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Making Language Modeling

the basis for Artificial

Intelligence
 Complex NN architectures are Modular

 Enconding architectures as BERT can be seen as the basis for complex NL 
Inference tasks

 Paraphrase Detection

 Textual Entailment

 Stacking Dense Layer is a form of «compositional» mechanism (see Framenet in 
Logical approaches in NLU)

 Large Language Models capture

 Morphologic

 Syntactic

 Semantic phenomena

 as a basis for consistent NLU, reasoning and generation

 Larger language models seem to exhibit stronger generalization
capabilities



RNNs
1986

Williams, Ronald J.; Hinton, Geoffrey E.; Rumelhart, David E. 
(October 1986). 

Machine learning paradigms underlying ChatGPT



RNNs
1986

Bidirectional
RNNs
1997

Bidirectional
RNNs
1997

Schuster, Mike, and Kuldip K. 
Paliwal. 1997

Machine learning paradigms underlying ChatGPT



Examples: Language 

understanding
https://github.com/Microsoft/CNTK/wiki/Hands-On-Labs-Language-Understanding

Task: Slot tagging with an LSTM

19  |x 178:1 |# BOS      |y 128:1 |# O

19  |x 770:1 |# show     |y 128:1 |# O

19  |x 429:1 |# flights  |y 128:1 |# O

19  |x 444:1 |# from     |y 128:1 |# O

19  |x 272:1 |# burbank |y 48:1  |# B-fromloc.city_name

19  |x 851:1 |# to       |y 128:1 |# O

19  |x 789:1 |# st. |y 78:1  |# B-toloc.city_name

19  |x 564:1 |# louis    |y 125:1 |# I-toloc.city_name

19  |x 654:1 |# on       |y 128:1 |# O

19  |x 601:1 |# monday |y 26:1  |# B-depart_date.day_name

19  |x 179:1 |# EOS      |y 128:1 |# O
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19  |x 179:1 |# EOS      |y 128:1 |# O

y       "O"        "O"        "O"        "O"  "B-fromloc.city_name"

^          ^          ^          ^          ^

|          |          |          |          |

+-------+  +-------+  +-------+  +-------+  +-------+

| Dense |  | Dense |  | Dense |  | Dense |  | Dense |  ...

+-------+  +-------+  +-------+  +-------+  +-------+

^          ^          ^          ^          ^

|          |          |          |          |

+------+   +------+   +------+   +------+   +------+   

0 -->| LSTM |-->| LSTM |-->| LSTM |-->| LSTM |-->| LSTM |-->...

+------+   +------+   +------+   +------+   +------+   

^          ^          ^          ^          ^

|          |          |          |          |

+-------+  +-------+  +-------+  +-------+  +-------+

| Embed |  | Embed |  | Embed |  | Embed |  | Embed |  ...

+-------+  +-------+  +-------+  +-------+  +-------+

^          ^          ^          ^          ^

|          |          |          |          |

x ------>+--------->+--------->+--------->+--------->+------... 

BOS      "show"    "flights"    "from"   "burbank"
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From attention to 

Transfomers
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Language Modeling and 

Reasoning

 Logical Entailment: the axiomatic «logical» view

 Training Automatic Entailment systems

 From formal logic to NL

 Recognizing Textual Entailment

 Applied RTE

 Sentence Pairs

 Pattern based and Prompting

 Applications



Entailment: the «logical» view

 Logical implication is used to express the 

entailment relationship between two subformulas

 Logics helps in expressing logical reasoning

schemata through normalized forms, e.g., 

 or equivalent variants

𝐴 → 𝐵 ∀𝑥 𝐴(𝑥) → 𝐵(𝑥)

𝐴 → 𝐵 ≡ ¬𝐴 ∨ 𝐵 ∀𝑥 𝐴 𝑥 → 𝐵 𝑥 ≡ ¬𝐴 𝑒 ∨ 𝐵(𝑒) (after Skolemization)

𝐴 → 𝐵 ≡ ¬(𝐴 ∧ ¬𝐵) ∀𝑥 𝐴 𝑥 → 𝐵 𝑥 ≡ ∀𝑥 ¬(𝐴 𝑥 ∧ ¬𝐵(𝑥))



Entailment: semantics

 Logical implication is tightly related to semantics

as it is the basis for an efficent approach to 

logical reasoning.

