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Abstract

Natural Language Processing is used to address several tasks, linguistic related ones, e.g. part of speech
tagging (Marquez and Rodriguez, |1998)), dependency parsing (Nivre et al., 2016), and downstream tasks,
e.g. machine translation, sentiment analysis. To tackle these tasks, dedicated approaches have been
developed over time.

A methodology that makes it possible to increase performance on all of them in a unified manner is
language modeling (Bengio et al.||2003)), this is done by pre-training a model to replace masked tokens in
large amounts of text, either randomly within chunks of text or sequentially one after the other, to develop
general purpose representations that can be used to improve performance in many downstream tasks at
once.

The neural network architecture currently best performing this task is the transformer (Vaswani et al.,
2017), amodel based on attention, a technique that allows to focus on specific parts of a sequence. Together
with this architecture, model size and data scale have been found to be essential to the development of
information-rich representations (Liu et al., |2019b} [Raffel et al., |2020). The availability of large scale
datasets and the use of models with billions of parameters is currently identified as the most effective path
towards better representations of text.

However, with large models, comes the difficulty in interpreting the output they provide, at the same
time, the use of datasets with billions of tokens makes it ever more difficult to identify confounding factors
between training and validation data. Therefore, several studies have been carried out to investigate the
representations provided by transformers models trained on large scale datasets (Conneau et al., 2018}
Rogers et al.| [2020).

In this thesis I investigate these models from several perspectives, I study the linguistic properties
of the representations provided by BERT (Devlin et al.||2019), a language model mostly trained on the
English Wikipedia, to understand if the information it codifies is localized within specific entries of
the vector representation (Puccetti et al.,[2021b). Doing this I identify special weights that show high
relevance to several distinct linguistic probing tasks. Following this I investigate the cause of these special
weights, and link them to token distribution and special tokens (Puccetti et al., 2022). Subsequently, I
investigate the effect of different pre-training runs on downstream tasks with respect to the number of
pre-training steps to understand if such special weights reveal different patterns.

To complement this general purpose analysis and extend it to more specific use cases, given the
wide range of applications for language models, I study their effectiveness on technical documentation,
specifically, patents.

I use both general purpose and dedicated models, to identify domain-specific entities such as users
of the inventions and technologies (Puccetti et al., [2023) or to segment patents text. I always study
performance analysis complementing it with careful measurements of data and model properties to
understand if the conclusions drawn for general purpose models hold in this context as well.
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CHAPTER

Introduction

This thesis focuses on studying Transformer-Based Language Models, a family of models initially devel-
oped to tackle Natural Language Processing (NLP) tasks. It works towards improving the understanding
of these models inner workings and their application to the extraction of technical information from
patents.

The widespread of Transformer Based Language Models (LM), also called Neural Language Models
(NLM) or Large Language Models (LLM), is the result of different concurring factors. The rise of
pre-trained language modells (Peters ét al., R018) has led to signi cant improvements in several (if not
every) NLP task, this happened in parallel with the development of transformers (Vaswani et al., 2017)
and applied at large scale in a pre-train/ ne-tune parad/gm (Devlin|ét al.| 2019).

The impact of these methodologies has been so strong that benchmark datasets (Wang et al., 2018)
are being updated at a fast pace (Wang &t al.,[2019) to provide more challenging tasks, and need to be
increasingly largel (Srivastava et al., 2023). The main drawback of such large scale approaches, despite
the improved performances, is the lack of interpretability. The dense high dimensional representations
created by large models, do not allow for any insight of the properties they encode.

This work focuses rst on understanding these models inner workings from a linguistic and mechanistic
perspective and after that on applications of such models in elds where this knowledge is relevant, such
as information retrieval from patents.

Since effective transformer models, e.g. BERT (Devlin et al., 2019), are so large, their implicit
knowledge is more easily determined a posteriori, by designing tasks that require a speci c linguistic
skill to be tackled (Linzen and Baroni, 2021) or by investigating to what extent certain information is
encoded within contextualized representations, e.g. de ning probing classi ers trained to predict a variety
of language phenomena (Conneau et al., 2018; Hewitt and Manning, 2019b; Tenney et al., 2019a).

In line with the latter approach and with works aimed at investigating how the information is arranged
within neural models representations (Baan et al., 2019; Dalvi et al., 2019; Lakretz et al., 2019), the
rst part of this work focuses on an in-depth investigation aimed at understanding how the information
encoded by BERT is arranged within its representation (Puccetti et al., 2021b).

This reveals a noticeable degree of knowledge localization within the model hidden states and that in
this way one can cluster different tasks based on their linguistic nature. In particular, | show that there are
few dimensions that are consistently needed to encode the linguistic tasks, regardless of how structured is
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Chapter 1. Introduction

the information under probing. The same dimensions have also been found by works focusing on more in
depth analysis of transformers (Kovaleva et al., 2021).

Indeed, while a posteriori analyses of the output of transformers are informative and help understand
the kind of knowledge that is encoded in the representations provided by these models, to have a better
view of the mechanics underlying them, studying their parameters more closely can be valuable too.
This is relevant since, Transformer-based language models are heavily overparametrized, which explains
the success of pruning methods reducing the model size by up to 30-40% (Gordon et al., 2020; Sanh
et al., 2020; Prasanna et al., 2020; Chen et al., 2020, inter alia) without a signi cant drop in performance.
However, it has been shown that multiple Transformer-based language models are highly sensitive to the
removal ofoutliersKovaleva et al. (2021).

These are parameters in the output element of a Transformer layer, the magnitude of which is unusually
large within the layer, consistently in the same dimension across the model layers. They contribute to the
vector representation of different tokens adding a similar component to all of them, increasing the average
similarity and thus making the space less isotropic.

Initially spoken of in Kovaleva et al. (2021), although these parameters constitute less than 0.0001%
of the full BERT Devlin et al. (2019) model, removing them signi cantly degrades BERT's performance
both as a LM and after ne-tuning.

Puccetti et al. (2021b) found that the same parameters are particularly relevant in several linguistic
probing tasks.

In this work | explore the outlier phenomenon and show that these parameters' magnitude grows
during the initial part of pre-training, clarify the role they play on self-attention patterns and connect them
with the distribution of tokens in text (Puccetti et al., 2022).

Extending further, Dettmers et al. (2022) investigate this phenomenon on large scale models, up to
176 billions parameters and show that it behaves like an emergent property. That is, scaling up models
shows more outliers and they appear abruptly after surpassing given size thresholds, instead of growing
continuously with the model architecture.

As mentioned, outliers removal disrupts transformers performance on downstream tasks. Such models
are used in a transfer learning framework: rst the model is pre-trained on a large volume of unlabeled
data using compatible training objective such as masked language modeling. At the following stage
the model (possibly with minor task-speci ¢ modi cations) is ne-tuned, i.e. trained again on a data
corresponding to a given task, commonly referred to as a "downstream task”.

After showing how these parameters grow during the pre-training of language models and knowing that
outliers' removal is harmful for performance on downstream tasks, to further develop the understanding
of transformer-based language models, | focus on investigating the relation between pre-training and

ne-tuning.

Indeed, while this is the main paradigm, there are reports suggesting that BERT can be successfully ne-
tuned on standard Neural Language Understanding (NLU) tasks even starting from randomly initialized
models Kovaleva et al. (2019) when pre-trained on non-linguistic tasks Kao and Lee (2021) and even
shufing word order (Sinha et al., 2021). | address the issue of quantifying the respective contribution of
pre-training and ne-tuning in the success of LMs, using distinct architecture variants and hard adversarial
datasets for evaluation.

Thus far | mention investigating language models from several perspectives, developing an under-
standing of the amount and localization of implicit linguistic knowledge they store, studying the role
of special parameters within the model architecture relating their presence with inherent properties of
language and nally | investigate the relation between the two components of training language models
on downstream tasks. This improves the understanding of these models and allows a more aware use in
downstream tasks.

One of the limitations of the mentioned analyses is that they are based on models trained on general
purpose datasets, evaluated in open domain text. To address this | study applications of transformers on
patents, a natural test bench for the type of analysis that is missing. Indeed, patents are a vast corpus
of openly available documents written in a unique language meant to be technically sound and legally
binding.

In particular, | focus on the task of extracting technologies and technical entities from patents. | try
and extract these entities while comparing transformer models with methodologies based on different
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approaches, most importantly not based on training distributional models, but rather on the efforts of eld
experts, with the goal of providing new different insights on how transformer models work when adapted
to different contexts.

Besides its challenging nature, technology extraction from patents is at the core of a vast number
of applications that can help decision makers in predicting core and emerging technologies (Huang
et al., 2021), diffusion of technologies (Daim et al., 2006), convergence (Karvonenzasi R013) and
portfolio analysis (Ernst, 2003). Patents are among the best source of information to reach these goals
(Joung and Kim, 2017) because they contain rich technical details and they are also among the most
complex textual sources to analyse automatically because of the mix of technical and juridical jargon.

A patent provides the technical description of an invention in a suf ciently clear and complete manner
to enable a person skilled in the art (i.e. someone having the relevant technical information publicly
disclosed at the time of the invention) to replicate the invention without any additional creative activity
(Art. 83 EPC) (Lickn and Seéus, 2011). A patent is designed to disclose the minimum content that
makes understandable and reproducible the invention. The use of juridical jargon makes the document
legally binding, eligible to protect the invention.

