand apriori the de ciencies
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Figure 1.4: A pictorial depiction of how an NLP framework or system faces challenges during
generalization. We use the source data (in blue) to train a system (say a neural network) for a
given task (say text classi cation). This trained model is then expected to adapt to an unseen target
distribution (as shown in green). The emphasis is that when the domains differ, the representations
that are provided as inputs to the model also differ, and so the model needs to adapt to these
changes to predict the correct answer.

of the textual representations and thus guide our choice of information to enrich these models.
We use an umbrella-term “scaffolds” to refer to this task-speci ¢ information and the rest of this
dissertation helps unpack what, where, how, and why scaffolds can facilitate generalization.

1.3 Scaffolds

The term scaffolds have been used previously in the context of NLP in the form of syntactic parses
(Swayamdipta et al., 2018), linguistic frameworks (Gururaja et al., 2023a; Zhong et al., 2020),
and document structure (Cohan et al., 2019), which when added to the baseline model improved
downstream task performance.

Informally, we use scaffolds as an umbrella term to refer to a construct that can compensate for
the de ciencies in the representations obtained from the input text. These scaffolds are designed
to capture a theory or introduce an inductive bias, so far unarticulated in the text. Subsequently,
when models are supplemented with scaffolds, regularities between the source and the target are
made apparent, thereby bridging the gap between them.

As opposed to the more prevalent task-agnostic paradigm where models are ne-tuned in
a supervised setting over thousands of tasks (both natural or synthetic) to infuse them with
instruction-following capabilities (Wang et al., 2022c, 2023b), we adopt a more task-aligned
approach where the underlying scaffolds introduces a common schema that tasks can build upon,
thereby facilitating transfer.



1.3.1 Categories of Scaffolds

In this thesis, we explore two major types of scaffolds, depending on the nature of the task. We
categorize them broadly into formal and informal scaffolds. We summarize the tasks and the
corresponding scaffolds that we explore in this thesis in Table 1.1.

Formal scaffoldsrefer to architectural structures or representational frameworks that ground or
supplement the information obtained from the text with some formal structure. These structures
can either be external sources of ontological or encyclopedic knowledge like knowledge graphs,
databases, or tables, or formalization of the internal structure of the text in the form of linguistic
frameworks like syntactic and semantic parses. Formal scaffolds represent the most prevalent
method of introducing structured knowledge into a model, usually in the form of graph (Wu et al.,
2021), linearized data (Zhuang et al., 2024), or memory store/cache (Khandelwal et al., 2019).
Informal scaffolds on the other hand, augment information to the system in the form of free
text. These scaffolds aim to either supplement the model with additional world knowledge that
is absent from the text or make explicit the subtle (or implicit) information present within the
static text. In a way, these scaffolds verbalize the knowledge encoded in the parameters of an
external system or even the same system. For example, rationales, explanations, chain-of-thought
reasoning all fall under this broad terminology of informal scaffolds. (Majumder et al., 2022;
Wiegreffe et al., 2021; Wei et al., 2022c).

Task Scaffolds

Relation Extraction Linguistic Frameworks

Question Answering over Knowledge Bases Graph Structure and Isomorphisms
Social Meaning Detection Social Rationales

Table 1.1: Different Tasks and the scaffolds we explore for each task.

1.3.2 Formalizing Scaffolds

LetS andT denote the source and target data distributions over an input Xpdost M be a
model that induces a representation (encoder) map

v X1 R% X7 w(x):

Forxs S andxy T ,the corresponding transformed representatdogsandX + are obtained
viaM.

Xs = wm(Xs); Xt = m(Xr):

For a nite datasef x>g’S , we can writeXs = f y (x7)g’S,, and analogously faX 1.

Scaffolds. A scaffoldis an auxiliary construcEF that compensates for de ciencies in text-
induced representations by injecting additional structure or inductive bias not explicit in the

5



input. Formally, we model scaffolding as a transformation operator that prodsoedfalded
representation
gsr (R RY (orger: X! R®);

and de ne
Xs = gse(Xs); X1 = gsr(X7):

Equivalently, we can also de ngsg(X) to operate on inputs directly and s&t= " (gsr(X));
the choice depends on whether scaffolds act at the input, intermediate, or representation level.

Alignment desideratum. Letsim : R R¥! Rbea similarity measure (higher is more
similar), and letA( ; ) be a distribution-level alignment functional derived frem. A com-

mon generic choice is expected pairwise similarity between matched (or sampled) source/target
instances:

A(Xs;X7) = Exgs ixr 7 SIM(Gse( M (Xs)); Ose( m (X7))) -
The core scaffold property can then be stated as:
A(Xs; X7) A (Xg;X7)+ forsome > O:

That is, scaffolding increases source—target representational alignment by at leadr the
chosen functional.
For example, we can instantiate alignment as a divergence betweelisthlutions of
representations, such as cosine similarity.
n #
cosine similarity :  Ags(Xs; X7) = E ———
y cos( S T) kX‘SK kX,T K

Measuring Effectiveness of Scaffoldst.et F denote a task (supervised or unsupervised), and a
task performance function, over representations obtained from a distrititibat measures the
utility of representations for the task as follows:

Pr (Xp)

Some common examples include accuracy, F1, clustering separability, retrieval recall, EM
(exact match), and BLEU score amongst others. For simplicity, let us consider Rgher
indicate better performance.

Now, letM be the base model aridsg be the scaffolded model that leverages scaffold
SF. The corresponding representations obtained ugingndM sg, for a given distributiorD,
are denoted a¥p andXp respectively. Thus, to ensure that the scaffolded representation has
higher utility or is more effective on the target distribution, denoted a# is suf ce to show the
following.

Pr(X7) P r(X7)
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Figure 1.5: We present pictorially a simple illustration of scenarios where the target distribution
differs considerably from the source. By injecting scaffolds, that explicitly highlights out the
commonalities between the source and the target domain, the representations become more similar
to one another thereby facilitating generalization. The old original distribution appears in the left
and the new updated distribution is displayed on the right.

1.3.3 lllustrative Example

Pictorial lllustration

Figure 1.5 provides an illustration of how scaffolds (shown in grey) can augment the representa-
tions coming from the source and target shown in blue and green respectively. In the absence of
scaffolds, the representations obtained are markedly different as seen on the left. Subsequently
models, when trained on the resultant representation, exhibits performance degradation due to
distributional mismatch.

By injecting scaffolds, that explicitly highlights the commonalities between the source and the
target, the representations become more similar to one another thereby facilitating generalization.
While, in Figure 1.5, the scaffolds are injected after the representations are obtained from the
model, they can also be added as part of the input or as an intermediate representation.

Case Study

We present a real-world example to highlight the utility of scaffolds in aligning representations
originating from different sources. We focus on the task of social meaning detection, which is
formulated as a multi-class, multi-label utterance classi cation. We investigate task generaliz-
ability by rst training a language model (say FLAN-T5) on a given source task (say persuasion),
and then evaluating the trained model on a different target task (say argumentation). We employ
rationales that captures different perspectives such as the speakers' intentions (INT), the hearers'
reactions (HR), and presuppositions (PreSup), as scaffolds. We outline the speci c details of our
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task formulation and experimental setup in Chapters 7 and 9 respectively.

Our hypothesis is that incorporating scaffolds facilitates generalization, by highlighting the
commonalities between the source and the target. Subsequently, the cosine similarity between
the source and target representations should be higher from including rationales, i.e. INT, HR,
and PreSup, as opposed to the baseline or UTT. We present evidence in support of our hypothesis
in Figure 1.6, where each cell represents the mean cosine similarity between a source dataset
and the ve different target datasets in presence/absence of different rationales. The representa-
tions are obtained using the pre-trained sentence transformer adbdginet-base-v2 ,

while the rationales are generated by different LLMs suchmsio , gpt-3.5-turbo , or
gemma-2-27B-it

(a) GPT-40 (b) GPT-3.5-turbo (c) Gemma-2-27B

Figure 1.6: Mean representational similarity for a given source and the other target datasets using
rationales generated by different LLMSs.

Figure 1.7: Impact of scaffolding on cluser separability (i.e. identifying unique classes) for
different tasks

However, this representational alignment is at the surface level, i.e. at the level of the
dataset. For a scaffold to be effective, the resultant representation should yield higher utility. We
measure the separability of the representations for each label category or family. Ideally instances
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corresponding to the same label category should exhibit higher similarity within themselves than
with instances belonging to different labels, i.e. the mean intra-cluster distance should be lower
than the mean inter-cluster distance. We formalize this measure using the Calinski-Harabasz index
(Calinski and Harabasz, 1974) which measures the ratio of between-cluster dispersion (separation)
to within-cluster dispersion (cohesion). A higher score indicates better-de ned clusters or label
categories, which we demonstrate in Figure 1.7. Scaffolds improves separability for a majority
of datasets and the ndings holds true for different rationale categories and LLMs that generate
these rationales.

1.4 Thesis Outline

We present an overview of the different kinds of formal and informal scaffolds that can facilitate
NLP generalization and organize them in the corresponding chapters of the dissertation as follows.

* Chapter 2 provides a literature review of the utility of different formal and informal scaffolds
for several NLP tasks. Speci cally, we touch upon how past work has leveraged different
scaffolds for facilitating generalization and how we carry the baton forwards in investigating
the cases or situations where these scaffolds are helpful. As a result, we ground the utility of
formal scaffolds in the three tasks of interest in this thesis, i.e. relation extraction, question
answering over knowledge graphs, and semantic parsing over knowledge bases. Likewise, we
motivate the effectiveness of informal scaffolds for dialogue generalization tasks speci cally
those pertaining to social understanding. Finally, we explore in-depth the current generalization
research landscape in NLP and how our work addresses a current under-represented area in this
space, i.e. a holistic evaluation of generalization research.

* Chapter 3 de nes formal scaffolds, i.e. structured frameworks that anchor text to formal
representations either via an external ontology (e.g. knowledge graphs) or internal linguistic
structures (syntactic and semantic parses). We operationalize formal scaffolds for three concrete
tasks, i.e. relation extraction (RE), question answering over personalized knowledge graphs
(PERKGQA) and isomorphism guided KBQA. For each task, we note the kind of generalization
that is being investigated (i.e. cross-domain, cross-lingual, zero-shot schema generalization)
and motivate how the particular scaffold can facilitate generalization.

* Chapter 4 explores the role of linguistic frameworks as formal scaffolds for few-shot relation
extraction. We inspect generalization in two settings, i.e. generalization across domains for
procedural text, and generalization across multiple languages. For the cross-domain experiments,
the choice of our scaffolds were inspired by the observation that while different corpora for
procedural text exhibit stark lexical and topical variations, they are united in the common theme
of carrying out a set of step-wise instructions for a particular goal and thus exhibit similar
semantics owing to their procedural nature. Our multilingual relation extraction experiments
provides a contrast and enables us to investigate whether linguistic frameworks afford the
same utility when the transfer takes place across languages with the domain being invariant.
We augment popular transformer based models with linguistic frameworks using graph-aware
neural architectures for both tasks.

* Chapter 5 introduces the task of question answering over knowledge graphs (KG) in a personal-
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ized setting. Unlike traditional KGQA, where there exists a single KG that is known apriori and

is leveraged similarly across all queriesHBRKGQA a query is accompanied by a KG speci ¢

to the user. Consequently KGQA systems need to adapt to unseen queries over new entities
for users, without having any access to prior information of the user. We demonstrate in this
chapter how one can use the internal structure of the knowledge graph and the path information
as scaffolds to facilitate generalization to these new settings over different cases.

Chapter 6 establishes the dual-role of isomorphisms for the task of question answering over
knowledge bases (KBQA). Firstly, we use isomorphisms to analyze the strengths and pitfalls of
different KBQA systems such as whether a model is better equipped to handle questions with
longer hops or more constraints. Secondly, we leverage isomorphisms to improve KBQA perfor-
mance of LLMs. We proposkesoCoD a framework for predicting the isomorphism category for

a given KBQA query, by unifying text and graph representations of the constituent knowledge
store. We can incorporate this isomorphism prediction module into a light-weight veri cation-
and-regeneration loop. Using isomorphisms as scaffolds yields consistent improvements over
the simple LLM baseline, with predicted isomorphisms delivering realistic gains.

Chapter 7 scopes out the de nition of informal scaffolds in the context of “rationales” i.e.
free-form textual explanations designed to capture subtle pragmatic cues in conversations. We
propose social meaning detection as a valid stress-test for generalization in dialogue since social
meaning is subtly encoded, and models that rely on surface cues are prone to over- tting while
dealing with such tasks. We further outline two complementary generalization settings (cross-
domain and cross-task) and realize them using different datasets. We thus lay the foundation of
informal scaffolds or rationales in aiding generalization pertaining to social understanding tasks.

Chapter 8 explores the ability of machine-generated rationales to capture the implicit meaning
encoded in a social conversation. We subsequently investigate the capabilities of these rationales
to facilitate cross-domain generalization for two social meaning detection tasks, i.e. identifying
resisting strategies (RES) and recognizing emotions in conversations (ERC). We propose a
prompting framework grounded in socio-linguistics theory to generate rationales that capture
a user's intentions, assumptions, and biases. We carry out an extensive study over different
models, few-shot settings, and tasks and observe signi cant gains from incorporating these
rationales for both in domain and across domains, thus validating our hypothesis.

Chapter 9 builds upon the past ndings to investigate the capabilities of rationales in facilitating
generalization across different social meaning understanding tasks. We introduce an automated
frameworkSOCIAL SCAFFOLDSt0 generate task-agnostic social rationales that are capable
of capturing perspectives corresponding to different points of view in narrative modeling.
Our comprehensive evaluation suite demonstrate that rationales signi cantly improves task
transfer performance for both ne-tuning and in-context learning experimental setups 31.3%
and 44.0% of the times respectively. Our ndings shows the promise of pragmatics-oriented
data augmentation for social understanding and generalization.

Chapter 10 presents a systematic study on the multi-faceted generalization abilities (i.e. domain
adaptation, robustness, and compositional generalization) of common transformer-based models
for two NLP tasks. Our ndings reveal that generalizability is intrinsic to a model instance,
i.e. a model instance typically does not generalize well in one dimension and poorly in others.

10



Moreover, generalizability is well correlated with model size, with certain training strategies
and model architectures achieving better generalization performance than others. In a nutshell,
we propose a more holistic evaluation of generalization in NLP.

* Chapter 11 serves two purposes. Firstly, we highlight and outline the important contributions
put forward in this dissertation. Secondly, we discuss potential avenues for future work, i.e.
namely how personalization acts as an extension to generalization and how one can integrate
structured knowledge within LLMs effectively.

1.5 Publications

This dissertation has resulted in the following publications in *CL conferences.
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Chapter 2

Literature Review

We situate the thesis in prior work of infusing scaffolds for different NLP tasks. We then do a deep
dive into the speci c tasks that the scaffolds play a role in, speci cally relation extraction and
guestion answering over knowledge bases for formal scaffolds, and understanding social meaning
using informal scaffolds. We also revisit the current space of generalization research in NLP.

2.1 Formal Scaffolds

Formal scaffolds are architectures or representations that incorporate information from a pre-
de ned structured framework. The frameworks in question can either be grounded in external
ontological knowledge sources like databases and graphs, or can be based on the internal structure
of the text in the form of semantic or syntactic parses. The term “formal scaffolds” is closely
associated with the broad idea of structure in language technologies, and hence we use these terms
interchangeably while referring to past work in this space.

The role of structure in facilitating NLP development and progress in indisputable; language
itself has an inherent structure (Cheng et al., 2016). Speci cally, the way information is packaged
is not an arbitrary phenomena (Croft, 2022). While the kind of structures employed, and the way
they have been infused in NLP systems have transitioned over the years, their usage remains
ubiquitous. Here, we discuss varied forms of structure such as syntactic and dependency parses,
semantic parses, and ontological knowledge, memory, the structure inherent in the task, and
neuro-symbolic approaches.

Syntactic Structures: Syntactic structures formalize the arrangement of words in natural
language text. These structures, mostly in the form of constituent and dependency parses, have
been used extensively for a wide variety of NLP tasks. Early NLP systems extensively leveraged
syntactic structure as a proxy for semantic relations. While the notion of syntactic structures,
goes back to &hini (somewhere between the 6th and 4th century BCE) (Jurafsky and Martin),
Chomsky popularized the term “Syntactic Structures” (Chomsky, 2002) and introduced generative
syntax.

Phrase-structure grammars (Chomsky, 2002) and later probabilistic context-free grammars
(PCFGSs) (Jurafsky and Martin; Collins, 1997) provided hierarchical representations of sentences,
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enabling tasks such as parsing, machine translation, and information extraction. Dependency
grammars (Tesere, 2015) further emphasized head-dependent relations, leading to dependency
parsing frameworks that were widely used for relation extraction and event detection. These
representations encode relational structure between words, allowing models to capture long-range
dependencies that are otherwise dif cult to infer from surface forms alone. In many applications,
syntactic paths between entities served as key features. For example, shortest dependency paths
were used to extract relations between entity pairs (Bunescu and Mooney, 2005), re ecting an
early recognition thagraph structure can act as a scaffold for semantic inference

Even in the deep-learning era, syntactic structures were employed in several NLP applications
such as language modelling (Du et al., 2020; Shen et al., 2021), machine translation (Post and
Gildea, 2008; Bastings et al., 2017; Chen et al., 2017; Egeadz et al., 2021), and information
extraction (Grishman, 1996; Vashishth et al., 2018; Duan et al., 2022) including relation extraction
(Tian et al., 2022b; Gururaja et al., 2023b), and semantic role labelling (Cai and Lapata, 2019;
Sachan et al., 2021; Kasai et al., 2019) amongst others.

Semantic Structures: Beyond syntax, the task of semantic role labeling (SRL) (Gildea and
Jurafsky, 2002) introduced structured representations that explicitly capture predicate-argument
relationships. Frameworks such as PropBank (Palmer et al., 2005), FrameNet (Baker et al., 1998),
and Abstract Meaning Representations (AMRS) (Banarescu et al., 2013) formalized the roles that
entities play in events, enabling models to abstract away from surface realization and focus on
underlying semantic functions.

These representations were particularly useful for tasks requiring reasoning over events and
participants, such as question answering and information extraction. Subsequently, current work
continues to investigate the impact of semantic structures for different NLP tasks such as language
modelling (Prange et al., 2022; Vashishth et al., 2019), information extraction (Bassignana et al.,
2023; Hsu et al., 2023; Zhang and Ji, 2021), and NLU (Wu et al., 2021; Guan et al., 2021; Ma
etal., 2023).

Knowledge Representation and Ontologies. NLP systems require access to world or onto-
logical knowledge to ensure generalization to domains beyond which the models have been
trained. Thus, an important strand of work focused on structured knowledge representations,
including ontologies and knowledge bases such as WordNet (Miller, 1995), Cyc (Lenat, 1995),
and later Freebase (Bollacker et al., 2008) and DBpedia (Titze et al., 2014). These resources
encoded lexical, relational, and commonsense knowledge in graph form, enabling reasoning over
entities and their relationships. Early QA systems over knowledge bases relied on explicit schema
alignment and symbolic reasoning (Berant et al., 2013), often combining semantic parsing with
graph traversal. These systems highlight the importance of explicit structure as a scaffold for
reasoning, where the KB provides constraints that guide inference and ensure interpretability.
Even now, incorporating external knowledge in the form of knowledge bases, data stores, and
tables has also been explored for NLP tasks including language modelling (Zhang et al., 2019;
Wang et al., 2021b), factual checking (Feng et al., 2023), and open-domain QA (Han et al., 2020;
Yu et al., 2022b). Infusing such external knowledge has also demonstrated utility across domains
like biomedical (Meng et al., 2021; Hao et al., 2020) and nance (Nararatwong et al., 2022).

14



The source of knowledge usually comes in the form of generic knowledge bases like Freebase
(Bollacker et al., 2008) and WikiData (Vrantlé and Kibtzsch, 2014), task-speci ¢ knowledge
sources like ConceptNet (Speer et al., 2017), NormBank (Ziems et al., 2023), and SOCIAL-
CHEM-101 (Forbes et al., 2020) for social and commonsense reasoning, or domain-speci c
knowledge banks like UMLS for medicine (Bodenreider, 2004).

Other kinds of structured representations: Beyond linguistic frameworks or external knowl-

edge stores, the notion of structure often spans to encompass the structure inherent in the task
such as hierarchical structure for extractive text summarization (Ruan et al., 2022), document
structure for document-level tasks like QA and NLI (Buchmann et al., 2024), discourse structure
(like RST) for document modelling (Koto et al., 2019), and dialogue structure for conversational
tasks (Jiao et al., 2019; Ghosal et al., 2019). Likewise there has also been a renewed interest in
leveraging the internal memory of architectures for NLP applications. Some recent strides involve
using memory for improving feedback (Madaan et al., 2022a; Tandon et al., 2022), or memory as
a knowledge store to retrieved previously seen cases (Das et al., 2021a; Khandelwal et al., 2019;
Sarch et al., 2023) or using memory as a parametric architectural component during training and
inference (Jiao et al., 2020; Wang et al., 2020a; Jain and Lapata, 2021).

Code as Structure: Finally, in the current era of LLMs, the role of structure has broadened to
accommodate executable programs and codes, drawing parallels to prior work in neuro-symbolic
processing. Some recent advancements in this eld include converting natural language into a
proto-language to extract polarity from text (Cambria et al., 2022), or prompting LLMs to generate
code for procedural reasoning (Madaan et al., 2022b), narrative understanding (Dong et al., 2023),
and logical reasoning (Olausson et al., 2023).

