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History of NLP Techniques
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Natural Language Modeling

* Given a text sequence X = x;Xx, ... x7, we want to model the joint
distribution of

P(X)

e X can be a sentence or a document



Two ways of Modeling P(X)

* Masked Language Modeling: predicting the missing word(s)
conditioning on the rest of the words, i.e. P(x;|X_;)
 Filling in the blank

* Bidirectional modeling



Two ways of Modeling P(X)

* Next Token Prediction: predicting the next token/word conditioning
on the preceding tokens, i.e. P(x;|X<;)

* Unidirectional modeling



BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding



BERT: Pre-training and Fine-Tuning Framework
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Pre-training

Fine-Tuning

* Pre-train the model on

unlabeled data over pre-training
tasks

Initializing the model with the
pre-trained parameters, and
fine-tune all the parameters
using labeled data from
downstream tasks

Unified architecture across
different tasks



Model Architecture

* A multi-layer bidirectional Transformer encoder
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Fine-Tuning

BERT_BASE: Number of layers: 12,
Hidden Size: 768, the number of
self-attention heads: 12, total
number of parameters: 110M
BERT_LARGE: Number of layers:
23, Hidden Size: 1024, the number
of self-attention heads: 16, total
number of parameters: 340M



Model Architecture

* Input/Output Representations

* Both a single sentence and a pair of
e S \ m /@ @\ ° S Sm\ sentences are represented in one token
<
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Input Representation

* Each token embedding is the summation of token embedding,
segment embedding, and position embeddings.

Input [CLS] ’ my dog is ‘ cute ’ [SEP] he ‘ likes H play ’ ##ing ’ [SEP]

Token

Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes EpIay E##ing E[SEP]
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Segment
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Position

Embeddings E0 E1 E2 E3 E4 E5 E6 E7 E8 E9 Elo




Pre-training BERT

e Task#1: Masked LM

* Mask some percentages of the input tokens at random, and then
predict those masked tokens.

* 15% of the tokens in each sequence are masked out at random



Pre-training BERT

e Task #2: Next Sentence Prediction (NSP)

* Important in many downstream tasks such as question answering (QA) and
natural language inference (NLI)

* 50% sentence pairs (A,B) are positive
* Actually sentence B that follows A

* 50% sentence pairs (A, B) are negative
 Randomly select a sentence B from the training corpus



Pre-training Data

e BookCorpus (800M words)
* English Wikipedia(2,500M words)



Fine-Tuning BERT

* Sentence Pair Classification Tasks, e.g., nature language inference

* Given a pair of sentences, the goal is to predict whether the second sentence
is an entailment, contradiction, or neutral w.r.t. the first one
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Fine-Tuning BERT

* Sentence Classification
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Fine-Tuning BERT

* Question Answering
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Fine-Tuning BERT

* Sentence Tagging
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Experimental Results

 GLUE: General Language Understanding Evaluation Benchmark

System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/30.1 66.1 823 93.2 35.0 81.0 86.0  61.7 74.0
BiLSTM+ELMo+Attn  76.4/76.1 64.8  79.8 90.4 36.0 73.3 849 568 71.0
OpenAl GPT 82.1/81.4 703 874 91.3 45.4 80.0 823  56.0 75.1
BERTgasE 84.6/33.4 712 905 93.5 52.1 85.8 889  66.4 79.6
BERT ArGE 86.7/85.9 721 927 94.9 60.5 86.5 89.3  70.1 82.1




Ablation Study

* LTR: left-to-right, unidirectional language modeling

Dev Set
Tasks MNLI-m QNLI MRPC SST-2 SQuAD
(Acc) (Acc) (Acc) (Acc) (F1)
BERTBAsE 84.4 88.4  86.7 92.7 88.5
No NSP 83.9 849 86.5 926 87.9

LTR & No NSP  82.1 84.3 775  92.1 77.8
+ BiLSTM 82.1 84.1 7577 91.6 84.9




Effect of Model Size

e L: number of layers
e H: hidden dimension
 A: number of self-attention heads

Hyperparams Dev Set Accuracy
#L.. #H #A LM (pp) MNLI-m MRPC SST-2

3 768 12 5.84 77.9 79.8  88.4
6 768 3 524 80.6 82.2  90.7
6 768 12  4.68 81.9 848 91.3
12 768 12 3.99 34.4 86.7 929
12 1024 16  3.54 85.7 869 933
24 1024 16  3.23 86.6 87.8  93.7




Large Language Models

* Given a sequence X = xyx, ...x7, Next Token
Prediction: predicting the next token/word
conditioning on the preceding tokens, i.e. P(x;|X<;)

T
0 =1/T ) logP(x;|X<))
i=1

* In practice, we will specify a maximum context
window

https://lena-voita.github.io/nlp_course/language _modeling.html

(

Neural network

.J




Next Token Prediction

* Essentially learning a mapping function f: context -> word
* a classification problem