Patent texts create a barrier to the access to one of the widest technical open access resources. It
is believed that between 70% and 90% of the information about technologies can only be found in
patents (Asche, 2017). Patent analysis is a valuable approach for deriving information about an industry or
technology for forecasting (Daim et al., 2006), competitive analysis (Thorleuchter et al., 2010), technology
trend analysis (Tseng et al., 2011), and for avoiding infringement (Yu and Zhang, 2019). This information
may be obtained by the use of either bibliometric analysis and text mining. The former involves the
analysis of meta-data, such as citations, assignee, inventors, and International Patent Classi cation classes
(Cho and Kim, 2014). The latter aims to extract relevant information from unstructured text, that includes
title, abstract, claims, state-of-the-art description, and other records (Tseng et al., 2007).

As af rmed by Vicente-Gomila et al. (2021), text mining enhances traditional measures based on
bibliometric data in forecasting technological change. Recently it has been shown that text mining is more
effective than metadata analysis for measuring novelty and impact of a patent. In Arts et al. (2021), the
authors use text mining techniques to identify new technologies and measure patent novelty, detecting uni-
grams (single word, well-known as keywords), bi-grams and tri-grams (two or three consecutive words,
also called keyphrases) in title, abstract, or claims of a patent. They consider as emerging technologies a
word or a words combination appearing for the rst time in the text, achieving remarkable results with
generic keywords and keyphrases. Other studies involve text mining from patent for identifying emerging
technologies (Porter et al., 2019; Ranaei et al., 2020; Zhou et al., 2020; Jang et al., 2021; Sarica et al.,
2020) or exploring the convergence phenomena among technological elds (Gustafsson et al., 2015; Song
etal., 2017). At the state-of-the-art, text mining techniques for technological analysis focus on generic
terms and not on speci ¢ ones for investigating the technological change. This is a limitation given the
guantity and quality of technical information contained in patents, therefore novel approaches are needed
to enable these contents.

| use Natural Language Processing (NLP) to recognize the technologies mentioned in a patent. | reach
this goal by solving a well known task in NLP called Named Entity Recognition (NER). NER systems are
widely used to extract general entities (such as persons' names, cities, dates and times), but there is still a
lack of tools able to extract technically relevant information (Fantoni et al., 2013; Chiarello et al., 2018a,
2020).

| focus on measuring how the use of transformer-based language models can help in this context. |
test three methods, lexicon-based, rule-based and distributional NER. Lexicon-based and rule-based NER
exploit pre-de ned lists of entities (lexicons) or rules-driven expert systems. Distributional NER exploits
machine learning and in particular language models, eliciting the contextual nature of the encodings they
provided.

This contributes to the eld of scientometrics and technology analysis, overcoming the gap in literature
related to the analysis of patents for understanding the technological change. While interesting to
practitioners, especially policy makers and companies, by supporting them in patent analysis to recognize
emerging technologies, map technological convergence or investigate the content of a patent.

Moreover my analysis is relevant to the understanding of transformer based language models applied
to diverse data sources and provides relevant insights from a diverse point of view. Speci cally, it allows
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Chapter 1. Introduction

to compare expertise driven approaches (lexicons and rules), with distributional methods employing the
general knowledge obtained in pre-training.

This thesis focuses on analysing Transformer Based Language Models from several perspectives.
| rst test the amount linguistic knowledge encoded in BERT and particularly focus on investigating
whether speci c linguistic information is localized in identi able sections of the embeddings. Doing so |
nd that there are speci ¢ entries relevant to the vast majority of linguistic tasks (Puccetti et al., 2021b).
To investigate this phenomenon further | link it to outliers, weights that can disrupt the model when
zeroed out. | analyse this relation from an extrinsic perspective, seeing how the removal of outliers affects
the model embeddings and from an intrinsic one, looking at the parameters behaviour during training
and linking it to the token distribution of language (Puccetti et al., 2022). Noticing that outliers arise
during pre-training but affect the model also after ne-tuning | make a thorough analysis of different
pre-training/ ne-tuning schemes on models performance. Furthermore, to test these models also on
diverse textual sources, | perform technological information retrieval from patents while comparing them
with different methodologies to assess the improvements they provide (Puccetti et al., 2021a, 2023).

Recently, scaling Transformers to hundreds of billions of parameters and training on larger amounts
of data (trillions of tokens), has led to breakthroughs in generative models. While such large models
were not easily accessible during the development of these thesis, most of the ndings either apply to
models larger than those | experiment with or describe inspection methodologies that would be equally
applicable to larger generative models. This holds for the applications to patents where, when newer
methodologies will be developed, the same evaluation approach | set up in this work can be used to
measure their performance.

The rest of this document is structured as follows, Chapter 2 goes through literature concerning
transformer-based language models together with model inspection and technical information extraction
from patents. The following one, Chapter 3 talks about the investigation of BERT linguistic knowledge
encoding and localization, while Chapter 4 investigates outliers from several perspectives. Afterward,
Chapter 5 covers applications, namely technical information extraction from patents and nally Chapter 6
ends the thesis by highlighting the relevant results and the conclusions drawn throughout the work.
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CHAPTER

State of the art

Transformer Based Language Models have impacted all branches of Natural Language Processing (NLP)
and have been doing so increasingly for a long span of time. Such an impact and relevance to a eld
(Rogers et al., 2020), makes it worth studying them, not only by measuring their functionality and
investigating how well they address given tasks but also from a more fundamental perspective trying to
understand their inner workings.

Therefore, this Chapter is composed of two parts. The rst part is centered around the models
themselves, | de ne what language modeling is and what transformers are, how the former can be tackled
with the latter, and how this approach can transfer knowledge to most, if not all, problems in Natural
Language Processing. The second part focuses on the application of these models to the extraction of
technical information from patents. | describe why information extraction from patents is relevant, how it
has been done before transformers, and how these models have been successfully used in this case as well.

2.1 Word Embeddings and Dense Representations of Text

Learning information from textual data has been a challenging task for a long time, before the recent rise
of deep learning (Krizhevsky et al., 2012), Support Vector Machines (Mullen and Collier, 2004) have
been among the most effective models.

More recently there has been a focus on creating representations of language (tokens/sequences), in
dense xed-length vectors, that carry textual information and can be used as features to tackle a large
number of downstream tasks (Mikolov et al., 2013a; Pennington et al., 2014a).

This approach has grown in parallel with the development of arti cial neural networks, for example,
Recurrent Neural Networks (Goldberg and Hirst, 2017) such as Long-short-term-memory (LSTM)
(Hochreiter and Schmidhuber, 1997) and Gated Recurrent Units (GRU) (Cho et al., 2014) have been used
effectively to encode textual meaning and tackle Natural Language Processing tasks.

One of the approaches to creating information-rich representations of text is training neural networks
on language modeling (Bengio et al., 2003). This approach has been shown to be effective when performed
with recurrent neural networks and scaled to large amounts of training data by Peters et al. (2018).

However, recurrent neural networks are dif cult to train in some cases and have an information
bottleneck given by their sequential nature. To address both these dif culties, Vaswani et al. (2017)
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Chapter 2. State of the art

introduced a different architecture, called a Transformer, meant to learn sequential data, particularly
textual, and they test it on machine translation tasks.

This approach works effectively on machine translation and it is later scaled and improved by Devlin
et al. (2019) which uses Wikipedia (Foundation, 6 01) as a training set and later extended by (Liu
et al., 2019b) scaling the same architecture without changes to training on a much larger dataset without
exhausting the learning potential of the transformer used in both these studies. Devlin et al. (2019) train
on language modeling with the speci c goal of creating representations of text that can later be used to
address a wide range of tasks, evaluate on GLUE (Wang et al., 2018) and (at the time of writing) reach
state of the art by a large margin on all tasks.

Subsequently, this family of models has been applied to most natural language processing tasks and is
currently the state of the art in the vast majority of natural language processing literature.

In the rest of this Chapter, | will thoroughly describe language modeling, the transformer architecture,
and many of its variants. | then describe the attempts at interpreting the working of these models
from linguistic and mechanistic perspectives. Finally, | will discuss their application in Named Entity
Recognition in the patent domain.

2.2 Notation

To describe language modeling and the transformer architecture in detail let me establish a few notations
that will be used throughout this Chapter. We refer to multidimensional vectéensgrsand theshape
of a tensors indicates its size along each dimensionidfa vector withk elementsy; indicates itdth
element and theoftmax of v refers to the vector such that
evi

L. evi
i=1

while the cross-entropy loss is computed as
evi
CELoss(v;i)= log P
L. evi
j=1

. By tj I indicate the tokens in a sequence, that is words or subwords, depending on the tokenization
algorithm. Note that the available tokens, thecabulary is xed once and after that new tokens are
dif cult to add.

2.3 Language Modeling

In its most general sense language modeling (Bengio et al., 2003) is the task of predicting a token (or a
probability distribution over the vocabulary), given the preceding ones

however, the available context, which in this case is the preceding tokens, has been modi ed to address
different goals.