We now deep dive into how formal scaffolds have been explored for two NLP tasks i.e. relation
extraction (RE) and question answering over knowledge bases (KBQA).

2.1.1 Relation Extraction

The goal of relation extraction (RE) is to detect and classify the relation between speci ed entities
in a text according to some prede ned schema. Current research in RE has mostly been carried
out in a few-shot or a zero-shot setting to address the dearth of training data (Liu et al., 2022b)
and the “long-tail” problem of skewness in relation classes. (Ye and Ling, 2019b). Salient
work in that direction includes (i) designing RE-speci ¢ pretraining objectives for learning better
representations (Baldini Soares et al., 2019; Zhenzhen et al., 2022; Wang et al., 2022a), (ii)
incorporating meta-information such as relation descriptions (Yang et al., 2020; Chen and Li,
2021) a global relation graph, (Qu et al., 2020), or entity types (Peng et al., 2020b), and (iii)
leveraging additional information in the form of dependency parses (Yu et al., 2022c), translated
texts for multilingual RE (Nag et al., 2021), or distantly supervised instances (Zhao et al., 2021,
Ye and Ling, 2019a).

Recent works such as Prange et al. (2022) have demonstrated the signi cant potential of
using human-annotated linguistic information as scaffolding for learning language models. Other
works such as Zhang and Ji (2021) and Bai et al. (2021) use automatically generated semantic
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annotations. These works depend on the idea that the structure that the linguistic frameworks
provide allows models to better learn salient features of the input.

Supplementing training data with explicit linguistic structure, in the form of syntactic and
semantic parses has led to substantial improvements in the in-domain performance on several
NLP tasks. Sachan et al. (2021) challenges the utility of syntax trees over pre-trained transformers
for IE and observed that one can only obtain meaningful gains with gold parses. Semantic parses,
in the form of AMRSs, have shown to be bene cial for IE (Zhang et al., 2021b; Zhang and Ji, 2021;
Xu et al., 2022), even when the parses employed are not human-annotated. In this work, we raise
the question of the utility of either kind of parse for few-shot RE in a cross-domain setting.

Recently, LLMs have shown promise in zero-shot relation extraction. Challenging cases such
as overlapping relations and none-of-the-above (nota) relations have been handled effectively by
LLMs in zero-shot settings (Li et al., 2023). LLMs have also outperformed smaller models for
RE with larger, document-level context sizes in models such as AutoRE (Xue et al., 2024). All
of these techniques seek to alleviate the need of using expensive human-annotated training data,
which is where linguistic frameworks come into the picture.

2.1.2 Question Answering over Knowledge Graphs (KGQA)

The task of Question Answering (Q&A) requires gathering and aggregating information from
various knowledge sources, including unstructured textual content (e.g. Wikipedia articles or FAQ
pages) or structured sources such as ontologies, database tables, or knowledge graphs. Likewise,
the goal of KGQA is to answer natural language question grounded in a pre-de ned knowledge
graph. This task has evolved from a simple-classi cation setting (Mohammed et al., 2018) to
deal with more complex, real-world scenarios. Progress in KGQA research has addressed several
challenges, such as answering complex questions, multi-hop reasoning, (Lan and Jiang, 2020; Ren
et al., 2021), conversational KGQA (Dieleman et al., 2015), multi-lingual KGQA (Zhou et al.,
2021), while also exhibiting practical applications in tax, insurance, and healthdaterflann

et al., 2020; Huang et al., 2021; Park et al., 2020).

The two popular paradigms of carrying out KGQA in a supervised setup include information
retrieval, where the answer is directly extracted from the KG (Wang et al., 2020c; Saxena et al.,
2020; Yasunaga et al., 2021; Sun et al., 2019; Xiong et al., 2019) and semantic parsing, where
the question is converted into a programmable query and subsequently executed (Lan and Jiang,
2020; Ding et al., 2019; Maheshwari et al., 2019; Zhu et al., 2020; Ren et al., 2021). We discuss
more about the semantic parsing based paradigm for question answering in the following section.

Of recent, with the popularity of LLMs, retrieval-augmented methods that grounds the LLM
outputs to structured knowledge graphs have seen practical applications, such as mitigating
hallucination . Qian et al. (2024b) introduce a time-aware retrieve—rewrite—rerank pipeline for
temporal KBQA, while Xu et al. (2025) propose adaptive multi-aspect retrieval over entities,
relations, and subgraphs. Similarly, Dong et al. (2024) explore cost-ef cient hybrid systems that
combine LLM reasoning with lightweight KG models, highlighting trade-offs between accuracy
and computational cost.

While semantic parsing based approaches are more effective and interpretable, graph-based
information retrieval methods are preferred for cases where the underlying ground-truth semantic
parses are unavailable. This is true for datasets like Gu et al. (2021) which requires logical forms
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(s-expressions or SPARQL queries) during training; information often unavailable in real-world
enterprise settings.

Most KGQA approaches that operate in an information retrieval setting over prede ned
knowledge graphs follow a similar procedure to make the problem computationally feasible.
(Sun etal., 2018, 2019; Wang et al., 2020c,b). They rst construct a smaller sub-graph for each
guestion from the base graph, using the Personalized PageRank algorithm (Haveliwala, 2003),
and re-use the base graph's node representation to initialize the nodes in the sub-graph. Thus
during inference, the model has prior knowledge of the nodes. However, in such a setting, if the
system encounters a new KG during inference, they would need to learn the representations of
those unseen nodes from scratch, a challenge we aim to solve in Chapter 5.

2.1.3 Question Answering over Knowledge Bases (KBQA)

While we use the term “knowledge graphs” and “knowledge bases” interchangeably in this thesis,
the main distinction between the two is that knowledge bases allow for more varied ways of
storing and representing information rather than the entity-relationship (ER) model in knowledge
graphs. Knowledge bases arranges information in the form of a schema and hence allows greater
exibility in representing information. A more detailed description can be found in (Gu et al.,
2022a). Here we present the different approaches of carrying out semantic parsing based KBQA
in recent years. We follow up with an overview of the task formulation of KBQA in formal
notation and the different kinds of KBQA generalization.

While the semantic parsing paradigm usually adopts a supervised learning setup to generate
the corresponding logical form, (Ye et al., 2021b; Shu et al., 2022; Yu et al., 2022a; Gu and Su,
2022; Jiang et al.) reinforcement learning based approaches have also shown to be effective (Das
et al., 2018; Lin et al., 2018; Saha et al., 2019; Ansari et al., 2019). However, with the popularity
of LLMs, recent work on semantic parsing based approaches have gravitated towards employing
them through prompting, ne-tuning, or agentic-based approaches.

KBQA with Large Language Models: The rst line of work treats LLMs as prompt-based
semantic parsers, leveraging in-context learning to generate executable logical forms or code-like
representations. Nie et al. (2024) reformulate KBQA as code-style generation to better align with
LLM pretraining, while Xiong et al. (2023a) model KBQA as a multi-turn interaction process,
where the model incrementally constructs queries via API calls. These approaches demonstrate
that prompting alone can yield competitive performance, though they remain sensitive to schema
complexity and formal language constraints.

A second line of work focuses on ne-tuning LLMs for KBQA, improving stability and
execution accuracy. Li et al. (2024) introduce a exible framework that combines program
generation with execution-guided self-training for few-shot settings. Subsequent work extends this
paradigm through schema-aware and decomposition-based training strategies, such as KB-Plugin
(Zhang et al., 2024), which injects structured KB schema into generation, and decomposition-
based approaches such as CompKBQA (Tian et al., 2025) and KaeDe (Bu et al., 2025), which
break complex queries into sub-tasks for progressive logical form construction. Other work further
improves generalization by incorporating schema-guided reasoning objectives (Gao et al., 2025).
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Finally, recent work explores agentic and search-based KBQA, where LLMs iteratively
interact with KB environments. Luo et al. (2025) formulate KBQA as a sequential decision-
making problem, using Monte Carlo Tree Search (MCTS) to guide exploration over candidate
reasoning paths, combined with policy and reward models for optimization. This paradigm re ects
a broader shift toward treating KBQA as interactive reasoning over structured environments, rather
than one-shot generation. Some works in this space include (Gu et al., 2024; Agarwal et al., 2024)

Case Based Reasoning (CBR) in KBQA: Similar to semantic parsing based methods, case-
based reasoning or CBR is a popular way of KBQA, wherein one combines or composes individual
gueries to form the nal answer. For example, one of the rst works of CBR is that of Das et al.
(2020), which performs relation linking such as (Delhi, capdgl_?_). They rst retrieve entities

similar to the query entity and the corresponding reasoning paths that lead to an answer for those
retrieved entities. Finally, then apply reasoning paths to the query entity. In a similar vein, Das
et al. (2021b) uses a neuro-symbolic case-based reasoning approach for answering complex,
multi-hop questions.

Task formulation for semantic parsing based KBQA: Given the KB,K, and a natural
language question, the objective of KBQA is to nd a set of entities (answek$ that satis es

the questiorg. In a semantic-parsing or translation based setting, the task of KBQA involves
convertingg into its corresponding logical forig. ThisL 4 is executed over thi to obtain the
answers. Examples of logical forms include S-expressions (Gu et al., 2021), SPARQL queries
(Saha et al., 2019), andcalculus.

Each logical formL4 has a particular schentg, that includes elements from the set of
relations, classes, and other constructs speci c to the logical-form. The speci c composition of
items inS, forms a logical template oF,. E.g., the questions “Who wrote Pride and Prejudice?”
and “Who was the author of Oliver Twist?” have the same template but different logical forms
since they refer to different novels. However the questions “Who wrote Pride and Prejudice?”
and “Which author wrote both the Talisman and 1t?” have the same schema but different logical
templates since the former involves only one constraint or entity (“Pride and Prejudice”) while the
latter speci es two (“Talisman” and “It”),

Different kinds of KBQA generalization Gu et al. (2021) puts forward the three levels of
generalization based on how the scheBgand logical templatd, for a questiorg differs from
the set of all possible schema items and templates seen during trainin8ydre.and Ty ain
respectively. These include.

(i) I.1.D. generalization occurs Whe8y S ain andTq 2 Tyain -

(i) Compositionalgeneralization occurs Whedy S ain butTy 2 Tyain - Thus the questions
operate upon a subset of schema items seen during training but they have new templates.

(iii) Zero Shotgeneralization occurs whels 2 S, such thas ZSy,, . Thus the questions
operate upon novel schemas, mostly new classes and relations that were not encountered during
training.

Conceptually, these three levels of generalization could be stacked in an hierarchical fashion
in increasing order of dif culty; with I.1.D. being the least challenging since it operates over
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templates seen during training, followed by Compositional, which occurs over unseen templates,
and then Zero Shot which have unseen schema items. In Chapter 6, we exclusively focus on how
we can leverage scaffolds to investigate and facilitate zero-shot KBQA generalization.

2.2 Informal Scaffolds

As opposed to formal scaffolds which capture the information content in a formal structure,
informal scaffolds augments the said information in the form of free text. Based on the origin of
these free texts, these scaffolds aim to bolster the current information encoded in the text with
additional contextual knowledge akin to retrieval augmented systems (Lewis et al., 2020), or
verbalize the information encoded in the language model's internal parameters, akin to current
work on Theory of Mind (Sap et al., 2022), and Chain of Thought Reasoning (Wei et al., 2022c).
In a way, we can distinguish these two situations based on whether the source of information was
“external” or “internal” to the model, i.e., whether the information source is non-parametric or
parametric respectively, similar to our structuring of formal scaffolds.

Providing textual information to NLP systems grounded in external knowledge stores has seen
promise on several tasks. These approaches range from extracting free-text explanations from an
external knowledge base for NLI and commonsense QA (Schuff et al., 2021; Majumder et al.,
2022; Chen et al., 2020, 2021a; Ghosal et al., 2023), to retrieving relevant text for open-domain
QA (Lewis et al., 2020; Izacard and Grave, 2021), dialogue understanding (Feng et al., 2021),
reading comprehension (Thai et al., 2023), summarization (Cao et al., 2018), and translation
(Khandelwal et al., 2020), to querying a larger LLM for relevant information that is subsequently
used for model distillation (Hsieh et al., 2023).

In a complementary light, large-scale pretraining enables language models to encode in-
formation about the world in their parameters (Petroni et al., 2019; Zhang et al.; Wang et al.,
2021a; Singhal et al., 2023). Consequently, as an alternate to retrieval or extraction, prior work
investigates how one can generate relevant information which serves as an auxiliary input for
downstream tasks. A commonplace example is to generate natural language “rationales” or
“explanations” for NLU tasks like entailment or reasoning (Wiegreffe et al., 2021; Kumar and
Talukdar, 2020; Rajani et al., 2019). Another line of research that has sparked wide interest is
the ability of LLMs to self-rationalize about the task in a zero-shot or few-shot setting through
speci ¢ prompt designs such as chain-of-thought prompting (Wei et al., 2022b; Zelikman et al.,
2022; Zhou et al., 2023a), or using the generated outputs to re ne their predictions (Madaan et al.,
2024), to align themselves to unseen tasks (Wang et al., 2023c), or improve the faithfulness and
consistency of their outputs (Huang et al., 2023; Wang et al., 2022b)

We thus see several use-cases of informal scaffolds such as facilitating commonsense and
social reasoning (Zelikman et al., 2022; Majumder et al., 2022), explaining the predictions of
neural models (Wiegreffe et al., 2021; Jayaram and Allaway, 2021; Zaidan et al., 2007), assisting
humans in their tasks (Das and Chernova, 2020; Joshi et al., 2023), and even contributing to OOD
generalization of models(Majumder et al., 2022; Xiong et al., 2023b; Joshi et al., 2022).

Building upon this foundation, we approach informal scaffolds or rationales through a under-
explored lens: the elicited verbalization of social meaning in a conversation, which makes explicit
the underlying social signals and helps overcome some limitations of static text like omission
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of communicative intent (Sap et al., 2022). We make a distinction from prior works on social
reasoning (Rao et al., 2023; Sap et al., 2020a) which uses rationales as means of contextualizing a
task with preconceived social norms, whereas we use rationales to elicit the implicit intentions
and assumptions of the speaker.

The remainder of this subsection hones into the role of social meaning in NLP and how
rationales can help facilitate generalization of social meaning, both across domains and across
tasks in Chapters 8 and 9 respectively.

2.2.1 Social Meaning Detection tasks in NLP

According to sociologist Erving Goffman (Goffman, 2002) language conveys two forms of “social
meaning”, namely, one that ggvenor intentional, and one that given off or unintentional, often
thought of as “reading between the lines”. The former embodies the idea of linguistic agency, the
deliberate choices people make to protect their identity (Gee, 2014) or to accomplish social goals
(Martin and Rose, 2003). The latter encompasses involuntary cues which signals their disposition,
like mental illness (Kayi et al., 2017; Algahtani et al., 2022), personality (Mairesse et al., 2006;
Moreno et al., 2021), attitude (Martin and White, 2003), or emotion (Hazarika et al., 2018).

Social meaning is thus de ned as the signaling people do during interactions to maintain
positioning in terms of identity and relationship (e.g., practices of signaling are de ned in detail
in Gee (2014), with additional operationalizations in Martin and White (2003) and Meyerhoff
(2019)). While originally de ned in the context of socio-linguistics, the term “social meaning” has
been heavily used in the computational linguistics community. It can refer to different interactional
styles in spoken conversations (Jurafsky et al., 2009), the social background and identity of a
user that can be predicated from linguistic variation (Nguyen et al., 2021a), or the meaning that
emerges through human interaction on social media in the form of emotion, sarcasm, irony and
the like (Zhang and Abdul-Mageed, 2022).

Given the myraid de nitions, we use “social meaning” as an umbrella term to refer to tasks
that infer the intentions of the users or their characteristics in a social setting. Some instances of
social meaning we explore in our thesis include identifying (i) strategies to resist persuasion (Dutt
et al., 2021), (ii) formulations of politeness (Dutt et al., 2020b), (iii) emotions and empathetic
exchanges expressed in conversations (Sharma et al., 2020; Busso et al., 2008), (iv) negotiation and
persuasive attempts (Wang et al., 2019b; He et al., 2018b; Chawla et al., 2021), (v) argumentative
strategies (Jo et al., 2020), and (vi) implicit forms of hate speech (EISherief et al., 2021; Breitfeller
et al., 2019). We contextualize the tasks of social meaning detection in conversational exchanges
and why generalization for dialogue tasks remains particularly challenging.

2.2.2 Generalization in Dialogue

Generalization in the context of dialogue tasks is challenging because interactions are typically
structured to accomplish a task rather than simply conveying information. Such a task-centered
organization enables participants to rely heavily on implicit cues by omitting information they
know to be shared among all participants (Dutt et al., 2024).

Mehri (2022) outlines different types of generalization imperative for dialogue. These include
(i) new inputs arising from covariate shift or stylistic variation (Khosla and Gangadharaiah, 2022),
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(i) new problems in dialogue modeling such as evaluation and response generation (Peng et al.,
2020a), (iii) new outputs and schemas corresponding to out-of-domain shift (Larson et al., 2019)
and (iv) new tasks such as controlled generation or fact veri cation (Gupta et al., 2022).

Politeness is a good example of a social meaning where work on generalizability has been
frequent, and in fact, the theory itself was designed with the intention of generalizability (Brown
et al., 1987). This particular theory has been operationalized computationally using a wide variety
of approaches as the eld has evolved (Danescu-Niculescu-Mizil et al., 2013; Li et al., 2020;
Dutt et al., 2020a). In practice, generalizability is still challenging (Khan et al., 2023b), because
the features that garner the most in uence within trained models tend to domain-speci c or the
relatively infrequent, strongly overt forms of politeness.

Another notable work on transfer for social meaning detection is that of Hazarika et al. (2021)
where they designed a hierarchical dialogue model, pretrained on multi-turn conversations and
subsequently adapted for emotion classi cation. Previous work on few-shot generalization in
dialogue has bene ted from large-scale multitask pretraining (Wu et al., 2020; Peng et al., 2021,
Hosseini-Asl et al., 2020) or instruction tuning (Gupta et al., 2022; Wang et al., 2025; Sanh et al.;
Wang et al., 2022c). In this thesis, we propose an ef cient solution that uses the underlying
social cues in a dialogue as augmentations to unify multiple tasks without the need for large-scale
pretraining.

2.3 Generalization Research through the lens of NLP

Recent years have withessed a tremendous interest in generalization research in the language
technologies community, with a marked distinction from how generalization research is distinct
and complementary from other elds like machine learning or computer vision. In this section, we
brie y touch upon the advancements in NLP generalization by drawing on past work and surveys
conducted in the eld in recent times.

The most seminal work we explore is that of Hupkes et al. (2023) where the authors design
a thorough and meticulous taxonomy of generalization research in the context of NLP. The
taxonomy, rooted in a extensive literature review, investigates generalization research across
ve key axes based upon the main motivation for carrying out the research, the type or kind
of generalization that is being investigated, the type of data shift that is characteristic of the
generalization, the source of this data shift, and the locus of the shift in the modelling pipeline. We
defer the reader to the original paper for a comprehensive overview of each aspect. While this work
presents a comprehensive taxonomy of how researchers can summarize their own generalization
research, it does not inspect deeper into the categorization of the generalization/adaptation
methods.

As a complementary line of work, we present a hierarchy of adaptation methods common
in NLP domain. We start off with the unsupervised domain adaptation strategies proposed by
(Ramponi and Plank, 2020) which were expanded in a follow-up work of Naik et al. (2022).
The updated framework organizes the adaptation methods into (i) model-centric which perform
adaptation by modifying the model architecture such as feature augmentation (Blitzer et al., 2006;
Daune Ill, 2007) or loss augmentation (Ruder, 2017; Zhang et al., 2017), (ii) data-centric which
carries out adaptation by leveraging additional labelled or unlabelled data in the source or target
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domain such as pretraining (Gururangan et al., 2020; Devlin et al., 2019a) or psuedolabeling
(Nishida and Matsumoto, 2022; Chen et al., 2021b) and (iii) hybrid strategies which perform
a combination of both such as instance weighting (Chen et al., 2021c; Jiang and Zhai, 2007)
and data selection (Swayamdipta et al., 2020; Attendu and Corbeil, 2023; van der Wees et al.,
2017) and hence is a separate category. The main objective of this work was to highlight how
prevalent unsupervised domain adaptation techniques were concentrated for a few speci ¢ NLP
tasks leaving the long-tail problem unaddressed.

With the prevalence of massive scale pretraining and development of LLMSs, there has been
a gradual shift in paradigm in moving towards a task-agnostic set-up where several tasks are
uni ed into a single sequence2sequence paradigm. The consequence of scale also led to the
popularization of parameter ef cient ne-tuning approaches (PEFT) where instead of full-model
training, only a subset of it was modi ed such as adapters, (Houlsby et al., 2019a; Liu et al.,
2022a), low-rank adaptation (Hu et al., 2021a; Dettmers et al., 2024), and pre x-tuning (Li and
Liang, 2021; Xu et al., 2021). In a similar vein, prompt-tuning or in-context learning approaches
where a prompt, is tuned in a zero-shot/ few-shot setting to adapt to the particular task has also
gained popularity (Gu et al., 2022b; Hambardzumyan et al., 2021; Vu et al., 2022; Lester et al.,
2021; Jin et al., 2022).