V| tokens

l

?/esclig? P(*|I saw a cat on a)
Transform h linearly Linear|~© | softmax get probability
from sizedto |V] - the layer o distribution for
vocabulary size the next token

: vector representation of

Neural network context I saw a cat ona

I saw a cat on a

(000 0]
J

process context
(previous history)

—

Image Credit: https://lena-voita.github.io/nl rse/lan modeling.html



History of Generative LLMs
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Fig. 3: A timeline of existing large language models (having a size larger than 10B) in recent years. The timeline was
established mainly according to the release date (e.g., the submission date to arXiv) of the technical paper for a model. If
there was not a corresponding paper, we set the date of a model as the earliest time of its public release or announcement.
We mark the LLMs with publicly available model checkpoints in yellow color. Due to the space limit of the figure, we only
include the LLMs with publicly reported evaluation results.

Figure from https://klu.ai/glossary/large-language-model



Mode Size over Time
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Context Size over Time

Evolution of LLM Context Window Sizes (2018-2025)
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Open vs Closed LLMs

Closed-Source vs. Open-Source Models

Closed-Source vs. Open-Source Models (LMArena Elo)
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Closed-Source LLMs

e GPT ® openAl
* Gemini Q Google DeepMind
* Claude

ANTHROP\C



Text Arena

View rankings across various LLMs on their versatility, linguistic precision, and cultural context across text.
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Overview of LLMs Training

* Pretraining -> Supervised Fine-tuning (SFT) -> Reinforcement Learning
Human Feedback (RLHF)

HUMAN
FEEDBACK
FINE-TUNING
i
O ety Reward Mod
Reject Proximal Policy
Sampling Optimization
v
==
RLHF
Human preference data  Help ful Reward Model




Pre-training Data

Colossal Clean

Crawl Crawled Corpus (C4)
|
GitHub  wixreoa

arXiv StaCkEXChange=



Example: Llamal

e 1.4 Trillion Tokens!!

Dataset Sampling prop. Epochs Disk size
CommonCrawl  67.0% 1.10 3.3TB
C4 15.0% 1.06 783 GB
Github 4.5% 0.64 328 GB
Wikipedia 4.5% 2.45 83 GB
Books 4.5% 2.23 85 GB
ArXiv 2.5% 1.06 92 GB
StackExchange 2.0% 1.03 78 GB




LIaMa Architecture
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https://medium.com/@pranjalkhadka/llama-explained-a70e71e706e9

LLaMA:OpenandEfficient Foundation Language Models
(https://arxiv.org/pdf/2302.13971)



Training Loss
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Figure 1: Training loss over train tokens for the 7B,
13B, 33B, and 65 models. LLaMA-33B and LLaMA-
65B were trained on 1.4T tokens. The smaller models
were trained on 1.0T tokens. All models are trained
with a batch size of 4M tokens.



Llama (https://www.llama.com/) OQ Meta Al

LLaMA Llama 2 Llama 3 Llama 3.1
7B, 13B, 33B, 65B 78, 13B, 70B 8B, 70B 8B, 70B, 405B parameters
2048 context window 4096 context window 8192 context window 128,000 context window
1.4T tokens / 1T tokens 2T tokens 15T tokens 15T tokens

Play with Llama:
https://www.meta.ai/?utm_source=Illama_meta_site&utm_medium=web&utm_content=Llama_nav
&utm_campaign=July_moment



https://www.meta.ai/?utm_source=llama_meta_site&utm_medium=web&utm_content=Llama_nav&utm_campaign=July_moment
https://www.meta.ai/?utm_source=llama_meta_site&utm_medium=web&utm_content=Llama_nav&utm_campaign=July_moment

LoRa:

e Efficient fine-tuning



Fine-tuning Llama 2 in Google Colab

* https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZg6WkP

S5HxMuHMQR72?usp=sharing



https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP5HxMuHMQR72?usp=sharing
https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP5HxMuHMQR72?usp=sharing
https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP5HxMuHMQR72?usp=sharing

Different tasks in Natural Language
Understanding



Prompting

(In-context learning)

(Prompt tuning)

(Instruction tuning)

<Task description> <Prompt>  <Demonstrations>

» = — L
% + = 1| + |1=|M=Y Input-output examples —>» - LLMs J =—>» Output
1) @ — @ - . based on task-specific dataset
<Original input> <Prompt tokens>
..... P —————— .—1 - -
+ 4 lbl..lkL| —> LLMs = —Output—>» Loss Grounding
' J output
R B A :
o - ‘”'mm”l .......................................................... Update.......... ;
A set of <Instruction> for multiple tasks ?
- - - Grounding
—3 = soo I_ l —> LLMs —Output—>» L<:)ss cuitput
@ @ ........................ Update...........i

O: tunable
@: frozen



Thanks!
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