2.3.1 Causal Language Modeling

To perform language modeling, the rst step is assigning to each token, a trainable embedding, that is a
vector of a given lengtly, this is done through an Embedding Layer (e.g. a single tensor) that maps each
token in the vocabulary to its own embedding. In practice the Embedding Layer is a tensor with shape
(vsize; d¢), wherevsize is the vocabulary size, so that each row is the embedding of a unique token, let
us call itembedding

The embedding of each token is processed through the whole fatftel the last layer hanguage
Modeling Heads used to compute the loss. A language modeling head is a linear layer (e.g. a tensor)

1| focus on the case of transformers, however, this is independent of the architecture used to compute the tokens' embeddings.
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2.3. Language Modeling

without a bias that maps each token embedding of ledgtb a vector of scores over the whole vocabulary
allowing the computation of the language modeling loss. In practicd,ahguage Modeling Heaid a

tensor of shapédy; vsize), and it maps the output of the model back to the shape of the vocabulary, let
us call itLMHead . Note that the Embedding Layer and the Language Modeling Head in some sense
have opposite roles and indeed, in some cases they are one the transposed of the other.

of tokens (each one represented by its index in the vocabulary) where the,kstis a special token
indicating the start of a sequence dgg} is a special token indicating the end of a sequence. To process
them with the model they are rst turned into embeddings (adding positional information) and in turn,
these are processed by the model,

out™ = model(emb)

LMHead (out™)

out'

until the last layer. Looking aiut™, keeping the above notation, it is a tensor with shapelx ) where
n is the number of tokens in the sequence, and after the language modelingiitad LM Head (out™)
will have shapdn; vsize) wherevsize is the number of tokens in the vocabulary. On the scotgsthe
CrossEntropyLoss is computed using as labels the shifted tokens, that is, the loss to optimize is

CELoss(out!;y,)
CELoss(out! ;tn+1)

L(tn;Yn)

. A relevant detail when computing this objective is preventing unwanted tokens,e.g: : : to be
used as features when predicting, itself, | will describe how this is achieved with transformers.

2.3.2 Masked Language Modeling

A different kind of language modelin§ylasked Language Modeling a similar objective that, given a

where context from previous and subsequent tokens is used. In practice to learn this olijeistive,
replaced by d&nask token, then tokens are processed as

out™ = model(emb)

LMHead (out™)

out
and in a similar way to what is done for causal language modeling, the loss to optimize is

L(ti;yi) = CELoss(out];y;)
= CELoss(out!;t;)

2.3.3 Contrastive Learning

While language modeling is effective in creating rich representations of text and images, a different
challenge is creating representations of paired texts and images that are aligned with each other. This
means creating representations such that image and text pairs with similar content are mapped to similar
vectors. To this endZontrastive Learnings an effective approach.
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Chapter 2. State of the art

This objective (Radford et al., 2021) is computed over pairs of image and text and it consists of
computing a cross-entropy loss using as input the similarity each image has with all the sequences in the
batch, including the correct one, and as label the index of the image in the batch (and the opposite for
each text representation).

parameter. One can compute the matrix of simila@itjl = out' (out')” thatisSIM; is the scalar
product between the representation ofitheimage andth text, then

L,(imj;tj) = CELoss(SIM ;i)

L,(im;;t;) = CELoss(SIM|";i)

Li(imi;ti)+ Lo(imi;t)
2

L contrastive (IMi; tj) =

Contrastive learning is related to language modeling since, when computing representations of text,
often Radford et al. (2021); Yu et al. (2022) the representation of each token in a sequence is obtained by
preventing it to attend to previous tokens, in the same way as is done in causal language modeling.

2.4 Transformers

Neural networks can be used to learn any of the objectives described so far, among many architectures
described over time, Vaswani et al. (2017) de ne the Transformer architecture. The key innovation in
this work isMulti Head Attentiorand the description of the whole architecture that has later been used
to tackle the vast majority of language learning tasks. First, | go through all the components of this
architecture and their de nition.

Attention is expressed as:

T
Attention (qy; kx; Vvx) = softmax %% Vy
k

whered is the size of the embeddings preserginandky . This approach is based on the intuition that the
scalar product betweegqueries(gy ) andkeys(ky ) acts as a smoothed look-up table that allows the model

>
to "focus” on different parts of the sequencealues(vy ), it processes. | calAtt = softmax %Z:k the

Attention Matrix To make sense of how this computation works | start by looking at the dimensionality
of the tensors involved in the case of textual input.

All the tensorgy ; ky ; vx have shapén; dy) wheren is the length of the embedded sequencesdand
is the dimension of the embedding used to represent each token. The entries of the attentioitmatrix
are computed as thepscalar product between the embeddings of all pairs of tokens in the seguertes
kx normalized by the dy term. After the softmax computation, needed to hormalize the rows to sum to
one, the attention matrix is used to output a new representation for each tokewlmch is a weighted
sum of the embeddings used to encode the input tokens.

Instead of regular attention, in transformétaltiHeadAttentioris used, to allow for better contextual
learning, based on the idea of applying attention separately on equally sized chunks of the inputs. To
describe it, xdyx the embedding sizeh thenumber of headsandcsthechunk sizesuch thanh cs= dy.

The inputsgy ; Ky ; v« have sizen; d) wheren is the number of tokens in each sentence \aHg, WK
andWV are matrices of learnable parameters such@pat WRuq,, R, = WXk, and0, = WV v,
all have shapén; dy), note that}, can have a different shage; d,) without changing anything else, |
assumaly = d, for simpler notation.

Calling ¢, a tensor of shapg; cs) such that

6 = concatenateg(@,) for 1 i nc
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2.4. Transformers

whereconcatenateneans joining tensors along the correct dimension. Simifrignd¢! are obtained
andMultiheadAttentioris de ned as,

MultiheadAttention (o ;ky;Vyx) = concatenate(Attention (6;Kl:0i)) for 1 i nc

Multi-head attention is meant to facilitate the learning of contextual information, indeed, the embed-
ding of each token is the result of a (learned) weighted sum of the input embeddings of the previous
layers' output. Stacking several layers on top of each other allows the encoding of ne-grained contextual
information. This can be used to improve the quality of the representation of a single sequence, in this
case, one talks aboself-attentiorwhere all threey,, kx andvy are equal. A different case is when
comes from one source whilkg andvy from a different one, this is used to add relevant information from
one sequence to perform actions on another, an example can be machine translation as is shown later.

Along with attention layers, transformers have other key components that are common to most
architectural variations. First, attention layers are paired wileaselayer, meant to further re ne the
representation of the hidden states computed for each token. Both attentions and feed-forward layers are
complemented by residual connections (He et al., 2016) and layer normalization (Ba et al., 2016).

To use such an architecture to process text, each token in a sequence is embedded as a vector of
trainable parameters of a xed length, a positional encoding, of the same length, is summed (entry-wise)
and nally all the stacked tokens composing a sequence are processed through a number of attention
layers.

Developed by Vaswani et al. (2017) several deep neural networks tackling language processing tasks
have shifted to this architecture, one of the rst works has been BERT (Devlin et al., 2019), followed by
several others (Radford et al., 2019; Liu et al., 2019b; Raffel et al., 2020) all of which train transformers
on variants of language modeling.

As mentioned above one of the technical details that needs taking care of, when performing language
modeling, is preventing the model from accessing part of the processed sequence. For example, the model
can't use the representation of the token that it is currently predicting. This is always the case when
performing language modeling, thus | describe how this is done in transformers.

The attention module is the only one that, to compute the representation of a given token, uses
information from the remaining ones in the sequence. More speci cally, the attention matrix, by weighting
them, determines the extent to which other tokens can be used to compute each representation. Therefore,
to prevent a given token to be used, one needs to zero out the entry in the attention matrix corresponding
to that token.

The shape of thenaskused to prevent information ow from unwanted tokens, changes shape
depending on the type of language modeling. In causal language modeling, this will be a triangular matrix
that allows each token to only attend to the preceding ones. In masked language modeling, the masked
token should not be attended to.

The architecture described so far can be adapted to several settings, initially, it has been used in
anEncoderDecodefashion (Vaswani et al., 2017; Raffel et al., 2020) to perform machine translation.
EncoderDecodemeans that two similar transformers are used in parallel, the rst, encodes a sequence in
one language and is therefore callsttodeythen the encoded sequence is given as input, together with
its translation, to the second model, tiecodey performing the actual language modeling task.

More formally, letS* = [t1;:::;t}]andS? = [t2;t3:::;t2 |;t2] be two sequences of tokens, and
model; andmodel, the two transformers, then the following is done:

out’ = model, (embedding (S1))
out? = modek(out'; embedding(S,))
LMHead (out?)

out'
And therefore the objective is
L(t2:y,) = CELoss(out:;yn)
CELoss(LMHead (out!; embedding(S;))n; Yn)
CELoss(LMHead (modek(out?; embedding(S,))) n: th+1)
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where the output from the rst modebut® is used to add information when computing the loss. The way

the output from the encoder is passed on to the decoder is through cross attention, that is for some of the
attention layers in the decoder, the qugryis the encoding 08, from the previous layer (or the input

itself), while the keyky and valuev, are the encodings &; as processed by the encoder. This allows

the model to use the tokens upxg as features together with the wh@e sequence to predigt, +; .

While this approach is effective for tasks involving pairs of texts, such as machine translations,
encoder, or decoder only language models are also used with different goatsledanguage models
(Devlin et al., 2019; Liu et al., 2019b) are used to create rich representations of language. This is done
by performing masked language modeling on large amounts of text. On the cddéewgerlanguage
models (Radford et al., 2019; Brown et al., 2020) are used to generate text, by training with causal
language modeling objective.