There has also been an interest in characterizing the transferability for different NLP tasks
in different settings. Recent work in this space investigates how to select better source tasks for
multi-task NLP (Kim et al., 2023; Albalak et al., 2022), what intermediate tasks to ne-tune on
(Poth et al., 2021; Pruksachatkun et al., 2020), and whether and how such cross-task generalization
ability can be acquired (Ye et al., 2021a). There has also been a keen interest in measuring and
characterizing domain robustness (Calderon et al., 2023) and how the difference in performance
across domains can be attributed to the choice of the target rather than the source. Similarly, for
robustness generalizatipmany papers have proposed adversarial attacks to perturb the input
to fool the model. These attacks can be white-box (Ebrahimi et al., 2018), i.e., the attacker has
access to the model parameters or not (black-box (Jin et al., 2020), see Goyal et al. (2023) for a
survey).

We thus emphasize the rich history of generalization research in NLP, and how we aim to
carry it forward. In this dissertation we emphasize the importance of task-speci ¢ scaffolds and
its role in different kinds of generalization in NLP.
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Chapter 3

Formal Scaffolds: Tasks and Datasets

3.1 Introduction and Organization

We de ne formal scaffolds as structured frameworks that anchor the textual information to a
prede ned formal representation which can be either ontological sources external to the text
(e.g. knowledge bases or taxonomies) or internal linguistic formalisms (e.g., syntax or semantic
parses). Subsequently, these frameworks enrich the text with factual information and help in
information extraction tasks such as named-entity recognition, question answering, and relation
extraction. We explore three main tasks in our thesis pertaining to formal scaffolds. These
include relation extraction (RE), information extraction over knowledge graphs (KGQA), and
isomorphism prediction for question answering over knowledge bases (KBQA). We provide a
detailed overview of how the chapter is organized as follows below.

Section 3.2 introduces the task of relation extraction (RE) or identifying the relationship
between a pair of entity mentions in the text. We explore two different sub-tasks of RE that
corresponds to different generalization dimensions. These include (i) cross-domain generalization
across different categories of procedural text (Section 3.2.1) and (ii) cross-lingual relation extrac-
tion over Wikipedia articles for different languages (Section 3.2.2). For each of these sub-tasks,
we provide an illustrative example(s) and outline the datasets used to operationalize the task. We
also describe the linguistic frameworks that serve as our formal scaffolds and the motivation
behind the same.

Likewise, Section 3.3 deals with the task of question answering or information extraction over
structured knowledge sources, i.e. knowledge bases (KB) and knowledge graphs (KG). While we
use the terms, KB and KG, interchangeably, we do explore two distinct paradigms of carrying
out QA over structured knowledge stores. This chapter serves to formalize the two paradigms,
and describes the associated generalization challenges, the datasets employed, as well as the
motivation for the choice of the scaffold for each paradigm.

The former is an information retrieval paradigm where we extract the answer directly from
the knowledge graph (Section 3.3.1). We speci cally explore the generalization set-up where
the inference-time KG consists of new entities whose representations were not available during
training. We use the explicit graph structure as scaffolds, to represent the unseen entities in this
setup. The second paradigm involves semantic parsing, where QA is carried out by translating
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the natural language into an programmable query which is executed over the KB to generate
the answers (Section 3.3.2). The generalization setup involves operating over new classes or
relations (not merely new entities) which were not seen during training. Subsequently, we explore
isomorphisms, i.e. abstractions of the logical query, as potential scaffolds for this paradigm.

3.2 Relation Extraction

The goal of relation extraction (RE) is to detect and classify the relation between speci ed entities
in a text according to some prede ned schema. We present a detailed account of past work in this
space in Chapter 2. In this section, we speci cally discuss the two kinds of relation extraction
tasks for which we show the utility of linguistic frameworks as formal scaffolds. These include
relation extraction over procedural text and multi-lingual relation extraction.

3.2.1 Relation Extraction over Procedural Text

Figure 3.1: An example of a procedural text with the corresponding narrative ow graph. The

green ovals (i.e. mix and heat) refer to the events, the entities in yellow circles refer to the
participants of the action (i.e. eggs, milk, and our), while the entities in blue diamonds refer to

the location of the action, i.e. bowl and oven for the events mix and heat respectively.

A procedural text instructs the audience on how to complete a speci c task. For example, a
simple cooking recipe such as “Gently mix eggs, milk and our in a bowl. Heat the mixture in an
oven” is an example of a valid procedural text. Since the instructions have a clear chronological
order in which they need to be carried out, procedural texts are often be represented as narrative
ow graphs (Jiang et al., 2020; Yamakata et al., 2020a). We present an example of a narrative
ow graph corresponding to the aforementioned cooking instruction below. The events or actions
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are represented as ovals, the entities are represented as circles or diamonds, while the arrows
connecting these events/entities represent the relation between them.

We choose relation extraction over procedural text as the task of interest becausenplittie
schemasfforded by procedural text. Across domains, the datasets chosen describe the process
of combining ingredients under certain conditions in a sequential fashion to produce a desired
product. These range from preparing a cooking recipe to synthesizing a chemical compound to
extracting materials from ores. As a result, the relations that we derive from each dataset share a
loose semantic correspondenbeth to each other and to basic semantic relations such as verb
arguments and locations. For example, the actions “boil” and “heat” in “Boil the mixture in a
medium saucepan” and “Heat the solvent in the crucible” are similar.

We use linguistic frameworks as scaffolds for the task of relation extraction because we
hypothesize that the underlying semantics of different datasets are similar enough that models
should be able to better generalize across domains from the explicit inclusion of syntactic and
semantic structural features. We operate over three datasets across two domains, where each
dataset de nes the task of generating a comprehensive, descriptive graph representation of a
procedure. We thus simplify this task into relation extraction in order to better compare the impact
of different linguistic formalisms.

Dataset Documents # Relations Labels Label Distribution

RISeC 260 7,591 11
EFGC 300 15,681 13
MSCorpus 230 18,399 11

Table 3.1: Dataset Statistics. The label distribution column visualizes sorted frequencies of labels
in each dataset.

Additionally, we hypothesize that linguistic structures offer an abstraction over the way natural
language varies over different domains, providing representations that might express meaning
in domain-general ways. We therefore investigate whether including linguistic representations
encourages learning domain-agnostic representations of relations such that models can generalize
better in a few-shot setting, i.e. learning from less high-quality dataein domains We
now discuss the datasets and the linguistic frameworks we explore for relation extraction over
procedural text, both in an in-domain and transfer setting.

Datasets

We consider three datasets across two different domains for this transfer: cooking and materials
science procedures. Our cooking datasets are the RISeC (Jiang et al., 2020) and English Recipe
Flow Graph (EFGC) (Yamakata et al., 2020b) corpora, and we introduce a much wider domain gap
with the Materials Science Procedural Text Corpus (MSCorpus) from Mysore et al. (2019). We
do not standardize labels across datasets; we retain the original labels from each dataset, though
we combine some relations in MSCorpus to make it more comparable to the other datasets (see
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below for details). Summary statistics for each dataset (including for the de nition of "relation”)
are shown in Table 3.1, and we describe salient features for each of our datasets below. Notably,
all three of our datasets exhibit a high degree of concentration in their label distributions, with
infrequent classes being found sometimes as much as B33 than the most frequent classes.

The RISeC dataset is the most explicitly aligned with existing semantic frameworks: the
authors build upon Propbank (Kingsbury and Palmer, 2002), which is also the framework that
underlies AMR. However, because the relations in the dataset do not correspond strictly to verbal
frames, relations use Propbank roles, rather than numbered arguments. Additionally, while these
relations arenspiredby Propbank, the authors' de nitions of the labels do not always correspond
to Propbank’s, rendering this correspondence somewhat loose.

The EFGC dataset takes a more domain-speci ¢ approach, and de nes a labeling schema
specialized for cooking, including coreference relations segmented by whether the coreferent
entities are tools, foods, or actions. Many of the descriptors of actions that are given explicit labels
in RISeC such as temporal relations and descriptions of manner, are collapsed into a single class
in this dataset, with the authors choosing to focus on physical components, their amounts, and
operational relationships.

TheMSCorpus dataset splits its relations into three categories: relations between operations
and entities, relations between entities, and one relation indicating the ow of operations. MSCor-
pus de nes a rich set of relations between entites, which is atypical for the other datasets. We
thus combine some of these labels to bring MSCorpus into alignment with the other annotation
schemas.

We refer the readers to the original papers for the de nition of the relations used in this work.

Linguistic Frameworks

Figure 3.2: AMR for the sentence “Gently mix eggs, milk and our in a bowl.”

We explore the role of linguistic frameworks as augmentations to the text on the task of
relation extraction. We speci cally focus on automatically generated linguistic annotations, to
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Figure 3.3: Dependency parse for the sentence “Gently mix eggs, milk and our in a bowl.”

evaluate their impact on downstream task without expensive human annotation of parse data. We
thus compare and contrast two linguistic formalisms, i.e. to evaluate and compare their impact on
the task: dependency parses, and abstract meaning representations (AMR).

AMR or semantic parsing (Banarescu et al., 2013) seeks to represent meaning at the level of
a sentence in the form of a rooted, directed graph. AMR is based on Propbank (Kingsbury and
Palmer, 2002), and factors out syntactic transformations due to verb alternations, passivization,
and relativization, leading to a less sparse expression of textual variance. Dependency parsing,
by contrast, remains at a low level of abstraction, with structures that do not nest outside of the
words in the original text. We illustrate the distinction between AMR and dependency parse for
the sentence “Gently mix eggs, milk and our in a bow!” in Figures 3.2 and 3.3 respectively.

3.2.2 Multilingual Relation Extraction

The task of multilingual relation extraction (MLRE), involves identifying the nature of the
relationship between two annotated entity spans in a multi-lingual text document. Subsequently,
in the context of generalization or transfer, we investigate whether a given RE system achieves
similar transfer performance on a target language as on the original source language, and whether
linguistic frameworks can act as effective scaffolds to facilitate transfer across languages. MLRE
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Figure 3.4: Examples of MLRE in different languages

as atask thus serves as a contrast to RE over procedural text since MLRE focuses on generalization
across languages while the latter emphasizes generalization across domains. We present examples
of MLRE in the Figure 3.4.

Datasets:We conduct our experiments for MLRE on two datasets i.e. IndoRE and REDFM. We
present initial statistics for the datasets in Table 3.2.

* IndoRE (Nag et al., 2021):The IndoRE dataset covers a diverse and rich set of entity and
relation annotated sentences in three low resource Indian languages — Bengali (bn), Hindi
(hi) and Telugu (te). To study protocols for transferring RE capability across languages, it
also has labeled RE instances in english (en) as an example of a resource-high language.
The dataset consists of 32,610 sentences combining all four languages from Wikidata where
each language contains 51 unique relations. Out of these languages, we exclude Bengali
from our experiments because the dependency parsers' inability to parse the language.

* REDFM (Huguet Cabot et al., 2023): The REDFM dataset consists of RE examples in

7 languages. These languages include English (en), Arabic (ar), Spanish (es), German
(de), ltalian (it), French (fr), and Chinese (zh), which are hand-annotated. There are a total
of about 15,400 examples in the dataset with a total of 32 types of relations. We use the
languages en, es, de, it, and fr for training (i.e. source languages), and all the 7 languages
for testing in a zero-shot setting (i.e. target languages). We exclude Arabic and Chinese as
source language due to the unavailability of a training split in the REDFM dataset. We use
the train/validation/test splits as in the original paper.

Linguistic Frameworks We choose dependency parses as our choice of linguistic framework
for MLRE. We experiment with Trankit (Nguyen et al., 2021b) and Stanza (Qi et al., 2020a)
dependency parsers for both datasets across all languages. We did not explore semantic parses
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Language #Sentences #Relations

IndoRE
English (en) 8486 51
Hindi (hi) 6963 51
Telugu (te) 8154 51
REDFM
English (en) 10899 32
Spanish (es) 6538 32
French (fr) 7383 32
Italian (it) 6812 32
German (de) 7497 32
Arabic (ar) 1846 32
Chinese (zh) 1384 32

Table 3.2: Statistics for IndoRE and RedFM Datasets in terms of the number of sentences
and relations. It is to be noted that the ar and zh languages for REDFM is used only for
evaluation/inference.

due to the unavailability of AMR parsers for certain low-resource languages.

3.3 Question Answering over structured knowledge sources

The task of question answering over knowledge graphs (KGQA) or knowledge bases (KBQA)
involves extracting or generating responses for a natural language query that is contextualized
(restricted) to a situated knowledge store or database.

Formally, a knowledge base or a KB (Gu et al., 2021; Dutt et al., 2023) is de ned mathe-
matically asK = (O; M ), whereO de nes the ontology of the KB anill speci es the set of
relational facts present iK on the basis 0©. The ontology is a subset of all possible relations
R that can exists between two classes, which are denot&€l.byO C R C . Likewise,
the set of facts is representedMs E R (LIE[C ), whereE andL denote the set of
possible entities and literals respectively.

Likewise, as de ned in Dutt et al. (2022), a knowledge graph is a speci ¢ subcase of a KB
where the data is organized in the form of a triple store or heterogeneous graph, with nodes
representing entities and edges corresponding to relations between the entities. Formally a KG
is represented ds = (E; F;R), whereE is the set of entitieRR is the set of relations, arfé
is the set of triplets(e;;r;e;), e;, 2 E,andr 2R . Thusk  (E R E ). Given a natural
language questiog, the objective of KGQA is to retrieve answer entities fr&mn

The two common approaches for KBQA/KGQA as shown in Figure 3.5 include (i) an Infor-
mation Retrieval (IR) based approach where the nal answer is extracted from the corresponding
knowledge graph (KG), and (ii) a Semantic Parsing (SP) based approach where the natural lan-
guage query is converted into an equivalent logical form (such as s-expression or SPARQL query)
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that is executed over the KB to generate the answer. We explore both information-retrieval and
semantic-parsing based approaches for QA over structured knowledge stores in this thesis.

Figure 3.5: An illustration of different techniques for KBQA taken from Lan et al. (2022). These
include both semantic parsing (SP) based methods where the objective is to convert a question
into an equivalent logical form like SPARQL, and information retrieval (IR) based methods where
the objective is to extract the answer given the corresponding question-speci ¢ graph.

3.3.1 PERKGQA : Question Answering over Personalized Knowledge Graphs

Motivation

Prior studies on KGQA have typically operated over a single knowledge graph (KG). This KG is
assumed to be known a priori and is leveraged similarly for all users' queries during inference.
Such an assumption is not applicable to real-world settings, such as healthcare, where one needs
to handle queries of new users over unseen KGs during inference, especially for user's queries
that require situated knowledge such as personal information. Leveraging a single global KG for
users' queries introduces the following concerns.

 Scalability: The massive size of the global KG makes it computationally expensive to
apply sophisticated neural architectures over it.

* Privacy: The unfettered access to information of all individuals raises ethical or legal
concerns.

We thus propose the task of question answering over knowledge graphs in a personalized
setting, which we ternPERKGQA. In such a setting, for a given user, the system has access
to the speci ¢ knowledge graphs that contains information only relevant to the user. We are
only restricted to the user's KG to answer only their queries both during training and inference.
PERKGQA thus exhibits departure from prior KGQA research which has focused more on
generalizable or generic knowledge, i.e. involves reasoning over all possible users' information.

PERKGQA appears deceivingly simple in conception since we afford access to a subset of the
larger global KG. One can claim that our setting is similar to the KGQA subtask where subgraphs
and questions are prede ned, and thus, traditional KGQA methods are applicable. However,
information retrieval based KGQA methods employ knowledge graph completion techniques like
Transk (Bordes et al., 2013) to learn node representations over the global KG and reuse them
during inference. Alternately, other approaches leverage additional information such as semantic
parses, logical forms, and query graphs to answer queries.
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This setPERKG QA apart because we lack access to any prior information, be it text, semantic
parses, or prior representations of KG nodes. Our setting requires learning node representations
from scratch for each KG to handle unknown entities during inference. Moreover, other challenges
prevalent in KGQA settings, namely multi-hop reasoning or answering complex/constraint-based
guestions, are also applicableReRKGQA. To the best of our knowledge, we are the rst to
address the challenges of KGQA over unseen KGs in the absence of any additional information.

Task Formulation

A KG is de ned mathematically aK = ( E; F ; R), whereE is the set of entitieRR is the set of

relations, andr is the set of triplets, while the objective of information-retrieval based KGQA is

to retrieve answer entities froBfor a natural language questignFor PERKGQA, we treat

each question as posed by a separate user, and each question is associated with its corresponding
knowledge graphKq. A givenK, has a subset of nodds, and relationsR ;. Two knowledge
graphsKy andK, associated with questiomsandq can have a varying degree of overlap, even

being distinctly different.

Figure 3.6:PERKGQA for a cloud service provider setting. The two users (in blue and red)
create cloud resources (in yellow) in speci c regions (in orange), and deploy servic&hadttpot

service or Analytics(in purple) on them. The users assign customized tags (in green) to the
resources. Each user has their unique KG. The system should scale to support queries of new
users over unseen KGs without any retraining or additional knowledge.

Running Example

We now demonstrate the applicability BERKGQA for a cloud service provider (e.g. Microsoft
Azure) in Figure 3.6. Here, users (blue and red) can create cloud resources (yellow), and index
them using a unique system identi er. These resources have a corresponding user-speci ¢ tag
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(green), are located in a speci c region (orange), and have prede ned services deployed on them
(purple). The entire system can be envisioned as a knowledge graph (CloudKG) where nodes
represent concepts (users and services), and edges de ne the relations between concepts. Due to
con dentiality, user names are replaced with anonymous identi ers, while concept and relation
names in CloudKG are modi ed. The underlying schema is unchanged.

Deploying a chatbot-based assistant that performs QA over CloudKG would facilitate use,
especially by novice users. It would enable users to navigate the system and glean information by
posing natural language questions. In Figure 3.6, when User 101 asks “Which resources have
nip-serv and demd tags?”, the system is expected to answer_ Tees3”. We refer to Figure
3.6 as a running example in subsequent sections. As new users become a part of CloudKG, the
QA system should accommodate their requests over the corresponding KG without any training.
KGQA approaches that operate upon the entire CloudKG would be computationally infeasible
due to the massive size of the user-baseMoreover, the approach should be privacy-preserving
wherein a given user's information is not revealed to another.

Datasets

We explore two distinct datasets; an internal dataset, CloudKGQA, built on top of CloudKG, and
an academic dataset called Mod-WebQSP designed to mimRERIEG QA setting. An instance

in either dataset follows the same task formulation as described earlier, namely, for each question
g, there exists a corresponding Kg, which contains all the necessary information. Also, each
questionqg is associated with one or more source entities; these correspond to node& in the
linked through salient mentions of entitiesgnE.g., the source entity for, “Who was responsible

for Lincoln's assassination?” is the node corresponding to Abraham Lincoln.

CloudKGQA: The internal dataset, which we refer to as CloudKGQA, entails question-answering

of a customer's queries on their respective cloud resources. We refer the readers to Figure 3.6 as
we present examples that outline the key characteristics of CloudKGQA. Due to con dentiality, all
customer examples in this paper are composed by the authors while explaining the characteristics
of our data.

* Multiple Answers: A question can have one or more correct answers.

* Varying Complexity: A question can either be simple or complex.

(i) Simple: The question can be answered by a single-hop relation, e.g. “Which resource
has the tag nlserv?”

(i) Complex : The question involves logical operations like union or intersection, e.g.“Show
me resources in US and India” or contains multiple constraints, e.g. “Which resource has the
TTS and MongoDB service and is located in US?” has three constraints, TTS, MongoDB,
and US.

* Multi-Hop distance: The distance between the source entities and the answers is variable
(e.g., the number of hops for “Show me tags for resources in US” is 2 in Figure 3.6).

* Variable graph size: The size of the KG varies in terms of the number of nodes, edges,
and relations for each question.

Uhttps://www.statista.com/statistics/321215/global-consumer-cloud-computing-users/

33



* Unseen nodes:Nodes that appear in the KG during inference might not be seen while
training.

Mod-WebQSP or Modi ed WebQSP: We mimic our setting on the publicly-available WebQSP
dataset (Yih et al., 2016), which operates on the FreebaséBG?. We use the pruned version

of the dataset provided by Saxena et al. (2020). To completely mimic our setting, we construct a
graphF B 4 associated with each questiqmvith the caveat that a signi cant fraction of nodes we
encounter during inference are not observed during training.

Each question is associated with a source entity as noted in the dataset of Saxena et al. (2020).
The question's corresponding KG, comprises all nodes, a distance of k-hop from the source entity,
where K is the shortest distance between the source and the answer. We limit ourselves to k=2
similar to Saxena et al. (2020). Furthermore, to constrain the sig&gf we randomly sample
1000 paths at a k-hop distance from the source entity; these are inclusive of all paths that lead
from the source to an answer.

We observe a small fraction of questions $%), which have 100 answers; these correspond
to simple 1-hop questions lik&Vhat did Roald Dahl write?’, or “Who are famous people from
Spain?”. We remove such questions to constrain the size of the KG. Since, our objective was to
retrieve all possible answers in the KG for a given question, there are no missing answers in the
KG corresponding to the question in the Mod-WebQSP.

To achieve low overlap between nodes we encountered during training and inference, we
modify them by assigning new identi ers. For example, a node, “m.0gzh” corresponding to
“Abraham Lincoln”, was modi ed to KG _i_m.0gzh” and KG _j_m.0gzh” for questiong and
G intheir respective KG, i.eEB 4 andFB, . Although these nodes have the same underlying
entity name in the original KG; B, their node representations are different in these two questions.
We rank all relations i B, based on the decreasing order of frequency, and chose the top 39
relations that occur in 95% of all triplets B . We modify only those nodes which are associated
with these 39 relations.

