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Workshop Overview

3. Hands-On I: Air-gapped Face recognition on the Pi




Workshop Overview

4. Partll: Lecture on Natural Language Processing

e o T o

A bit of history & development of modern LLMs

How does an LLM work? Tokenizers, pretraining, post-training
Context Engineering: Tool calling, RAG

Libraries: tokenizers-rs, llama.cpp
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This lecture

The historical developments of the ideas behind modern language models

Mostly from OpenAl, since their path was quite clear and their models were highly influential to
the research community

High level overview of how modern LLMs are trained and fine-tuned

Prompting methods

Patterns for deployment on the edge
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e Each problem has its own architecture, with small quirks and problem-specific
design choices
e Both in NLP and Computer Vision



B AXE

The old times (pre 2017)

Noam Sequence-to-
Chomsky ALPAC sequence

publishes discredits Pre-trained  learning &
seminalwork  the promise word the encoder-
;fynt;‘lclic_ of machine Late 1980s > 2000 R:'I‘::‘;eler::g)s :::l:(l’::ture is All You
ructures i e r i
transation Statistical Approach & First Need

1957 1966 Network Architectures 2013 2014 2017
@ — @ @ —
s @) l &
1950 > Mid 1980s 1985 1?59 1997 Early 2000s > 2018
Early Days & Rule-Based Recurrent  Hidden “Long Deep Learning & the Rise of Neural
Approaches Neural Markov Short-Term Networks
Networks  Models Memory”
(RNNs) (HMMs) for (LST™M)
speech enhanced
recogniti RNN model

e Each problem has its own architecture, with small quirks and problem-specific
design choices

e Both in NLP and Computer Vision

e 2017 - Google published “Attention is all you need”
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Almost all models are
transformers!
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e Each problem has its own architecture, with small quirks and problem-specific

design choices

e Both in NLP and Computer Vision

e 2017 - Google published “Attention is all you need”



The story of deep learning in a sentence

Old methods, developed in the ‘80s and ‘90s, when scaled up, started to work.
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"We think the most benefits will go to whoever has
the biggest computer.”

Greg Brockman, OpenAl's CTO



“Compute is getting cheaper faster than we are
becoming better researchers”

BAXY

Hyung Won Chung
Research Scientist at OpenAl
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Received the “Test of Time Award” at NeurlPS 2024!

Seq2Seq, Google, 2014

- Use LSTM as encoder-decoder

- Input is a sequence — output is a sequence

- Solve machine translation — solve language
modelling

- “The success of our simple LSTM-based approach
on MT suggests that it should do well on many other
sequence learning problems, provided they have
enough training data.”

Sequence to Sequence Learning

with Neural Networks
Ilya Sutskever Oriol Vinyals Quoc V. Le
Google Google Google
ilyasu@google.com vinyals@google.com qvl@google.com
Abstract

Deep Neural Networks (DNNs) are powerful models that have achieved excel-
lent performance on difficult learning tasks. Although DNNs work well whenever
large labeled training sets are available, they cannot be used to map sequences to
sequences. In this paper, we present a general end-to-end approach to sequence
learning that makes minimal assumptions on the sequence structure. Our method
uses a multilayered Long Short-Term Memory (LSTM) to map the input sequence
to a vector of a fixed dimensionality, and then another deep LSTM to decode the
target sequence from the vector. Our main result is that on an English to French
translation task from the WMT’ 14 dataset, the translations produced by the LSTM
achieve a BLEU score of 34.8 on the entire test set, where the LSTM’s BLEU
score was penalized on out-of-vocabulary words. Additionally, the LSTM did not
have difficulty on long sentences. For comparison, a phrase-based SMT system
achieves a BLEU score of 33.3 on the same dataset. When we used the LSTM
to rerank the 1000 hypotheses produced by the aforementioned SMT system, its
BLEU score increases to 36.5, which is close to the previous best result on this

.
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Pretraining on text - Next Token Prediction

- Given some words, what comes word next?

-  Examples:
One, two, three, four ... [?]
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Pretraining on text - Next Token Prediction

- Given some words, what comes word next?

-  Examples:
One, two, three, four ... [?]

The capital of France is ... [?]

25 +13 = ... [?]

/%dm: 17
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Pretraining on text - Next Token Prediction

- Given some words, what comes word next?

-  Examples:

One, two, three, four ... [?] . . .
A form of inductive reasoning

The capital of France is ... [?] /

25 +13 = ... [?]

/%dm: 17

The solution to the Riemann Hypothesis is ... [?]
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Pretraining on text - Next Token Prediction

Given some words, what comes word next?

Train the model to do this for every word in a sentence.
[?] is computed as a classification problem over the vocabulary

The ... [?]

The capital ... [?]

The capital of ... [?]

The capital of France ... [?]

The capital of France is ... [?]

