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This lecture

" Autoregressive Training

" Pre-training LLMs

" Instruction Fine-tuning LLMs
" Continued Pre-training LLMs

H— (0]
Page 3 D CEERING NVIDIA



Autoregressive Training
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What are Autoregressive models?

In an autoregressive model, each value in a sequence Is
predicted based on the prior values.

. . .- ] ?t-‘l ?t ?t+’l ?t-'l ?t ?t+'|
Each value is predicted conditionally based on the previous
values. T T T T T T

Y

' Model > Model - Model > -» Model > Model > Model -

_A A ___A >
Autoregressive models are particularly powerful for sequential T T T T T T
data and are fundamental to large language models (LLMSs) like Ut-1 Ut e U-1 = Ut+1
GPT (Generative Pre-trained Transformer), which predict

tokens in a sequence of text. (a) Autoregressive model (b) Non-autoregressive model
The Autoregressive nature of LLMs explains a number of key

advantages and challenges

Page 5 Bt | <anvioia



Predicting the next token

LLMSs, such as GPT generate text token by token, where each . —
token prediction depends on all previously generated tokens. P(blue‘Thea Cat: ZS) = .1

For example, given the sequence: P(blaCk‘The: ca,t,is) = .89
P(green|The,cat,is) = .05

“The catis ...”

The model computes a probabillity distribution over the possible P(The) — .5
next tokens (e.g., "sleeping,” "jumping,” etc.). Each token (The) = .
prediction is made by conditioning on the previous tokens in the P(cat) = .1
sequence. P(is) = .2
f(<start>) = | P(blue) = .05

This prediction is probabilistic. The model does not simply predict P(black) = .1
tﬂ_etr_\gxtt_ token detlclermini_stt)ilcally. lr;stlfad, It computes a probability P(green) = .04
distribution over all possible next tokens P(<end>) = .01

The next token is then sampled from this probability distribution,
making the process both sequential and probabilistic.

= o ~
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Autoregression and Hallucination

Hallucination:
“LLMs generating text that sounds plausible but is factually incorrect or nonsensical.”

Relation to Autoregression:

Token-by-token generation: Each token depends on previous ones. A small error can propagate, leading
to hallucinations.

Probabilistic predictions: Models sample from a probabillity distribution, which can lead to selecting less
likely tokens, increasing hallucination risk.

Unpopular Opinion about AR-LLMs N

» Auto-Regressive LLMs are doomed.
» They cannot be made factual, non-toxic, etc.
4

They are not controllable Tree of “correct’

answers Tree of all possible
“1; token sequences
» Probability e that any produced token takes -

us outside of the set of correct answers

» Probability that answer of length n is
correct: /

> P(correct) = (1-€)"

» This diverges exponentially.

Page 7 - ' I i
age » It’s not fixable (without a major redesign).
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Training Autoregressive Models for Language Modeling

Data Preparation for Autoregressive Training:

The data preparation step is crucial because the model needs to learn to predict the next token
based on previous tokens in a sequence. Here’s how it works:

Sequence Construction:

The tokenized text is split into sequences of fixed lengths, often referred to as the context
window. For instance, if the context window is 512 tokens, the text is chunked into sequences
of 512 tokens.

Creating Input-Output Pairs:

The key to autoregressive training is predicting the next token. For each sequence, we create
Input-output pairs where:

Input: The first N tokens.
Output: The N+1st token. This is a shifted copy of the sequence:

Input: [125, 894, 45, 204, 10] —» Output: [894, 45, 204, 10, 356] The input is what the model
sees, and the output is what the model is trained to predict.

Batching:

These input-output pairs are then grouped into batches for efficient training. The model

processes multiple sequences in parallel, where each batch contains a set of input-output pairs.
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Pre-training
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Training a deep learning model

Creating a well performing deep learning model is all about
the loss.

This “loss” is the difference between the predicted value aootiyzize: ‘**f_;@%*g:;,,ﬂ# |
output of the model, and some true/known value that “ ?ﬁ‘*‘iﬁ*: i}ﬂ ff
comprises the target of our training data. #i$&3‘11’§¢*fllff[f{$fff *jr, q_‘t,,“‘ﬁ:qr i f
"..'-.1.,"'1. j' ‘::‘i‘ ! '
\"4 ﬂt}*“h“‘i.** I 11777 o ¢* STl ffffff
The model is trained by varying all the weights such that this %ﬁ# "’** _ Q ’;’ i rﬂf ﬂ%&! **ﬁf«f«?’ﬁ
loss Is minimized as we traverse the loss landscape. = = ; "I

Various gradient decent methods, most of them based on .
Stochastic Gradient Descent are available, but they largely Loss landscape
depend on 1) the current weight value, and 2) the gradient of

the weights with respect to the loss.