We added the graph-identi ers to the most frequent relations to ensure a small degree of
overlap between the training and the test sets, similar to the CloudKGQA dataset, where certain
entities were universal like names of regions (India, USA). Our modi cation achieves a low
overlap of 4.0% between entities across training and test splits, implying that 96% of entities
remain unseen.

Dataset Comparison: We present the descriptive statistics of the two datasets in Table 3.3
corresponding to the mean number of nodes, edges, relations, answers, and hops for a KG. We
also depict the degree of overlap between nodes in training and test splits. The number of instances
in CloudKGQA and Mod-WebQSP are 800 and 4468, respectively. Moreover, we split the data
into train, development, and test for both datasets in the ratio of 8:1:1.

We observe that CloudKGQA is comparatively smaller in size, had signi cantly fewer relations,
but had longer reasoning chains. Moreover, CloudKGQA had more complex questions in terms
of logical operations and multiple-constraints. Speci cally, CloudKGQA had one or more source
entities for each question, whereas Mod-WebQSP had only one source entity. The KGs in
CloudKGQA had a similar underlying schema; different KGs had the same set of relations but
different entities. However, the questions in the test data had distinct question templates from

2https://developers.google.com/freebase/data
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those during training, as seen in Figure 5.1. The Mod-WebQSP dataset, on the other hand, had
KGs with different relations, but questions in the test data were similar to those asked during
training. We chose these two datasets because they capture two different scenarios.

Dataset | CloudKGQA | Mod-WebQSP
Nodes 23.39 518.21
Edges 35.59 1334.10
Relations 8.00 36.20
Answers 1.99 4,94
Hops 1.75 1.36
Overlap 3.21% 4.01%

Table 3.3: An overview of the statistics of the two datasets, CloudKGQA and Mod-WebQSP. We
present the mean number of nodes, edges, relations, answers, and hops, and the overlap between
nodes during test and train.

Scaffolds

We propose techniques to tackle the nuanced challengesriMGQA. We leverage the internal
structure of a new or unseen knowledge graph and the path information between the source nodes
and answers as scaffolds to prevent reliance on learning node representations of the graph apriori,
and enables us to generalize over unseen KGs for new users. We investigate the utility of these
scaffolds in detail in Chapter 5.

3.3.2 IsoKBQA: Isomorphisms for zero-shot generalization in KBQA

The rest of the chapter focuses on the role of graph isomorphisms in investigating and facilitating
KBQA generalization and is organized as follows. We rst characterize different levels of
generalization for KBQA based on what KB schema elements are seen during training versus
inference. We then propose the idea of graph isomorphisms to characterize the complexity of a
given KBQA question irrespective of its generalization level. We highlight how popular KBQA
datasets exhibit a strong distribution bias towards simple isomorphisms, prompting us to create a
more challenging benchmark to evaluate the prowess of KBQA systems. We also discuss how
isomorphisms could serve as scaffolds to facilitate KBQA generalization by making the search
space tractable. However, this requires us to predict the isomorphism category accurately to
ensure practical utility. The rest of the chapter then discusses how to formulate the isomorphism
prediction task and the datasets on which the task is realized.

Zero-shot generalization in KBQA

Semantic parsing based approaches translate the natural language query (q) into a corresponding
logical form (L). This logical form is executed over the KB to yield an answer. The logical form
is composed of the following elements; (i) the classes and relations that constitute the schema of
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this L, (ii) the way these schema elements and operations are arranged in the form of a template
l.e. Tq and (iii) the instantiation of the classes and relations in the query. Subsequently, based
on the elements that comprise this logical form, we can extend the generalization capabilities of
KBQA systems.

We explore the generalization capabilities of KBQA systems beyond the i.i.d setting, where
one might encounter unseen entities or KBs during inference, but still operate over the same
schema items such as in tReRKGQA setting. This challenging “zero-shot generalization”
setting requires operating over schema items such as classes and relations that were unobserved
during training. Formally, Gu et al. (2021) proposed a hierarchical view of generalization in
KBQA, going from i.i.d. to compositional to zero-shot generalization. The three levels of
generalization are based on how the sch&pand logical templat&, for a questiory differs
from the set of all possible schema items and templates seen during traini@gheand Tiain
respectively. We provide a pictoral representation of this hierarchical organization here in Figure
3.7.

Figure 3.7: The three levels of generalization in KBQA as referenced in the paper of Gu et al.
(2021).

(i) 1.I.D. generalization occurs Whedy S yain andTy 2 Tyain -

(i) Compositionalgeneralization occurs Whe8y S ain butTy 2 Tyain . Thus the questions
operate upon a subset of schema items seen during training but they have new templates.

(iif) Zero Shotgeneralization occurs whéls 2 S, such thas ZSy,, . Thus the questions
operate upon novel schemas, mostly new classes and relations that were not encountered during
training.

Beyond the generalization levels, we propose a technique to categorize the different kinds of
logical forms for KBQA using the concept of isomorphisms.

Isomorphisms

Each logical formL, has an equivalent graphical notati®, where the set of verticeg,
correspond to the different constrainks () and classe€in theL , while edge<, represents

the relationR presentinL,. This notation is similar to the design of query-graphs (Lan and
Jiang, 2020) but where the operations (aggregation or comparative) do not have any specialized
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vertices. We however denote one of the verticeg;ithat correspond to the answersfagand
call it the root. The nodes corresponding to the root and the constraints are denoted in green and
red respectively in Figure 3.8.

We say two logical forms for questiogsandg belong to the same isomorphism category,
iff their equivalent graph&; andG, are isomorphic. Subsequently, two gra@gsandG,; are
isomorphic iff there exists a mapping functionfrom V;, toV;, such thaBm; n nodes inv; , that
correspond to an edge @&, i.e(m;n) 2 Eq , the mapping of the nodes should also correspond
to an edge in; or,( (m); (n)) 2 E, . This mapping is bijective. Furthermore the roots in the
two graphs also share the same mappingAg.= (Ag).

Isomorphisms describe how the constraints in the query graph are connected to the root (or
the answer). It obfuscates any speci ¢ information such as the name of the entities or classes in
the graph. They provide a uni ed way to characterize a query graph (and subsequently a logical
form) based on the number of constraints, and the number of hops required to reach the answer
from said constraints. For example, in Figure 3.8, the green Tea node corresponds to Ans while
the red constraint nodes, Fujian and White tea, corresponds to E1 and E2 respectively. Thus the
given logical form is an instance of I1so-2. The distribution of isomorphisms spanning all datasets
appears in Table 3.4.

While the notion of isomorphisms is similar in concept to the idea of reasoning paths (Das et al.,
2022) or semantic structures (Li and Ji, 2022), we use the generic de nition of “isomorphisms” to
take into account that these isomorphisms can also be cyclic. For example, in Table 3.4, we note
instances of isomorphisms (Clso-0 to Clso-4) where at least one cycle is present.

Isomorphism distribution in pre-existing KBQA datasets.

The most salient work in the space of zero-shot generalization is that of Gu et al. (2021). The
authors created GrailQA, a dataset to benchmark the different levels of generalizability of KBQA
models. This dataset has garnered signi cant research interest with state-of-the-art KBQA models
(Ye etal., 2021b; Yu et al., 2022a; Gu and Su, 2022; Shu et al., 2022; Liu et al., 2022c) achieving
remarkable performance on the leaderboard, speci cally on the zero-shot s&tting.

However, a closer inspection of the GrailQA dataset reveals that it is biased towards simpler
isomorphisms. We rst categorize the questions in GrailQA according to the isomorphism type of
the corresponding logical form. We refer to isomorphisms with fewer than 3 relations as simple
and the rest as complex isomorphisms. The simple isomorphisms for the remainder of the chapter
are 1so0-0,1,2. We show the distribution of the isomorphisms in the zero-shot development data of
GrailQA in Table 3.5. A similar tale holds for the other KBQA datasets as we see in Table 3.4.

We observe that the simple isomorphisms (Iso-0, 1, 2) comprise more than 97% of all zero-
shot examples in the development set. A similar story holds true for the train set where 95%
of all isomorphisms belong to these three classes (See Table 3.4). We hypothesize that this
skewness could exaggerate the perceived generalization capabilities of KBQA models, such that
the staggering numbers on the leaderboard re ect the performance on these simpler isomorphisms.
We thus propose creating a more challenging dataset to accurately benchmark the generalization
capabilities of KBQA systems.

Shttps://dki-lab.github.io/GrailQA/
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Iso-Code Pictoral Desc GrailQA GraphQ WebQSP CWQ

1s0-0 } 30496 (68.8) 2809 (77.9)1533 (64.4) 640 (52.2) 1750 (58.3) 288(43.8)  0(0.0)  0(0.0)

Iso-1 | 8900(20.1) 559 (15.5) 544 (22.8) 391(31.9) 716(23.8) 197 (30.0) 5869 (21.8) 360 (14.5)
1so-2 | 2676(6.0) 135(3.7) 167(7.0) 37(3.0f 106(3.5)  19(2.9) 4046 (15.0) 311 (12.5)
1s0-3 ‘ 1066 (2.4) 18 (0.5* 69(29) 50 (4.1)‘ 35(12) 6 (0.9)‘ 6496 (24.1) 755 (30.4)
Iso-4 ‘ 523(1.2) 61 (1.74 5(0.2) 68 (5.6)‘ 352 (11.7) 136 (20.7# 0(0.0)  0(0.0)

1s0-5 | 540(1.2)  22(06) 48(20) 33(27)| 1(0.0)  0(0.0) 3712(13.8) 279(11.2)
1s0-6 ‘ 42(0.1) 0 (0.0)‘ 000 © (0.0)‘ 0(00) © (0.0)‘ 2454 (9.1) 324 (13.0)
1s0-7 ‘ 26 (0.1) 0 (0.0)‘ 0000 © (0.0)‘ 0(00) O (0.0)‘ 188(0.7)  6(0.2)
1s0-8 ‘ 18 (0.0) 0 (0.0)‘ 0000 © (0.0)‘ 1000 0 (0.0)‘ 644 (2.4)  76(3.1)
150-9 ‘ 12 (0.0) 0 (0.0)‘ 0000 © (0.0)‘ 702 2 (0.3)‘ 217(0.8)  19(0.8)
1s0-10 ‘ 15 (0.0) 0 (0.0)‘ 0000 © (0.0)‘ 0(00) O (0.0)‘ 0(0.0)  0(0.0)

Iso-11 ‘ 23(0.1) 0 (0.0)‘ 0(0.0) 6 (0.5)‘ 4001 1 (0.2)‘ 225(0.8)  17(0.7)
1s0-12 ‘ 0(0.0) 0 (0.0)‘ 0(0) © (0.0)‘ 30(1.0) 8 (1.2)‘ 0(0.0)  0(0.0)

1s0-13 ‘ 0(0.0) 0 (0.0)‘ 0000 © (0.0)‘ 000 O (0.0)‘ 69 (0.3)  14(0.6)
Iso-14 ‘ 0(0.0) 0 (0.0)‘ 0000 © (0.0)‘ 0(00) O (0.0)‘ 810(3.0) 111 (4.5)
1s0-15 ‘ 0(0.0) 0 (0.0)‘ 0(0) © (0.0)‘ 0(00) © (0.0)‘ 57(02)  9(0.4)
1s0-16 | 0(0.0) 0(0.0)| 0(0.0) 0(0.0)] 0(0.0) 0(0.0)) 1102(4.1) 117(4.7)
1s0-17 ‘ 0(0.0) 0 (0.0)‘ 0(0) © (0.0)‘ 0(00) © (0.0)‘ 501(1.9) 49 (2.0)
Is0-18 ‘ 0(0.0) 0 (0.0)‘ 0(0) © (0.0)‘ 0(00) © (0.0)‘ 319(1.2)  27(L1)
1s0-19 ‘ 0(0.0) 0 (0.0)‘ 0000 © (0.0)‘ 000 O (0.0)‘ 67(0.2)  3(0.1)
1s0-20 ‘ 0(0.0) 0 (0.0)‘ 0000 © (0.0)‘ 0(00) O (0.0)‘ 5(0.0)  0(0.0)

Is0-21 ‘ 0(0.0) 0 (0.0)‘ 000 © (0.0)‘ 0(00) © (0.0)‘ 72(0.3)  10(0.4)
1s0-22 ‘ 0(0.0) 0 (0.0)‘ 0(0) © (0.0)‘ 0(00) © (0.0)‘ 12(0.0)  0(0.0)
1s0-23 ‘ 0(0.0) 0 (0.0)‘ 0000 © (0.0)‘ 0(00) © (0.0)‘ 13(0.0)  0(0.0)
1s0-24 ‘ 0(0.0) 0 (0.0)‘ 000 © (0.0)‘ 0(00) © (0.0)‘ 9(0.0)  0(0.0)

1s0-25 ‘ 0(0.0) 0 (0.0)‘ 0000 © (0.0)‘ 000 O (0.0)‘ 1(0.0)  0(0.0)

1s0-26 ‘ 0(0.0) 0 (0.0)‘ 0000 O (0.0)‘ 0(00) © (0.0)‘ 2(0.0)  0(0.0)

Clso-0 0(0.0) 0(0.0) 0(0.0)  0(0.0) 1(0.0)  0(0.0) 0(0.0)  0(0.0)

Clso-1 0(0.0) 0(0.0) 15(0.6)  0(0.0) 1(0.0)  0(0.0) 0(0.0)  0(0.0)
Clso-2 0(0.0) 0(0.0) 0(0.0)  0(0.0) 0(0.0) 0(0.0) 13(0.0)  0(0.0)
Clso-3 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0) 39(0.1)  0(0.0)
Clso-4 0(0.0) 0(0.0) 0(0.0)  0(0.0) 0(0.0)  0(0.0) 2(0.0)  0(0.0)

Table 3.4: Distribution of different isomorphisms across the training and test splits for different
KBQA datasets. The isomorphism distribution is long-tailed for all datasets, with the simplest
categories being the most prevalent. 38



GrailQA++ Dataset Creation

To gauge whether KBQA models exhibit zero-shot generalization capabilities across different
isomorphisms, we propose GrailQA++, a challenging dataset with an equal distribution of simple
and complex isomorphisms. To create GrailQA++, we not only employ annotators with prior
expertise in KBQA, but also leverage pre-existing KBQA datasets. We outline the creation process
below and illustrate the same in Figure 3.8, using both pre-existing datasets as well as expert
annotations.

Figure 3.8: Schematic diagram that outlines the GrailQA++ dataset creation. The dataset com-
prises of question and corresponding logical forms, from two different sources. The former are
instances which are hand-annotated by domain experts, and the latter are instances obtained from
pre-existing datasets (WebQSP, CWQ, and GraphQ) which also operate over Freebase KB).

Expert Annotated Datapoints

We describe our controlled approach to sample and annotate instances of different isomorphism
classes. Our process is similar to that of GrailQA albeit with a few differences, namely in terms
of query sampling and natural language query generation.

Query Graph Sampling: GrailQA was created using tH@VERNIGHT process (Su et al., 2016)
which extracts templates by traversing Freebase and obtains a query graph. Since traversal is
easier for simpler hops and subsequently simpler isomorphisms, they appear higher in GrailQA.
We, however, follow a more controlled algorithm to sample the query graph.

We rst choose a particular isomorphism, which determines the number of constraints. If there
is exactly one constraint (Iso-0, 1, and 5), we rst choose a class at random and then sample an
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entity randomly from that class. We then follow the relations that originate from the instantiated
entity and continue our traversal of the KB till we reach the answer node. In case of multiple
constraints (Iso-2, 3, 4, and 11), we rst randomly sample the answer class and then traverse
the KB by adding relations in a manner that conforms with the isomorphism structure. At each
expansion step, we ensure that there exists an entity which can be instantiated using the new
relation. This ensures executability of the current sub-query and thus of the main query.

The authors chose to sample instances corresponding to 1s0-0,1,2,3,4,5 since these were
already present in the zero-shot split of GrailQA. Additionally, we also sampled and annotated
instances of Iso-11, since it was the simplest isomorphism that could be formed with three
constraints.

Filtering: We Iter query graphs that do not conform with the zero-shot generalizability criteria.
Speci cally, the query graph should have at least one class or relation absent from the GrailQA
training split. Later, we employ the ltering techniques proposed in Gu et al. (2021) to discard
illegal relations, and ignore instances with entities or relations written in a language other than
English.

Logical Form: Once we obtain the Itered query graph, we convert it to its canonical logical
form using the deterministic algorithm of Gu et al. (2021). We then execute this logical form over
Freebase to obtain the answers, and discard instances where the logical form was inexecutable or
unanswerable.

Natural Language Query Annotation: To create the corresponding natural language question
we choose annotators who are uent in English, are current working professionals with a graduate
degree to their name, and have prior domain expertise in KBQA. The annotators are rst provided
with a design document with examples of query graphs and their corresponding logical form.
We also provide the annotators with aliases of the constraints and relations to better interpret the
guery graph as they compose the corresponding question. Examples of these screenshots appear
in Figure 3.9.

We randomly selecd@5instancesq from each isomorphism) to include in the pilot study after
which the annotators meet to discuss their interpretations and resolve any differences. We nd
that all three annotators agree @b of the examples, while at least two agreeaa The
main causes of disagreement was determining how explicitly the entities should be referred in
the NL query. The annotators decided to be explicit in specifying the hidden nodes to facilitate
evaluation. Finally, we sample a large set wilbOOunique query-graphs equally distributed
among the three annotators. We ensure a balanced distribution between the different kinds of
isomorphisms (see Table 3.5). All annotations were carried out by domain experts and we did not
employ any crowd-workers unlike in Gu et al. (2021) for paraphrasing.

Pre-existing Datasets

We also leveraged pre-existing public datasets that were built over the same Freebase KB as
GrailQA. These datasets were chosen since they were designed to evaluate progress on KBQA.
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Figure 3.9: Annotation screenshots for three isomorphism categories; Iso-2 (top), Iso-3 (middle),
and Iso-5 (bottom). For each instance, we provide the S-expression, the friendly name for each
entity and relation, as well as the answers.
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| GrailQA++

Code Pictoral Desc. GrailQA EAD GraphQ WebQSP CWQ Tot
Freq Perc Freq Perc Freq Perc Freq Perc Freq Perc Freq Perc
Is0-0 | 2809 77.9) 83 11.9| 292 439| 245 432 0 00| 620 16.1
Iso-1 | 559 155 151 21.7| 237 35.6| 177 31.2| 324 16.8) 889 23.0
Is0-2 | 135 38| 96 138 33 50[ 6 1.1| 289 149 424 11.0
Iso-3 18 05/ 81 116/ 31 47| 3 05| 695 359 810 21.0
Is0-4 61 17| 101 145 39 59| 136 240/ 0 00| 276 7.2
IS0-5 22 06| 98 141/ 33 50/ 0 00| 252 13.0/ 383 9.9
Is0-6 0O 00/ O 00/ O 00 0 00| 302 156/ 302 7.8
Iso-8 0O 00/ O 00/ 0 00/ O 00 72 37/ 72 19
Iso-11 0O 00/ 8 122/ 0 00/ O 00/ 0 00| 8 22

Table 3.5: Distribution of isomorphisms in the GrailQA (Dev) set and our curated GrailQA++
dataset (Tot). We show the total count of isomorphisms for each of the datasets (Freq) and their
corresponding proportion in % (Perc). Note that complex isomorphisms belonging to Iso-6,
Iso-8, and Iso-11 do not occur in the original GrailQA dataset. The red and green nodes in each
isomorphism correspond to the constraints and the nal answer respectively.

* WebQSP(Yih et al., 2016) uses Amazon Mechanical Turk to answer questions from non-
experts collected using the Google Suggest API. Since the dataset is restricted to to "wh”
guestions from non-experts the questions tend to more colloquial.

* GraphQ (Su et al., 2016) was created in a fashion similar to GrailQA with questions
exhibiting variation in terms of complexity, topic space, and number of answers.

¢ ComplexWebQuestions (CWQ) Talmor and Berant, 2018) was created on top of WebQSP
with the intention of generating complex questions by incorporating compositions (more
hops), conjuctions (more constraints), and superlatives and comparatives (more function

types).

Zero-shot splits:  We consider only the questions in the test splits of the pre-existing datasets
which satisfy the zero-shot crieteria of Gu et al. (2021). Speci cally, zero-shot instances have at
least one schema item (class or relation) that were not seen during training in the training data of
GrailQA. Following Khosla et al. (2023), we also exclude questions if a relation's corresponding
inverse relation was observed during training to make the task more challenging. We follow the
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same criteria for the expert annotated dataset as well.

Isomorphism crietrion:  We sample instances corresponding to the following isomorphisms,
Iso-0,1,2,3,4,5,6,8. The selection of these isomorphisms were driven by two criteria, namely (i)
the isomorphisms should be present in the training split of the GrailQA dataset and (ii) there
should be suf cient representation of these isomorphisms in the combined test-split of GrailQA++
( 50).

Distribution of isomorphisms for GrailQA++

We present the distribution of isomorphisms corresponding to our curated GrailQA++ in Table
3.5. We see that simple and complex isomorphisms are equally represented in the dataset, where
the simple isomorphsims that correspond to Iso-0,1,2 comprise 50.1% of the dataset. We also
include isomorphisms corresponding to I1so-6, I1so-8, and Iso-11 which are absent in the original
dev split of GrailQA. This enables us to evaluate the zero-shot generalization performance of
KBQA models on these unseen isomorphism categories. Subsequently, we thus use isomorphisms
as a diagnostic tool to investigate the zero-shot generalization capabilities of KBQA systems.