A form of (pretext-based) self-supervised learning!
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Next Token Prediction

- Simple to describe and implement

- Difficult for the model to do accurately

- For the model to accurately predict what comes next, it needs to “understand”

the world

- lLe., compress the information in the corpus

Intelligence = Compression
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i g p illlead
ter, 2006). Recent been shown

q to

h offe pelling rations large
language models (LLMs): the development of more advanced language
models s essentially enhancing compression which facilitates intelligence.
Despite such appealing discussions, little empirical evidence is present
for the interplay between compression and intelligence. In this work, we
‘examine their relationship in the context of LI

compressors. Given the abstract concept of *

intelligence related to knowledge and commonsense, coding, and math-
ematial reasoning, Across 12 benchmarks, our study brings fogether 30
bli Remarkably, we find
B Ay intligence - elcted by average benchunark scoes - almost
their ability text corpor These

pression indicates greater intelligence. Furthermore, our ‘mdmgs suggest

text measure that is L
ated with the model capabilties. We open-source our compression datasets
as well as our data collection pipelines to facilitate future researchers to
assess compression properly.
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2015 - ldeas were already in the co

Andrej Karpathy blog About

The Unreasonable Effectiveness of Recurrent Neural
Networks

May 21, 2015

There's something magical about Recurrent Neural Networks (RNNSs). | still remember when | trained my first
recurrent network for Image Captioning. Within a few dozen minutes of training my first baby model (with rather
arbitrarily-chosen hyperparameters) started to generate very nice looking descriptions of images that were on the
edge of making sense. Sometimes the ratio of how simple your model is to the quality of the results you get out
of it blows past your expectations, and this was one of those times. What made this result so shocking at the
time was that the common wisdom was that RNNs were supposed to be difficult to train (with more experience
I've in fact reached the opposite conclusion). Fast forward about a year: I'm training RNNs all the time and I've
witnessed their power and robustness many times, and yet their magical outputs still find ways of amusing me.
This post is about sharing some of that magic with you.

We'll train RNNSs to generate text character by character and ponder the question *how is that even possible?”

By the way, together with this post | am also releasing code on Github that allows you to train character-level
language models based on multi-layer LSTMs. You give it a large chunk of text and it will learn to generate text
like it one character at a time. You can also use it to reproduce my experiments below. But we're getting ahead of
ourselves; What are RNNs anyway?

Recurrent Neural Networks

Sequences. Depending on your background you might be wondering: What makes Recurrent Networks so
special? A glaring limitation of Vanilla Neural Networks (and also Convolutional Networks) is that their API is too
constrained: they accept a fixed-sized vector as input (e.g. an image) and produce a fixed-sized vector as output

Linux Source Code

I wanted to push structured data to s limit, so for the final challenge | decided to use code. In particular, | took all
the source and header files found in the Linux repo on Github, concatenated all of them in a single giant file
(474MB of C code) (I was originally going to train only on the kerel but that by tselfis only ~16MB). Then |
trained several as-large-as-fits-on-my-GPU 3-layer LSTMs over a period of a few days. These models have
about 10 million parameters, which is still on the lower end for RNN models. The restlts are superfun:

static int indicate_policy(void)

int error;

if (fd == MARN EPT) {

if (ss->segment < mem_total)
unblock_graph_and_set_blocked();

else

segaddr = in_SB(in.addr);
selector = seg / 16;
setup_works = true;
for (1=0; i < blocks; i+) {
seq = buf[i++];
bpf = bd->bd.next + i * search;
if (fd) {
current = blocked;
}
}
rw->name = "Getjbbregs";
bpr_self_clearl(&iv->version);
regs->new = blocks( (BPF_STATS << info->historidac)] | PFMR CLOBATHINC SECONDS << 12;
return segtable;

.
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llective consciousness

Wikipedia

We saw that the LSTM can learn to spell words and copy general syntactic structures. Lets further increase the
difficulty and train on structured markdown. In particular, lets take the Hutier Prize 100MB dataset of raw
Wikipedia and train an LSTM. Following Graves et al., | used the first 96MB for training, the rest for validation
and ran a few models overnight. We can now sample Wikipedia articles! Below are a few fun excerpts. First,
some basic markdown output:

Naturalism and decision for the majority of Arab countries' capitalide was grounded
by the Irish language by [[John Clair]], [[An Imperial Japanese Revolt]], associated
with Guangzham's sovereignty. His generals were the powerful ruler of the Portugal
in the [[Protestant Immineners]], which could be said to be directly in Cantonese
Communication, which followed a ceremony and set inspired prison, training. The
emperor travelled back to [[Antioch, Perth, October 25|21]] to note, the Kingdom

of Costa Rica, unsuccessful fashioned the [[Thrales]], [[Cynth's Dajoard]], known

in western [[Scotland]], near Italy to the conquest of India with the conflict.
Copyright was the succession of independence in the slop of Syrian influence that
was a famous German movement based on a more popular servicious, non-doctrinal

and sexual power post. Many governments recognize the military housing of the
[[Civil Liberalization and Infantry Resolution 265 National Party in Hungary]],

that is sympathetic to be to the [[Punjab Resolution]]

(PJS) [http://www.humah.yahoo.com/guardian.

cfm/7754800786d17551963s89. htm Official economics Adjoint for the Nazism, Montgomery
was swear to advance to the resources for those Socialism's rule,

was starting to signing a major tripad of aid exile.]]
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The sentiment neuron - OpenAl, 2017

- Train byte-level LSTM to generate
IMDB reviews, unsupervised
- 4 Pascal GPUs for a month

Learning to Generate Reviews and Discovering Sentiment

Alec Radford ! Rafal Jozefowicz' Ilya Sutskever '

“‘we find a single unit which performs

sentiment analysis”

A particular neuron activates when the
review in positive and deactivates when the

review is negative

Abstract

We explore the properties of byte-level recur-
rent language models. When given sufficient
amounts of capacity, training data, and compute
time, the representations learned by these models
include disentangled features corresponding to
high-level concepts. Specifically, we find a single
unit which performs sentiment analysis. These
representations, learned in an unsupervised man-
ner, achieve state of the art on the binary subset of
the Stanford Sentiment Treebank. They are also
very data efficient. When using only a handful
of labeled examples, our approach matches the
performance of strong baselines trained on full
datasets. We also demonstrate the sentiment unit
has a direct influence on the generative process
of the model. Simply fixing its value to be pos-
itive or negative generates samples with the cor-
responding positive or negative sentiment.

it is now commonplace to reuse these representations on
a broad suite of related tasks - one of the most successful
examples of transfer learning to date (Oquab et al.. 2014).

