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Materiali

      Github Repository: https://github.com/alemiaschi/introduction_NLMs_Autumn_School_AI

https://github.com/alemiaschi/introduction_NLMs_Autumn_School_AI
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Part I



An introduction to 
Language Models 
(LMs)



Language Models

● In the context of numerous studies in Computational Linguistics (CL) and Natural 
Language Processing (NLP), it is assumed that language can be viewed as a 
probabilistic system

● To describe and explain the functioning of a probabilistic system, it is necessary to 
define a (probabilistic) model

● A language model, therefore, is nothing more than a system capable of assigning a 
probability to word sequences



Probabilistic Language Models

● Given a sequence of words w1, ..., wn, we can represent the sequence as:
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Probabilistic Language Models (ngrams)

● N-grams LMs can be exploited to approximate the probability of the next word as 
follows:

● As N increases, the approximation becomes more accurate, but the complexity 
grows exponentially.

● Conversely, when N=1, the model requires less information, but its performance is 
significantly lower.



Probabilistic Language Models (ngrams)

Language Modeling, NLP Course, Lena Voita, 
https://lena-voita.github.io/nlp_course/language_modeling.html

https://lena-voita.github.io/nlp_course/language_modeling.html


Probabilistic Language Models (ngrams)

● N-gram-based language models, however, have several limitations:

○ Regardless of the value assigned to N, the model will always be an approximation of the true 
probability distribution.

○ Due to the exponential growth in complexity, the choice of N will always fall on particularly low 
values (usually 2 or 3).

○ An N-gram model cannot generalize to new word sequences.



Word representations

● Words can be considered the basic units of a language model

● To understand a language, it is first necessary to know the meaning of the words 
that compose it

● To comprehend a language, a (computational) language model should be able to 
represent the words of that language



A representation problem 

● Representation learning is a central problem in the context of Artificial Intelligence, 
neuroscience, and semantics

“monkey”representation



Word representations

● From a computational perspective, 
the most intuitive method to 
represent a word is to associate it 
with a vector of numbers



Word representations

Bag-of-words TF-IDF Co-occurrence 
Matrix

Neural 
Language 

Models (NLMs)



Neural Language 
Model (NLM)



Neural Networks

● In the context of machine learning, a neural network (NN) is a computational 
model composed of connected units called artificial neurons



Neural Networks

● In the context of machine learning, a neural network (NN) is a computational 
model composed of connected units called artificial neurons

A NN is composed of:

○ an input layer
○ one (or more) hidden layers
○ an output layer



Neural Networks

● Input data, e.g. images, 
words, etc



Neural Networks

● Internal representations



Neural Networks

● Output, e.g. whether the 
image contains a cat



Neural Networks



Neural Networks

● Backpropagation: training 
algorithm of the NN
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algorithm of the NN
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Neural Language Model (NLM)

● A NLM is a Neural Network (NN) trained to approximate the language modeling 
function

● Bengio et al. (2003) proposero un modello in grado di risolvere tale funzione 
ricorrendo allʼarchitettura di una rete neurale → Neural Probabilistic Language 
Model
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Neural Language Model (NLM)

● A NLM is a Neural Network (NN) trained to approximate the language modeling 
function

● A probabilistic LM defines the probability of a sequence s = [w1, w2, …, wn] as:

● Bengio et al. (2003) proposed a model that approximate the LM function relying on 
the architecture of a NN → Neural Probabilistic Language Model



Neural Language Model (NLM)

(Neural) 
Language ModelMi piace la focaccia _

genovese   barese   unta      
      60%          35%        3%

Input Model Output
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(Neural) 
Language Model

|V|

Input Model Output

Mi piace la focaccia _
genovese   barese   unta      
      60%          35%        3%



Neural Language Model (NLM)



Transformer 
Model



Transformer

● The most widely used architecture nowadays is the Transformer, first introduced 
in: Attention is All you Need (Vaswani et al., 2017)

https://papers.nips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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Transformer - Attention



Transformer-based 
NLMs



Transformer-based NLMs

Source: Large Language Models and How To Instruct Them (CLiC-it 2023 Tutorial)

https://github.com/crux82/CLiC-it_2023_tutorial


GPT (Radford et al, 2018), GPT-2 (Radford et al, 2019), etc

● Decoder Transformer model
● Trained on the Language Modeling (LM) task 
● Generative model

Improving Language Understanding by Generative Pre-Training (Radford et al,, 2018), https://openai.com/research/language-unsupervised

