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Chapter 6

Conclusions and Critical Reflections

We have now arrived at the closing part, where we will summarize this thesis and discuss
its limitations, significance, and potential future directions. This chapter will present
the main conclusions of this thesis along with critical and systematic reflections on the
limitations of the thesis.

6.1 Conclusions and Contributions
While intelligence has long been a quest for human beings, we now stand at a critical
point in time. We are experiencing an intelligence revolution, where in the envisioned fu-
ture, intelligence can be packed into units that can be disseminated easily across time and
space, akin to how Industrial Revolution packs our physical capabilities into units. In this
revolution, knowledge plays a crucial role as it serves as the interface between our cog-
nition and the reality. An accurate knowledge interface allows intelligent agents to con-
ceptualize and model the reality effectively (even though it remains uncertain if humans
experience the reality directly). The knowledge of actions and their consequences fur-
ther allows the intelligent agents to intervene and transform their environments. Hence,
building knowledge engines are essential to both natural and artificial intelligence.

There are two conventional paradigms to constructing knowledge engines: the struc-
tured and unstructured paradigm, exemplified respectively by knowledge graphs and
large language models. Which one is better? This thesis aims to discuss this age-old
debate in the context of recent findings in knowledge graphs and language models. We
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argue that the presence of structures is inevitable regardless of whether data is explic-
itly structured (as in knowledge graphs) or implicitly structured (as in large language
models). Furthermore, we assert that not all structures are of positive roles. If focusing
narrowly on structure formation, we can make models that are overly rigid. Thus, we
motivate the necessity of destructuring, which improves models’ plasticity so that they
can learn rapidly with few examples in new environments.

In summary, this thesis presents a scientific journey to discover the commonalities
between the two mainstream paradigms for building knowledge engines. Although these
paradigms initially appear distinct, often perceived as separate approaches, this thesis
demonstrates that deeper connections can be established through a functional examina-
tion of model training dynamics and analytical reformulation of model computations.
The contributions of this thesis are fourfold as detailed below:

First, the thesis identifies new connections between the two seemingly disjoint paradigms
as summarized in Table 6.1:

• The language modelling objective induces latent structures within model compu-
tations, supporting tasks such as knowledge base completion and the interpretation
of large language models.

• Active forgetting enables inductive reasoning in both paradigms, facilitating effi-
cient generalization to unseen entities in knowledge graphs and new languages in
pretrained language models.

Second, we provide new insights into the role of structures in building general knowl-
edge engines:

• Structures are indispensable for knowledge engines, though they can manifest in
various forms – explicit in data or implicit withinmodels. The structured paradigm
explicitly specifies the structures in the data. For the unstructured paradigms, la-
tent structures about the relationships among tokens can be directly extracted from
model computations post-training (Chapter 3).

• However, overly encoding structures within models can hinder their ability to gen-
eralize to unseen scenarios, highlighting the importance of balancing structures
and flexibility (Chapter 4).
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Table 6.1: Comparison of the structured and unstructured paradigm through the dual
forces of structure and destructure.

Force Structured Paradigm Unstructured Paradigm

Structure Language modelling objectives induce
structure into factorization models (Chap-
ter 2)

Language modelling objectives induce
structure into Transformers (Chapter 3)

Destructure Active forgetting enhances generalization
to unseen graphs (Chapter 4)

Active forgetting enhances generalization
to unseen languages (Chapter 5)

Third, we obtain new understandings about the embedding layer, the often-overlooked
components in both paradigms:

• The concept of the embedding sandwich emerges as a suitable architectural ab-
straction for models in both the structured and unstructured paradigm, e.g. trans-
formers (Chapter 3 and Chapter 5).

• Embeddings should not be examined in isolation but rather in conjunction with
their optimization dynamics. They serve as dynamic repositories where gradient
descent accumulates, propagates, and stores symbolic interactions. (Chapter 4).