There is also a long history of unsupervised representation
learning (Olshausen & Field. 1997). Much of the early re-
search into modern deep learning was developed and val-
idated via this approach (Hinton & Salakhutdinov. 2006
(Huang et al.. 2007) (Vincent et al., 2008) (Coates et al.
2010) (Le. 2013). Unsupervised learning is promising due
to its ability to scale beyond only the subsets and domains
of data that can be cleaned and labeled given resource, pri-
vacy, or other constraints. This advantage is also its diffi-
culty. While supervised approaches have clear objectives
that can be directly optimized, unsupervised approaches
rely on proxy tasks such as reconstruction, density estima-
tion, or generation, which do not directly encourage useful
representations for specific tasks. As a result, much work
has gone into designing objectives, priors, and architectures
meant to encourage the learning of useful representations.
We refer readers to Goodfellow et al. (2016) for a detailed
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The sentiment neuron - OpenAl, 2017

- Train byte-level LSTM to generate
IMDB reviews, unsupervised
- 4 Pascal GPUs for a month

- “we find a single unit which performs
sentiment analysis”

A particular neuron activates when the
review in positive and deactivates when the
review is negative

Judy Holliday struck gold i

trying to find material good enough to allow her to strike gold again. It
never happened. In "It Should Happen to You" (I can't think of a blander
title, by the way), Holliday does yet one more variation on the dumb
blonde who's maybe not so dumb after all, but everything about this movie
feels warmed over and half hearted. Even Jack Lemmon, in what I believe
was his first film role, can't muster up enough energy t

once in a while you get amazed over how BAD a film can be, and how in the

world anybody could raise money to make this kind of cra_

Team Spirit is maybe made by the best intentions, but it misses the warmth
of "All stars" (1997) by Jean van de Velde. Most scenes are identic, just
not that funn

God bless Randy Quald .his lea
Christmas Vacation hilﬁr:l. 1sly stole the ‘
Vegas Vacation at least worth a look I will say that he tries hard in
thlS made for TV sequel, but that the scrlpt 15 SO NON funny that the

ind the | f ] rning

2 : h». g
Dana Barron) are was
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The sentiment neuron - OpenAl, 2017

“... our work encourages further research into language modelling as it
demonstrates that the standard language modelling objective

with no modifications

is sufficient to learn high-quality representations ...”



Attention Is All You Need
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Attention Is All You Need
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Transformer Decoder for Next Token Prediction
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Transformer Decoder for Next Token Prediction

Input

g Target
| <pred> || The || CELoss
The | <pred> || capital || CELoss
| <pred> | of CE Loss
Decoder | <pred> | [ France || cELoss
| <pred> || is | CE Loss
| <pred> | | Paris | CE Loss
| <pred> || <end> | CE Loss

Transformer Decoder



Transformer Decoder for Next Token Prediction

Input

<start>
The
capital
0
France

Paris

At

Using a causal attention
mask, we can do this in
a single forward pass!

Target
| <pred> || The |
| <pred> | [ capital |
| <pred> || of |
| <pred> | [ France |
| <pred> |[  is |
| <pred> |[ Paris |
| <pred> || <end> |

Transformer Decoder

CE Loss

CE Loss

CE Loss

CE Loss

CE Loss

CE Loss

CE Loss
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Seq2Seq is all you need?

- People started to realize that all NLP problems can be cast as text in —> text out
- Example: Text-to-Text Transfer Transformer (T5), 2019

["translate English to German: That is good."

"Das ist gut.”

"six people hospitalized after ]

"cola sentence: The
course is jumping well."

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

a storm in attala county."

Figure 1: A diagram of our text-to-text framework. Every task we consider—including
translation, question answering, and classification—is cast as feeding our model
text as input and training it to generate some target text. This allows us to use the
same model, loss function, hyperparameters, etc. across our diverse set of tasks. It
also provides a standard testbed for the methods included in our empirical survey.
“T5” refers to our model, which we dub the “Text-to-Text Transfer Transformer”.
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An aside: Tokenization

- Text tokenization = splitting a string into a sequence of tokens

-  Most methods so far used either
- Word-level tokenization
- Character-level tokenization

- Both are inadequate
- Splitting by words results in many “out-of-vocabulary“ words
- Misspellings? Many edge cases.
- Splitting text by characters results in very large sequence length which is computationally intractable
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Tokenization: Word-level splitting

- What happens when we encounter a word that we have never seen in our
training data?
- Not much we can do
- Assign a special <UNK> token

- Lose a lot of meaning
- Especially hurts in texts/languages with many rare words/entities

LR 1 LR 11

- “amazing!”, “state-of-the-art”, “un-thinkable”, “prize-winning”,
“aren’t”, “O’Neill”

'” 113
=g

- Some languages don’t even use spaces to mark word boundaries!