Language Models are Unsupervised Multitask Learners (Radford et al., 2019), https://openai.com/research/better-language-models

https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai.com/research/language-unsupervised
https://openai.com/research/better-language-models


GPT (Radford et al, 2018), GPT-2 (Radford et al, 2019), etc

● Decoder Transformer model
● Trained on the Language Modeling (LM) task 
● Generative model

Improving Language Understanding by Generative Pre-Training (Radford et al,, 2018), https://openai.com/research/language-unsupervised
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Maskdkdkdkldkdkddkdkdkdknklfàdgàdksasagèbdp

Masked/Causal Self-Attention

https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai.com/research/language-unsupervised
https://openai.com/research/better-language-models


BERT (Devlin et al., 2019)
● Encoder Transformer model (12/24 layers)

● Trained on the Masked Language Modeling 
(MLM) 

● The model can be further trained 
(fine-tuning) for solving different NLP tasks:

○ Sentiment analysis;
○ Question answering;
○ Textual entailment;
○ etc.

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding (Devlin et al., 2019), https://aclanthology.org/N19-1423.pdf

https://aclanthology.org/N19-1423.pdf


Transfer Learning

The State of Transfer Learning in NLP: https://ruder.io/state-of-transfer-learning-in-nlp/

https://ruder.io/state-of-transfer-learning-in-nlp/


Transfer Learning

The State of Transfer Learning in NLP: https://ruder.io/state-of-transfer-learning-in-nlp/

https://ruder.io/state-of-transfer-learning-in-nlp/


Pre-training

● During the “Pre-training” phase, the model is trained in an unsupervised manner 
(e.g. LM, MLM) on a huge collection of raw text

● Some exaomples:
○ BERT training: BookCorpus (800M words) + English Wikipedia (2500M words)
○ GPT-3 training: CommonCrawl + WebText2 + Books1 + Books2 + Wikipedia (around 500B words)



Source: https://www.sciencedirect.com/science/article/pii/S0749596X25000439

Pre-training

https://www.sciencedirect.com/science/article/pii/S0749596X25000439


Transfer Learning

The State of Transfer Learning in NLP: https://ruder.io/state-of-transfer-learning-in-nlp/

/ Fine-tuning

https://ruder.io/state-of-transfer-learning-in-nlp/


Prompting → Large Language Models (LLMs)

● In recent years, the development of NLMs has shifted towards the creation of 
generative models:

○ Main goal: framing any task (e.g., classification, translation, question answering, etc.) as a 
generation task

Prompting

“A prompt is a piece of text inserted in the input examples, so that the original task 
can be formulated as a (masked) language modeling problem.” 

(Prompting: Better Ways of Using Language Models for NLP Tasks, The Gradient)

https://thegradient.pub/prompting/
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Prompting → Large Language Models (LLMs)

Source: Prompting: Better Ways of Using Language Models for NLP Tasks, The Gradient

https://thegradient.pub/prompting/


Instruction Tuning e RLHF: from GPT-3 to InstructGPT



Instruction Tuning e RLHF: from GPT-3 to InstructGPT

Reinforcement 
Learning from 
Human Feedback 
(RLHF)

https://huggingface
.co/blog/rlhf

https://huggingface.co/blog/rlhf
https://huggingface.co/blog/rlhf


From Transformer to GPT4

ChatGPT: Jack of all trades, master of none (Kocoń et al., 2023), https://www.sciencedirect.com/science/article/pii/S156625352300177X

https://www.sciencedirect.com/science/article/pii/S156625352300177X


Large Language Models (LLMs)

Zero-Shot Text Classification

The drama discloses nothing. It was [X]

great

terrible



Large Language Models (LLMs)

Zero-Shot Text Classification

The drama discloses nothing. It was [X]

great

terrible

Comparison 
between the 
probability that the 
model will generate 
the token “”great” 
with respect to the 
token “terrible”



Large Language Models (LLMs)

Few-Shot Text Classification

               No reason to watch. It was terrible.
               A fun ride. It was great.
              The drama discloses nothing. It was [X]

great

terrible



From Transformer to GPT4

From: https://medium.com/@mataciunasdeividas/the-simple-explanation-of-chatgpt-llm-rlhf-using-shoggoth-with-smiley-face-meme-947a0e9fb441

https://medium.com/@mataciunasdeividas/the-simple-explanation-of-chatgpt-llm-rlhf-using-shoggoth-with-smiley-face-meme-947a0e9fb441