In parallel with the introduction of the transformer architecture, a novel training approach has been
employed, pre-training/ ne-tuning (Peters et al., 2018).

This approach consists of rst training a model for a long amount of time on a language modeling
task using a large unstructured dataset. After this is done, the model representations of text, that have only
been trained to perform language modeling (of any kind), encode suf cient information to be useful in
downstream tasks.

However, ne-tuning is still needed, this means that for any downstream task, with possibly more
structured input text and labels, the model is trained one more time, this time with a loss speci cally
designed to tackle the task at hand. This second training is orders of magnitudes smaller and can be
performed more rapidly with less resources.

2.4.1 Training Data

The rise of the pre-training/ ne-tuning paradigm has brought along the need for ever larger datasets,
starting from the whole Wikipedia (Foundation, 6 01), a well-structured dataset, up to corpora scraped
from the web (Radford et al., 2019) in increasingly larger sizes (Raffel et al., 2020; Gao et al., 2021),
including image and text datasets (Jia et al., 2021; Schuhmann et al., 2022).

Several neural language understanding tasks are used to benchmark new models, one of the most used
is GLUE (Wang et al., 2018), this suite is meant to test language models on several aspects so that a model
tailored for a given goal is not going to perform well on average on all tasks, while general purpose ones
should.

The tasks composing GLUE are:

« CoLA (Warstadt et al., 2019) corpus of linguistic acceptability;

¢ SST (Socher et al., 2013a) Stanford sentiment treebank;

MRPC (Dolan and Brockett, 2005a) Microsoft research paraphrase corpus;

STSB (Cer et al., 2017) semantic textual similarity benchmark;

MNLI (Williams et al., 2018) multi neural language inference;

QNLI (Rajpurkar et al., 2016a) question neural language inference;

* RTE (Bentivogli et al., 2009) recognizing textual entailment.

To have an approximate idea of the difference between the pre-training data scale compared to the
ne-tuning one, Table 2.1 shows the number of samples in all the training and validation sets in GLUE
and in Wikipedia, which contains an order of magnitude more samples than the largest training set in
GLUE. Since on GLUE recent models perform almost perfectly, a new suite of tasks has been built, to
address GLUE limitations, SuperGLUE (Wang et al., 2019) composed of:

* CB (de Marneffe et al., 2019) a lexical entailment dataset;

« COPA (Gordon et al., 2012) choice of plausible alternatives;
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DataSet # train samples  # val samples
wikipedia 6078422 -
cola 8551 1043
sst2 67349 872
mrpc 3668 408
qqp 363846 40430
stsb 5749 1500
mnli matched 392702 9815
mnli mismatched 392702 9832
gnli 104743 5463
rte 2490 277
whnli 635 71

Table 2.1: GLUE and Wikipedia (01/05/2020) dataset number of samples (train and validation).

* MultiRC (Khashabi et al., 2018) multi sentence reading comprehension;

» RTE (Bentivogli et al., 2009) recognizing textual entailment, kept from GLUE;

* WIC (Pilehvar and Camacho-Collados, 2019) word in context;

» WSC (Levesque et al., 2012) Winograd schema challenge, kept from GLUE;

» BoolQ (Clark et al., 2019a) yes/no question answering;

* ReCoRD (Zhang et al., 2018) reading comprehension with commonsense reasoning;

» Winogender: (Rudinger et al., 2018) winogender schema diagnostics.

A dataset not included in these suites but often used alongside them is SQUAD (Rajpurkar et al.,
2016b) an extractive question-answering dataset, composed of context/question/answer triples meant to
test reading comprehension, which has been later extended (Rajpurkar et al., 2018) with context/question
pairs where some contexts don't contain an answer to make the benchmark more realistic.

Moreover, with generative models rapidly improving in performance, the benchmark suites have
grown in complexity and size, Srivastava et al. (2023) describe a collectively gathered suite with over 200
challenging benchmarks meant to be updated over time.

2.4.2 Architecture Variants

After the initial transformer implementation, several variants have been proposed, with the goal of
addressing some of the limitations of the original architecture.

As described above the maximal length of the sequences that can be processed by a language model is
xed at the model de nition and the computational cost of the attention layers is quadratic in the context
length. To address this issue, Dai et al. (2019) de ne a training strategy that allows learning longer context
in a recurrent way. The main idea is that the representations of a sequence used as context encodes both
the sequence being processed and the previous one. This allows the model to retain information from the
previously processed sequences up to a given point, in practice this model does show better performance
on tasks that need a longer context.

A different approach to allow a model to process longer sequences without increasing computation
costs is to enforce attention patterns to make the attention layers have a less than quadratic cost, Beltagy
et al. (2020) do this by having local and global components in the attention patterns so that each token
attends to both further and closer inputs in the rest of the sequence while only kédjpingon-zero
entries in the attentions matrix. A similar approach is also used by Zaheer et al. (2020) where also
theoretical limitations for sparse attention computational costs are derived.
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A complementary approach to improving language models has been pursued by changing the objective
while keeping the language modeling core. Variants of masked language modeling have been proposed. In
particular, Zhang et al. (2020a); Lewis et al. (2020) introduce the concept of denoising language, consisting
of replacing a given tokety with a different one chosen according to different schemes instead of the
mask tokertnask and adding noise to the embedding of the token used as a replacement, making language
modeling harder. This allows to tailor language modeling to the task at hand and makes training shorter,
in particular, Zhang et al. (2020a) use a denoising approach with the goal of performing summarization.
Lewis et al. (2020) make the learning process more effective by training an encoder-decoder model mixing
language denoising together with causal language modeling.

Clark et al. (2020) improve language modeling by rst training a small language model, a generator,
and later using the token probability it predicts to build a challenging language modeling scheme. This
means that each tokénthat in masked language modeling would be replaced itk , is instead
replaced witht?®", a token chosen according to the distribution output by the generator for the pasition
in the sequence. This makes the training of the model faster as replacement tokens are chosen to be more
challenging than random.

To increase the representational power of language models, a different component that is improved
are positional encodings, these are part of the input that is used by these architectures to add positional
information to the embedding of a given token so that sequences such as "the happy dog” and "the dog
happy” can be interpreted as different even though the tokens composing them are the same. Originally,
Vaswani et al. (2017) describe two possible positional embeddings, a learnable one, that consists of a
vector of trainable parameters for each position in a sequence that is added to the embedding of each
token and a static one that is obtained by adding a vector with sinusoidal entries so that the model is
evaluated at different points when computing the forward pass and hence can leverage this information to
distinguish among same tokens in different positions.

However, both these positional embeddings only have global information, that is they allow the model
to learn the position of a token in a sentence but not relative to other tokens. To add the possibility of
recursively adding information from previous sequences, Dai et al. (2019) add the concept of relative
positional encodings. This is meant to only let the model encode information about the distajpce
assuming >j between a querfag,); and a key(ky); . This is done by refactoring the computation of
the attention matrix to embed this information instead of the absolute position, thus allowing the model to
recursively encode information about past sequences. After being introduced in the context of language
modeling by Dai et al. (2019) relative positional encodings have been reused and further studied by others
(Yang et al., 2019a).

An approach that uses several of these insights is implemented by He et al. (2021) who use separate
attention for embeddings and positional encodings and add a way to decode absolute positional information
directly into the language modeling head.

A parallel attempt at improving transformer-based language models has focused on reducing the
computational cost of these models. This has been done in several ways. Perhaps the most straightforward
way is adopted by Lan et al. (2020a) which reduces a model composed of several layers (e.g. 12 for
BERT) to a smaller one composed of a single layer which accumulates an equivalent number of steps
before performing the backward pass. This allows to dramatically reduce the model size, although at the
cost of performance.

A different approach toward the reduction of computational costs can be achieved via pruning, which
means zeroing out a share of the parameters to reduce the cost of running the model. Sanh et al. (2020)
achieve this via movement pruning, that is, removing those weights that change the most during training.
Prasanna et al. (2020) show that zeroing out a large share (up to 40%) of the model parameters, after it
has been pre-trained, does not harm the model performance on downstream tasks.

While helpful to make a large model computationally cheaper, these techniques do not allow to train a
large model less expensively, they only allow to use model at inference time for a smaller cost. Similarly,
model quantization techniques allow using extremely large models with smaller computational needs
(Dettmers et al., 2022; Dettmers and Zettlemoyer, 2023; Wei et al., 2022b) these works allow to run
models with up to 175 billion parameters on relatively small gpus.

An alternative solution is based on the idea of creating smaller models retaining larger ones' perfor-
mance. Distillation works towards this goal and consists in using a larger model as a "teacher” and a
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Model name Reference model size

BERT-base (Devlin et al., 2019) 110M
BERT-large (Devlin et al., 2019) 440M

GPT2 (Radford et al., 2019) 1:5B
T5 (Raffel et al., 2020) 11B
GPT3 (Brown et al., 2020) 1758

PaLM (Chowdhery et al., 2022) 6408

Table 2.2: Model size in number of parameters (M: millions, B: billions) for a few notable models.

smaller one as a "student”. The smaller student model is trained with a loss that is based on language
modeling but adds a component aimed at mimicking the teacher model distribution over vocabulary (Sanh
etal., 2019).