Finally, our findings advocate for a shift in focus from the surface-level distinctions
of structured versus unstructured data to the underlying dynamics of structure formation
and destructuring as indicated by Table 6.2:

• Rather than focusing solely on whether data is structured or unstructured, es-
pecially given modern datasets often contain data exhibiting varying degrees of
structures, we highlight the need to study both the forces driving structure forma-
tion (Part I) and their opposing force, destructuring (Part II).

• Structuring promotes structure encoding in the models. Destructuring mitigates
the rigidity of excessive structuring, enabling AI systems to adapt and reason ef-
fectively in dynamic, unseen environments—an ability we term model plasticity.

In conclusion, this thesis highlights that structure formation and its dual force, de-
structuring, are both essential components for building general knowledge engines.
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Table 6.2: The unified paradigm seen through the mechanistic forces of structure and
destructure.

Force The (Un)Structured Paradigm

Structure Language modelling induces structure in model computation

(Part I)

Destructure Active forgetting helps address unseen symbols and adapt to new environments

(Part II)

6.2 Limitations and Flaws
While this thesis provides new insights into the bridging of structured and unstructured
learning, the thesis contains several limitations and flaws in its current form. While
individual chapters already provide discussion on their own limitation, this section ac-
knowledges global limitations related to the topic of structured and unstructured learning
so that the readers can have a rigorous assessment of the thesis.

6.2.1 Theoretical Scope
We discussed several key constructs and concepts used in our thesis, where broader no-
tions of them are combed through.

Structure

The core concept in this thesis is structure. In the traditional discussion of structured and
unstructured learning, the concept of structure mainly centres around the structures in
the data. This thesis takes a step further to discuss the relationship between the structures
in the data and the structures in the computational model: language modelling objective
can induce the former into the latter; the latter can in turn be recovered to the former by
rearranging model computation. In this sense, the thesis considers primarily structures
in the context of relational learning and language modelling.

However, structures have other broader notions which the thesis could have engaged
with. We enumerate a number of them to better contextualize our notion of structures.
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First, structures are the obsession object for philosophers, psychologist, educators
who strive to understand human minds. In this context, structures typically refer to men-
tal or cognitive structures, with knowledge being perhaps one of the most important of
these structures. We review several famous notions of structures under this category.
As early as 1781, Kant discussed how the mind structures experience and how such
abstractions form the basis for humans to understand the world [Kant, 1781]. Clinical
methods were used to study how these cognitive structures form in children by Piaget
in 1920s [Piaget, 1929]. Using controlled observations, Vygotsky further highlighted
the mental structures are highly impacted by external factors such as language and cul-
ture [Vygotsky, 1934]. Bruner examined the role of mental structures in the learning
process and showed how abstract thinking is necessary to organize new experiences and
knowledge [Bruner, 1960]. More recently, Deleuze further argued that mental struc-
tures are not static but dynamic and emergent in his masterwork, Difference and Repeti-
tion [Deleuze and Patton, 1994]. This thesis can be seen as an effort towards implement-
ing such a dynamic notion of mental structures in AI systems (in fact, to a certain extent,
one can see our destructure process as Deleuze’s difference process and our structure for-
mation as Deleuze’s repetition process), while more understandings into the difference
and repetition processes are required to fully realize the flexible structures described by
Deleuze.

Secondly, in programming, structures often mean data structures, the abstract mod-
els for organizing and storing data [Knuth, 1997]. In this case, structures refer to an
abstraction where the physical implementation is often hidden, and developers interact
with abstract representations of the data. In our thesis, the “structure” in the structured
and unstructured paradigm refer to the structures in the training data. Specifically, in the
case of structured paradigm, the structures are relational structures formatted in subject-
relation-object triples [Ji et al., 2020]; in the unstructured paradigm, the texts are without
such formatting, e.g. the first few tokens are not necessarily the subject rather they can
play various grammar roles depending on the contexts.