“Evolutionary Tree”

Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond (Yang et al., 2024), https://dl.acm.org/doi/10.1145/3649506

https://dl.acm.org/doi/10.1145/3649506


Before Practicing: Defining the Model’s Vocabulary

● Even though NLMs are trained in an unsupervised way, i.e. learning directly from 
large text corpora, one crucial design choice must be made before training begins

The vocabulary

● It defines what the model considers as the basic building blocks of language
● Every text the model sees will be represented as sequences of these predefined 

units (i.e. tokens)
● This brings us to a key concept in modern LMs and NLP in general:

○ Tokenization: how text is split into tokens according to the chosen vocabulary
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Tokenization
● Before a sequence (e.g., sentence, document) can be passed to an NLM, it must first undergo 

tokenization

● Depending on the type of model used, there are several tokenizers capable of segmenting text:
○ Byte-Pair Encoding (BPE); WordPiece

● The principles behind the tokenizers most commonly used with recent NLM are:
○ Frequently used words should not be split into smaller subwords
○ Rare (less frequent) words should be split into meaningful subwords



Byte-Pair Encoding (BPE) Tokenization

● Byte-Pair Encoding (BPE) was initially developed as an algorithm for compressing 
text and was then used by OpenAI for tokenization during the pre-training of the 
first GPT

● Algorithm:
1. Each word is broken down into individual characters
2. Computation of the most frequent pair of adjacent characters in the text
3. Merging of the pair into a new “subtoken” to be added to the vocabulary
4. Repetition of steps 2-3 until the desired number of tokens is reached



Byte-Pair Encoding (BPE) Tokenization

https://cs.usm.maine.edu/~behrooz.mansouri/courses/Slides_NLP_23/Natural%20Language%20Processing%20--%20Session%204%20-%20Tokenization%20and%20Stemming.pdf

https://cs.usm.maine.edu/~behrooz.mansouri/courses/Slides_NLP_23/Natural%20Language%20Processing%20--%20Session%204%20-%20Tokenization%20and%20Stemming.pdf
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Byte-Pair Encoding (BPE) Tokenization
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The Transformers library 🤗
● The Transformers library (by HuggingFace) is currently the most widely used 

open source resource for easily downloading, modifying, and training Transformer 
models

📝 Natural Language Processing: text classification, named entity recognition, question answering, 
language modeling, summarization, translation, multiple choice, and text generation.

🖼 Computer Vision: image classification, object detection, and segmentation.

🗣 Audio: automatic speech recognition and audio classification.

🐙 Multimodal: table question answering, optical character recognition, information extraction from 
scanned documents, video classification, and visual question answering.
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● The rapid development and widespread adoption of state-of-the-art Neural 
Language Models (NLMs) have increased the need for studies focused on their 
interpretability and the evaluation of their abilities
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The Case for Interpretability

● The development of powerful state-of-the-art NLMs comes at the cost of 
interpretability, since complex NN models offer little transparency about their 
inner workings and their abilities

Objectives:

● Understand the nature of AI systems → be faithful to what influences the AI 
decisional process

● Empower AI system users → derive actionable useful insights from AI choices



Interpretability in NLP

Research questions:

● What happens in an end-to-end neural network model when trained on a language modeling 
task?

● What kind of linguistic knowledge is encoded within their representations?
● Is there a relationship between the linguistic knowledge implicitly encoded and the ability to solve 

a specific task?

“In the context of NLP, this question needs to be understood in light of earlier NLP 
work. [...] In some of these systems, features are more easily understood by 
humans. [...] In contrast, it is more difficult to understand what happens in an 
end-to-end neural network model that takes input (say, word embeddings) and 
generates an output.”

Belinkov and Glass, Analysis Methods in Neural Language Processing: A Survey (2019). In 
Transactions of ACL, Volume 7, pages 49-72.                                                                                                                     

 

https://aclanthology.org/Q19-1004.pdf
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Evaluation of Neural Language Models

● The evaluation of NLMs has seen 
significant advancements in the past 
few years, with the development of 
dedicated benchmarks and 
evaluation frameworks

● These benchmarks are designed to 
assess models' performance on 
specific tasks and reasoning abilities:

○ OpenLLM Leaderboard
○ BigBench (Srivastava et al., 2023)
○ Holmes (Waldis et al., 2024)