A different result that allows making attention computation more ef cient comes from Dao et al.
(2022), who, through a technical analysis of the costs of each component of attention computation ranging
from data loading to gpu ef ciency, devise a cheaper and exact algorithm to compute attention. Similarly,
Choromanski et al. (2021) split the attention computation into blocks and using several combined hashing
tricks, describe a faster attention computation method that retains most performance.

A different, structural, limitation of how language modeling is performed (not only with transformers)
is the need to predict the next token over the whole vocabulary. The nal softmax normalization makes the
resulting distribution concentrated on a few tokens (Chang and McCallum, 2022), making the learning of
the token distribution harder. This is addressed by computing the softmax of partitions of the vocabulary
and then aggregating the results (Yang et al., 2018) and this approach can be applied to transformers
too (Yang et al., 2019b). This change on the original transformer architecture is one of those that when
scaled to a larger model size does not degrade performance compared to the regular architecture (Tay
et al., 2022a).

Despite the many variants developed, some of them have been shown to only match the original
architecture at a smaller scale while for larger size such changes harm performance on downstream tasks
(Tay et al., 2022b).

Using transformers for language modeling has made it possible to train very large models with
increasingly positive results, (Raffel et al., 2020; Brown et al., 2020; Hoffmann et al., 2022; Chowdhery
et al., 2022).

Beyond language modeling and text representation, the same architecture, surprisingly also with
similar training techniques, has proven useful in visual tasks (Parmar et al., 2018; Dosovitskiy et al.,
2021).

Recently, other elds besides image and text processing have employed this architecture to tackle
domain-speci ¢ tasks such as life-science (Rao et al., 2021) and speech processing (Baevski et al., 2020).

While several new models have been recently developed, to understand the pace at which the size
of such models is growing it is suf cient to look at a few, Table 2.2 shows the size of some of the most
notable models and reports that over three years there has been a growth faétdnahodel sizes.

2.5 Probing

One of the common features of all language models reported so far is the size of the architectures, indeed,
the number of parameters is larger tHa in the vast majority of those mentioned.

This makes interpreting their output and assessing the mechanisms behind their good performances
challenging. Starting from this issue, there has been a coral effort towards interpreting these models from
a vast range of perspectives, from a purely linguistic perspective (Conneau et al., 2018; Vig and Belinkov,
2019; Hewitt and Manning, 2019a), from an explainability perspective (Ribeiro et al., 2016; Lundberg
and Lee, 2017; Ribeiro et al., 2018), from a mechanistic perspective (Kobayashi et al., 2020; Hohman
et al., 2020) among others (Rogers et al., 2020).

Investigating their inner mechanism and the linguistic knowledge they implicitly encode (Belinkov
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and Glass, 2019) has af rmed as a solution to interpret language models. One of the most common
approaches is based on the developmergrobes i.e. supervised models trained to predict simple
linguistic properties using the word/sentence embeddings of a pre-trained model as training features.

Adi et al. (2017) use this methodology to compare different sentence embedding methods. They
investigate which, among several that encode tokens in xed-length vector representation, is most effective
in different tasks including token length and word order prediction, with a focus on making a cross-analysis
between the vector dimensionality and the task for which each representation is best suited.

While using similar approaches, Belinkov et al. (2017) focus on evaluating the relevance of neural
network depth, the number of layers, on the model's ability to encode linguistic information. To do this
they use part-of-speech tagging and semantic tagging tasks to probe the model's hidden states at different
depths and nd that this information is present to different degrees at different depths.

Using similar auxiliary (probing) tasks, Zhang and Bowman (2018) compare language modeling to
neural machine translation pre-training. investigating properties such as syntactic and part-of-speech
tagging, they nd that models pre-trained on language modeling are better at producing embedding to
infer such properties than those trained on neural machine translation.

The probing approach has later been used to test models producing sentence representations in
increasingly complex tasks. Conneau et al. (2018) probe several models in a suite of tasks ranging from
simpler properties, e.g. sentence length prediction, to increasingly more complex syntactic ones, e.g. depth
of the dependency tree, and semantic ones, e.g. verb tense prediction. They nd that models encoding
context work better than those that do not. Moreover, they nd that different architectures trained with
the same objective result in representations with different properties underlining the importance of the
architecture alongside the learning objective.

Miaschi et al. (2020) probe BERT for a wide range of sentence-level linguistic tasks at different model
depths, nd a positive correlation between the amount of information that this model can encode at a
given layer and how effectively the hidden state output by that layer can be used to perform downstream
tasks. Moreover, they nd that while this is true for pre-trained models, after performing ne-tuning, this
ability is largely lost.

These studies demonstrate that neural language models are able to encode a wide range of linguistic
information in a hierarchical manner, in particular, Blevins et al. (2018) show that pre-trained language
models encode varying amounts of hierarchical knowledge at different depths. It is relevant that they
nd this behavior in models pre-trained on dependency and semantic role labeling, tasks supposed to
inherently encode such knowledge as much as in models pre-trained on machine translation and language
modeling, which, at least intuitively, should incorporate such knowledge to a lower degree.

Similarly, Jawahar et al. (2019) show that several properties of language can be extrapolated from
BERT hidden states at different depths, moreover they show that long-distance dependency is stored at
deeper layers and that the sentence-level representations provide more accurate sentence-level information.

Tenney et al. (2019b) focus on de ning tasks meant to quantify the amount of sentence-level informa-
tion and use them to compare contextual and non-contextual representations of text. They conclude that,
not only models that can learn in-context information perform better but also that some of their results
can not be accounted for by non-contextual approaches, proving from an experimental perspective that it
is the contextual component of the architectures that contributes to improvements.

Focusing on architecture, rather than on contextual versus non-contextual representation, Liu et al.
(2019a) quantify differences in the transferability of individual layers between different models, showing
that higher layers of RNNs (ELMo) are more task-speci ¢ (less general), while transformer layers (BERT)
do not exhibit this difference in task-speci city.

Similarly, making use of information regarding model architecture while taking on more challenging
tasks, Hewitt and Manning (2019b) show that from contextual representation it is possible to extract
the dependency parse tree. To do this they need to devise a more complex probe, that maps geometric
information of the embedding space to the dependency trees structure, by exploiting this they are able to
show that tokens are mapped in a way that encodes the information about the dependency tree without it
being enforced through the training objective. They also show that this same approach does not work to
reconstruct the dependency parse tree from static token representations.

Hewitt and Liang (2019) propose to improve probing tasks by measuring how well they perform on
identifying linguistic properties while maintaining low performance on control tasks, in order to avoid
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assessing a mixed signal. This leads them to conclude that in some cases, simpler classi ers, which can
not capture the full information present in the representation of language, output by language models, are
better for probing.

While probing has mostly been used as an empirical approach to measure the amount of linguistic
information present in language models, Pimentel et al. (2020) formalize this concept from an information
theoretical perspective and argue that while other works favor simpler probes, the best performing one is
always the correct one.

To devise an approach to study language models from a data-centered perspective, McCoy et al.
(2019a) compose a dataset of examples with misleading heuristics and show that in general models
perform almost randomly on these samples, unless they are shown some in their training data, in which
case they learn such anti-heuristics with more than 90% accuracy.

2.6 Geometry of the Embedding Space

Investigating the amount and quality of linguistic information present within the representations of text
that language models provide, reveals interesting properties of these models, however, it gives limited
information on their inner workings. A different perspective, still only focusing on the models' output,
consists in investigating how they shape the representation space from a geometric point of view.

There is a focus on trying to address the anisotropic nature of embeddings produced by language mod-
els, which means that tokens' representations are aligned along a few directions in the high-dimensional
space where they are embedded.

The reason to work towards isotropic embeddings is that highly nonisotropic ones have lower repre-
sentational power. Indeed, making the average similarity among representations higher, makes it harder to
differentiate between similar and dissimilar tokens/sentences.

To address this Liang et al. (2021) add learnable parameters aimed at making the prominent directions
in the representations of a language model smaller. Improving performance in tasks that need ne-grained
word representations such as word similarity.

A different point of view on this phenomenon is investigating how it affects ne-tuning of language
models. It is shown that ne-tuning on speci c tasks increases the anisotropicity of the representation
space (Rajaee and Pilehvar, 2021) challenging the claim that anisotropic representations are desirable.

Gao et al. (2019) prove formally and experimentally that the anisotropicity is due to the language
modeling loss, however, they only prove it in the casavefght tying that means when the token
embedding matrix and language modeling head share parameters, which is not the most general setting.
To understand the geometric properties of the representation space, for classi cation tasks, it is interesting
to inspect examples close to the decision boundary, since they are the most affected by an anisotropic
embedding space.

McCoy et al. (2020) show that ne-tuning several times the same model on differently shuf ed data
leads to different kinds of biases that can be inspected also among the examples close to the decision
boundary. Not only among different runs of the same model but also among different models based on the
same principles, there are strong differences in the geometry of the embedding space.

Ethayarajh (2019) show that the embeddings generated by three similar architectures Elmo (Peters
et al., 2018), BERT (Devlin et al., 2019) and RoBERTa (Liu et al., 2019b) (the last two only differ in
training data) showcase different behaviors. Moreover, they point out differences among the embeddings
generated at different model depths and show that context can motivate at least part of the success of
contextual word representations. Timkey and van Schijndel (2021) show that the anisotropicity of the
representation space is caused by few dimensions, nd that there is statistical signi cance to this effect
and measure the impact of such dimension on word/sentence similarity tasks.