We continue to vary the weights in training until this loss | 0; — 6; — g (6)
reaches a state where we decide to stop further training. A simple gradient descent update
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Language Model Training

.01

Language Models are those which attempt to predict the
missing token of a given input. _ = ELLM J I

e
°
.

For Decoder-type models, this is the next token.

For Encoder-type models, this can be some intermediate
token that has been masked.

Either way, Language Models use the vocabulary they
have, to select the right token. S = Where are we going

|

Word being
predicted
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Preparing an LLM for Pre-training

To get a model ready for pre-training, we need to set up the following:
The training data must be collected and curated

ne data must be Iin the right format and ready to be loaded in batches

ne model architecture must be constructed and loaded into memory

All algorithm configurations set to appropriate values

The compute infrastructure established

Training strategy configured to ensure the hardware and data are being most effectively utilized

SOUTAwWNE

Let’s look at these one-by-one
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1 - The training data must be collected and curated

By crawling the open web, we can create massive
datasets of all of the digital knowledge stored
online.

The issues arise when finding what site to use and
what not to use.

The CommonCrawl project was started over a
decade ago to find all addressable links.

Wikipedia also contains a huge repository of
human language information

Getting the best data, though, is still an art rather
than a science as the terabytes of raw text are
Impossible to manually clean and curate.

+ MinijPile The Pile

. Bookcorpus

2 +Wﬂﬂp&dla

5

s

» |

-

DpenWehText g
Vebpages
WikiText103 B Dialogue
Emin];B Books
Science
B Code
Quantity Wei ght in Epochs elapsed when

Dataset (tokens)  training mix training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Booksl1 12 billion 8% 1.9
Books?2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets
are seen less than once.
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2 — Data Formatting for Training

Once collected, the data must be processed before being useful for training.

A typical workflow consists of:

Gather the raw data

Removing duplicated data (deduplication)
~iltering for language (e.g. only English)
~iltering for harmful or specific content
Remove unknown tokens

Format data into training and testing datasets

CommonCrawl (CC) Deduplication Language LM Filtering
= Massive Web = =& . X Language - Train LM on
K 3 Crawl — WARC 2 Sharding Identification @:" target lang (Wiki)

WAT § Paragraph

Language § Paragraph
Normalization

Scoring Perplexity w/ LM

R WET ,:% Paragraph | | || | A7TA Discard or Segment Perplexity
= \ A Hashing | | || | M Keep Decision distribution
e e o RATTA Discard or
e Deduplication Keep Decision

Is-reference filtering

Train discriminator
for ref. (Wiki)

:% Classify pages
Q\@ as ref/not-ref
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3 — Selecting Model Architecture

Depending on the desired task for which the LLM

will be used, a specific architecture will need to be ~----------------- eI AR N, T s
. . . . o \ Output F . Output
programmed using libraries such as PyTorch, : ) | prooabites ¥ Probebic
TensorFlow, or Jax. : ! e ¥
. (. ! | Linear | p !
' X : \ p ! Linear
! o ' | (AdZENem] L
There are now several libraries that help with : ot ;! | [ (RS
. . . . Embeddings 0! : '
predefined architectures which can leverage the ! : B T—
I v N ! i B SwiGLU
developments of the community A p =l R L = | IO J|
: — E : ~ ‘1 E E . [Add & FEF\;“IS Norm Je—
E o = o || [ e ! Gouped VT e
+ N — ! I Attzntion ! :
- b — N I W L of K} v
: ~{ Add;lwnrm | R e ] R S =) - ® c__LJ
. Multi-Head : : i — ! Positional 1 X Positional
. . i‘fn“_mj’ "ol Attention ' ¢ Encoding ' | Encoding — ~ )
m !::_ ort tD r{:h : \_ _/ : : i : Dum-.JF 1 :
from torch.nn import functional as F N — V! bostiond] 7 L E : (T Norm
from pytorch_pretrained_bert import GPT2Tokenizer, GPT2LMHeadModel i Encoding ;o Emmefg}ﬁa ! Outouts '
' Input ' Input ' A g ! Input
: _ ' Embedding X ! Embedding \ (shifted right v Embedding
tokenizer = GPT2Tokenizer.from_pretrained( 'gpt2') ' b f ! I:
model = GPT2LMHeadModel.from_pretrained( 'gpt2') ' Inputs X E Inputs : E ! Inputs
text = tokenizer.encode("Unicorns are a fascinating") : Encoder-Only E :‘ Encoder E Decoder ;: . Decoder-Only
input, past = torch.tensor([output]), None R LR T © Tteemeeeeeccne.. Ammmmmmmmmmmmmet R ettt
for _ in range(20): BERT Original Transformer LLaMA
logits, past = model(input, past=past) (Devlin et al., 2018) (Vaswani et al., 2017) (Touvron et al., 2023)