Link: https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard

https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard


The Limits of the Modern Evaluation Landscape

Evaluating LLMs is far from straightforward, since there are several factors that can 
distort or limit our understanding of their true capabilities:

Data Contamination: Models may have seen parts of the evaluation data during training, leading to inflated 
performance

Narrow Benchmark: Many benchmarks test specific tasks or surface-level skills, failing to capture general 
reasoning or robustness

Prompt Sensitivity: Results can vary dramatically depending on prompt wording, context, or even output 
format

Evaluation Metrics Limitations: Automatic metrics are often unreliable for open-ended generation, while 
human evaluation remains costly and complex to perform consistently



Evaluating NLMs Linguistic Abilities

● Within the broader context of interpretability and evaluation, one line of research 
focuses on studying and assessing the linguistic abilities of Neural Language 
Models

● Such studies aim to uncover:
○ the implicit linguistic competencence encoded within these models
○ evaluate their generalization abilities



Assessing BERT’s Syntactic Abilities (Goldberg, 2019)

● Goldberg (2019) proposes a methodology for testing the implicit linguistic 
competence of BERT

● Specifically, two linguistic phenomena are considered:
○ Subject-Verb Agreement;
○ Reflexive Anaphora.

● Approach: masking target words and asking the model to “fill in the gap” with the 
words with high probability scores



Assessing BERT’s Syntactic Abilities (Goldberg, 2019)

the game that the guard hates is bad
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Assessing BERT’s Syntactic Abilities (Goldberg, 2019)

the game that the guard hates [MASK] bad

● p(is) = ?
● p(are) = ?



Assessing BERT’s Syntactic Abilities (Goldberg, 2019)



BLiMP (Warstadt A. et al., 2020)

● Evaluate the linguistic competence of 
language models through controlled, 
theory-driven tests

● Key idea: Use minimal pairs to test 
whether a model assigns higher 
probability to the grammatical sentence

● Design:
○ 67 test sets, each targeting a specific 

phenomenon
○ Around 1000 pairs per phenomenon
○ Automatically generated with linguistically 

precise templates to ensure syntactic and 
semantic control
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●  We propose an evaluation framework for testing the lexical proficiency of LMs on 
different linguistic settings for the Italian language



Our Approach

● Evaluation of Encoder-Decoder Models on a mixture of tasks that implicitly exposes 
the morpho-lexical link that relates lemmas to definitions

● Reverse Dictionary: 
generating a target word 
given a source definition
 

● Definition Modeling: 
generating a definition 
given a word

● Exemplification Modeling: 
generating a usage example 
given a word paired with a 
definition



Settings, Data and Models
● We conducted our evaluation across three different settings:

○ Dictionary setting: Evaluating against an unseen split of the models 
training dataset

○ Neologism setting: Evaluating against unseen neologisms that have 
zero to few occurrences in the models' pretraining data

○ Nonce words setting: assessing the linguistically creative abilities in 
creating, defining, and using nonce words (i.e. unseen words)

○
● Three different training/evaluation datasets:

○ Dictionary dataset: We developed a new resources starting from the 
April 2024 Wikizionario Dump + ONLI (Osservatorio Neologico della 
Lingua Italiana) neologism database

○ Neologism dataset: We collected a list of neologisms from various 
online dictionaries (appearing between 2021 to 2024) and kept only 
those with less then five occurrences in the pretraining dataset of our 
models

○ Nonce words dataset: We used GPT-4o to obtain a list of 100 
unattested nonce words



Results
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● We collected human judgments over 100 pairs of definitions (taken from the nonce 
words dataset) and nonce words (generated by our models)
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Results

“Astroveicolo”



Selected Findings

● Larger, monolingual models generally outperformed their multilingual 
counterparts

●  Despite the drop in performance with low-frequency neologisms and nonce 
words, the rank between models remained consistent

● The modelsʼ ability to generate novel and coherent nonce words further indicates 
LMs are capable of learning approximations of word formation rules, rather than 
relying solely on memorization



Thanks for the attention!

https://alemiaschi.github.io/

@AlessioMiaschi

http://www.italianlp.it/

@ItaliaNLP_Lab

https://alemiaschi.github.io/
https://twitter.com/AlessioMiaschi
http://www.italianlp.it/
https://twitter.com/italiaNLP_lab
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Loss function

Text Classification: https://lena-voita.github.io/nlp_course/text_classification.html

https://lena-voita.github.io/nlp_course/text_classification.html
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