Isomorphisms as Scaffolds

Motivation: Beyond diagnostic tools, we hypothesize that isomorphisms can serve as scaffolds to
facilitate zero-shot generalization in KBQA systems without any additional training. The idea
is that isomorphisms abstract out the semantic information and capture the overall reasoning
structure of the question. They sketch out the path required to be traversed from the starting
nodes(or constraints) to reach the nal answer. Isomorphisms thus make the search space of all
possible answers more tractable. This can be achieved either by Itering out candidate logical
forms that do not conform to the isomorphism category or by guiding the exploration/generation
in a manner that aligns with the form of the isomorphism. Subsequently, we hypothesize that
isomorphisms should serve as a strong prior to improve the performance of KBQA systems.

However, this requires one have the isomorphism category available during inference. We thus
propose the task asomorphism prediction where the objective is to predict the isomorphism
category for a KBQA guestion in the context of the KB schema that the question is based on.
We need to ground the query into a given KB schema since the operationalization of a logical
form is dependent on the particulars of the KB schema. For example, the question “Who is Justin
Beiber's brother?” could give rise to different isomorphism categories as we show in Figure 3.10.
Provided the relation “brother” exists in the schema, the corresponding isomorphism is simply
Iso-0. However, if the “brother” relation is subsumed by a more generic “sibling” relation, one
would need the additional constraint of the gender being “male” to represent the same query,
yielding an instance of Iso-2. Thus the same query can give rise to two different isomorphisms if
they operate over different KB schemas.

Isomorphism Prediction Task and Datasets

We now formally de ne the task of isomorphism prediction. Given a natural language query,
over a knowledge base, its corresponding logical form is denotkg.&8ne can deterministically
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Figure 3.10: A simple example to show how the underlying schema impacts the isomorphism
category for the same query.

convert the logical form into its equivalent graphical notat&nor query graph, and subsequently

the isomorphism category that represents the overall graph structure. While theoretically there
can be an in nite number of isomorphism categories, for sake of simplicity, we frame the task of
isomorphism prediction as a multi-class classi cation task by restricting the number of possible
iIsomorphism categories.

The categories we consider for isomorphism prediction include an equal distribution of simple
and complex isomorphisms. These include Iso-0, Iso-1, and Iso-2 corresponding to the simple
isomorphisms and Iso-3, I1so-4, and 1so-5 corresponding to the complex ones. We restrict ourselves
to the aforementioned candidates since these are the only isomorphism categories that occur in the
public development dataset of GrailQA (Gu et al., 2021). Thus, formally for a model or sfstem
the task is to classify a givemand the schema associated with the questidABy, into one of
the six isomorphism categories.

flg;KBg]! C; C2fls0-0,1,2,3,4,8

We realize the task of isomorphism prediction on two datasets commonly used for KBQA,
i.e. WebQSP (Yih et al., 2016) and GrailQA (Gu et al., 2021). Despite operating over the same
Freebase, these datasets are organized differently and enables us to demonstrate the applicability
of the isomorphism prediction task in different scenarios. We show a representative example from
each dataset in Figure 3.11.

WebQSP: We adopt the WebQSP dataset of Xie et al. (2022) for our isomorphism prediction
task. Here, each natural language quglig,accompanied by a subset of the knowledge graph
with the corresponding s-expression as the answer. The knowledge graph is organized as a set
of tuples, where each tuple is of the fo(e;r; e;), i.e. a head entitg, and a tail entitye, is
connected by a relation. The head and tail entities such as.06mkj or Spain” constitutes the

nodes in the KG while the relatiansuch as “location.location.contains” represents the edge. The
WebQSP dataset is designed in such a manner that for a given query, the relations and entities
that constitute the corresponding s-expression, as well as the nal answer are present within the
provided knowledge graph (KG). To extend this dataset for our isomorphism prediction task, we
deterministically convert the s-expression into the corresponding isomorphism category.

We consider instances whose isomorphism category conforms to the aforementioned six
classes; accounting for 97% of the dataset. We also lter the instances where the resultant
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Figure 3.11: An example of the isomorphism prediction task for the WebQSP and GrailQA dataset

s-expression or answer is not self-contained in the accompanying KG. Moreover, an exploratory
analysis of the dataset highlighted a signi cant overlap of relations and classes across the train
and test splits. Subsequently, we employ the approach of Jiang and Usbeck (2022) to obtain
development and test splits that characterize different generalization levels in almost equal
proportion, i.e. i.i.d, compositional, and zero-shot.

GrailQA: We also explore GrailQA as a potential dataset for the isomorphism prediction task;
we use the train split of GrailQA for netuning models and subsequently evaluate them on the
publicly available GrailQA development split and GrailQA++. To avoid data leakage in evaluating
LLMs for KBQA, we restrict the GrailQA++ dataset to the expertly annotated instances and not
the publicly available datasets. Each instance in GrailQA follows a similar design to WebQSP;
the input consists of a question and the structured knowledge (organized as a set of tuples), while
the output is the s-expression and corresponding isomorphism category.

However, unlike WebQSP, a given query in GrailQA is not accompanied by their corresponding
knowledge graph; we need to create the structured information for each instance. Moreover, the
knowledge tuples in GrailQA consists of Freebase classes rather than the entities directly. We thus
employ the approach of Shu et al. (2022) to retrieve the top 10 classes and the top 10 relations for
a given query. We can then construct a corresponding knowledge store by organizing the retrieved
schema items as tuples. We also simultaneously query the Freebase ontology to Il in any missing
information, such as the absence of a given relation between two retrieved classes. As opposed to
retrieving the subgraph directly from the KB ontology, (Zhang et al., 2022a) our approach yields
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Isomorphism WebQSP GrailQA
Train Dev Train Dev

Iso-0 1884 164 20814 8972

Iso-1 517 61 5385 2209

Iso-2 150 10 1407 585

Iso-3 169 6 588 279

Iso-4 294 48 259 126

Iso-5 - - 274 142

WebQSP GrailQA GrailQA++
Isomorphism iid Comp ZS iid Comp ZS ZS

Iso-0 368 - 364 1080 905 2782 87
Iso-1 118 140 58 270 212 456 156
Iso-2 12 33 25 62 100 121 100
Iso-3 25 2 3 29 74 10 83
Iso-4 25 159 11 9 - 43 107
Iso-5 - - - 26 9 17 99

Table 3.6: Distribution of isomorphisms across the train and validation splits for WebQSP and
GrailQA (on top) and the corresponding test split (in the bottom) .

signi cantly higher coverage across both datasets. The mean coverage across classes and relations
is 97.0% and 96.8% respectively for GrailQA and 97.3% and 96.4% for GrailQA++, when we
retrieve the top 10 instances for each schema category.

We present the distribution of isomorphisms in the training and test dataset in Tables 3.6.
For the test split, we show the distribution of isomorphisms over the different generalization
levels, i.e. i.i.d, compositional (Comp), and zero-shot (ZS). As referenced eatrlier, the distribution
of isomorphisms is more skewed towards the simple categories for WebQSP and GrailQA.
Subsequently, we anticipate GrailQA++ to be a more challenging dataset for the isomorphism
prediction task. We delve deeper in Chapter 6 on how we design modules to solve isomorphism

prediction and subsequently used the predicted isomorphisms to improve the performance of
LLMs on KBQA.
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3.4 Conclusion and Takeaways

In this chapter, we de ne formal scaffolds: structured frameworks that anchor text to formal
representations either via external ontologies (e.g. knowledge graphs) or internal linguistic
structures (syntactic and semantic parses). We operationalize formal scaffolds for three concrete
tasks, i.e. relation extraction (RE), question answering over personalized knowledge graphs
(PERKGQA) and isomorphism prediction. For each task, we note the kind of generalization
that is being investigated (i.e. cross-domain, cross-lingual, zero-shot schema generalization) and
motivate how the particular scaffold can facilitate generalization.

This chapter serves as preamble to the experimental methodology and the corresponding
results/analyses that will be carried out in the subsequent chapters. Chapter 4 highlights whether
internal linguistic frameworks can aid relation extraction. Likewise Chapter 5 outlines our method-
ology for PERKGQA and how graph structure and path information can facilitate generalization
to new users. Finally we conclude the rst part of our thesis with Chapter 6 where we inspect the
dual role of isomorphisms both as diagnostic tools as well as scaffolds in zero-shot generalization
for KBQA.
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Chapter 4

Linguistic Frameworks for relation
extraction across domains and languages

In this chapter, we motivate the role of linguistic frameworks in the form of dependency parses
and abstract meaning representations (AMRS) as formal scaffolds for few-shot relation extraction
(RE). We formalize this task to inspect generalization in two settings, i.e. generalization across
domains for procedural text, and generalization across multiple languages.

4.1 Relation Extraction over Procedural Text

We augment a popular transformer-based relation extraction baseline with features derived from
AMR (Banarescu et al., 2013) and dependency parses and investigate their impact in a few-
shot setting both in-domain and across domains. Experiments show that both AMR parses and
dependencies signi cantly enhance model performance in few-shot settings but that the bene t
disappears when models are trained on more data. We additionally nd that while cross-domain
transfer can degrade the performance of purely text-based models, models that incorporate
linguistic graphs provide gains that are robust to those effects.

4.1.1 Methodology

We design our methodology to test whether the inclusion of AMRs and dependency parses can
improve the few-shot RE performance across datasets, by incorporating features from linguistic
representations. We show an overview of our architecture in Figure 4.1, and go into further detail

in Section 4.1.1. Our three datasets have their goal of generating a complete graph representation
of a speci ed procedure. This graph is constructed by rst nding salient entities in the procedural
text, and then correctly identifying the appropriate relations between them. While this joint task is
both challenging and useful, we restrict ourselves to the RE task for two reasons. Firstly, entity
recognition results, as measured by baselines proposed in each of the dataset papers, vary widely,
and entity recognition accuracy imposes an upper bound on end-to-end relation classi cation.
Secondly, RE presents a common way to frame the tasks in each of these datasets.
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Figure 4.1: Model architecture. Yellow tokens denote BERT special tokens. Dotted lines indicate
using BERT embeddings to seed the graph for the R-GCN.

Dataset Preprocessing

In order to simplify our dataset tasks into relation extraction, we begin by identifying tuples of
(entityl, relation, entity2), where each entity refers to a span of text in the original document,
and relation refers to the ow graph edge label from the dataset. We format each triple into

an instance that contains the triple and its context. We consider the context to be the shortest
set of contiguous sentences that span both entity text spans. To segment sentences, we use the
en-core-sci-md model with default settings provided in SciSpacy (Neumann et al., 2019), to
account for the scienti c text in the MSCorpus dataset. So that our models do not learn shallow
heuristics to predict relations based on entity type, as observed in Rosenman et al. (2020), we
exclude the entity types from the original datasets.

Parsing

We then annotate each context entity with two linguistic representations: AMR (Banarescu et al.,
2013) and dependency parses. We choose AMR primarily for the quality of parsers available
relative to other semantic formalisms: AMR parsing is a relatively popular task, and state-of-the-
art parsers are often exposed to scienti c text in their training. However, despite the quality of
parses, AMR as a formalism presents several challenges to its use in downstream applications.
Foremost among these is the problemaken alignmentnodes and edges in AMR graphs do

not have links back to the words in the text that they are generated from. As a contrast, we
choose to use dependency parses as our syntactic framework, which are straightforward in their
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correspondence to the original text: each node corresponds to a word.

For the dependency parses, we annotate each context span using the Stanza dependency parser
(Qi et al., 2020b), which produces a dependency graph per sentence. We then create a "top” node
for the graph to link the individual trees for relations that span sentences.

For the AMR parses, we use the SPRING model (Bevilacqua et al., 2021) as implemented
in AMRLib ' We additionally veri ed that the model did not perform signi cantly differently
than the original implementation. In contrast to the dependency parser, we found SPRING to
occasionally be brittle. Because of its sequence-to-sequence architecture which cannot enforce
that the produced output is a valid parse, the model sometimes failed to produce a parse altogether.
These errors were non-transient, and did not display a pattern we could discern. In the interest of
evaluating the impact of off-the-shelf tools as they were, we chose to include instances without
AMR parses in our datasets. Because of the brittleness of the SPRING model, we parsed sentences
in the datasets individually. We then compose the graph representations of each context instance by
joining the graphs of its constituent sentences. We follow the same procedure as with dependency
parsing, joining all of the sentence-level AMR graphs with a top node.

AMR Alignment

Because AMR nodes are not required to point back to the tokens that generated them, extracting
token-level features to incorporate into our RE model relied on the task of AMR aligment.
AMR alignment is usually treated aspast-hoctask that relies on rule-based algorithms. We
experimented with algorithms based on the common JAMR (Flanigan et al., 2014) and ISl
(Pourdamghani et al., 2014) aligners. These were implemented in AMRLib &BWand
FAAaligners, respectively. Both aligners perform poorly, especially on the scienti ¢ text in the
MSCorpus dataset. Because alignments are necessary to producing token-level features from
an AMR representation, we developed heuristics as a second pass of alignment after applying
the FAA aligner to the original text/AMR pair. Our heuristics, developed on the training split of
each of our datasets, iteratively seek out unaligned AMR triples, normalize the node labels, and
compare them with words in the original sentence after lemmatization. The words are taken from
SPRING's tokenization of the original sentence, and the lemmatization uses NLTK's (Bird et al.,
2009)WordNetLemmatizer  with the default parameters. We also normalize node labels to
remove artifacts like Propbank sense indicators.

To measure the success of our alignment algorithm, we use a statistic that describes how
many AMR triples in the graph that should be aligned (according to a combination of the AMR
standard and dataset-speci ¢ heuristics), are aligned to a token in the text. We also compute
statistics based on how many triples contain at least one entity unaligned with the graph. With
only the FAA aligner, over 59% of triples contain at least one entity without a corresponding
aligned word across our three datasets. After realignment, we achieve a signi cantly higher rate
of alignment, with just under 27% of triples having at least one entity unaligned to nodes in the
graph.

https://github.com/bjascob/amrlib
2https://amr.isi.edu/doc/amr-alignment-guidelines.html
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Model Architectures

Baseline Model: We consider a common baseline architecture for relation extraction, based
on BERT (Devlin et al., 2019b). We begin by embedding the context for each relation. We
then extract the embeddings for all tokens that constitute each entity, and max-pool them into
embedding®; ande, . We concatenatey, e,, and the embedding for tHELS] token, which
we consider a stand-in for the context, into one vector. We then pass that vector through a
two-layer MLP with atanh activation between layers, before nally applying a softmax for the
classi cation.
Graph-aware models: To compute graph-based features, we rst initialize the linguistic graph's
nodes with feature vectors of the same size as the baseline BERT model's embeddings. For every
aligned token, we initialize that feature vector with the max-pool of the embeddings of each of its
aligned tokens, leaving the embeddings zeroed out for unaligned nodes. We then pass the graph
through a relational graph convolution network (R-GCN, Schlichtkrull et al. (2018a)). We choose
the R-GCN for its ability to model heterogeneous relations in graphs. After computing node
embeddings, we employ a residual connection similar tdilee setting shown in Figure 3a in
(Bai et al., 2021), where the mean pool of node embeddings corresponaingnde; is added
back to the BERT-based embeddings of the aligned entity tokens computed earlier. These updated
embeddings are then passed to the same MLP relation classi er as in the baseline. We choose
this type of residual connection for the bottleneck in representational capacity that it imposes
on our models. Additionally, we measure the distribution of path lengths between entities in
both frameworks in the train split of our datasets, and nd that the mean path of each dataset lies
between 3 and 4. We thus use an R-GCN of depth 4 for all experiments in order to capture most
paths. Because of the residual connection architecture, we are restricted to using the baseline
BERT model's word embedding size as the node embedding size as well. Combined with the GNN
depth of 4, our model adds signi cantly more parameters — 203M parameters vs the plaintext
model's 111M. However, we hypothesize that being forced to operate in the same embedding
space as the baseline will discourage models from memorizing the original dataset and over tting,
especially in the few-shot setting.

We depict our architecture in gure 4.1. The baseline architecture omits the right-hand fork,
using only BERT embeddings.

4.1.2 Experiments

In-Domain Experiments

We train both the baseline and graph-aware models on each dataset, using the train/dev/test splits
where provided. If no dev split was provided, we randomly split the training dataset 80/20 into
new train and dev splits. We ubert-base-uncased as available on the Huggingface Htib

as our base BERT model, for both the baseline and graph-aware variants. For our graph-aware
variants, we use R-GCN as our graph network. We train each model with the Adam optimizer
(Kingma and Ba, 2014) to minimize the cross-entropy loss between predicted and true labels. We
use a learning rate & 10 ° and a batch size of 16. Each model is trained on 3 random seeds

Shttps://huggingface.co/bert-base-uncased
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for 30 epochs, using early stopping criterion based on the macro-averaged F1 score on the dev
split with a patience of 5 epochs. We keep the model that performs best on the dev split, and
calculate its corresponding macro F1 score on the test set. We refer to the graph aware models
that add dependencies and AMRs as +Dep and +AMR, respectively.

Few-shot Experiments

We formulate few-shot transfer learning ashdrway K -shot problem, where a model is trained

on K instances of each of the classes in the target domain. We experiment with2

f1;5; 10, 20,50, 10Qy. Because of the label imbalance in our datasets, wKeiegreater than

the number of labeled examples for a given class, we sample all of the labeled instances without
replacement. This can result in fewer than K examples for a given class.

For the transfer process, we begin with the models trained in the in-domain experiments, and
replace the MLP classi cation head with a freshly initialized head with a suitable number of
outputs for the target domain's number of classes. We reuse the BERT and R-GCN components
of the in-domain model, and allow their weights to be updated in the transfer netuning.

We continue to train each model using the same settings as in-domain training using a batch
size of 4, sampling each dataset three times with different seeds.

In addition, to control for the effects of the source and target dataset interactions and our
sampling strategies, we train few-shot models in each domain from scratch, for each of the settings
K described above, using the same settings.

All of our experiments were run on NVIDIA A4500 GPUs, and we used roughly 33 days of
GPU time for all of the experiments in this project, including hyperparameter tuning.

4.1.3 Results and Discussion

We expect that more powerful linguistic representations than plain text will aid in few shot transfer
between domains. In order for few shot transfer to be successful, the target data points used for
transfer need to increase the relevant shared representation between the source and target datasets.
Because of this, we expect that any effect of representation on test set performance will depend
upon how much shared representation there was between the two domains to begin with and
how much the few added examples closes the gap. A more ef cient representation may lose its
advantage once there are enough target domain examples to obviate the need for ef ciency. In
this section, we aim to answer a number of questions.

[RQ:1] Do linguistic representation aid in either in-domain or cross-domain transfer? We

present our in-domain results on the complete datasets in table 4.1. Overall, we do not see
signi cant differences between the baseline and +Dep and +AMR cases, even though they appear
to overperform the baseline case on RISeC and MSCorpus. Notably, however, these models do
not over t more than the baseline: performance on the unseen test set remains similar.

We do, however, see differences in performance between the baseline and graph-aware cases
in the few-shot transfer setting. In Figure 4.2, we visualize the difference between the macro-
averaged F1 performance in each of our graph-aware cases and the baseline against the few-shot
setting. We see that while in the 1-shot case, our results are highly variable, the 5-, 10-, and
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Dataset Case Mean (std)

EFGC +AMR  83.9(0.3)
+Dep 84.6(1.3)

Baseline 85.0(0.8)

MSCorpus +AMR  87.8(1.0)
+Dep 88.4(0.5)
)

)

)

)

Baseline 87.50.5
RISeC +AMR  82.8(1.6
+Dep 81.7(2.1
Baseline 82.7(1.3

Table 4.1: Results from in-domain experiments. Each value represents the mean of runs with
three random seeds, with standard deviation in parentheses.

20- shot cases yield noticeable improvement, peaking in the 5- and 10-shot settings. In our
best-performing results, we see a 6-point absolute gain in F1 score.

We nd that both dependency parse and AMR representations show a statistically signi cant
positive effect on performance. In particular, we test the signi cance of the effect with an ANOVA
model with multiple independent variables: namely, source and target dataset (EFGC, RISeC,
MSCorpus), representation case (Baseline, +Dep, +AMR), few-shot setting (1, 5, 10, 20, 50, 100),
and transfer setting (in-domain vs out-of-domain). The dependent variable is test set F1. The
data table for the analysis includes 3 runs for each combination of variables each with a separate
random seed. We train our models under a full-factorial experimental design, i.e. we ran trials
for all combinations of variables. This design allows us to test the reliability of the effect of
our variables under a variety of conditions while making the necessary statistical adjustments to
avoid spurious signi cant effects that may occur when multiple statistical comparisons are made.
We use this design rather than pairwise signi cance tests so that we can measure the effect of
introducing linguistic formalisms as a whole, rather than arguing the statistical signi cance of
individual, pairwise comparisons.

We expect that the similarity between source and target datasets, the variation in the target
dataset, and the few-shot setting could all either dampen or magnify any effect of representation
on the performance. We therefore include pairwise interaction terms in the ANOVA model for
case by source dataset, case by target dataset, case by transfer setting, and case by few-shot setting.
The examples added for the few shot setting in the transfer case are sampled from the training
split of the target dataset. Thus, while we expect for the cross-domain case the few shot setting
has an effect, we do not expect an effect in the in-domain case, since the target domain examples
added to the training data simply replicate examples that were already part of the dataset. To
account for this, we include a nal interaction term between few shot setting and transfer setting
in the ANOVA model.