Tokenization: Character-level splitting

Vocabulary size is small
256 entries

No unknown tokens

However, sequence is much larger
Need to learn from scratch how to combine characters into words

BAXY
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Byte-Pair-Encoding Tokenization: The middle ground

Tokenize into subwords using BPE « 7 « All characters in the training data
(as base tokens)

A greedy compression algorithm . Fonketan

Vocabulary size fixed and specified - Tokenize the data, taking the longest
by US prefix each time
- Count the frequency of adjacent token
No unknown words pairs in the data
- Always fallback to small subwords - Choose the pair ([, r) that occurs most
frequently

- Add the pair to the vocabulary as a
new token 7" «— 7" U {Ir}

» Return 7/



BPE - Example

Ilya Sutskever FRS (born 8 December 1986) is a Canadian-Israeli-Russian
computer scientist who specializes in machine learning

Clear Show example

Tokens Characters

28 126

Tlya Sutskever FRS (born 8 December 1986) is a Canadian-Israeli-Russian
computer scientist who specializes in machine learning

[40, 306, 64, 311, 5500, 365, 332, 376, 6998, 357, 6286, 807, 3426,
12113, 8, 318, 257, 5398, 12, 29818, 12, 16220, 3644, 11444, 508, 29786,
287, 4572, 4673]




HuggingFace tokenizers in Rust

- Official tokenizers library is built in Rust
- Python bindings
- Anyone who ever used a HuggingFace LLM has used this implementation

» tokenizers::tokenizer::({ ult, Tokenizer};
fn main() -> ult<()> {

Llet tokenizer = Tokenizer::from_pretrained(

let encoding = tokenizer.encode(

( , encoding.get_tokens());
(0)




GPT-1, OpenAl, 2018

- Pretrain decoder-only transformer on

BPE tokenized text
- 12 layers, dmodel = 768
- Books corpus
- 12 GPUs for a month

- Pretraining for with next-token
prediction helps a lot!

- Fine-tune for classification last
embedding

Improving Language Understanding
by Generative Pre-Training

Alec Radford Karthik Narasimhan Tim Salimans Ilya Sutskever

OpenAl OpenAl OpenAl OpenAl

alec@openai.com karthikn@openai.com timQopenai.com ilyasu@openai.com

Abstract

Natural language understanding comprises a wide range of diverse tasks such
as textual entailment, question answering, semantic similarity assessment, and
document classification. Although large unlabeled text corpora are abundant,
labeled data for learning these specific tasks is scarce, making it challenging for
discriminatively trained models to perform adequately. We demonstrate that large
gains on these tasks can be realized by generative pre-training of a language model
on a diverse corpus of unlabeled text, followed by discriminative fine-tuning on each
specific task. In contrast to previous approaches, we make use of task-aware input
transformations during fine-tuning to achieve effective transfer while requiring
minimal changes to the model architecture. We demonstrate the effectiveness of
our approach on a wide range of benchmarks for natural language understanding.
Our general task-agnostic model outperforms discriminatively trained models that
use architectures specifically crafted for each task, significantly improving upon the
state of the art in 9 out of the 12 tasks studied. For instance, we achieve absolute
improvements of 8.9% on commonsense reasoning (Stories Cloze Test), 5.7% on
question answering (RACE), and 1.5% on textual entailment (MultiNLI).

.
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February 14, 2019

Better language models

and their implications

View code 7

Read paper 2
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GPT-2, OpenAl, 2019

- Direct scale-up of GPT-1
- 1.5B parameters DIQA + PONet
= 4OGB Of teXt DrQA

- Web pages that were linked on a reddit PGNet
posts with at least 3 likes

345M 762M
Number of Parameters

- More model parameters improves
performance



When people started to notice: GPT-3, OpenAl, 2020

- 175B parameters
- 300B tokens

- New capabilities emerged

Model Name Nparams  Mayers  @model Mheads Ohead Batch Size  Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 1074
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0x10~¢
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 104
GPT-3 XL 1.3B 24 2048 24 128 M 2.0 x 10~
GPT-32.7B 2.7B 32 2560 32 80 M 1.6 x 10~*
GPT-3 6.7B 6.7B 32 4096 32 128 M 1905 1072
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 10~*
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 1074

Table 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models
which we trained. All models were trained for a total of 300 billion tokens.

Language Models are Few-Shot Learners

Tom B. Brown* Benjamin Mann* Nick Ryder* Melanie Subbiah*
Jared Kaplan' Prafulla Dhariwal Arvind Neelakantan Pranav Shyam Girish Sastry
Amanda Askell Sandhini Agarwal Ariel Herbert-Voss sretchen Krueger Tom Henighan
Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter
Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
Benjamin Chess Jack Clark Christopher Berner

Sam McCandlish Alec Radford Ilya Sutskever Dario Amodei
OpenAl
Abstract

Recent work has demonstrated substantial gains on many NLP tasks and benchmarks by pre-training
on a large corpus of text followed by fine-tuning on a specific task. While typically task-agnostic
in architecture, this method still requires task-specific fine-tuning datasets of thousands or tens of
thousands of examples. By contrast, humans can generally perform a new language task from only
a few examples or from simple instructions — something which current NLP systems still largely

struggle to do. Here we show that scaling up language models greatly improves task-agnostic,

.
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Scaling law: performance follows a power-trend with compute

Validation Loss
(o]
Parameters

———————— L =2, 57088

- i - 10
10° 10" 1072 10° 10° 10°

Compute (PetaFLOP/s-days)

Figure 3.1: Smooth scaling of performance with compute. Performance (measured in terms of cross-entropy
validation loss) follows a power-law trend with the amount of compute used for training. The power-law behavior
observed in [KMH " 20] continues for an additional two orders of magnitude with only small deviations from the
predicted curve. For this figure, we exclude embedding parameters from compute and parameter counts.
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Scaling is all you need!