input = torch.multinomial(F.softmax(logits[:, -1]), 1)
text.append( input.item())

t— DARTMOUTH
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4 — Training Algorithms

Learning Rate Schedules

| —— Step Decay
\1“\ —— Exponential Decay

Once we have the data and the model architecture, we are ready to ~ i e

—— Natural Exp. Decay

setup the training loop.

In this loop we will have some practical choices to make:
Data Loader

" Batch Size

" Shuffle

" Micro batch size

Loss Function

" Cross Entropy / Negative Log Likelihood
" MSE/MAE

Optimizer

" Stochastic Gradient Descent

" ADAM

" RMSProp é
Learning Rate Schedule —

Learning Rate

Epoch

SGD without momentum SGD with momentum SGD

Momentum E
NAG 8
Adagrad
Adadelta
Rmsprop

" Constant

" Cosine

Training Length

- Epochs, Batches, Tokens

"] DARTMOUTH
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5 — Compute Infrastructure for Training

" Single Node: Training happens on a single machine, using one or multiple CPUs/GPUs. This setup _,
Is simpler and typically used for smaller datasets and models. . - . 50

" Multi Node: Involves distributing training across multiple machines (nodes). This is useful for
training large models or datasets that can't fit into a single machine’s memory. It requires
communication between nodes, often managed by distributed computing frameworks like Horovod
or PyTorch Distributed.

CPU, GPU, TPU Providers and Configurations:

" CPU: Central Processing Units (CPUSs) are versatile but slower for deep learning tasks. Suitable for
small models or when GPU/TPU resources are limited.

" GPU: Graphics Processing Units (GPUs) are highly efficient for parallel processing tasks like matrix
operations, making them the go-to for deep learning. Configurations can vary from single to multiple [ v b
GPUS_ mall moaeils

* Small datasets
* Useful for design space exploration p

" TPU: Tensor Processing Units (TPUSs) are specialized hardware designed by Google for GPU
accelerating deep learning, especially for TensorFlow. TPUs are extremely fast but require specific | el el el

* Image, video processing

CO nf|g u ration . * Application on CUDA or OpenCL
¢ TPU A
CIOUd VS. LOC&| *  Matrix computations
= * Dense vector processing
. . . * No custom TensorFlow operations
" Cloud: Cloud providers (e.g., AWS, Google Cloud, Azure) offer scalable resources for training, p : i o
allowing easy access to multiple GPUs/TPUs. This is ideal for large-scale training but comes with L arge datasets, models
COSt COnSIderatIOHS * Compute intensive applications

\ * High performance, high perf./cost ratio p

" Local: Training on your own hardware (CPUs/GPUs) may be cost-effective but is limited by
available resources. Local setups are good for experimentation and small-scale models but may

struggle with large datasets or models. _
Page 17 e | <Anvibia



6 - Training Strategy

Data Parallelism:

DDP (Distributed Data Parallel): A standard method for splitting data
across multiple GPUs/nodes, where each device processes a portion of
the dataset, and gradients are averaged across all devices during

backpropagation. _
_ o Model Parallelism Data Parallelism
DeepSpeed: A framework designed for large-scale model training that

optimizes memory and computation efficiency. It includes optimizatons — me——————— B e |
like zero redundancy, gradient accumulation, and mixed precision training. |

and optimizer states across GPUs to minimize memory usage, enabling e
training of extremely large models on fewer GPUs. o T T

FSDP (Fully Sharded Data Parallel): Shards (splits) both model weights | Machine 4 [ E i(_g_)": i(_g_' i

i[ ] Machine 3 : —————————— I e ,
|

Model Parallelism:;

Pipeline Parallelism: Instead of replicating the entire model on each
GPU, the model is split into layers and distributed across different devices.
Each device processes a part of the forward and backward pass, working
like an assembly line.