The ANOVA model explains 98% of the variation in F1 scores. The results align well with
our intuitions. First, as expected we nd a signi cant effect of transfer setting such that in-domain
performance on the entire dataset is better than transfer performance in a few-shot setting: F(1,
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Fewshot Setting
Target Source Case 1 5 10 20 50 100

RISeC From Scratch Baseline 1859) 36.5(3.2) 48.3(3.1) 60.2(2.3) 71.1(1.1) 76.9(0.2)
+Dep 19.3(4.5) 40.0(2.8) 51.5(3.2) 62.7 (45 71.1(0.9) 79.5(15)
+AMR  19.8(7.1) 39.3(5.2) 52.1(2.6) 60.9 (4.0) 70.6 (0.7) 78.4(1.0)

MSCorpus Baseline 19.7%5.5) 35.1(5.4) 45.6(0.8) 57.7(0.9) 67.8(1.3) 76.2(1.6)
+Dep 19.4(2.1) 39.7 (5.2) 51.6(1.1) 60.0(4.8) 69.2 (1.9 77.2(3.4)

2)

.0)

.9)

+AMR 219 (2.6) 39.4 50.2 (0.9) 59.6 (0.9) 69.2 (2.2) 75.4 (1.3)

EFGC Baseline 25.85.0) 42.0 53.7 (0.6) 61.8(3.3) 71.1(15) 75.2(0.9)

+Dep 28.8 (7.7) 50.5 57.6 (2.4) 66.6 (0.9) 71.7 (1.2) 77.5(0.8)

+AMR  27.0 (7.6) 47.7(8.9) 58.0(2.6) 64.3(1.2) 71.5(0.4) 76.8(2.1)

MSCorpus From Scratch Baseline 2549) 46.9 (2.7) 63.4 (1.0) 74.0(1.1) 82.7(1.2) 82.6(1.9)
+Dep 30.6 (2.8) 49.5(1.0) 66.0(3.2) 72.7(2.3) 82.7(0.9) 84.8(0.3)
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+AMR  26.7 (4.3) 45.3(0.9) 62.4(3.1) 72.6(2.0) 82.2(1.2) 84.3(1.0)

RISeC Baseline 24.42.2) 43.4(2.5) 56.5(3.3) 69.8(1.3) 81.4(0.9) 83.7 (0.6)
3.5) 59.8 (3.9 69.9(4.2) 82.6(1.0) 85.0(1.4)

+AMR  25.3 (3.1) 43.9(3.4) 58.5(4.9) 69.5(2.2) 81.0(1.0) 83.5(1.5)

EFGC Baseline 26.94.6) 46.6 (2.1) 63.8(3.0) 72.5(0.9) 81.5(0.9) 83.6 (1.8)
+Dep 31.7(4.0) 55.5(5.6) 66.6 (4.6) 74.2(2.5) 80.5(3.0) 84.4(1.1)

+AMR  31.9(3.8) 53.8(6.1) 69.3(0.8) 74.0(3.3) 80.7 (1.2) 83.6(2.1)

EFGC From Scratch Baseline 16(25) 29.3 (2.3) 38.9(1.8) 47.6(1.2) 61.0(0.9) 63.8(3.0)
+Dep 17.2 (4.1) 30.3(3.8) 40.7 (2.5) 48.6(1.1) 60.2 (1.8) 66.7 (2.4)

+AMR 142 (2.3) 30.8(2.2) 39.9(3.3) 48.7(1.1) 61.1(2.1) 64.1(3.2)

RISeC Baseline 16.01.7) 30.4 (3.0) 35.7 (0.4) 44.7 (1.5) 56.9 (1.2) 65.8 (1.6)
+Dep 18.2 (4.5) 34.8(3.0) 38.4(3.2) 48.6(1.3) 59.5(1.6) 64.3(2.9)

+AMR  18.1 (1.5) 34.8(1.4) 36.7 (1.5) 47.3(2.4) 57.7 (2.7) 64.1(2.9)

MSCorpus Baseline 17.4 (4.4) 29.5(2.9) 39.7 (2.8) 49.2 (0.5) 61.2(1.0) 64.4 (1.0)
+Dep 17.0(3.8) 31.4(2.2) 44.9(1.9) 49.0(1.2) 60.0(0.6) 63.5(3.4)

+AMR  17.1 (2.4) 32.0(0.2) 43.4(2.4) 50.4(2.6) 60.6 (0.6) 65.4 (3.7)

Table 4.2: Few-shot learning results. "From Scratch” in the source column represents the case
where we train a few-shot model from scratch, without transfer. Each cell represents the mean
macro-F1 across three random seeds, with the standard deviation of those runs in parentheses.
We group our results by the target dataset rst to allow easier comparison of the impact of source
datasets. Bold results represent the best case for a source-target pair.

679) = 10356.25, p .0001. In these cases, the original dataset for in-domain training is between

5 and 15 times the size of the target training dataset. We also nd a signi cant effect of the
few-shot setting, such that larger numbers of target domain examples are associated with higher
performance, F(5, 679) =716.79, p.0001. A post-hoc student-t analysis reveals that all pairwise
comparisons are signi cant. Notably, there is a signi cant interaction between transfer setting
and few shot setting: F(5, 679) = 733.83, p0001, such that the effect of the few-shot setting is
restricted to the transfer setting, as expected.

Our hypothesis is primarily related to the importance of the representation of the data for
ef ciently enabling transfer between domains. We nd a signi cant effect of representation case:
F(2,679) =5.26, p .01.A student-t post-hoc analysis reveals that both +Dep and +AMR
cases are better than plain text, but there is no signi cant difference between the twdlhere
is also a signi cant interaction between representation case and transfer setting: F(2, 679) = 8.19,
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(a) +AMR vs baseline (b) +Dep vs baseline

Figure 4.2: Differences in F1 over baseline from incorporating linguistic graphs in models.

p .0005. In particular, the effect of case is only signi cant in the transfer setting. There is also a
signi cant interaction between few shot setting and case: F(2, 679) = 8.190005. A student-t
post-hoc analysis reveals that the effect is only signi cant for the 5- and 10-shot settings1Thus,
target example is too small to yield a signi cant effect whereas 20 or more is too many such
that the representational advantage disappearsWe also nd a signi cant interaction between
representation case and target dataset, but not with source dataset: F(4, 679) = 2.6, guch

that the effect of representation is signi cant for RISeC and MSCorpus but not for EFGC.

We present all of our few-shot results in Table 4.2. Signi cance testing was performed on
the difference in results between the baseline and lingusitic representation cases in the transfer
setting. Additionally, we investigate the impact of source domain on the utility of linguistic
representations. We therefore compare results between models trained in a few-shot setting from
scratch, seeing only one dataset, with the transfer model that we train on a source dataset rst. We
show both of these cases in table 4.2, with few-shot models trained from scratch denoted in the
source dataset column as "From Scratch” results.

[RQ:2 JHow important is the choice of the source domain on the transfer performance?

We see several interesting patterns in our 5- and 10-shot results when we take our few-shot
models trained from scratch into account. We visualizes differences in performance between the
from-scratch models and models trained with a different source domain in table 4.3. We nd that
the transfer between datasets for our text-only models is of limited utility, if not outright harmful.
While we see one instance (the EFGC to RISeC transfer) in which introducing a transfer source
dataset improves the baseline model's performance on the target dataset consistently, we see more
commonly that adding a transfer source dataset makes only a small difference, or even hurts the
performance of the baseline model. In the cases of transfer between MSCorpus and RISeC in
either direction, for instance, the baseline model in the transfer setting consistently underperforms
the model trained from scratch by up to 7 F1 points, and does not close that gap even in the 50-
and 100-shot settings. However, incorporating linguistic formalisms proves to be far more robust
to the choice of source domain: the linguistic representations, regardless of source domain are
never worse than the baseline trained on that source domain, and still frequently outperform the
baseline trained from scratch, even when the choice of source domain imposes a performance
penalty.

Interestingly, an intuitive notion of "domain distance” fails to explain when transfer will be
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Fewshot Setting
Target Source Case 5 10

RISeC MSCorpus Baseline -1.37 -2.66
+Dep -0.29 0.04

+AMR  0.10 -1.92

EFGC Baseline 5.50 5.42

+Dep 10.53 6.09

+AMR  8.44 5.87
MSCorpus RISeC Baseline -3.55 -6.92
+Dep -0.10 -6.24

+AMR  -1.40 -3.91

EFGC Baseline -0.33 0.41

+Dep 6.06 0.63

+AMR 845 6.82

EFGC RISeC Baseline 1.12 -3.23
+Dep 451 -2.34

+AMR  4.02 -3.23

MSCorpus Baseline 0.29 0.85

+Dep 1.14 4.18

+AMR 129 3.46

Table 4.3: Differences from baseline model trained from scratch in the 5- and 10-shot cases gained
in using a different source domain. Linguistic representations are more robust to choice of source
domain.

helpful. EFGC and RISeC both come from the cooking domain, but though RISeC and MSCorpus
negatively in uence each other in transfer, MSCorpus and EFGC in the baseline case have very
little difference from the transfer case. Transfer between the abstract categories of "cooking”
dataset and "materials science” dataset is highly variable.

Notably, we observe that the bene ts we derive from transfer seem asymmetrical: even datasets
that transfer well in one direction might not in the other direction. We see markedly better results
transferring from EFGC to RISeC, for instance, than we see in the reverse direction, and we see a
similar result (though less consistent) for transfer from EFGC to MSCorpus as compared to the
reverse.

[RQ:3 ]What is the impact of linguistic structure on the performance of few-shot RE in-
domain? When factoring in the effect of our graph-aware models, we see that they help models
generalize, both in the few-shot in-domain setting, as well as the transfer s¥Mtimege transfer

itself causes the performance of the baseline model to degrade, however, we see that the
addition of linguistic representations sometimes makes up for that gap almost entirelyin

the case of the 10-shot MSCorpus to RISeC transfer, we see that the baseline transfer model
performs an average 2.7 points worse than the baseline from-scratch model (48.5 vs. 45.3), but
that the dependency models perform very similarly (51.5 vs. 51.6). In cases where the transfer
pairs are well-matched, however, we see that while the baseline results remain similar, the bene t
that the models derive from the linguistic representations is much more pronounced in the transfer
setting. In the 10-shot transfer in both directions between EFGC and MSCorpus, as well as the
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Figure 4.3: Example depicting the supplemental information provided bgehendency tree
The entities of interest are wood and fences, having the relationship I The patlwvood
used! make! posts! fence<licits this relationship.

EFCG to RISeC case, transfer models that incorporate dependencies and AMRs overperform their
in-domain counterparts by between 3 and 7 points.

4.2 Multilingual Relation Extraction

We deal with the task of multi-lingual relation extraction, wherein we identify the nature of
relationship between two annotated entities in a document. We show in Figure 4.3 how we can
connect the entities wood and fences by traversing the dependency graph that connects these two
entities, highlighting the potential utility of linguistic frameworks for this task. We explore the
role of dependency parses for cross-lingual relation extraction in both a ne-tuned supervised
setting and a prompting/ in-context learning setup.

Our work is motivated on the past work of Sachan et al. (2021) which showed the utility
of adding syntactic information for different information extraction tasks in English. However,
the observed bene ts hold true only when th&ld parsesare available, with no improvements
over the baseline in presence of off-the-shelf parses. In this study we expand upon this idea and
investigate whether off-the-shelf dependency parses can assist language models in multi-lingual
information extraction for both indomain and zero-shot transfer settings. Moreover, as we usher
into an era of large language models, the question which looms over our head like the proverbial
sword of Damocles “Are dependency parses helpful for information extraction in in-context
learning scenarios?”

We propose a frameworREPGEN, built on top of a pretrained multi-lingual language model
that uses dependency parse information to perform relation extraction for both in-domain and
zero-shot cross-lingual transfer settings. Through a comprehensive set of 2440 experiments
spanning 10 languages over 2 datasets, we observe that incorporating dependency information
brings about modest improvements for in-domain and cross-lingual ne-tuning setups by 0.9%
and 1.5% respectively.

We also carry out extensive statistical analysis to identify which factors signi cantly impact
performance. Our observations highlight that performance improvements is mostly predicated by
the choice of the target language, and the choice of the pre-trained language model rather than
the choice of the dependency parser for all cases. However, for the in-context learning setup, we
demonstrate that the performance is determined by the choice of the prompting strategy, with our
proposed approach boasting the highest gains, i.e. an absolute improvement of 1.67 F1 score over
the baseline.
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4.2.1 Methodology

We investigate the role of dependency parses for zero-shot cross-lingual relation extraction in two
setups, namely (i) a ne-tuned setup where a model is rst trained on a given source language and
then evaluated on a target language, and (ii) an in-context-learning setup where we prompt an
LLM to predict the relation between two speci ed entities in a zero-shot setting to test the innate
capabilities of the LLM for RE.

Fine-Tuning Setting

We present a detailed description of our proposed frameviReRGEN here. Our framework
leverages the internal structure of a document text to aid relation classi cation. We de ne internal
structure as the linguistic information encoded within the document based on syntactic rules in the
form of dependency parses. This section describes the individual components that constitute our
frameworkDEPGEN, namely the multilingual encoder, dependency parser, graph neural network,
and the fusion layer. We dive deep into the methodology for representing the textual content,
and elaborate on the approach employed for incorporating dependency parses for a given input
sentence. Finally, we end the section with how the different modes of information are fused, and
the classi cation setup. A pictorial representation of our framework can be seen in Figure 4.4 Our
architecture involves the following components.

Multilingual Encoder: We experiment with mBERT (Devlin et al., 2018) and XLMR (Conneau

et al., 2020b) as our multilingual text encoder to obtain representations of the input sentence(s).
Past work has shown the ef cacy of such contextual multilingual encoders in capturing long-range
semantic dependency in text (Litschko et al., 2021). Similar to these works, we consider the nal
encoder layer representation afi[s] token as the text representation. The sentence(s) are fed
as input to theM ULTILINGUAL ENCODER(Figure 4.4) and thedLs] token representation from

the nal layer is fed into theFusION LAYER. The individual token representations from the

nal layer are used to initialize the node embeddings in the dependency graphloflBRNAL
STRUCTUREmModule, which we describe below.

Internal Structure: We incorporate the internal structure information by learning the syntactic
dependency information between the tokens in the input sentence. We rst pass the input tokens
through aDEPENDENCY PARSER to obtain the dependency tree for each sentence. We then
construct a dependency graph from the constituent dependency trees, which is then fed as input to
a Graph Neural Network (GNN) (Scarselli et al., 2008). The various components of this module
are as follows.

* Dependency ParserTo generate the dependency tree, we use off-the-shelf multilingual
dependency parsing modules, i.e. Stanza (Qi et al., 2020b) and Trankit (Nguyen et al.,
2021b). The resulting dependency tree represents the syntactic dependency relations
between the words in a sentence; the dependencies follow the Universal Dependencies
formalism (Nivre et al., 2016; Zeman et al., 2019), resulting in 76 types of dependencies
across the different languages for our experiments.

* Dependency Graph:Since the dependency tree is de ned for a sentence, the output from
DeEPENDENCYPARSERWiIll be in the form of a forest of disconnected dependency trees;
for example 4 trees for 4 sentences in Figure 4.4. We add a pseud¢acmgerAL] and
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Figure 4.4: An overview of our proposed framewd@kPGEN. The architecture takes as input

a document, which comprises a sequence of sentences, with the entities highlighted in red.
This document passes through a multilingual encoder to obtain the token embeddings, and a
dependency parser that generates dependency parses for each sentence. The individual sentences
in the dependency parser are connected using a central [CENTRAL] node to obtain a connected
graph. The nodes are initialized using the embeddings obtained from the multilingual encoder
and updated using a Graph Neural Network. The nal representations of the entities obtained
from the GNN are fused with the entity embeddings and concatenated with the [CLS] token of the
document to predict the relation.

add a new type of dependency relati@eNT] between th¢ CENTRAL] and all the[ROOT]

nodes of the sentences. The proposed design has two bene ts - (JxERERAL] node

allows for information exchange between the sentences, which otherwise would probably
lead to different clusters of representations (represented by colors in Figure 4.4) for nodes
in different sentences, (2) The distance between the two entities is reduced (dotted red line
in Figure 4.4) when the entities are present across two different sentences, resulting in an
ef cient information ow between them.

* Graph Neural Network: We represent each word as a node in the dependency graph and the
dependency relations as the edges between the nodes. Each node in the graph is initialized
with the representations obtained from the nal layer of BheLTILINGUAL ENCODER We
aggregate the sub-token representations via max-pooling and obtain the nal representation
of a word. This initialization helps incorporate the semantic relationship between the
nodes and facilitates end-to-end joint training of MELTILINGUAL ENCODERand the
INTERNAL STRUCTUREMOodules. The relation embeddings for the all the relation types are
initialized at random and learnt jointly along with the node embeddings. The representations
of the two entities from the multi-layer GNN are then fed to EhesioN LAYER along with
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the sentence representation for relation prediction.

Relation Prediction: We concatenate the representations obtained fronVitheTILINGUAL
ENcoDERand thelNTERNAL STRUCTUREModules in théUSION LAYER and perform a multi-
class classi cation for predicting the relation. During training, we compute the standard Cross
Entropy loss, and back-propagate it jointly through all the components of the network.

In-context Learning Setting

In addition to theDEPGEN framework that encapsulates the ne-tuned setting, we also explore the
role of dependency parses when provided as additional inputs to LLMs in a zero-shot prompting
setup. We experiment with three different types of prompt formats that encodes the dependency
information which we describe below.

Tuple Format: In the tuple-based prompt format, we simply provide the dependency parse
as a list of tuples or dictionary keys. Each tuple comprises three elements, i.e. a node in the
dependency graph or a word, the corresponding head node of that word, and the relation that
connects the head node to the word. For example, the phrase “Porsche Panamera”, would have
the following information in the form of a tuple.

1 {

2 word: Porsche
3 head: Panamera,
4 rel: compound

5 }

Text Format: Instead of providing the dependency parse information in the form of tuples, we
verbalize the dependency relations between the words in the sentence in natural language format.
In the above example of “Porsche Panamera”, we re-write the tuple informatioRasche

is Compound noun modifier of Panamera” . We do this for all the tuples in the
dependency graph.

Filtered Text Format: As opposed to verbalizing all the tuples in the dependency graph, we
Iter out only the tuples that connect the two entities in the sentence via the dependency relations.
Not only does this reduce the number of input tokens to the LLM, it also helps Iter out redundant
information.

As a control, we also prompt the models with only the text, without any dependency informa-
tion, which serves as a baseline. The details of the prompts are in the Appendix.

4.2.2 Experimental Setup

Fine-tuned Experimental Setup: We experiment with the following settings:

1. Baseline:We experiment with mBERT (Devlin et al., 2019c) and XLMR (Conneau et al.,
2020a) as our choices to encode the document text and the entity spans. We concatenate
the pooled representation of the entities and the [CLS] embedding and use it for relation
classi cation.
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RedFM IndoRE
mMBERT
DEP  GNN en es fr it de | en hi te
- - 84307 80006 78603 76308 78703|943 06 89.604 84904

stanza rgcn 85.7 0.8 805 10 79.710 78205 80.009|944 0.2 909 0.3 86.10.9
stanza rgat 85.21.4 822 0.6 799 04 77912 805 0.6|949 0.3 895 14 85911
trankit rgcn 84304 81808 80.7 0.8 7890.7 79.7 09| 940 0.2 89.70.1 85919
trankit rgat 85513 80903 80202 77308 7890.7|94105 88905 84.60.8

XLMR
- - 840 11 772 20 76210 74812 752 0.6‘ 92.1 0.8 88.70.9 86.3 1.1

stanza rgen 83.70.6 768 08 76.7 09 733 0.7 75715|918 0.8 89.6 1.1 856 0.7
stanza rgat 84.0 0.8 77514 744 09 756 12 76.211|922 04 899 0.9 857 0.6
trankit rgcn 83.805 76411 74710 72623 73926|919 09 899 0.8 852 05
trankit rgat 82.608 77302 75003 74017 75901|926 0.7 892 1.0 85916

Table 4.4: In-domain RE performance of mBERT and XLMR on RedFM and IndoRE, with
dependency information (i.e. choice of the parser or DEP, and the choice of the GNN used to
encode the information, i.e. GNN). Results are averaged across the top 3 seeds, with the highest
values in each column bolded.

2. Graph Neural Network: We experiment with RGCN (Schlichtkrull et al., 2018b) and
RGAT (Busbridge et al., 2019) as the backbone GNN architecture to encode the dependency
information between words in the document. We use a GNN with 2 hidden layers for all
our experiments.

In-context Learning Experimental Setup: We employ three different instruction-tuned LLMs

for our in-context learning experiments, i.e. LLaMA (Meta-Llama-3-8B-Instruct) (Gratta ori
etal., 2024), Mistral (Mistral-7B-Instruct-v0.3) (Jiang et al., 2023) and Qwen (Qwen2-7B-Instruct)
(Yang et al., 2024). We use instruction-tuned LLMs since we wish to employ these LLMs in a
zero-shot setup for relation extraction without ne-tuning or additional training. Similar to the
ne-tuned experimental setup, the dependency parse information are obtained from two sources,
i.e. Stanza and Trankit.

4.2.3 Results and Insights

In this section, we pose the following research questions (RQs) and attempt to answer the same.
RQ1. Impact of dependency parses on RE for indomain and cross-lingual transfer ?

We report the in-domain and cross-lingual relation extraction performance with mBERT and
XLMR as the multilingual encoders, stanza and trankit as the choice of the off-shelf-parsers, and
RGCN and RGAT being the backbone GNN for both the IndoRE and RedFM datasets, in Tables
4.4 and 4.5 respectively.