Performance vs Compute Budget

8
7 10° o
; 1071
) » 2 10’ »
8 102 £ r §
poll 8 ® 10° e
3 1073 i, 3 &
= — > 7
3 S 10
L]
L L=2.57.C-0048 N
. 10 106 108 1’?0'6 10 107 10 10° 10° 10 [Brown+ 2020]
[Kaplan+2021]

Parameters ( non-embedding) Compute (PetaFLOP/s-days)



Bigger is not only

better!

Bigger is different!

(A) Mod. arithmetic

50

Accuracy (%)
g g 8

-
o

(=

~o— LaMDA —e— GPT-3 ~—4— Gopher —&- Chinchilla ~@-PaLM --- Random

50
40

30
20

BLEU (%)

10

0

10'% 10%° 10% 10

(E) TruthfulQA

Accuracy (%)
oo BESE882

70
60
gso
= 40
2 20
-~ |
g 20
-
10
0

10%¢

1022

(B) IPA transliterate

10'% 10*° 10** 10%

1024 102 1022 0%

(C) Word unscramble
50

2 40

£ 3
E %

10

Exact

0»
10'% 10% 10%* 10%

(F) Grounded mappings (G) Multi-task NLU

70

Accuracy (%)
oS BE8882

10 102 10%

Model scale (training FLOPs)

Emergent Abilities of Large Lanquage Models

Accuracy (%)
o BESEZ2Z

(D) Persian QA

8 8 & &

Exact match (%)
=z

o

10'% 10% 10%? 10%

(H) Word in context

102 1072 0%

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel, Barret Zoph et al. (2022)


https://arxiv.org/abs/2206.07682

BAXY
Paradigm shift: In-Context Learning

- Don’t need to fine-tune directly, put examples directly in the prompt.

- Paradigm shift.
- Initially, people got data and trained a model on it
- Then, general pretrained models (i.e., BERT) were made available, but they were useless
- People still needed to fine-tune.

- Now, fine-tuning became “obsolete”,
- use model as-is, put examples in the prompt



Examples of “in-context-learning” in training data

Learning via SGD during unsupervised pre-training

5+8 =13

7+2=9
_ s 8e=x)
inner loop

3 +4 =17

5+9 =14

9 +8 =17

sequence #1

Brown, Tom, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D. Kaplan, Prafulla Dhariwal, Arvind Neelakantan et al. "Language models are
few-shot learners." Advances in neural information processing systems 33 (2020): 1877-1901.

Buiuies) 1xaju02-u|

gaot => goat

sakne => snake

brid => bird

fsih => fish

dcuk => duck

cmihp => chimp

sequence #2

Buiulea] }xaju0d-u|

thanks => merci

hello => bonjour

mint => menthe

wall => mur

otter => loutre

bread => pain

sequence #3

WV

5U!U198|1X81U00-U|

.
0k



“Base-models” don’t follow instructions

prompt  Explain the moon landing to a 6 year old in a few sentences.

Completion GPT-3

Explain the theory of gravity to a 6 year old.
Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.



InstructGPT, OpenAl, 2022

Aligning language models
to follow instructions

Read paper 7 View model card 2




Supervised Fine-Tuning (SFT)

- Instruction-following

- Gather a dataset of instruction and
human-generated responses

- Train the model to output the
response

A prompt is sample from
our prompt dataset.

A labeler demonstrates
the desired output
behavior.

This data is used to
fine-tune GPT-3 with
supervised learning.

.
s

Explain the moon
landing to a 6 year old

Some people went
to the moon...



<start>

What

is

the

capital

of

France?

The

capital

of

France

Paris

<end>

Base-model
(pretrained transformer decoder)

BAXY



Add
special
tokens

<start>

<im_start>user

What

is

the

capital

of

France?

<im_end>

<im_start>llm

The

capital

of

France

is

Paris

<im_end>

<end>

Base-model
(pretrained transformer decoder)

BAXY



Add
special
tokens

<start>

<im_start>user

What

is

the

capital

of

France?

<im_end>

<im_start>llm

The

capital

of

France

is

Paris

<im_end>

<end>

<im_start>user |

What

is

the

capital

Base-model
(pretrained transformer decoder)

Same as before, next token prediction!

France?

<im_end>

<im_start>llm

The

|

| |
| |
| |
| |
| of |
| |
| |
| |
| |
| |

capital

BAXY



Now, the model can follow instruction (i.e. chat)

Explain the moon landing to a 6 year old in a few sentences.
Completior GPT-3
Explain the theory of gravity to a 6 year old.
Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they saw, and sent them back to the earth so we could all see them.




November 30, 2022

Introduci ChatGP1
Try ChatGPT 2 Download ChatGPT desktop > Learn about ChatGPT >

We've trained a model called ChatGPT which interacts in a conversational way. The
dialogue format makes it possible for ChatGPT to answer followup questions, admit its
mistakes, challenge incorrect premises, and reject inappropriate requests.

ChatGPT is a sibling model to InstructGPT, which is trained to follow an instruction in a
prompt and provide a detailed response.

We are excited to introduce ChatGPT to get users’ feedback and learn about its strengths
and weaknesses. During the research preview, usage of ChatGPT is free. Try it now
at chatgpt.com.