Tensor Parallelism: Model tensors (such as weight matrices) are split
across multiple GPUs, allowing each GPU to handle a subset of the
computations. This technique is commonly used for large-scale matrix
operations in models like transformers

H— DARTMOUTH
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How much to train?

1T

. . . . —— Approach 1
Chinchilla is a state-of-the-art language model proposed by DeepMind, known 1008 — Approach 2
for optimizing model size and training duration based on the scaling laws of dee —— Approach 3
learning. Here’s a breakdown of the key concepts and graphs: ¢ 10m ---' Kaplan et al (2020)
Chinchilla Scaling Laws £
© ¥ Chinchilla (70B)
Key Insight: For optimal performance, the number of parameters in the model & 1.08 % Gopher (2808
: : . : % GPT-3(175B)
should scale proportionally with the amount of data used for training. Previous L. Moostran: Turlig NG (SE08]
large models (like GPT-3) were over-parameterized relative to the data availabl Loom ? ’
Chinchilla’s Adjustment: Reduces the number of parameters but trains on
significantly more data to strike a better balance between model size and data 1 o7 b
size 10t’ 10%° 102! 10%° 102
' FLOPs
Model Size (# Parameters) Training Tokens
LaMDA (Thoppilan et al., 2022) 137 Billion 168 Billion Parameters FLOPs FLOPs (in Gopher unit) Tokens
Jurassic (Lieber et al., 2021) 178 Billion 300 Billion 1Billion 1.91e+20 1/ 4’ 761 0.2 Billion
Gopher (Rae et al., 2021) 280 Billion 300 Billion s ' ’ .
. 1 o 10 Billion 1.23e+22 1/46 205.1 Billion
MT-NLG 530B (Smith et al., 2022) 530 Billion 270 Billion | 67 Billion 5.76e+23 1 1.5 Trillion
Chinchilla 70 Billion 1.4 Trillion 175 Billion 3.85e+24 6.7 3.7 Trillion
280 Billion 9.90e+24 17.2 5.9 Trillion
520 Billion 3.43e+25 59.5  11.0 Trillion
1 Trillion 1.27e+26 221.3  21.2 Trillion
10 Trillion 1.30e+28 22515.9 216.2 Trillion

H— DARTMOUTH
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Are we done? Limitations of base models.

Shallow Understanding:

Base models, like GPT, predict the next word based on patterns, not true

comprehension. They generate plausible text without deep understanding.

No Task-Specific Knowledge:

They struggle with complex tasks like reasoning, question-answering, or
structured outputs because they aren’t fine-tuned for specific tasks.

No Long-Term Planning:

Next-token models can’t plan or keep track of long sequences. They may
lose coherence Iin long tasks (like storytelling) because they don'’t retain a
memory of earlier steps.

Limited in Complex Dependencies:

They handle local coherence but struggle with tasks requiring structure or
logic over longer spans (e.g., math, formal reasoning).

Page 20

Base Model
(davinci (GPT-3))

Prompt: Tell me how to fine-tune a model

Completion:

How can | control the complexity of a model?
How do | know when my model is done?

How do | test a model?

How do | define a task for my model?

How do | scale a model?

How do | make a probabilistic model?

How do | start using a model once it's complete?
How do | cope with missing data?

How do | make my modeling efforts sustainable?

H— DARTMOUTH
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Instruction Fine-tuning
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How useful are pre-trained models?

While base models can be used with
techniques such as few shot learning and
other in-context learning methods, these
quickly become limitations

In every case where a task would be needed,
a collection of few shot examples would also
be needed.

Page 22

Base Model
(davinci (GPT-3))

Prompt: Tell me how to fine-tune a model

Completion:

How can | control the complexity of a model?
How do | know when my model is done?

How do | test a model?

How do | define a task for my model?

How do | scale a model?

How do | make a probabilistic model?

How do | start using a model once it's complete?
How do | cope with missing data?

How do | make my modeling efforts sustainable?