Thridly, structures in mathematics, such as sets, groups, and graphs, are abstractions
that represent relationships [Dummit et al., 2004, Hausdorff, 2021, Deisenroth et al.,
2020]. These mathematical constructs are essential in modelling relationships and com-
plex systems. In the structured paradigm, knowledge bases can be represented using
graphs, known as knowledge graphs. The graph representation of knowledge bases en-
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able easy visualization, comprehension, and efficient querying, reasoning [Noy et al.,
2019, Ji et al., 2020]

Finally, structures have ample notions in machine learning. Most of these notions ex-
plcitly incorporate structures into learning and learnt structures are used to help reason-
ing. We discuss a couple of works with such explicit structure integration. In Bayesian
learning, structures manifest as Bayesian networks, which are probabilistic graphical
models consisting of variables and their conditional dependencies expressed by a di-
rected acyclic graph [Neal, 2012]. Compared to the usual neural networks, Bayesian
networks can be used for prediction with uncertainty. Similarly, in causal inference,
structures often refer to causal graphs or structural causal models (SCMs) [Pearl, 1998].
These causal models describe causal relationships between variables, distinguishing cau-
sation from correlation [Pearl and Shafer, 1995, Pearl and Mackenzie, 2018]. Another
branch of work, neuro-symbolic AI [Besold et al., 2021], integrates symbolic structures
with neural networks. Since neural networks excel at pattern recognition and symbolic
reasoning excels at abstract concepts and logic rules, neuro-symbolic AI aims to com-
bine their strengths [Garcez et al., 2019]. In this domain, structures often refer to knowl-
edge representations such as knowledge graphs and logic rules [Hamilton et al., 2024,
Colelough and Regli, 2024]. Thus, the knowledge graphs based learning methods in this
thesis can apply to some neuro-symbolic AI systems while more research are needed to
extend the methods to complicated structures like logic rules. For example, it would be
interesting to explore how active forgetting (Part II) could help models adapt logic rule
templates by flexibly substituting different entities (i.e., performing variable instantia-
tions) depending on the task. This could make reasoning systems more adaptable and
task-specific.

All the above notions of structures are also meaningful structural objects to extend
our methods with. A more comprehensive treatment of the broader notions of struc-
tures would require integrating toolkits from causal machine learning, general Bayesian
learning, and neuro-symbolic AI.

Destructure

The concept of destructure introduced in this thesis, with active forgetting as one po-
tential implementation, is not without limitations. While active forgetting specifically
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targets the embeddings, actively removing the structures captured in them, other com-
ponents of the model could also be considered for forgetting. However, we have chosen
embeddings as the primary target for this process, leaving other model components un-
explored. One key limitation is the lack of automatic selection for which component
should undergo forgetting during the pretraining process. Although it would be more
convenient for users if such a mechanism were automated, this would add significant
overhead to an already computationally expensive pretraining phase. Additionally, the
idea of automating the schedule of forgetting frequency rather than treating it as a hyper-
parameter introduces further complexity that may increase the computational burden.

It is also worthwhile to compare with techniques such as dropout [Baldi and Sad-
owski, 2013, Srivastava et al., 2014] and iterative pruning [Frankle and Carbin, 2019].
These methods periodically erase weights, providing regularization and helping to pre-
vent overfitting. However, they are not designed to specifically address generalization to
unseen environments, which is a key goal of our proposed destructuring method. The-
oretically, active forgetting and similar techniques could be linked to frameworks like
Invariant Risk Minimization (IRM) [Arjovsky et al., 2019], which aims to reduce risks
across different environments and improve generalization to unseen data points. How-
ever, further investigation is required to fully establish this connection.

Another limitation arises from the lack of study on one-time destructuring meth-
ods, which focus on removing unwanted structures in the models, directly patching
problematic model behaviors. These methods, such as DPR [Karpukhin et al., 2020],
RAG [Lewis et al., 2020b], model editing [Meng et al., 2022], andmodel unlearning [Liu
et al., 2025], address specific issues like hallucinations or toxicity in LLM generations.
However, they lack the ability to systematically and globally address these issues across
the model in an integrated way. Instead, they rely on external interventions, which may
not lead to the same depth of control over the model’s learning and forgetting processes
as the proposed approaches in this thesis. That said, these external methods are reactive
and easy to deploy on-the-fly.