At the outset, we observe that across both datasets, adding dependency information generally
improves performance over the baseline in the in-domain setting; we see higher gains when we
have mBERT as the MLM as opposed to XLMR. We also observe that the gains are higher for
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RedFM IndoRE
mBERT

DEP GNN | en es fr it de ar zh | en hi te
‘ 77.51.1 81.0+1.1 78.8+l1.1 76.7+£1.1 75.6x1.1 72.5%1.1 70.0i‘1.57.511.8 57.6£2.7 42.442.4
78.2+0.8 81.0+0.8 79.5+0.8 76.8+0.8 77.1+0.8 72.6+0.8 70.010%@ 57.0 1.0 57108 446 1.2

stanza rgcn
stanza rgat
trankit rgen
trankit rgat

78.0t1.0 81.1+1.0 78.8+x1.0 76.5x1.0 77.2+1.073.2+1.0 70.4x1.0| 56.4 1.2 57.7 1.2 452 1.4
78.#0.8 81.3+0.8 79.3+0.8 75.4+0.8 77.8+0.8 72.8+£0.8 70.0+0.&%7.9 0.8 59.1 0.6 44.9 1.6
571 14 57918 45117

7708 80.6+x0.8 79.1+0.8 76.3x0.8 77.9+0.8 73.1+0.8 70.4+0.8
XLMR
7214 742+#1.4 722+#14 66.8+£1.4 70.7+1.4 61.8+#1.4 63.1#1.80.0 22 55115 459 16

73.41.4 T745+1.4 73.2+¢1.4 67.7x1.4 70.3x1.4 61.2+1.463.9+1.4| 493 1.8 55414 46.117
73.31.5 74.3x15 73.4%15 67.9¥15 68.4+15 61.1x15 63.2+1.550.0 1.6 53.8 2.8 46.3 2.0
73.1+1.3 74.7+1.3 73.1x1.3 66.8+1.3 69.5+1.362.7+1.3 63.8+1.3| 50.7 0.7 56.3 1.1 455 29
73.1#1.1 75.7+1.1 73.4+1.1 65.9+1.1 70.9+1.1 62.1+1.1 63.6+1.1] 50.8 1.4 56.0 2.2 46.9 2.6

stanza rgcn
stanza rgat
trankit rgcn
trankit rgat

Table 4.5: Zero-shot Cross-lingual RE performance on RedFM and IndoRE with mBERT and
XLMR as the multilingual encoders with different combinations of dependency information.
For a given target language, we average the performance across the different source languages.
The highest values in each column are highlighted in bold. Detailed individual cross-lingual
performance metrics are given in the Appendix.

the REDFM dataset than IndoRE, possibly due to the poorer quality of dependency parses on
low-resource languages like Hindi and Telugu, as opposed to standard high-resource cases like
English, Spanish, and Italian. In fact, for all languages other than English, we see a consistent
improvement in F1-score of approximately 2.0% and 1.0% with the mBERT model on the REDFM
and IndoRE dataset respectively, for the best combination of dependency parser and GNN.

In the zero-shot cross-lingual transfer scenario from Table 4.5 we observe trends that are
markedly different from the in-domain setting. Each entry in this Table is computed by averaging
the macro-F1 score over the other source languages, apart from itself, for the top 3 seeds. We
notice only slight improvements in RE performance for mBERT but higher gains for XLMR. We
hypothesize that since XLMR has a worse performance than mBERT, it bene ts more from the
dependency information in the zero-shot setting. In a similar vein, we observe much higher gains
for Hindi and Telugu (around 2.6% and 6.6% relative performance improvements respectively) in
the zero-shot setting for mBERT. The markedly lower scores in IndoRE in the zero-shot transfer
setup as compared to REDFM can be attributed to the higher number of relations in the dataset
(32 for IndoRE vs 51 for REDFM).

RQ2. Which scenarios bene t the most with additional information in the ne-tuned setup?

In the ne-tuned setup, we analyze which scenarios or inputs bene t the most from including
dependency information. We thus group the test instances according to three different dimensions,
i.e. (1) input sentence length (2) lexical distance between two entities in the sentence and (3)
dependency path length. Figures 4.5 and 4.6 show the effect of these components for the in-domain
and zero-shot cross-lingual transfer settings for the IndoRE and RedFM datasets respectively. The
blue, orange and green plots re ect the bottom quatrtile, inter-quartile range and the top quartile
respectively for each of these three dimensions.

* Sentence Length:We quantify sentence length based on the total number of tokens in
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Figure 4.5: Performance @ePGEN for in-domain (ID) and zero-shot (ZS) cross-lingual transfer
settings on the INndORE dataset across different dimensions, i.e. sentence length, lexical length,
and dependency length. The blue, orange and green bars re ect the bottom quartile, inter-quartile
range and the top quartile respectively for each of these three dimensions
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Figure 4.6: Performance @ePGEN for in-domain (ID) and zero-shot (ZS) cross-lingual transfer
settings on the RedFM dataset analyzed across different dimensions, i.e. sentence length, lexical
length, and dependency length. The blue, orange and green bars re ect the bottom quartile,
inter-quartile range and the top quartile respectively for each of these three dimensions.
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RedFM IndoRE

Model Parser Prompting Average
ar de en es fr it zh en hi te
None - 25.6 25.7 27.0 27.0 16.736.7 37.1 476 39.0 21.9 30.4
Stanza Tuple 243 193 239 170 18.4 19.3 29.6 30.2 283 10.9 22.1
Stanza Text 251 245 226 231 235 240 30.6 444 374 229 27.8
Llama Stanza Filtered Text33.5 35.0 32.3 31.6 30.5 34.0 36.1 48.0 445 29.8 355
Trankit Tuple 30.3 17.137.3 17.2 183 221 324 275 30.6 105 24.3
Trankit Text 234 254 227 226 23.8 256 305 448 384 24.0 28.1
Trankit Filtered Text 33.1 35.2 35.6 31.4 28.7 30.3 35.3 46.2 428 295 34.8
None - 36.7 38.2 39.0 358 36.0 38.3 35b1.3 385 10.6 36.0
Stanza Tuple 27.2 359 309 319 28.1 351 30.9 484 30.6 9.8 30.9
Stanza Text 29.2 32.0 344 326 304 334 332 475 371 87 31.9
Mistral Stanza Filtered Text 39.1 39.540.9 37.1 36.6 40.2 36.7 50.8 38.5 10.3 37.0
Trankit Tuple 274 353 325 315 26.9 306 31.3 48.0 305 10.8 30.5
Trankit Text 279 320 34.7 30.7 31.0 32.7 341 46.8 3614.2 31.7
Trankit Filtered Text 39.3 39.7 39.3 36.3 36.9 37.8 38.1 50.9 38.3 11.2 36.8
None - 44.3 39.6 40.3 38.0 36.8 43.0 40.8 42.7 39.2 29.1 39.4
Stanza Tuple 354 32.0 346 31.8 319 378 314 383 382 26.1 33.8
Stanza Text 33.8 34.8 36.0 33.3 33.3 33.3 29.9 395 4306 34.6
Qwen Stanza Filtered Text 42.1 32.8 39.8 37.3 33.6 38.4 4047 454 28.6 38.3(1.1%)
Trankit Tuple 343 30.7 352 341 28.1 351 336 39.6 374 21.8 33.0
Trankit Text 354 352 34.2 331 34.0 334 30.2 405 405 27.3 34.4
Trankit Filtered Text 39.9 36.0 35.439.4 34.7 38.6 345 44.045.9 26.6 37.5

Table 4.6: Effect of dependency parses and prompting techniques for LLM-based relation ex-
traction for the REDFM and IndoRE datasets. Performance reported in terms of F1-Score. Best
performing methods are shown in bold.

the document. For both zero-shot and in-domain settings across the two datasets, adding
linguistic information in the form of dependency graphs improves relation extraction for
longer sentences. We posit that including dependency information helps to capture long
range dependencies across words and thus the observed gains for longer sentences.

* Lexical Distance: We quantify the lexical distance as the number of tokens between the
two entities. Here, we observe that dependency information is more helpful for cases where
the distance between the entities is not high, i.e. Low and Medium categories.

* Dependency Path Length:We quantify the dependency path length as the number of
dependency relations that separate the two entities in the dependency graph. We see
prominent gains for both short and long range dependency paths, especially for the ZS case
for IndoRE. However, similar to lexical distance, the gains are more prominent when the
dependency path between the entities is small. Since our chosen GNN has only two layers,
we hypothesize that it is unable to capture signals across long dependency paths effectively.

RQ3. Can dependency parses help improve relation extraction performance for LLMs?

Table 4.6 summarizes the performance of three LLMs - LLaMA (Gratta ori et al., 2024), Mistral
(Jiang et al., 2023) and Qwen (Yang et al., 2024) for zero-shot relation extraction on the IndoRE
and RedFM datasets. To account for the skew in distribution of relations, we employ the macro-F1
score as the primary evaluation metric. We observe that for the LLama-3 and Mistral models,
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Source sunsq  df F PeF)

C(src) 1.844  2.000  6.265 0.020
C(GNN) 0.185  1.000  1.258  0.291
C(DEP) 1226  1.000  8.330 0.018
C(ENC) 0.308  1.000  2.094  0.182
C(src):C(DEP) 0.165  2.000  0.56 0.590
C(src):C(ENC) 7.124  2.000  24.20 0.000
C(src):C(GNN) 1.335  2.000  4.534 0.043

C(DEP):C(GNN) 0.055 1.000 0.371 0.557
C(ENC):C(GNN) 1.045 1.000 7.098 0.026
C(DEP):C(ENC) 1.005 1.000 6.827 0.028
Residual 1.325 9.000 NaN NaN

Table 4.7: Indore In-Domain ANOVA Results. src denotes the corresponding source language.
GNN denotes the graph neural network that serves as the backbone, i.e. RGCN or RGAT. DEP
denotes the kind of the dependency parser that is used, i.e. Trankit or Stanza. ENC denotes the
multilingual encoder, i.e. mBERT or XLMR. Signi cant results are in bold.

incorporating dependency parses improves performance across several cases. The gains are most
prominent when the dependency information is presented in the form of natural language text; we
see consistent improvements for the Text Prompt Format over the Tuple Prompt Format, where
the information is presented as a list of tuples. We see that the Itered prompt that removes
information not pertaining to the two entities, improves performance further.

The improvement can be as signi cant as 1% to 5% in some cases in terms of absolute
F1-score for Mistral and LLama-3 respectively. For the Qwen model, dependency parses do not
afford much bene ts. Thus the choice of the LLM and the description of the prompt, play a
signi cant role in zero-shot relation extraction performance. It should be noted, however, that the
zero-shot performance for the in-context learning setup is signi cantly worse than the zero-shot
cross-lingual performance in the ne-tuned setup. With LLMs, we see an average absolute
improvement of 1.67% across all models and languages with the Filtered Text Prompt.

RQ4. Which factors in uence generalization?

We now inspect the factors that characterize performance improvements over the baseline for
the two datasets in the ne-tuned learning and in-context learning setup. We perform a multivariate
ANOVA analysis with the relative performance difference (expressed as a percentage over the
baseline), from including the dependency parses, as the dependent variable.

The independent variables chosen are the choice of the multilingual encoder, (MBERT or
XLMR), dependency parser (Stanza or Trankit), GNN employed (RGCN or RGAT), and the
source and target languatjeWVe also consider the pair-wise interaction effects of each of these
variables, and note the F-statistic and their corresponding p-value for the indomain (Tables 4.7
and 4.9) and zero-shot cross-lingual (Tables 4.8 and 4.10) respectively.

For the indomain setting in IndoRE, we observe that the relative performance change hinges
most on the choice of the dependency parser followed by source language. Although the choice

4For the indomain setting we consider only the target language
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Source sumsq  df F P& F)

C(src) 48.606 2.000 2449  0.108
C(GNN) 4009  1.000 0404  0.531
C(DEP) 23301 1.000  2.348  0.139
C(ENC) 20.426 1.000  2.058  0.164
C(tgt) 199.051 2.000  10.030 0.001

C(tgt):C(DEP) 13.604 2.000 0.686  0.513
C(igt):C(ENC) 85.332 2.000  4.300 0.025

C(tgt):C(GNN) 19.710 2.000  0.993  0.385
C(tgt):C(src) 12.388  4.000 0312  0.735
C(src):C(DEP) 6.487  2.000 0.327 0.724
C(src):C(ENC) 73.878 2.000  3.723 0.039

C(src):C(GNN) 7.459 2,000 0.376  0.691

C(DEP):C(GNN) 0.845 1.000 0.085 0.773
C(ENC):C(GNN) 0.923 1.000 0.093 0.763
C(DEP):C(ENC) 1.561 1.000 0.157 0.695
Residual 238.143 24.000 NaN NaN

Table 4.8: Indore Cross-Domain ANOVA Results. src and tgt denotes the corresponding source
and target language. GNN denotes the graph neural network that serves as the backbone, i.e.
RGCN or RGAT. DEP denotes the kind of the dependency parser that is used, i.e. Trankit or
Stanza. ENC denotes the multilingual encoder, i.e. mBERT or XLMR. Signi cant results are in
bold.

Source sunsq  df F PeF)

C(src) 1.862 4.000 0.408 0.800
C(GNN) 0.719 1.000 0.630 0.438
C(DEP) 3.613 1.000 3.167 0.093
C(ENC) 51.586 1.000 45.228 0.000

C(src):C(DEP) 2.027 4.000 0.444 0.775
C(src):C(ENC) 9.053 4.000 1.984 0.143
C(src):C(GNN) 3.373 4.000 0.739 0.578

C(DEP):C(GNN) 0.221 1.000 0.194 0.665
C(ENC):C(GNN) 1.773 1.000 1.555 0.229
C(DEP):C(ENC) 1.601 1.000 1.403 0.252
Residual 19.390 17.000 NaN NaN

Table 4.9: RedFM In-domain ANOVA Results. src and tgt denotes the corresponding source and
target language. GNN denotes the graph neural network that serves as the backbone, i.e. RGCN
or RGAT. DEP denotes the kind of the dependency parser that is used, i.e. Trankit or Stanza. ENC
denotes the multilingual encoder, i.e. mBERT or XLMR. Signi cant results are in bold.
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Source sunsq  df F P& F)

C(src) 14700 4.000  0.988  0.322
C(GNN) 0.109  1.000  0.029  0.864
C(DEP) 1.111  1.000  0.299  0.585
C(ENC) 4923 1000 1323  0.252
C(tgt) 10.040 6.000 0450  0.718
C(tgt):C(DEP) 25753 6.000 1.154  0.334
C(tgt):C(ENC) 106.197 6.000  4.757 0.000
C(tgt):C(GNN) 1.642  6.000  0.074  0.998
C(tgt):C(src) 314.185 24.000 3.518 0.000
C(src):C(DEP) 23.724 4000 1594  0.178
C(src):C(ENC) 323.737 4.000  21.752 0.000
C(src):C(GNN) 49.322 4000  3.314 0.012

C(DEP):C(GNN)  0.615  1.000 0.165  0.685
C(ENC):C(GNN) 2771  1.000  0.745  0.389
C(DEP):C(ENC) 0.389  1.000 0105  0.747
Residual 647.408 174.000 NaN NaN

Table 4.10: RedFM Cross-Domain ANOVA Results. src and tgt denotes the corresponding source
and target language. GNN denotes the graph neural network that serves as the backbone, i.e.
RGCN or RGAT. DEP denotes the kind of the dependency parser that is used, i.e. Trankit or
Stanza. ENC denotes the multilingual encoder, i.e. mBERT or XLMR. Signi cant results are in
bold.

Source sunsq df F PG F)

C(src) 58.4 2 0.6575.26E-01
C(DEP) 2.2 1 0.0488.28E-01
C(LLM) 1260.3 2 14.176.18E-05
C(PRM) 30425 2 34.223.94E-08
C(src):C(DEP) 16.7 2 0.187 8.30E-01
C(src):C(LLM) 543.7 4 3.058 3.36E-02
C(src):C(PRM) 426.9 4 2.401 7.46E-02
C(DEP):C(LLM) 62.3 2 0.708 5.05E-01
C(DEP):C(PRM) 48.0 2 0.54 5.87E-01
C(LLM):C(PRM) 2205.3 4 12.407.47E-06

Residual 1200.1 27 NaN NaN

Table 4.11: Indore Zero-shot ICL ANOVA Results. src denotes the corresponding source language.
LLM denotes the large language model that is used for prompting, i.e. Llama. Mistral, or Qwen.
DEP denotes the kind of the dependency parser that is used, i.e. Trankit or Stanza. PRM denotes
the kind of prompt used, i.e. standard, tuple, text, or Itered text. Signi cant results are in bold.
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Source sunsq df F PG F)

C(src) 6123.02 6 13.342.91E-10
C(DEP) 5.09 1 0.07 7.97E-01
C(LLM) 494581 2 32.326.97E-11
C(PRM) 12473.39 2 81.511.23E-19
C(src):C(DEP) 178.97 6 0.39 8.83E-01
C(src):C(LLM) 13819.12 12 15.08.46E-15
C(src):C(PRM) 1727.37 12 1.88 5.01E-02

C(DEP):C(LLM) 131.03 2 0.86 4.29E-01
C(DEP):C(PRM) 101.88 2 0.67 5.17E-01
C(LLM):C(PRM)  3130.31 4 10.231.12E-06
Residual 5815.44 76 NaN NaN

Table 4.12: RedFM Zero-shot ICL ANOVA Results. src denotes the corresponding source
language. LLM denotes the large language model that is used for prompting, i.e. Llama. Mistral,
or Qwen. DEP denotes the kind of the dependency parser that is used, i.e. Trankit or Stanza. PRM
denotes the kind of prompt used, i.e. standard, tuple, text, or Itered text. Signi cant results are in
bold.

of the encoder and the GNN do not have any signi cant effect on relative performance, their
pair-wise interactions is indeed signi cant. The story is remarkably different for REDFM where
only the choice of the encoder has any signi cant effect on RE.

In the zero-shot cross-lingual setting for INndoRE, we see signi cant effects arising from the
choice of the target language and the pairwise interaction between the choice of the source/target
language with that of the encoder. A similar story also holds for REDFM, wherein we notice
the only signi cant interactions are between the choice of the source/target language and the
encoder, and also between the choice of the source/target language pairs thembelvas.the
zero-shot setting the role of the dependency information is insigni cant for both datasets.

We carry out a similar statistical analysis for the zero-shot ICL setup, with the relative
performance change over the baseline as the dependent variable, and the choice of the LLM (i.e.
LLama-3, Qwen, and Mistral), the prompt (i.e. Tuple Format, Text Format, and Filtered Text
Format), the language (7 for RedFM and 3 for IndoRE), and the choice of the dependency parser
(i.e. Trankit and Stanza) as the independent variables. We also consider the pair-wise interaction
effects of each of these variables, and note the F-statistic and their corresponding p-value for the
IndoRE and REDFM dataset respectively in Tables 4.11 and 4.12 respectively. We observe, over
both datasets, signi cant effects arising from the choice of the LLM, and the choice of the prompt,
as well as the pairwise interaction between the choice of the prompt and LLM, and the choice of
the source language and LLMowever, once again, we see that the choice of the dependency
parser, i.e. the Stanza or Trankit, does not play a signi cant role.Nevertheless the inclusion
of dependency parse information, as exempli ed by the different prompt format, plays the most
pivotal role for the ICL setup.

Our analysis on using dependency parses as scaffolds for cross-lingual generalization serves
as a control to our previous experiments on using linguistic frameworks for cross-domain relation
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extraction in procedural text. We wanted to emphasize that the impact or the effectiveness of the
same scaffold depends on the task under consideration. Syntactic parses which explicitly capture
the dependency relations between words are less pivotal for cross-lingual generalization where
the relationship between entity mentions remains similar across languages. In contrast, the same
parses could facilitate learning a loose semantic correspondence to basic semantic relations such
as verb arguments and locations, thereby potentially facilitating transfer to new domains. This is
possible due to the implicit nature of the schemas afforded by procedural text.

4.3 Conclusion and Takeaways

This chapter demonstrates the utility of linguistic frameworks as formal scaffolds for relation
extraction in procedural text, especially when the target setting is data-scarce or distributionally-
shifted. We observe that augmenting a transformer based RE baseline with features derived from
AMRs and dependency parses signi cantly improve performance in few-shot regimes and are
robust to cross-domain transfereven when the corresponding text-based systems degrade under
domain shift. Nevertheless, our experiments also surfaces an important boundary condition; the
gains diminish as the training data increases, i.e. linguistic scaffolds matter the most under limited
supervision.

Our cross-domain experiments on RE over procedural text serve as a control for MLRE where
dependency parses normally do not yield signi cant improvements over the text baseline during
cross-lingual transfer. The only exception is for low-resource languages like telugu. We hypothe-
size that scaffolds are most bene cial when they encode information that are complementary to
what can be learned from the text representations alone. Nevertheless we observe how effective
organization of the dependency parse information can facilitate in-context learning in LLMs by
focusing on only the relevant details. Thus being aware of the task particulars can help us integrate
linguistic frameworks as scaffolds more effectively.

We continue with this line of thought in Chapter 5 where we move from internal linguistic
structure to an external structured substrate: personalized knowledge graphs, where the general-
ization bottleneck is not domain/language shift but new graphs/entities per user and the need to
reason using structure and paths rather than memorizing node embeddings.
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Chapter 5

PERKGQA: Question Answering over
Personalized Knowledge Graphs

We outline the methodology for solving the task of question answering over knowledge graphs
in a personalized setting, ®BERKGQA. In PERKGQA the user has access to their specic
knowledge graphs or KG that contains information only relevant to the user. We are only restricted
to the user's KG to answer their queries both during training and inference.