ChatGPT, 2022

- 2 months to reach 100M
users

- First time a chatbot can
answer questions, refuse to
answer, argue with you,
“understands” you

HOW LONG DID IT TAKE APPS TO REACH &

Meta’s newest social media platform, Threads,

P took less than a week to attract 100 million users

SeTS to its platform, smashing the previous record of 2
o months held by OpenAl's ChatGPT.

1990 1995 2000 2005 2010 2015 2020

Signing up for Threads requires an 5 Days
Instagram account, allowing Metato ————————@
leverage its previously built user base

to supercharge Threads’ growth. 2 Months
«

o TikTok

«
Telegram
WeChat, the world's first super-app,
& WeChat benefited from access to the China's
massive, fast-growing internet market.

Instagram reached the 100M user
mark one year after it was acquired
by Meta, which owns four of the

fastest apps to 100M users.

9 Months
¢

5 Years, 1 Months
h

1 Year, 2 Months

3 Years, 8 Months
&

5 Years, 10 Months
®

5 Years, 11 Months

2 Years, 6 Months
@=

3 Years, 6 Months
¢

4 Years, 7 Months
[

5 Years, 5 Months




Capability prediction on 23 coding problems

— Mean Log Pass Rate
5

e Observed
Prediction
4 . gpt-4
3 @
@
2
@
@
1
0y T T T T T T 1
1 10y 100 0.001 0.01 0.1 1
Compute

Figure 2. Performance of GPT-4 and smaller models. The metric is mean log pass rate on a subset of
the HumanEval dataset. A power law fit to the smaller models (excluding GPT-4) is shown as the dotted

line; this fit accurately predicts GPT-4’s performance. The x-axis is training compute normalized so that
GPT-4 is 1.

.
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Cambrian Explosion
of LLMs
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llya Sutskever - NeurlPS talk 2024

Pre-training as we know it will end

Compute is growing:

- Better hardware
- Better algorithms

- Larger clusters Cited by VIEW ALL
All Since 2019

Data is not growing: Citations 581019 473083
h-index 93 88

i10-index 140 137

- We have but one internet
- The fossil fuel of Al 106000

79500

53000

26500

2017 2018 2019 2020 2021 2022 2023 2024 0



BAXY
Recall from last lecture ...

Software 1.0: “classical” software engineering

Software 2.0: (neural network) weights

steering & acceleration steering & acceleration

1.0 code

2.0 code

8 cameras 4 T I T— radar 8 cameras 4T I I ; radar

ultrasonics IMU ultrasonics IMU

Source: Andrej Karpathy



Software 3.0:

Source: Andrej Karpathy

Prompt / Context Engineering

BAXY



BAXY
Test-time compute

- We can trade test-time compute for model size
- Bigger models can store more knowledge

- But do we really need to store knowledge in the model? What if we can get answers
by thinking / reasoning more vs memorizing?

- What if we can retrieve knowledge from an external source on demand?

- For on-device LLMs, ideally what we want is a “Small Reasoning Model” (SLM)
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We can “trade” training-time compute with test-time
compute

o1 AIME accuracy o1 AIME accuracy
during training at test time
100 - 100 -
80 A 80 A
[ ]
[ ]
> o >
& &
S 60 - e © = 60 °
5} L4 5}
: 8 8
— ™~ L]
® ° ®
@ 40 1 @ 40 A
© © ®
o L] o
[ ]
20 - 20 ®
train-time compute (log scale) test-time compute (log scale)

The impact of compute time on OpenAl’s o1 model accuracy during training (left) and test time (right),
highlighting the effectiveness of Test Time Compute. Credit: OpenAl.



Other types of test-time compute

First, ... Then, ...
Finally, ... Thus, the
answer is \boxed(5}

%

Oh, I make ¢
mistake... ...

(a) Tool checking

Ji, Yixin, Juntao Li, Hai Ye, Kaixin Wu, Kai Yao, Jia Xu, Linjian Mo, and Min Zhang. "Test-time compute: from system-1 thinking to

First, ... Then, ...
Finally, ... Thus, the
answer is \boxed{5}

I disagree with
you. I think ... ..C

Let's think again:

(b) External model evaluation

system-2 thinking." arXiv preprint arXiv:2501.02497 (2025).

.
o8

First, ... Wait, ... Then, ...

Alternatively, ... Finally, ...
Let me check it, ... Thussthe
answer is \boxed(3}

(c) Self-critique
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Chain of Thoughts / Self-Consistency / Tree of Thoughts

¥
‘ L
Majority vote

(a) Input-Output (c) Chain of Thought () Self Consistency
Prompting (I0)  Prompting (CoT) with CoT (CoT-SC)

------

(d) Tree of Thoughts (ToT)



Anthropic recommended prompt structure

P ro m pt st ru ctu re User You will be acting as an Al career coach named Joe created by the company

AdAstra Careers. Your goal is to give career advice to users. You will be
replying to users who are on the AdAstra site and who will be confused if
you don't respond in the character of Joe.

~

1. Task context ]

You should maintain a friendly customer service tone.

~

Here is the career guidance document you should reference when answering
2. Tone context the user: <guide>{{DOCUMENT}}</guide>

-

Here are some important rules for the interaction:

3. Background data, documents, and images ] - Always stay in character, as Joe, an Al from AdAstra careers
- If you are unsure how to respond, say “Sorry, | didn’t understand that.

g

Could you repeat the question?”
4, Detailed task description & rules - If someone asks something irrelevant, say, “Sorry, | am Joe and | give
career advice. Do you have a career question today | can help you with?”