6.2.2 Methodological Constraints
While this thesis attempts to bridge structured and unstructured learning paradigms, it
centres on the embedding and its role in caching symbolic relationships. The unifi-

141



cation is limited to reframing neural embedding optimization as structural operations
(message-passing over graphs). This unification is implicit rather than explicit. The
alternative direction can be to estabish a mathematically rigorous framework or an em-
pirical system that directly mixes both structured and unstructured inputs synthesizing
neural networks and symbolic reasoning [Colelough and Regli, 2024]. For example, di-
rectly injecting structured data into the unstructured paradigm, making language models
structure-aware [Li et al., 2023, Wu et al., 2024].

6.2.3 Evaluation, Scalability, and Computation Efficiency
In the destructuring experiments presented in Part II, we focused on evaluating themodel’s
performance on unseen entities in knowledge graphs and unseen languages for pretrained
language models. However, in real-world applications, there are many other potentially
unseen scenarios that need to be considered. For pretrained languagemodels, there exists
a wide spectrum of linguistic shifts to which the model must adapt. These shifts include
domain shifts [Gururangan et al., 2020], temporal evolution [Liska et al., 2022], task/-
tool changes [Lu et al., 2024], and personalization for different users [Kirk et al., 2024].
All of these factors are important to test when applying active forgetting techniques to
ensure that they are effective across a variety of scenarios.

Although latent structures in large language models were analysed in Chapter 3, ex-
tracting transparent higher-order n-grams remains a partially unsolved challenge. This
issue requires further scaling up of our methods to handle more complex structures.
Similarly, the analysis of computational paths can be extended to explore the cascading
effects across multiple self-attention modules, a task that demands increased computa-
tional resources. We focused on extracting n-grams for a selected set of large language
models. To gain a deeper understanding of more models and their internal knowledge,
we must systematically examine a broader range of models. This would include poten-
tially verifying the extracted structures against data distributions or real-world knowledge
graphs to validate the models’ generalization capabilities and alignment with external
knowledge.
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6.3 Significance and Implications
This thesis carries several important implications that extend beyond its theoretical con-
tributions, shedding light on practical applications for both artificial and human cognitive
systems.

6.3.1 Applications for Machine Minds
By bridging the structured and unstructured paradigms, this work enables cross-paradigm
learning, allowing us to borrow strengths from both approaches.

One key application lies in improving the controllability of large language mod-
els (LLMs). For instance, by training models on relevant n-gram paths identified through
our method in Chapter 3, we might be able to enhance their functional flexibility. This
can be particularly useful in managing tooling plasticity [Lu et al., 2024], where tools
can be interpreted as “neural circuits” that activate only under specific conditions. By
identifying model paths related to particular tool usages, we could apply active forget-
ting from Chapter 5 to adjust or reset those paths as needed. Additionally, this work
offers pathways to improve the interpretability and transparency of LLMs. As shown in
Chapter 3, our n-gram interpretability requires only CPU-based post-training process-
ing and no curated external datasets, making it more computationally efficient than other
approaches. This method allows institutional actors to systematically audit LLMs, en-
hancing transparency and user trust in generative AI applications.

6.3.2 Applications for Human Minds
This thesis also implies a broader scientific inquiry into how humans build knowledge
engines in their minds.

First, the research on embeddings and their function as “memory banks” during train-
ing (Chapter 4) provides insights into how human memory might work and be regu-
lated, potentially linking to engram cells in neuroscience [Tonegawa et al., 2015, 2018,
Ryan and Frankland, 2022, Guskjolen and Cembrowski, 2023]. Second, active forgetting
techniques that help pretrained language models generalize to new languages with less
data (Chapter 5) could inspire new research in language acquisition. This is especially
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relevant to studying phenomena such as the critical period for language learning [Con-
stantinescu et al., 2024]. Third, this thesis highlights potential applications for digital
intervention. Many recommender systems and social media platforms maintain persis-
tent embeddings for individual users. While these technologies have become integral
to daily life, they often accumulate implicit user preferences in embeddings, leading to
issues like “brain rot” addiction and echo chamber. If platforms periodically reset user
embeddings, we might be able to mitigate digital addiction, and promote healthier online
interactions.
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