Moreover, Puccetti et al. (2021b) show that these dimensions are tightly related to the model's
ability to encode a large share of linguistic information into the embeddings they generate. Similarly,
Torroba Hennigen et al. (2020) devise a probing strategy that investigates parameter relevance to given
linguistic properties of the encoded text and nd out that few parameters account for a large share of such
information.

As | have shown there is a large stream of literature investigating representations created by large
language models, their linguistic skills and the geometry of their representation space, focusing on their
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output. However, such phenomena are rooted in the model parameters and a closer analysis of intrinsic
properties reveals model behaviors that are harder to inspect "from the outside”. Perhaps the most spread
approach that has been used is studying attention (Rogers et al., 2020). Indeed, this network component,
as described in Section 2.4, is naturally prone to interpretation since it is based on the idea of building
the representation of each token at a layer based on a weighted sum of the representations output by the
previous one.

Kovaleva et al. (2019) investigate the most common patterns in attention, come up with ve high-level
ones and try to relate these patterns to speci c properties of language. Before using it as an approach
to interpreting model output Kobayashi et al. (2020) measure the amount of information that can pass
through attention layers and conclude that the attention mechanism can encode more information than a
simple look-up table, this is interesting since attention can be seen as a "smoothed” look-up table.

Baan et al. (2019) train two identical language models adding to one a constraint on attention, this
allows to inject desired behaviors into the model and shows that the speci ¢ constraint on attention indeed
does help in compositionality tasks, for which the constraint is designed, bridging the interpretation of
model behavior and the attempt to inject desired properties.

Jain and Wallace (2019) challenge the idea that attention can be used as an explanation method arguing
that the termexplanatiorhas a stronger meaning than the simple token relevance within a sentence and
that therefore only looking at attention by itself is not a suf cient explanation technique.

2.7 Individual Neurons and Outliers

In an effort to investigate language models' inner workings, other approaches look for information encoded
in single neurons, trying to identify if the model can encode speci ¢ information in localized weights.

Qian et al. (2016) nd that speci c parameters are relevant to speci c linguistic tasks and that
the differences are based on the complexity of the task, ranging from lower-level knowledge such as
part-of-speech-tagging to higher-level ones such as dependency parsing.

Bau et al. (2019) show that there are properties that all models trained for neural machine translation
share. They use this nding to identify parameters relevant to machine translation by correlating their
values in different models and nally show how modifying such neurons allows to actionably control the
translation results.

Dalvi et al. (2019) propose two methodisnguistic Correlations AnalysiandCross-model correlation
analysis to study whether speci ¢ dimensions learned by end-to-end neural models are responsible for
speci ¢ properties. For instance, they show that open class categories such as verbs and location are much
more distributed across the network compared to closed class categories (e.g. coordinating conjunction)
and also that the model recognizes a hierarchy of linguistic properties and distributes neurons based on it.

Lakretz et al. (2019), instead, propose a detailed study of the inner mechanism of number tracking in
LSTMs at the single neuron level, showing that long-distance number information (from the subject to the
verb) is largely managed by two speci ¢ units.

One of the properties of a language model parameters that is studiedthees (Kovaleva et al.,

2021). Outliers are speci c parameters of a language model, present in the nal component of each
layer, generally either a Normalization layer (e.g. for BERT which uses post normalization) or a Linear
layer (e.g. for GPT2 which uses pre normalization), that when zeroed out drastically impact the model
performance on both language modeling and downstream tasks. Zeroing out only 48 parameters in a
model with approximately 110 million can degrade accuracy on given tasks by up to 30% (Kovaleva et al.,
2021).

This is not the case in general, for randomly picked parameters there is a rather opposite trend,
once trained, up to 40% of BERT's weights can be zeroed out without harming performance (Prasanna
et al., 2020). Similarly, Dalvi et al. (2020) show that for speci ¢ downstream tasks even larger shares of
parameters are redundant, and they devise ne-tuning adaptations that allow to remove up to 90% of the
parameters in certain tasks. This makes the outlier phenomenon relevant showing that these parameters
play a special role in the model architecture.

Puccetti et al. (2021b) show that such parameters are relevant in a large number of linguistic probing
tasks and using intermediate checkpoints (Sellam et al., 2022), Puccetti et al. (2022) show that such outlier
parameters arise during pre-training and their removal increasingly affects the model behavior as training
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proceeds. Outliers are also tightly related to the anisotropic representations generated by language models,
since they are close to the output of each layer, they contribute strongly to the properties of the hidden
states output by the model.

It is noteworthy that they behave like an emergent property (Dettmers et al., 2022). This means that
these parameters are tightly related to the model size and they become more consistent at a given model
size while absent earlier. A similar phenomenon is observed by Luo et al. (2021) which inspect BERT
and RoBERTa to nd out that outliers appear in the embedding layer, the one closer to the network input.

After describing language modeling and the architecture of transformer-based language models, their
variants, limitations and the attempts at understanding their inner mechanisms, | turn to show how they
have been applied to perform information retrieval from technical documentation, in the remainder of this
Chapter | focus on the extraction of technical entities from patents. To understand how the introduction of
these models has had an impact for this task, | rst describe how previous natural language processing
techniques have been applied to it in the past. Then | show that transformers have been adopted in this
context as well, that they improve performance and argue why they can achieve that.

2.8 Applications to Patent Analysis

Patent analysis has been involved in both academic and industrial disciplines for different purposes.
Scholars are generally interested in the analysis of patent data for identifying and studying new radical
innovation and paradigm shifts. Whereas, industry actors are focusing also on incremental innovation,
namely technical modi cations on existing technologies (Sternitzke, 2010).

Patent analysis techniques are capable of performing a wide range of tasks, relevant from both legal
and managerial perspectives (Liu et al., 2011; Yoon and Kim, 2011). Abbas et al. (2014) review the
literature on patent analysis identifying several purposes of the efforts in analyzing intellectual property,
among which there are novelty identi cation, technological forecasting and technological road map. Prior
and current works have relied on two main approaches for the analysis of big amounts of patent data:
bibliometric analysis and text mining, as af rmed in several works (Abbas et al., 2014, Li et al., 2019;
Small et al., 2014).

The former comprehends a wide range of techniques focused on the analysis of structured data, such
as patent assignee, inventor, citation, International Patent Classi cation (IPC) or Cooperative Patent
Classi cation (CPC). The literature provides a plethora of indicators developed using patent meta-data for
a speci ¢ purpose. For example, the number of patent applications, backward/forward citations and the
number of non patent literature (NPL) citations are used for analysing technological diffusion (Chang and
Fan, 2016; Magee et al., 2016). Co-inventors, co-citations, NPL citations and IPC co-classi cation are
metrics, based on meta-data, for identifying technological convergence (No and Park, 2010; Karvonen and
Kassi, 2013; Cho and Kim, 2014) or emerging technologies (Small et al., 2014; Breitzman and Thomas,
2015; Kyebambe et al., 2017; De Rassenfosse et al., 2013).

Despite the large adoption by academics and practitioners, bibliometric patent analysis has limitations.
Citation analysis is able to capture prior art but lacks the detail to re ect the technical content of each
patent (Kuhn et al., 2020). On the other hand, patent classi cation re ects the subject matter of the
document but patent classes are too broad to capture the detailed technical content of each document
(Righi and Simcoe, 2019). Arts et al. (2021) illustrate and validate the improvement of text mining metrics
over traditional measures (based on bibliometric data) for capturing the innovation phenomenon using
patents.

Natural Language Processing is applied to virtually all contexts where written documents are available.
Among its many application, Text Mining aims to automatically extract the information contained in
written text. A branch of text mining for a range of applications, such as machine translation, document
classi cation, question answering, named entity recognition (Pennington et al., 2014b).

One of the simplest algorithms in NLP is the Bag-of-Words (BoW), that is a representation of a set of
documents (namelgorpug that describes the occurrence of words within each document. Hofmann et al.
(2019) use BoW for measuring the text-based similarity between patents in order to generate technology-
related network data that retraces elapsed patterns of technological change. An improvement of Bow
model is weighting the word occurrences with the commonly used term frequency inverse document
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frequency (tf-idf) (Salton et al., 1983). In Niemann et al. (2017), a tf-idf BoW aims to structuring patent
text to identify patterns of change over time.

This representation of the textual content of a patent is not useful for capturing the latent semantic of
the document. Latent Semantic Analysis (LSA) and Singular Value Decomposition (SVD) are two of the
dimensionality reduction techniques used in the literature for overcoming this issue. In Magerman et al.
(2010), the authors involve LSA for grasping similarities between patent and publication text documents.
In Park et al. (2015), a patent similarity index based on LSA is developed for exploring potential R&D
collaboration partners. SVD is involved by Han and Sohn (2015) to provide a concept of distance between
a document and its backward or forward cited patents in terms of claims.

While NLP methods mentioned so far aim to compare the similarity between a set of patents, Latent
Dirichlet Allocation (LDA) is employed in literature to extract topics and technological trends. LDA is a
popular model used in the eld of information retrieval from text corpora, developed in Blei et al. (2003).
The primary bene t of LDA is predicting the future technological topics of speci ¢ rms (Suominen et al.,
2017). In Kim et al. (2015), the authors apply LDA algorithm to identify a vacant technology clusters
using patent documents. In Song and Suh (2019), the authors aim at identifying the convergence trajectory
for safety technology development via topic modeling techniques.