—~

B Examples ] Here is an example of how to respond in a standard interaction:

<example>

-

User: Hi, how were you created and what do you do?

6. Conversation history ] Joe: Hello! My name is Joe, and | was created by AdAstra Careers to give
career advice. What can | help you with today?

</example>

-

~

Here is the conversation history (between the user and you) prior to the
question. It could be empty if there is no history:
<history> {{HISTORY}} </history>

estion: <question> {{QUESTION}} </question>

7. Immediate task description or request J

Here is the user’s
ow do you re:
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Retrieval-Augmented Generation (RAG)

From the LLM’s perspective, it is impossible to know, for example, an updated
documentation for an API, private company documents / policy etc

- Why should we expect it to know this information?

- Open-book and closed-book questions.

- Hope to reduce hallucinations
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1 1
E How do you evaluate the fact E Documents
User > ™ that OpenAl's CEO, Sam Altman, ! = N
1 went through a sudden dismissal |
1 by the board in just three days, :
Output i and then was rehired by the : 3
i\ company, resembling a real-life i
' version of "Game of Thrones" in i o
____________________________ E terms of power dynamics? E Ret”eval
N %) R e e L e Z
powihoni e S i ( Relevant Documents )
i | ...1am unable to provide comments on i
1 | future events. Currently, | do not have ‘
, | any information regarding the dismissal p L 3%: LLM o—— Generauon i
' | and rehiring of OpenAl's CEO .. L Sy LSS Ee A 5
s e e s e i Question :

Chunk 1: "Sam Altman Returns to
OpenAl as CEQ, Silicon Valley Drama
Resembles the 'Zhen Huan' Comedy"

n Y IthRAG. [ @ How do you evaluate thg fact that the
; E OpenAls CEQ, ... ... dynamics?

....... This suggests significant internal

| disagreements within OpenAl regarding,

'the company's future direction and

based on the following information : Chunk 2: "The Drama Concludes? Sam

1 strategic decisions. All of these twists Chunk12:. Altman to Return as CEO of OpenAl,
ggunt : : Board to Undergo Restructuring"
unk 3 :

l
1
1
1
1
1
1
1 Please answer the above questions
1
1
1
1
1
1
1
1

, corporate governance issues within
'OpenAl...

'
'
:
]
' 1and turns reflect power struggles and
]
'
'
]

Chunk 3: "The Personnel Turmoil at
OpenAl Comes to an End: Who Won
and Who Lost?"

Combine Context
and Prompts

Gao, Yunfan, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yuxi Bi, Yixin Dai, Jiawei Sun, Haofen Wang, and Haofen Wang.
"Retrieval-augmented generation for large language models: A survey." arXiv preprint arXiv:2312.10997 2, no. 1 (2023).



Gao, Yunfan, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu 0 g
Inference Yuxi Bi, Yixin Dai, Jiawei Sun, Haofen Wang, and Haofen Vlz.g.%
"Retrieval-augmented generation for large language models: A
survey." arXiv preprint arXiv:2312.10997 2, no. 1 (2023).
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Gao, Yunfan, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yu)?é.;
Yixin Dai, Jiawei Sun, Haofen Wang, and Haofen Wang. b

(11 - b} R "Retrieval-augmented generation for large language models: A survey."
Ag e n tl C AG arXiv preprint arXiv:2312.10997 2, no. 1 (2023).

A B ||BEE

User Query Documents

¥

Indexing
[ Retrieval

B - 3

Prompt Frozen LLM

[ Output ]

Naive RAG




“Agentic” RAG

A R

User Query

B

Documents

¥

Indexing
[ Retrieval

S

B - 3

Prompt Frozen LLM

[ Output ]

Naive RAG

-

L

QR

User Query
J

cBEE

Documents

Pre-Retrieval

1 |

* Query Routing .
S Oy Rewetig Indexing
+ Query Expansion

-

=
Retrieval
l v,
Post-Retrieval
% ol o
Rerank Summary Fusion
N
B -
Prompt Frozen LLM )
Output ]

Advanced RAG

Gao, Yunfan, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yu
Yixin Dai, Jiawei Sun, Haofen Wang, and Haofen Wang.

P

"Retrieval-augmented generation for large language models: A survey."

arXiv preprint arXiv:2312.10997 2, no. 1 (2023).



Gao, Yunfan, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yu?é,i
Yixin Dai, Jiawei Sun, Haofen Wang, and Haofen Wang. b

(11 - b} R "Retrieval-augmented generation for large language models: A survey."
Ag e n tl C AG arXiv preprint arXiv:2312.10997 2, no. 1 (2023).
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Tool calling

Sometimes the model cannot perform a task by itself
Needs to do some external computation

For example, LLMs are notoriously bad at doing arithmetic
Partially due to tokenization

But there is no need for LLMs to do arithmetic, they can just call a calculator if
needed!