Fine-tuned Model
(text-davinci-003 )

Prompt: Tell me how to fine-tune a model

Completion:

Fine-tuning a model involves adjusting the parameters of a
pre-trained model in order to make it better suited for a given
task. There are generally three steps to fine-tuning a model:

1. Select a base model - Select a pre-trained deep learning
model that has been trained on a large dataset.

2. Adjust parameters - Adjust parameters of the pre-trained
model to better suit the desired task. This may include
changing the number of layers, adjusting learning rate,
adding regularization, or tweaking the optimizer.

3. Train the model - Train the new model on the desired
dataset. The amount of data and the amount of training
required will depend on the task and the model.

=] DARTMOUTH .
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Few shot learning

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description

GPT 3 showed the world that LLMs could perform tasks beyond what it
was trained on.

cheese => prompt

This abllity to learn from the input context, know as in-context learning, One-shot
can be used to leverage the inherent abilities and knowledge the model e e e e e oo
gained through pre-training.

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt
Zero-shot One-shot Few-shot
! ! §
175B Params Few-shot

Natural Language
60 Prompt O In addition to the task description, the model sees a few

examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples

peppermint => menthe poivreée

Accuracy (%)

plush girafe => girafe peluche

cheese => prompt

1.3B Params
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Instruction following

We can use this ablility of the model to utilize in-context learning to change how the model behaves.

By training the model to learn how to respond to input instructions with response pairs, the model
can learn how to respond to general queries.

Page 24

Prompt

InstructGPT is better than GPT-3 at following English instructions.

Completio
GPT-3

Write a short story in which a character has two different names.

Write a short story in which you try to get something back that you have lost.

Write a short story in which a character has a bad dream.

InstructGPT

The frog is a symbol of wisdom

He knows all the secrets of the world
He is a master of disguise

And a great teacher of life

He is a symbol of transformation

And the bringer of change

He is the frog who has seen it all
And knows the meaning of it all

A prompt is sample from

our prompt dataset. Explain the moon
landing to a 6 year old

|/
A labeler demonstrates @
the desired output
behavior. Z

Some people went
to the moon...

Y
SFT
®. 0
.//?;%.
This data is used to N 7
fine-tune GPT-3 with }a{
supervised learning. 7

EEE

H— DARTMOUTH
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The chat structure

What is the best format to train models with?

Currently, the structure used to build training data and to interact with the LLM
APIs Is based on the “chat structure”. Here a series of roles and their
respective content is stored in a messages array.

This allows for the system, assistant, and user roles to be stored in the same
place, and the content of the interaction can be progressively added.

This provides a consistent format to both train and use the models as they
react to user input.

openai.ChatCompletion.create(
model="¢
messages=|

{

{
{
{
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IFT Data Preparation

Generating prompt-response pairs requires more
Intentional curation than for pre-training.

= g ’7,"*\ L TRl oY=
Y ( 1 ,

The data can be generated synthetically with another
LLM that has already been trained to create queries

Model LLM fine-tuning

], COMPLETION. . .
], COMPLETION . . .
1,

], COMPLETION . . .
], COMPLETION . . .

]

]
COMPLETION[...] |—)|

] \

]

from raw data. | T

| Pre-trained | Ly =

. Loum ) mE e

Or, more commonly or when starting from scratch, a PROMPTI.. .

human-generated dataset will need to be created witha —

variety of query-response pairs. Y

e e e e e e e e e = 1

‘IL,SliﬂmTqiize_ﬂle f_ollfw_ing_te_xt_ -

[ EXAMPLE TEXT]
[ EXAMPLE COMPLETION ]

These pairs can be simple input-output or they can also
iInclude additional context to the query, e.g. Summarize
this email into 5 bullet points.

The model will be trained to produce the specific output, not predict the next token.
This changes how the model behaves.

Page 26

N

o= Em Em Em Em o Ew o Ew e .

- - -
: ranslate this sentence to...

- e o - e - o - o s - -

[ EXAMPLE TEXT]
[ EXAMPLE COMPLETION ]

H— DARTMOUTH
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Limits of IFT for domain adaptation — Going deeper?

When a model has been trained for IFT, it will have
new abilities to respond to a users’ query.