Recently, the attention of NLP literature has focused on word embedding algorithms, these are able to
represent words as dense vectors of real numbers. Unlike LSA and LDA, which also focus on estimating
continuous representations of words, word embedding methods use an arti cial neural network to represent
words. In Mikolov et al. (2013b), the authors show that word embedding outperforms the LSA algorithm
for preserving linear regularities among words and have greater computational ef ciency than LDA with
large text corpora (Mikolov et al., 2013a). Xu et al. (2019) use word embedding to automatically extract
technical intelligence from news. Word2vec (Mikolov et al., 2013a) and GloVe (Pennington et al., 2014b)
are two recent and popular word embedding methods for analysing patent documents. In Lee et al. (2020a)
the authors use word2vec developing a product landscape analysis in order to identify potential technology
opportunities across multiple domains. In Trappey et al. (2019), a system based on word2vec is used
for retrieving the best related patents of a target document aiming at analysing patent evolution in solar
power technology. In Sarica et al. (2020), GloVe is applied to vectorize the patent terms and establish
their relationships in a uni ed vector space for representing the technology semantic network. In Li et al.
(2018), the authors propose a machine learning method for patent classi cation based on word embedding.

2.9 Technology Extraction From Patents

Named Entity Recognition (NER) consists in detecting lexical units in a word sequence that refer to
a prede ned entity, thus determining what kind of entity it is (e.g. persons, locations, organizations)
Figure 2.1.

This is an Information Extraction technique that aims at recognizing unstructured text information
units (e.g. foods, person names, companies, geographical entities) (Nadeau and Sekine, 2007).

The most successful NER systems focus on meaningful text representation trough word embeddings
(Gildea, 2001; Piskorski and Yangarber, 2013; Cer et al., 2018; Liu et al., 2020).

Information about the entity to which a word belongs, can provide crucial, although shallow, semantic
information for tasks such as question answering (Abujabal et al., 2018; Blancaréemet al., 2020),
topic disambiguation (Feamdez et al., 2012) or detection (Lo et al., 2017) and elements relationships
identi cation (Sarica et al., 2020).

Technical documentation and patents are a rich source of valuable technical information (Abbas et al.,
2014). Named Entity Recognition is an effective methodology for the extraction of such information (Park
et al., 2013; Chiarello et al., 2019; Sarica et al., 2020; Liu et al., 2020) while from a different perspective
the complex nature of technical writing provides an interesting test bench for this methodology.

Within the context of patents there have been mainly three NER methods used in the literature:

1. lexicon-based NERses knowledge base resources (or lexicons in jargon), consisting of lists of
known instances (Pawar et al., 2012), to map mentions of entities within texts to knowledge base
resources (e.g. Wikipedia). It is a fast and accurate approach for NER. The lexicon-based NER is
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Figure 2.1: Example of NER tagging.

a semi-supervised method since list creation usually requires manual effort and domain-speci ¢
knowledge;

2. rule-based NERises regular expressions and morphosyntactic information to express knowledge
based systems able to extract a certain type of entity (Jiang et al., 2011). This system is unsupervised
and top-down, and falls into the class of expert systems;

3. distributional-based NERIses manually annotated documents (training set) to train machine
learning algorithms (Quinlan, 1986). These methods are the state-of-the-art in many elds of
Natural Language Processing, but they require the effort of collecting and annotating large data-set.

The key metrics used in the evaluation process are precision, recall and f-score.

One of the most challenging properties to inject in all the NER systems described is accounting for
context. Indeed, whether a word is or not part of entity is to a large extent determined by the context
where it appears.

Transformers overcome this issue factorizing a word or a phrase based on the textual context where it
appears. One of the earliest models, BERT (Devlin et al., 2019), has been successfully applied in this
context too. In Caragea et al. (2020), a BERT-based model is used on a dataset of patent abstracts and
patent applications for building a taxonomy of Financial Technology (FinTech). Beltagy et al. (2019)

ne-tune a BERT model based on scienti ¢ articles, called SciBERT, for processing the text of this huge
amount of data makes available from scienti c communities. The model is largely used in literature for
many purposes, also related to the study of technological phenomena Zhang et al. (2021).

In Lee and Hsiang (2020), the authors ne-tune with about 2 millions patents a pre-trained BERT
model, called PatentBERT by the authors. Speci cally, they use this model for classifying the patent
documents based on the International Patent Classi cation. Recently, PatentBERT is adopted as a
comparison in various patent analysis-based studies. For example, Hain et al. (2022) develop a new
method to create vector representations of patent text for measuring the patent-to-patent similarity, and
compare their performance with PatentBERT model. Similarly, Choi et al. (2022) propose an automated
patent classi cation model for patent landscaping and compare the classi cation performance of their
model with PatentBERT.

In the literature, there are various works that are able to achieve good results for the identi cation of
named entities. Lee et al. (2020b) aim to recognize biomedical entities for obtaining a f1 score of 89.61
for diseases, 94.26 for drugs and 78.58 for genes and proteins. In a similar manner, Fan et al. (2020)
achieve a level of f1 equals to 75.37 for the extraction of events and location names and both techniques
used contextual transformer-based language models.

On the contrary, the literature on NER systems for technology extraction is poor. In Jang et al. (2021),
the authors aim at structuring textual information as a cornerstone of a lexical database for technology-
related information, based on the patent data. Similarly, Sarica et al. (2020) develop a technology semantic
network (TechNet) using natural language processing technigues to extract terms from massive patent texts.
TechNet supports a wide range of applications, e.g., technical text summaries, search query predictions
and relational knowledge discovery in the context of engineering and technology. Furthermore, both works
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construct a lexical database of technology-related words but they do not recognize a given technology in
the patent text.

Hossari et al. (2019) focused on the extraction of Arti cial Intelligence technologies. However, the
authors give only gqualitative criteria for evaluating their results. The state-of-the-art is mainly focused on
the identi cation of emerging technologies and not established ones, exploiting patent classi cation (i.e.
IPC code classes) (Kay et al., 2014; Gustafsson et al., 2015; Song et al., 2017) or using textual data with
greedy methods, extracting generic terms and not only technologies.

For example, Ranaei et al. (2020) analyse the emergence of technologies using three text-based
approaches: tf-idf metrics for capturing technological changes, LDA for evaluating the emerging topics,
text-based score developed by Porter et al. (2019) and Carley et al. (2018). The authors found that the three
different methods provide somewhat distinct perspectives improving the understanding of technological
change.

While a training set for entities like chemical molecules and biomedical terms has been built to train
corpus-based classi er, this is not true for technologies. This forces to manually evaluate the precision
of the NER system, reviewing the list of extractions to Iter out non-technologies. For what concerns
recall, in absence of a training corpus, the grain of the extracted entities is the key element to consider for
evaluating it. Linguistically, one can refer to technologies using an abstract wordingléeigeor system
or speci ¢c wording (e.gwater proof smart watclr visual software modeling editprFor a balanced
identi cation of technological content in a patent corpus, it is important to avoid both the extraction of too
generic and too speci ¢ technologies. Taking into account too generic technologies causes the risk that no
technological change and evolution pattern would be identi ed by the patent analysis. For what concerns
the extraction of too ne grained technologies, it is important to avoid collecting sub-systems instead of
technologies.

In a recent paper, Giordano et al. (2023) involve lexicon-based and rule-based system for identifying
technologies from a set of 300,000 patents related to C4ISTAR, a defence related domain, for analysing the
convergence phenom. They reached a precision of 35.39%, collectinglalb@tdifferent technologies.
However, the purpose of the authors is different from mine for three main reasons. First, the authors
focused on the study of technological convergence phenomena and not on developing a NER methods
able to extract technologies from the text. This different purpose of Giordano et al. (2023) leads to a
lack of measurement testing their NER method. In fact, the authors only evaluated the precision of their
method without calculating the recall or providing information about the time they spent to recognize
technologies from the text. Second, Giordano et al. (2023) avoid to use state-of-the-art NER system,
namely Transformer models method, based on contextual word embeddings, but they only applied lexicon-
based and rule-based NER. As discussed before, these methods suffer some limitations, related to the
recall measurement.

2.9.1 The Concept of Technology

As suggested by Nadeau and Sekine (2007), the use of NLP techniques for technology identi cation and
mapping requires a formal de nition of technology, precise enough to allow discerning these entities and
comprehensive enough to include all of them. Therefore, | review several de nitions from dictionaries
and literature, reported in Table 2.3, to highlight the main characteristics of this entity and to identify what
are the elements for which an entity can be classi ed as a technology.

The reported de nitions in Table 2.3 convey different aspects, each relevant to this concept, the most
insightful elements are:

(A) the technical means or in general the technical systems (Wikipedia, Waight 2014; Volti 2005;
Ramanathan 1994);

(B) the anthropocentric view, related to the creation and the use of technology by human-kind (Wikipedia,
Carroll 2017; Waight 2014; Volti 2005; Ramanathan 1994);

(C) the application of knowledge and science thanks to the skills of many individuals, who cooper-
ate themselves to develop a technical system (Cambridge dictionary, Carroll 2017; Volti 2005;
Ramanathan 1994);
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(D) the purpose to solve practical problems and to perform a function (Carroll 2017; Waight 2014; \Volti
2005).