 Infact {𝐴} ⊨ 𝐵 iff    {}⊨ (𝐴 → 𝐵)

 B is semantically implied by A (only) if (𝐴 → 𝐵) is a 

tautology. This is used for the algorithms based on 

proof by contradiction, i.e., 

{𝐴} ⊨ 𝐵 iff 𝐴,¬𝐵 ⊨⊥ or

{∆, 𝐴} ⊨ 𝐵 iff ∆, 𝐴, ¬𝐵 ⊨ ⊥

(with ⊥ denoting the always false formula)



Entailment & Transfomers

 Logical implication is usually managed through a chain of 
deductive steps (as in logic programming) from the input query 
(i.e. a theorm to be demonstrated) to its fully resolved facts, or 
through contadictions

 However, when uncertainty does not allow to design all needed
facts (i.e. the axiomatic system ∆ is not fully known a priori) 
deduction can be challenging and inconsistent.

 Neural Networks can be adopted to limit the impact of 
incompleteness or noise in the reference rules and minimze the 
rick of mistakes in entailment.



Entailment & Transfomers (2)

 A possible direction is

 Map the axiomatic system into a training dataset 

 Map the input theorem into a natural language sentence

 Solve the inference task of accepting or rejecting the entailment into

a binary classification task

 In other words, given a training set of axioms such as

 ∆: {𝐴1 → 𝐵1, … , 𝐴𝑛 → 𝐵𝑛}

 Induc a function RTE such that for every future pair (𝐴𝑖 , 𝐵𝑗)

 ℎ(𝐴𝑖 , 𝐵𝑗) = 𝑡𝑟𝑢𝑒 iff    {∆, 𝐴𝑖} ⊨ 𝐵𝑗

 or alternatively

 ℎ(𝐴𝑖 → 𝐵𝑗) = 𝑡𝑟𝑢𝑒 iff    {∆, 𝐴𝑖} ⊨ 𝐵𝑗



The role of trasformers

 First setting

 ℎ(𝐴𝑖 , 𝐵𝑗) = 𝑡𝑟𝑢𝑒 iff  {∆, 𝐴𝑖} ⊩ 𝐵𝑗

 Input given by 2 sentences

 BERT used as the encoder

 A stacked classifier is trained on 

labeled pairs

 Type of Inference:

 PARAPHRASING

 TEXTUAL ENTAILMENT



The role of trasformers (2)

 Second setting

 ℎ(𝐴𝑖 → 𝐵𝑗) = 𝑡𝑟𝑢𝑒 iff  {∆, 𝐴𝑖} ⊩ 𝐵𝑗

 Input given 1 sentence expressing
the task over 𝐴𝑖 and 𝐵𝑗

 BERT used as the encoder

 A stacked classifier is trained on 

labeled pairs

 Example (PARAPHRASING):

 «The sentence 𝐵𝑗 has the same

meaning of sentence 𝐴𝑖»

 «Sentence 𝐴𝑖 means the same as 𝐵𝑗»



The role of trasformers (3)

 Second setting

 ℎ(𝐴𝑖 → 𝐵𝑗) = 𝑡𝑟𝑢𝑒 iff  {∆, 𝐴𝑖} ⊩ 𝐵𝑗

 Input given 1 sentence expressing the 
task over 𝐴𝑖 and 𝐵𝑗

 BERT used as the encoder

 A stacked classifier is trained on labeled

pairs

 Example (TEXTUAL ENTAILMENT):

 «The sentence 𝐵𝑗 is implied by sentence

𝐴𝑖»

 «Sentence 𝐴𝑖 guarantees the truth of 𝐵𝑗»



Neural Entailment: applications
 The setting

ℎ(𝐴𝑖 → 𝐵𝑗) = 𝑡𝑟𝑢𝑒 iff  {∆, 𝐴𝑖} ⊩ 𝐵𝑗

 correspond to sentences that depend
on on complex interactions between 𝐴𝑖
and 𝐵𝑗 mapped into an individual
sentences