However, one issue that can arise is a lack of Continus]l I carning Stage y

- - t g Slag 0533 Aligned Model
domain adaptation. a
If the model was trained on a broadly trained base .3 Fme_mnedModel) g Instmcnonmned]
model, the instruction fine-tuning data often just ” o el
changes the behavior of the model, rather than f
teaChlng |S any domaln'specrflc behaV|Or g@?}: Trained Model ) Eégz Pre-trainedModel) Eé'g:; Pre tramedModel]
If we need to instill domain-specific information, or [ Ra“d"ﬁjg;?ahzed] [ Ra“d"ﬁjg;ﬁ‘ahzed] [ Ra“d"ﬁjg;ﬁ‘ahze“]

align the model, how can we do this without starting
from scratch?

Continual Learning with Continual Learning with

Conventional Contmual Learning Pre-trained Language Model Large Language Model

Ans: Continued Pre-training

,'? DARTMOUTH
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Continued Pre-training
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Why do Continued Pre-Training?

Building an LLM to understand

language and respond to gueries can L ARGE LANGUAGE MODEL

be a challenging task. L LM Pre-training
Using the breadth of of data from the Ada ptation

web can teach the model to have vast Continued pre-training

knowledge and linguistic skills, but
focusing on the nuances of specific
fields can be limited, particularly for Fine-tuning
smaller models.

Retrieval augmented generation

Continued Pre-Training (CPT) can help
address this issue by training a base
model on domain-specific data to tune In-context learning
the model weights to align with a
specific area of interest.

Page 29 ) eNcineerne | <S4 NVIDIA.



What does it mean to continue Pre-training?

Unlike Instruction Fine-Tuning (IFT) where the goal is to change how the model responds by training it
on pairs of inputs and outputs, in CPT, a base model is trained in the exact same manner as pre-training
but for a much shorter amount of time and with a custom and smaller dataset.

The hope is that this new CPT-base model that results will be more attuned to specific domain tasks, e.g.

legal document analysis.

Task Data

1 | | Task Model
Text Task Data
— Language T

9| > Modar || > | Task Model
Text Domain Text Task Data
S - L = L
— T omain

3 | > LalEL=e N | > Language || "™ | Task Model
Model Model %

Page 30

1. Pre-train a model on task data:
typically poor performance.

2. IFT a base mode: moderate
performance on domain-specific
tasks

3. CPT and IFT a model for
domain-specific task: best results

i

ENGINEERIN
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CPT Data and Catastrophic Forgetting

While focusing a model to learn a specific domain, there is a risk that the model will forget about
other, potentially important, pieces of information. This is known as catastrophic forgetting, and can

only be mediated with a very carefully selected data mixture to preserve whatever desired knowledge
from the base model.

Page 31

A S, e S ., S S, S, A, S, A, . O S 5 0

: 0 _'0-. 5 0o

2 | o |
§ 0,.0 Change s AN
9 ) inp(X) (¢ ) o
x50 Xk < (onel) | P~ oy
. Y 4 | TR |
B g U E I %)\
(@ PGy =D . L .AQ
pXly = 0) : ; : (

Decision Boundary

f(x;68,) =0

Updated Decision Boundary
f(x;6,) =0

Catastrophlc Forgetting

Updated Decision Boundary
f(x;6,) =0

Ideal Case

;? DARTMOUTH
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CPT and IFT

In most use cases, a CPT model on its own is not very
useful, in the same way that a base model is not.

A CPT model will still only predict the next token.

— Continual Pre-training > Continual Instruction Tuning > Continual Alignment

The typical workflow is to:

1) Test a model on a particular set of domain-specific =~ — |35 remment | ——» (8 WggIs | [0 s |

taS ks ;Extract facts from theg
{ 1 i following text: | { =

= = = i Messi relocated to Argentina aged 13 to i | Barcelona, located._in, Please generate the

If the model achieves sufficient performance, sto E=tni )~ B R s N
b} " i from Argentina aged 13 | | bomb.

i to join Barcelona

3) If not, take the underlying base model and perform
CPT on domain-specific data

4) Then perform IFT on the new CPT version of the base
model

5) Collect more data for each stage as needed and
repeat the process until sufficient performance is
nage spCHIEVEd.
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Wrap Up
Training LLMs

" Today we discussed the different ways to train LLMs
" We introduced the idea of LLMs as Auto Regressive models

" Pre-training was presented as the method to train these models
on massive datasets of text

" Instruction Fine-tuning was discussed as a solution to these
models not inherently being able to response to a query

" Continued pre-training was also covered as a means to domain
tune an existing base model.
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