To address the need for an operative description enabling to de ne a scope and perform an ef cient
and strict selection of entities identifying a technology | attempt to distill all the multiple perspectives
aforementioned into a comprehensive summary, as follows:

De nition 1. Atechnologyis a technical mean or in general a technical system (A) created by human-kind
(B) through the application of knowledge and science (C) in order to solve a practical problem or perform
a function (D).

With this de nition | do not have the ambition to de ne in a complete and exhaustive way such a broad
and complex concept. The aim is indeed to clarify the main characteristics of a technology in order to be
able to distinguish the relevant information among the amount of data extracted with NLP techniques
from patents.

| Source De nition

Cambridge (The study and knowledge of) the practical, especially industrial, use of sciepti c
dictionary discoveries.

Wikipedia Technology (“science of craft”, from Greek , techne, “art, skill, cunning o
hand”; and o , -logia)t is the sum of techniques, skills, methods, and processes
used in the production of goods or services or in the accomplishment of objectives.
[...] It can be the knowledge of techniques and processes, or it can be embedded in
machines to allow for operation.

(Carroll, 2017) Technology is “something that is always inherently intelligent enough either to
function and to be used to function; anything devised, designed, or discovered that
serves a particular purpose; [and] the knowledge that is used for a purpose, without
itself necessarily being translated into something physical or material that does (e.g.,
instructional methodologies in education, processes, ideas)”.

artifacts which function to accomplish tasks, and the representations of advances in

(Waight, 2014) Technology is delineated as something that “improves and makes life easier, the
civilization”.

(Volti, 2005) Technology is “a system created by humans that uses knowledge and organizgtion to
produce object and techniques for attainment of speci ¢ goals”.

(Ramanathan, 1994) Technology is the manifestation of four elementary and interacting components; tech-
noware, related to the tangible and palpable parts (i.e. tools and systems);humanware,
related to the human resources who, with their knowledge and skills, produce, use
and express the technoware; orgaware, referred to effective organizational practices,
linkages, and related arrangements needed to make the best use of technoware and
humanware; and inforware, that represents the accumulation of knowledge by human
beings related to the other 3 components.

Table 2.3: De nition of technology
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CHAPTER

Concentration of Linguistic Knowledge Within
BERT Embeddings

This Chapter focuses on studying the degree and localization of linguistic knowledge embedded within
the representations of text created by Language Models, particularly BERT, part of the content of this
Chapter has been used in the writing of Puccetti et al. (2021b).

With the goal of understanding how knowledge is arranged withing BERT representations of language,
I de ne two research questions, aimed at: (i) investigating the relationship between the sentence-level
linguistic knowledge encoded in a pre-trained version of BERT and the number of individual units
involved in the encoding of such knowledge; (ii) understanding how these sentence-level properties are
organized within the internal representations of BERT, identifying groups of units more relevant for
speci c linguistic tasks.

| de ne a suite of probing tasks based on a variable selection approach, in order to identify which
units in the internal representations of BERT are involved in the encoding of similar linguistic properties.
Speci cally, | rely on a wide range of linguistic tasks, which can successfully model different typologies
of sentence complexity (Brunato et al., 2020), from very simple features (such as sentence length) to
more complex properties related to the morphosyntactic and syntactic structure of a sentence (such as the
distribution of speci ¢ dependency relations).

3.1 Experimental Setup

To study how the information used by BERT to implicitly encode linguistic properties is arranged within

its internal representations, | rely on a variable selection approach based on Lasso regression Tibshirani
(1996), which aims at keeping as few non-zero coef cients as possible when solving speci c regression
tasks.

My goal is to identify which weights within sentence-level BERT internal representations can be set to
zero, in order to understand the relationship between hidden units and linguistic competence and whether
the information needed to perform similar linguistic tasks is encoded in similar positions.

I rely on a suite of 68 sentence-level probing tasks, each of which corresponds to a speci c linguistic
feature capturing characteristics of a sentence at different levels of granularity. In particular, | ta Lasso
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Level of Annotation  Linguistic Feature Label
Raw Text Properties
Raw Text Sentence Length sefegngth
Word Length champer.tok
Vocabulary Vocabulary Richness
Type/Token Ratio for words and lemmas _fibrm, ttr_lemma
Morphosyntactic information
Distibution of UD and language—speci c POS updist *, xpos.dist*
POS tagging Lexical density lexicaldensity
In ectional morphology
In ectional morphology of lexical verbs and auxiliaries Xpu8-VBD-VBP-VBZ, aux_*
Verbal Predicate Structure
Distribution of verbal heads and verbal roots verhahddist, verbalroot perc
Verb arity and distribution of verbs by arity awgrb.edges, verbahrity_*
Global and Local Parsed Tree Structures
Depth of the whole syntactic tree pardepth
Average length of dependency links and of the longest link _lankgs_len, maxlinks_len
Average length of prepositional chains and distribution by depth _pmeg chainlen, prepdist*
. Clause length avgokenperclause
Dependency Parsing Order of elements
Order of subject and object supje, objpost
Syntactic Relations
Distribution of dependency relations dest *
Use of Subordination
Distribution of subordinate and principal clauses principadp.dist, subordinatgrop.dist
Average length of subordination chains and distribution by depth _sapprdchainlen, subordinatelist 1
Relative order of subordinate clauses subordimentst

Table 3.1: Linguistic Features used in the experiments.

regression model that takes as input layer-wise BERT representations of each sentence of a gold standard
Universal Dependencies (UD) Nivre et al. (2016) English dataset and predicts the actual value of a given
sentence-level feature. Lasso regression consists in addihg panalization to the usual ordinary
least square loss. To do so, one of the most relevant parametenstigch tunes how relevant the;
penalization is for the loss function.

| perform a grid search with cross validation for each feature-layer pair, in order to identify the best
suited value for according to each task. Speci cally, my goal is to nd the most suited value for seeking
the best performance while having as few non-zero coef cients as possible.

3.1.1 Model and Data

| use a pre-trained version of BERT (BERT-base uncased, 12 layers). In order to obtain the representations
for the sentence-level tasks | experiment with the activation of the rst input tdk&rs]) and the mean
of all the word embeddings for each sentende#n-pooling.

With regard to the data used for the regression experiments, | rely on the Universal Dependencies (UD)
English dataset. The dataset includes three UD English treebank&nglish-ParTUT, a conversion
of a multilingual parallel treebank consisting of a variety of text genres, including talks, legal texts and
Wikipedia articles Sanguinetti and Bosco (2015); the Universal Dependencies version annotation from the
GUM corpus Zeldes (2017); the English Web Treebank (EWT), a gold standard universal dependencies
corpus for English Silveira et al. (2014). Overall, the nal dataset consists of 23,943 sentences.

3.1.2 Linguistic Features

As mentioned above, | de ne a suite of probing tasks relying on a wide set of sentence-level linguistic
features automatically extracted from the parsed sentences in the UD dataset. The set of features is
based on the ones described by Brunato et al. (2020) which are acquired from raw, morpho-syntactic and
syntactic levels of annotation and can be categorised in 9 groups corresponding to different linguistic
phenomena. As shown in Table 3.1, these features model linguistic phenomena ranging from raw text one,
to morpho-syntactic information and in ectional properties of verbs, to more complex aspects of sentence
structure modeling global and local properties of the whole parsed tree and of speci c subtrees, such as
the order of subjects and objects with respect to the verb, the distribution of UD syntactic relations, also
including features referring to the use of subordination and to the structure of verbal predicates.
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Figure 3.1: Layerwise Spearman Correlation results for all the probing tasks (left heatmap) along with the
number of non-zero coef cients (right heatmap) obtained with the sentence representations computed
using the [CLS] token.

3.2 Linguistic Competence and BERT Units

As a rst analysis, | investigate the relationship between the implicit linguistic properties encoded in the
internal representations of BERT and the number of individual units involved in the encoding of these
properties. Figure 3.1 and Figure 3.2 report layer-wise Spearman correlation for all the probing tasks
along with the number of non-zero coef cients obtained with the sentence representations computed with
the[CLS] token and théVlean-poolingstrategy respectively. As a rst remark, one can notice that the
Mean-poolingmethod proves to be the best one for almost all the probing features across the 12 layers.
Moreover, in line with Hewitt and Manning (2019b), it is also noticeable that there is high variability
among different tasks, whereas less variation occurs among the model layers.

One can observe that best scores are related to features belonging to raw text and vocabulary proprieties,
such as sentence length and Type/Token Ratio. Nevertheless, BERT representations implicitly encode
information also related to more complex syntactic features, such as the order of the suljpotg) or
the distribution of several dependency relations (dep dist det depdist punc.

Interestingly, the knowledge about POS differs when one considers more granular distinctions. For
instance, within the broad categories of verbs and nouns, worse predictions were obtained by sub-speci ¢
classes of verbs based on tense, person and mood features (see especially past padEgist,VBN).
Similarly, within the verb predicate structure properties, | observe that lower Spearman correlations
were obtained by features related to sub-categorization information about verbal predicates, such as the
distribution of verbs by arity\erbalarity_*).

Focusing instead on the relationship between correlation and number of non-zero coef cients, it
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