 BERT is always used as the encoder

 The stacked classifier is an automatic
entailment recognition tool

 It can be preserved for future TEXTUAL 
ENTAILMENT tasks, e.g., :

 Topical Classification

 «The sentence 𝐵𝑗 is classified by label 𝐴𝑖»

 «Label 𝐴𝑖 corresponds to the topic of 𝐵𝑗»

 Sentiment Analysis:

 «𝐴𝑖 implies the sentiment label 𝐵𝑗»

 «𝐴𝑖 expresses sentiment 𝐵𝑗»



 Word-by-word attention can 
easily detect simple reorderings
of words in the premise (a).

 It is able to resolve synonyms
(“airplane” and “aircraft”, (c) and 
capable of matching multi-word 
expressions to single words 
(“garbage can” to “trashcan”, 3b). 

 Irrelevant parts of the premise, 
e.g., whole uninformative 
relative clauses, are correctly 
neglected for determining 
entailment (“which also has a 
rope leading out of it”, (b). 

 Deeper semantics or common-
sense knowledge (“snow” can be 
found “outside” and a “mother” 
is an “adult”, (e) and (g). 

 The model seems able to resolve 
one-to-many relationships 
(“kids” to “boy” and “girl”, (d) 

 Attention can fail, for example 
when the two sentences and 
their words are entirely 
unrelated (3f). 

Attention and RTE

from “Reasoning About Entailment With Neural 
Attention” (Rocktaschel et al., ICLR 2016)
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GPT-2: decoder only

architectures (Radford et al., 2019)

 “We demonstrate that language models begin to learn these tasks 
without any explicit supervision when trained on a new dataset of 
millions of webpages called WebText”

 GPT-2 is a large transformer-based language model with 1.5 billion 
parameters, trained on a dataset of 8 million web pages. 

 GPT-2 is trained with a simple objective: predict the next word, 
given all of the previous words within some text. 

 The diversity of the dataset causes this simple goal to contain 
naturally occurring demonstrations of many tasks across diverse 
domains. 

 GPT-2 is a direct scale-up of GPT, with more than 10X the 
parameters and trained on more than 10X the amount of data



 Multitask QA Networks (MQAN ) (McCann et al, 2018)

 Our speculation is that a language model with sufficient capacity will begin to learn to 
infer and perform the tasks demonstrated in natural language sequences in order to 
better predict them, regardless of their method of procurement. If a language model is 
able to do this it will be, in effect, performing unsupervised multitask learning.

GPT-2: sources of insipiration



GPT-2: architecture

 Modifications:
 Local attention: Sequence tokens are divided into blocks of similar length and

attention is performed in each block independently. In our experiments, we

choose to have blocks of 256 tokens.

 Memory-compressed attention: After projecting the tokens into the query, 

key, and value embeddings, we reduce the number of keys and values by 

using a strided convolution. The number of queries remains unchanged.

 “They allow us in practice to process sequences 3x in length over the T-

D model (Vaswani et al., 2017).” 



GPT-2: architecture (2)

 From (Radford et al., 2017, GPT paper)



GPT-2: results

 The LAMBADA dataset (Paperno et al., 2016) 

 It tests the ability of systems to model long-range dependencies in text. 

 The task is to predict the final word of sentences which require at least 50 tokens of 
context for a human to successfully predict. 



GPT-2: results on Lambada
 The LAMBADA dataset (Paperno et al., 2016) 

 It tests the ability of systems to model long-range dependencies in text. 

 The task is to predict the final word of sentences which require at least 50 
tokens of context for a human to successfully predict. 

 GPT-2 improves the state of the art from 99.8 (Grave et al., 2016) to 8.6 
perplexity and increases the accuracy of LMs on this test from 19% 
(Dehghani et al., 2018) to 52.66%. Adding a stop-word filter as an 
approximation to this further increases accuracy to 63.24%.

 Investigating GPT-2’s errors showed most predictions are valid 
continuations of the sentence, but are not valid final words



BART (Lewis et al., 2019) - Facebook

 Enconding decoding architecture based on Pretraining and fine 
tuned towards different tasks such as: RTE, SA, …

 Two stages of PRETRAINING

 Text is first corrupted with an arbitrary noising function, 

 A sequence-to-sequence model is learned to reconstruct the original text.