5.1 Methodology

We propose two approaches to hanBErRKGQA. The former is a non-parametric case-based
reasoning approach that does not require training. The latter is a deep neural architecture that
employs graph convolutions and encodes structural and path information for reasoning.

5.1.1 RTHCBR

PATHCBR is a non-parametric approach that employs case-based reasoning to retrieve queries
without any training . Given a questiap the corresponding knowledge grakih and the source
entities,s;; Sy; ; Sk, PATHCBR (Figure 5.1) performs the following steps:

(i) Query Retrieval: For a queryg, we rst retrieve similar questions from the available training

set. We consider a question to be similar if they share similar answer types with the query rather
than the entities (Das et al., 2020). We perform Named Entity Recognition (NER) to identify
text-spans that correspond to source entiies,;  ;s¢ in K4 (Sun et al., 2019; Wang et al.,
2020c). We substitute the extracted text spans with a special [MASK] token, yielding the masked
query templateyask. We hypothesize that masking entities can help us learn the association
of the entity with the template and could generalize to unseen entities. We employ a pretrained
language model, such as ROBERTa, to create a contextualized embeddingotnd call it

vq. We then retrieve the top questions €q;  ; ¢,) and their respective KGsKg,;  ; Kg,)

ranked by decreasing cosine similarity betwegandv,, . Thev, are created in the same manner
asvy. We represent the steps of masking and retrieving below:
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Figure 5.1:PATHCBR Overview: (1) Retrieve questions similar to a given query template from
set of questions; (2) Encode path information as a path embedding; (3) Score generated paths
using the retrieved path embedding.

Ouask  MASK(Q)
Vq ROBERTA(C]MASK)

(;Kg): i (h:Kg)  RETRIEVE(V)

(if) Encoding path information: We now construct the answer paths for the retrieved Kgs

An answer pattps; .o, COMprises a sequence of relations, starting from a s@jramntity to

the answer entityy in Ky . There can be multiple answer paths between the source and the
answer, but for simplicity we consider only the shortest paths, similar to Srivastava et al. (2021).
We represent an answer path, either explicitly as a sequence of relaiions;(::rim ) leading

from s; to ay, or by pooling over its constituent relation embeddings (V;,,; Vi, ). We
describe different approaches to obtain the relation embedglimg Section 5.2. Once we have
embeddings for individual paths, we pool across all possible answer paths over the retrieved KGs,
K, to obtain the retrieved path embedding,for g. We describe the steps to encode the path
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information below:

Ps; a  [MiniTizs 3 Tim]
MAX-POOL([Vr,,; Vri»s Ve D)

Vis;

va MAX-PooL([8Vp,, ., ])

(iif) Scoring generated paths:For the given query, we generate all possible paths of a certain
length, arising frons;;s;;  ;sk. The length of the path is determined by the maximum length

of the answer path encountered during retrieval. These generated patips) (sagstitute a
sequence of relations arising from the source noder(galy; ;rm), Similar to the retrieved

paths. We encode them by pooling over the constituent relation embeddings towghtétie
generated path embedding. We nally score the generated path embedding against the retrieved
path embeddingg ; a higher similarity implies that the generated path is more likely to lead to an
answer. However, if we store the path information explicitly as a sequence of relations, then the
nodes we reach by traversing the retrieved sequences are answer$lierequations follow:

o[ Srim]
Vo, MAX-PooOL([V,; 5 Wiy, 1)
score(Vy, )  SIM(Vy, i Va):

51.2 RTHRGCN

We now propose our parametfaTHRGCN model that can encode and ne-tune path embed-
dings for KGQA. Given a questiog, the corresponding knowledge graki and the source
entities,s;; s;; Sk, PATHRGCN (Figure 5.2), encompass the following steps during training:

(i) Initialization: We encodej using a pretrained language model (PTLM) such as ROBERTa
(Liu et al., 2019a), to obtain the corresponding representationVe use unsupervised graph
representation learning techniques like Node2Vec (Grover and Leskovec, 2016) and Walklet
(Perozzi et al., 2017), that leverage the neighbourhood information of no#ggaobtain the
corresponding embedding&s ; Ve,; Ve, fortheN nodese;;e,; ey in Kq. Unlike Wang

et al. (2020Db,c), we do not use pretrained word embeddings since user-provided names can be
arbitrary.

vy ROBERTA(Q)
Ve, ; Ve, i Ve WALKLET (Kg):

N
(i) Information propagation using GNN: We employ graph neural networks (GNN) to update

the node representationsi6f. We modifyK, by adding the inverse-relations between nodes
and self-loops to facilitate information propagation across both directions similar to Wang et al.
(2020b,c). We concatenatg with v, and a binary value oh. b has a value of 1 or O,
corresponding to whethey is a source entity. The resultant representatitﬂln,: [Vg Ve s 0],

is then passed as input to the rst GNN layer, and the representations of all nodes are updated.
We perform such updates L times, where L denotes the number of GNN layers, resulting in
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Figure 5.2:PATHRGCN Overview: (1) Initialize the question using a pretrained language model
(PTLM) and the nodes in the corresponding KG; (2) Perform information propagation using
RGCN to update node embeddings; (3) Encode path information from the source entities (shown
in green) to all possible target nodes by pooling over the constituent node embeddings; (4) Perform
answer prediction at both the path and node level.

the nal representation dfi; . We use softmax as the non-linear activation and add dropout for
regularization between updates. We use the RGCN model (Schlichtkrull et al., 2018a) to account
for different relationships between nodes.

he Vg Ve B
ht RGCNHL)

(i) Path embedding generation: We construct all possible patips; p;; :::pm upto a xed
distance from the source entities, and generate their corresponding path embeddings. The
embeddings for path; or v, is obtained by pooling over the updated representations of the
nodes that constitutgs. We hypothesize that learning the path structure can provide intermediate
supervision (Srivastava et al., 2021) and can help prune-out nodes that are unlikely to be reached
from the source.

Vp,  MAx-PooL(h;) 8e 2 p

(iv) Answer prediction: We perform answer prediction both at the node and path level. We
concatenate the updated representation for Bpeiehgi , with the question-embedding, and
pass it through a linear layer with sigmoid activation. to obgii This represents the probability

of & being an answer and is trained against the ground truth valye. e perform the same
procedure at the path level to obtain the probability of gatthat leads t@ as §/e ). We use
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binary cross-entropy loss for answer prediction at the node level (NL) and path level (PL) and
minimize these losses jointly during training. Speci cally :
9o (FFN(hg  vq))

€

9pj € (F)|<: N(ij Vq))

N L = yei IOg(yei )
€ 2K g
X X
PL = yei |Og(ypj Zei)
& 8p €

Inference: During inference, given a questian and its corresponding sub-grafdly , the learnt
PATHRGCN models outputs (i) probability that the nodge;;  ; ey is an answer and (ii)
probability that the pathp,; po; Pm leads to an answer. Thus for a given entay, we
compute the maximum probability amongst all paths that ergl ivWe compute the mean of this
probability alongside the probability @ being an answer.

5.2 Experiments

5.2.1 Baselines

EmbedKGQA: The EmbedKGQA model (Saxena et al., 2020) performs Knowledge Graph
Completion (KGC) on an existing knowledge graph, to learn node representations. They use
ComplEx (Trouillon et al., 2016) to generate node embeddings, to account for the anti-symmetric
nature of the relations between nodes. Furthermore, they use RoBERTa (Liu et al., 2019a) as the
Pre-Trained Language Model (PTLM) to encode the question. They learn an objective function to
select answers based on the similarity between question and node embeddings and further perform
pruning based on the relation type to prevent over-generation of candidates. EmbedKGQA can
perform arbitrary multi-hop reasoning, is not restricted to a speci ¢ neighbourhood, and can
effectively handle incomplete links/edges. To ensure EmbedKGQA can be applied in our setting,
we carried out KGC on the KG associated with the question instead of the entire Freebase KG.
This ensures that the entity representations are distinct for each individual KG.

Rel-GCN: The Rel-GCN approach of Wang et al. (2020b) rst constructs a smaller sub-graph
Kq for a given question, using PPR (Haveliwala, 2003) from the large base knowledge{§raph,
They encode the questigrusing PTLM as/q, and use TranskE (Bordes et al., 2013)0oto obtain

the node representatioms for nodee, in K. They concatenate the node embedding with the
question-embedding,, and then perform RGCN df to obtain their updated representations.
These updated representations are used to score whether a given node is an answer or not. For
PERKGQAsetting we perform TransE not on the original grai§hbut on each sub-grapfy,.
GlobalGraph: The GlobalGraph technique of Wang et al. (2020c) is similar in conception to
Rel-GCN, having the same steps, (i) sub-graph construction, (ii) encoding representations of
guestion and nodes, (iii) running RGCN to update the node representations. Moreover, to capture
long-dependencies between nodes, the model leverages the set of incoming and outgoing relations
to assign a global type for each node. They also identify nodes that are correlated with the question
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and construct a dynamic graph connecting such similar nodes. GCN over this dynamic graph
yields updated representations for such nodes. Once agaPERWKGQA, we perform TransE
on the individual KG associated with the question

5.2.2 Experimental Details

PATH CBR: We experiment with how masking entities impact QA performance. For Cloud-
KGQA, we identify entities by performing string-match over text spans in the question to their
corresponding nodes in the KG. For Mod-WebQSP, we use the publicly available SpaCy NER

1 We also experiment with SpaCy's POS-Tagger to mask proper nouns. The masked query is
encoded using the [CLS] token of ROBERTa-BASE (Liu et al., 2019a). We experiment with
different ways to encode relations, either as a one-hot vector or using ROBERTa-BASE to encode
the text. We perform max-pooling over the constituent relation embedding to obtain the resultant
path-embedding. Likewise, max-pooling over the resultant path-embeddings yields the retrieved
path-embedding. We also experimented with mean-pooling, but max-pooling fared consistently
better. The generated paths are similarly encoded during inference. We compute cosine-similarity
between a generated and retrieved path embedding. We retrieve the top 5 questions in descending
order of their similarity for a given query.

PATHRGCN: ForPATHRGCN, we use ROBERTa-BASE to encode the question text, and Walklet
(Perozzi et al., 2017) during initialization to generate the unsupervised node-representations for
each KG. We use Walklet instead of Node2Vec since it exhibits the highest performance over
several node classi cation tasks (Rozemberczki and Sarkar, 2020). Moreover, it does not require
any additional features to generate the embeddings and is computationally fast; Walkle®@as

times faster than Node2Vec. The embedding sizes for the question, nodes, and GNN layers was set
to 768, 128, and 200, respectively. We x L, the number of GNN layers to 1. For Path-RGCN, the
length of an answer-path is chosen based on the maximum distance between a source entity and
an answer entity encountered during training. This corresponds to a distance of 3 for CloudKGQA
and a distance of 2 for Mod-WebQSP. We used Adam optimizer with a low learning rate of 2e-5,

a decay of 5e-4, and patience of 30, and trained for 100 epochs. Each model took around 3 hours
to complete on a p3.8x large EC2 instance.

Baselines:For Rel-GCN (Wang et al., 2020b), and GlobalGraph (Wang et al., 2020c), we use
RoBERTa-BASE (Liu et al., 2019a) to encode the question, and TransE embeddings to initialize
the nodes (Bordes et al., 2013). We use the publicly available PyTorch-Geometric library (Fey
and Lenssen, 2019) to implement RGCN (Schlichtkrull et al., 2018a) for these two baselines. The
embedding dimensions for our question, node, and GNN layers are 768, 128, and 200 respectively.
The number of GNN layers, was set to 2 and 1 for Rel-GCN and GlobalGraph respectively, as
speci ed in their papers. For EmbedKGQA, we use the publicly available code of Saxena et al.
(2020)2 along with the default hyper-parameters for training. We use the publicly-available,
LibKGE (Broscheit et al., 2020) library to generate Complex embeddings for each KG.

nhttps://spacy.io/usage/spacy-101#annotations-ner
2https://github.com/malllabiisc/EmbedKGQA
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5.2.3 Evaluation Metrics

We evaluate the performance of the baselines and our proposed approaches across two metrics
commonly used in KGQA, namely, Hits@1 and Accuracy. For a given question, Hits@1 has a
value of 100 if the highest-scoring candidate is a correct answer; else, it is 0. Accuracy denotes the
fraction of answers predicted correctly amongst the top K candidates (as a percentage). We also
measure Hits@K for a question, for which the value is 100 if the answer is present amongst the
top K candidates; else it is 0. For both Accuracy and Hits@K, K is the number of correct answers.
We carry out experiment for ve random seeds and report the mean and standard deviation. We
perform statistical signi cance using the paired bootstrapped test of Berg-Kirkpatrick et al. (2012)

in Dror et al. (2018).

5.3 Results

CloudKGQA Mod-WebQSP
Method Hits@1 Hits@K Accurac% Hits@1 Hits@K  Accuracy
EmbedKGQA 316 33 316 33 316 33291 19 326 22 251 1.8
Rel-GCN + TransE 449 8.7 525 6.1 414 63|494 23 596 1.2 485 1.8
GlobalGraph + TransE 46.63.6 56.1 19 436 25|484 06 59.1 0.7 483 0.9

PATHRGCN + Walklet (Ours) 90.4 2.1 91.3 1.5 090.7 1.5‘68.6 02 752 04 685 0.3

Table 5.1: Performance of the baselines and our approaches on CloudKGQA, and Mod-WebQSP.
K is the number of correct answers. We report the mean and standard deviation across 5 runs. The
best performance is highlighted.

In this section, we pose the following research questions (RQs) and attempt to answer the
same. We present instances of preprocessed questions that serve as input to the model.
RQ1. How do our proposed approaches fare oPERKGQA compared to KGQA baselines?

We observe that botRATHCBR andPATHRGCN, yield the highest performance on Cloud-
KGQA, outperforming the existing baselines by over 100% for Hits@1 and Accuracy in Table
5.1. We attribute the poor performance of prior KGQA techniques to their inability to (i) learn
global node embeddings over the large base KG or (ii) update the embeddings during training.

For Mod-WebQSFPATHRGCN achieves the highest performance outperforming preexisting
baselines signi cantly (p-value 0.001). HoweverPATHCBR achieves performance comparable
to the baselines, and can answer questions corresponding to templates encountered during training,
for instance,“who plays ken barlow in coronation” We attribute the low performance of
PATHCBR to:

(i) The underlying global KG for Mod-WebQSP is more complex and dense. There are 572
possible relations as opposed to 8 for CloudKGQA . Moreover, there can be multiple relations
between two entities, (e.glocation.country.capitaland location.containedoy' are both valid
relations between Tokyo and Japan), a characteristic absent in CloudKGQA. The possible paths
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increase exponentially with hops, and additional supervision afforded by GNNs helps answer
these questions with long-range dependencies (Wang et al., 2020c).

(i) Not all possible relations encountered during inference were available during training. E.g.,
the most relevant question retrieved farthat was wayne gretzky 's rst teamivas“what team
does plaxico burress play foy’because the relation corresponding tet team” was absent
during training. At times, the pretrained language model could not infer the query's semantic
meaning. E.g, the most relevant question“tehat town was martin luther king assassinated
in” was“what town was abe lincoln born in’despite the occurrence of questions likdere
was huey newton killed"Thus if the templates are widely different, it is not suf cient to encode
the question using a PTLM; rather, we need to ne-tune the questions to learn meaningful
representation.

We further inspect the capabilities of our techniques to address the individual characteristics
of PERKGQA, namely multiple answers, variable hop distance, multiple constraints, and variable
KG size. Our approaches outperform baselines consistently and signi cantly on all such fronts.
RQ2. What is the impact of entity masking and encoding different path-information
strategies on ARTH CBR's performance?

No Masking Masking Entities Masking Proper Nouns
CloudkGQA Hits@1 Hits@K Acc| Hits@1 Hits@K Acc| Hits@1 Hits@K Acc
Path Sequence 67.9 67.9 679 67.9 67.9 67. 66.4 66.4 66.4
One-Hot Vector 88.8 89.4 88. 95.4 96.7 95.8 82.4 84.9 83.6
Text Embedding 83.6 86.1 84,8 95.7 96.9 96. 78.4 80.9 79.5

Mod-WebQSP  Hits@1 Hits@K Acc| Hits@1 Hits@K Acc| Hits@1 Hits@K Acc
Path Sequence 33.0 37.9 373.8 41.6 46.5 413 47.4 52.2 46.2

One-Hot Vector 32.5 41.1 32. 44.6 52.1 43. 49.3 56.0 48.0
Text Embedding 13.7 21.1 16]1 224 28.7 23. 25.2 321 26.7

Table 5.2: Mean performance 8ATHCBR across different settings for entity masking and
encoding path information, as a sequence of relations (Path Sequence), as a One-Hot Vector, or as
a Text Embedding using a PTLM. The best performance is highlighted in bold and the second
best is underlined.

We investigate the impact of different strategies for masking entities and encoding path
information on the performance of tlRERKG QAtask for the two datasets and report them in
Table 5.2.

(i) Entity-masking: For Mod-WebQSP, entity masking using either a publicly-available NER
or a POS Tagger, shows a huge boost in performance as seen in Table 5.2. Masking entities
facilitates retrieving relevant questions which share similar answer types rather than similar entity
names in the query. For example, for “What countgneseley coloradon ?”, the most relevant
question retrieved after masking is “What county@ato californiain?”, as opposed to “What
college is ingreeley colorad®”. We observe a similar trend for CloudKGQA when we mask
entities linked to nodes in the KG. However, the performance drops substantially when we use
a POS-Tagger. Since the naming convention for nodes is arbitraryalkd 23", they are not
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detected as proper nouns; this creates inconsistent templates, and irrelevant questions appear
higher in the ranked list.

(i) Encoding path information: We observe that encoding relations as one-hot vectors
fare just as well, if not better than encoding the relation-text using a PTLM. This is especially
true for Mod-WebQSP where relation-names have high lexical overlap and thus exhibit high
similarity. For example, fofwhere is jamarcus russell from”the correct relation iSpeo-
ple.person.placeof_birth” , but the relation predicted, wégeople.person.dateof_birth” . En-
coding relations as one-hot-vectors circumvents this issue. Encoding the path-information, as
a sequence of relations works well for Mod-WebQSP but not for our CloudKGQA, since the
guestions encountered during inference have different templates.

RQ3. What role does graph structure and path-information play on FERKGQA?

CloudKGQA Mod-WebQSP
Method Hits@1 Hits@K Accuracw Hits@1 Hits@K Accuracy
Rel-GCN + TransE 449 8.7 525 6.1 414 63494 23 596 1.2 485 1.8
GlobalGraph + TransE 46,6 3.6 56.1 19 436 25|484 0.6 59.1 0.7 483 0.9
PATHRGCN + TransE 514 48 684 26 570 44531 09 626 0.7 520 0.8
Rel-GCN + Walklet 79.1 39 798 42 793 40630 11 713 0.8 63.0 1.2
GlobalGraph + Walklet 86.3 3.8 87.2 40 865 39644 09 726 09 646 0.8
PATHRGCN + Walklet 904 2.1 91.3 15 90.7 15|686 0.2 752 04 685 0.3

PATHRGCN + Walklet-NL 90.3 7.1 91.1 6.9 90.6 6.8‘65.7 1.0 73.0 11 658 1.0

Table 5.3: Performance of the baselines 8atHRGCN when initialized with different node
embeddings. We report the mean and standard deviation across 5 runs. The best performance is
highlighted. NL stands for Node Loss.

We investigate the bene ts of unsupervised graph representation learning techniques to
initialize node embeddings. In particular, we compare the ef cacy of Walklet and Transk
embeddings, when applied to Rel-GCN, GlobalGraph, BamHRGCN. We see signi cant
improvements for all models when TranskE embeddings are substituted with Walklet in Table 5.3.

Since we operate for individual KGs, TransE does not have suf cient information to generate
meaningful node representations. Walklet leverages the neighbourhood information and thus
can capture the structural representation for each B&HRGCN signi cantly outperforms
the baselines on both fronts, when all three models are initialized with Walklet or when all three
models are initialized with TransE embeddings.

We also investigate the importance of incorporating node loss (NL in Table 5.1) for additional
supervision. This aids Mod-WebQSP, where multiple relations between entities give rise to several
possible paths between source and answer, most of which are spurious. Since multiple paths do
not exist for CloudKGQA, removing the node loss does not deteriorate performance.

RQ4. How does our proposed approaches fare against the baselines for different KGQA
properties?

We investigate the performance of the different methods (accuracy) det#€G QA task
for different properties of the dataset. The methods we investigated wder@RGCN (i)
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(a) CloudKGQA: Accuracy vs # Answers

(b) CloudKGQA: Accuracy vs Subgraph size

(c) CloudKGQA: Accuracy vs # Hops

(d) CloudKGQA: Accuracy vs # source entities

(e) CloudKGQA: Accuracy vs # Constraints

Figure 5.3: Performance of the models on the CloudKGQA dataset across different parameters
such as size of the subgraph, number of answers, hops, source entities, and constraints.
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(a) Mod-WebQSP: Accuracy vs # Answers

(b) Mod-WebQSP: Accuracy vs # Subgraph Size

(c) Mod-WebQSP : Accuracy vs # Hops

Figure 5.4: Performance of the different techniques on the CloudKGQA dataset based on the
number of hops, head-nodes, logical constraints
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