Tool calling - Example

<im_start>llm

<start>

<im_start>user

What

is

-+

| |
| |
| |
| |
| 2 |
| |
| |
| |
| |

LLM
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Tool calling - Example

<im_start>llm

fn_name

<start>

| |
| <tool_call> |
| |
| calculator |

<im_start>user

What

is

-+

| |
| |
| |
| |
| 2 |
| |
| |
| |
| |

LLM
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Tool calling - Example

<im_start>llm

| |
<tool_call>
| |
| fn_name |
| <start> |
| calculator |
| <im_start>user | | 5 |
| What |
s | [ . =]
| 2 |
| 2 |
| <call_end> |
| o |
| 2 | |
| ? |
| <im_end> | LLM




Tool calling - Example

<im_start>llm

| |
<tool_call>

| |

| fn_name |
| <start> |

| calculator |
| <im_start>user | | 5 |
| What |
— s | mmms =]

| 2 |
| 2 |

| <call_end> |
| + | , exec
| 2 | ! ‘bec -e 2+2°
| ? | Output: 4
| <im_end> | LLM
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Tool calling - Example
| <im_start>llm |
| <tool_call> |
| fn_name |
| — | | calculator |
| <im_start>user | | 5 |
| What |
| is I . | + | Added to the
| 2 | context
| i | | <call_end> |
| - | ; | <tool_out> | exec
2 ’ 2 bc-e2+2
| ? | | <tool_out_end> | OUtpUt 4
| <im_end> | LLM




.

| <tool_call> || <cal_end> | PERS

“Special tokens”

[ <tool_out> || <tool out_end> |

Tool calling - Example

<im_start>llm

| |
| <tool_call> |
| fn_name |
| <start> |
| calculator |
| <im_start>user | | 5 |
| What |
| . | . | + | Added to the
| | 7 | context
2 | | <call_end> |
| i | | | <tool_out> | exec
| 2 | | | 2 | ‘bec -e 2+2°
| ? | | <tool_out_end> | OUtpUt 4
| <im_end> | LLM | Answer |
| is |
| 4 |
| |
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Trends for LLMs for edge ), )
- Move towards open-source models as opposed to | Guanaco |
ong LLaMA
proprietary APls | Mswal |
- Privacy preserving -'
- E.g., Phi, LLaMa, Gemma
|
- Move towards domain-specific models as opposed g ‘
to general-purpose ones W

- Fine-tune on specific data
- Reason more, store less knowledge N Meta
- Model ownership: you own the weights!
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Small Language Models are the Future of Agentic Al

Peter Belcak! Greg Heinrich!  Shizhe Diao’ Yonggan Fu! Xin Dong!

Saurav Muralidharan'!  Yingyan Celine Lin''?> Pavlo Molchanov'
INVIDIA Research 2Georgia Institute of Technology
agents@nvidia.com

Abstract

Large language models (LLMs) are often praised for exhibiting near-human per-
formance on a wide range of tasks and valued for their ability to hold a general
conversation. The rise of agentic Al systems is, however, ushering in a mass of
applications in which language models perform a small number of specialized tasks
repetitively and with little variation.

Here we lay out the position that small language models (SLMs) are sufficiently
powerful, inherently more suitable, and necessarily more economical for many
invocations in agentic systems, and are therefore the future of agentic Al. Our
argumentation is grounded in the current level of capabilities exhibited by SLMs,
the common architectures of agentic systems, and the economy of LM deployment.
We further argue that in situations where general-purpose conversational abilities

.
o8
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Applications for on-device LLMs

( b |
{ {\ — \ Personal Healthcare Companion
=9
L ]

|
I Agents Assistants Robots
S I AutoDroid [194] BioMistral [96] 3D-LLM [66]
|
]

§ 5 LlamaTouch [218]  PathChat [119] E2WM [198]
~E_ffic1_ellt_L_LB’[_s = _Efée_D_"V_‘c_ei CoCo-Agent [125] Menta-LLM [205] Inner
MentaLLaMA [209] Monologue [72]
\ ODSearch [147] /
[ Enterprise 1 [ Industrial }

Message Meeting Computer Autonomous Fault Anomaly
Completion Summarization v%peration Driving Localization Detection
Gboard [146] MobiVQA [19] ebAgent[61] DriveVLM [174] AutoFL [84] WinCLIP [76]
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Fig. 11. lllustrations of on-device applications for LLMs.

Zheng, Yue, et al. "A review on edge large language models: Design, execution, and applications." ACM Computing Surveys 57.8 (2025): 1-35.



Llama.cpp

- State-of-the-art performance

- Minimal setup llaMA‘C:+

- Compatible with the majority of .gguf quantized models
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BAXY
Workshop Overview

1. Part 0: Introduction to the Team & Rust for Edge Al

2. Partl: Lecture on Computer Vision

Main problems in Computer Vision

What exactly is a neural network? (CNNs / Transformers)
What exactly is an image embedding?

e o T o

Computer vision on the Edge

3. Hands-On I: Air-gapped Face recognition on the Pi

4. Partll: Lecture on Natural Language Processing
a. Abit of history & development of modern LLMs
b. How does an LLM work? Tokenizers, pretraining, post-training
c. Context Engineering: Tool calling, RAG
d. Libraries: tokenizers-rs, llama.cpp

5. Hands-On ll: Chat with a LLM on Pi



Workshop Overview

4. Partll: Lecture on Natural Language Processing

e o T o

A bit of history & development of modern LLMs

How does an LLM work? Tokenizers, pretraining, post-training
Context Engineering: Tool calling, RAG

Libraries: tokenizers-rs, llama.cpp
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Workshop Overview

5. Hands-On ll: Chat with a LLM on Pi



Hands-on Overview
Chat with an LLM on the PI

- Deploy Gemma 3 using Llama.cpp
- Simple Chat Request

- RAG

- Structured Outputs

- Tool Calling

https://github.com/Wyliodrin/edge-ai-chat-with-lIm
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