 FINE TUNING: 
 MNLI (Williams et al., 2017), a bitext classification task to predict whether one 

sentence entails another. The fine-tuned model concatenates the two 
sentences with appended an EOS token, and passes them to both the BART 
encoder and decoder. In contrast to BERT, the representation of the EOS token 
is used to classify the sentences relations. 

 ELI5 (Fan et al., 2019), a long-form abstractive question answering dataset. 
Models generate answers conditioned on the concatenation of a question and 
supporting documents.



Applying BART



Command: “Prendi il volume sul tavolo vicino la 
finestra"

MD: b1, conosciuto anche come libro o volume, 
è un’istanza della classe BOOK, t1, conosciuto
anche come tavolo o scrivania, è un’istanza
della classe TABLE # b1 è vicino t1

Input: Command + MD

Output: 
TAKING(Theme(b1))

GrUT-IT

Linguistic 
Extraction

Entities
Retrieval

GrUT: The Overall Flow

Hromei et al, 2022, "Embedding Contextual Information in Seq2seq Models 

for Grounded Semantic Role Labeling"



Model
Learning

Rate
FP

AIC-

Exact 

Match

AIC-

Head 

Match

LU4R - 95.32% 77.67% 86.35%

GrUT-IT 5⋅10-5 96.86% 82.30% 85.19%

FP = Frame Prediction
AIC = Argument Identification and 
Classification
EM = Exact Match
HM = Head Match

Results here are reported as F1 values on 10-fold cross-
validation schema with 80/10/10 data split.

Performance for LU4R is reported in italic as it is not 
entirely comparable with.

LU4R: TAKING(Theme(“libro”))

GrUT-IT: TAKING(Theme(b1))

Experimental Evaluation
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GPT3: novelty
 «Language Models are Few-Shot Learners” 

(Brown et al., 2020)





GPT-3: size

 Here nparams is the total number of trainable parameters, nlayers

is the total number of layers, dmodel is the number of units in 

each bottleneck layer (we always have the feedforward 

layer four times the size of the bottleneck layer, dff=4xdmodel), 

and dhead is the dimension of each attention head. 

 All models use a context window of nctx = 2048 tokens



ChatGPT
2022

Machine learning paradigms underlying ChatGPT
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Limitations of GPT-3
 Large language models often express unintended behaviors such as 

making up facts, generating biased or toxic text, or simply not 
following user instructions. This is because the language modeling
objective is misaligned.

 The idea: aligning language models by training them to act in 
accordance with the user’s intention (Leike et al., 2018). 

 explicit intentions such as following instructions 

 implicit intentions such as staying truthful, and not being biased, toxic, or 
otherwise harmful.

 Overall Objective: language models should be helpful (they should 
help the user solve their task), honest (they shouldn’t fabricate 
information or mislead the user), and harmless (they should not 
cause physical, psychological, or social harm to people or the 
environment).



InstructGPT
 Step 1: Collect demonstration data, and train a supervised policy. 

Labelers provide demonstrations of the desired behavior on the 
input prompt distribution. Then, fine-tuning of a pretrained GPT-
3 model on this data using supervised learning is carried out.

 Step 2: Collect comparison data, and train a reward model. A 
dataset of comparisons between model outputs is collected: 
labelers indicate which output they prefer for a given input. A 
reward model to predict the human-preferred output is then 
trained.

 Step 3: Optimize a policy against the reward model using PPO. 
We use the output of the RM as a scalar reward. We fine-tune 
the supervised policy to optimize this reward using the proximal 
policy optimization (PPO) algorithm (Schulman et al., 2017).



At the heart of ChatGPT (from BART to ChatGPT) 

Fine tune text-davinci-003
to get InstructGPT

human

human InstructGPT

The Environment

ChatGPT Training-
steps

BART Training-steps

from Ouyang, L., Wu, J., Jiang, et al. (2022). Training language models to follow instructions with human feedback



Foundational Models



Neural

writing



Chat 

GPT4



Trends …



Future directions
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