LLMs

they actually work,
What they can (and cant) do, and
theyre an important tool
(for the field of software development)



DISCLAIMERS!

Am T worcied about AL displacing humans?
Yes.

Do T think AL is appropriate for all industries?
No.

Does AL cause brain cot?
Probably, if you use it wrong.



AL is an important new tool,
and we need to learn how to
evaluate and utilize it effectively.




THE FRAMEWORK

for evaluating a new tool




ﬂ

How do LLMs actually work?
() Demystify the intecnals of LLMs

What are they good at?

()A tool we can use, not a silver bullet.

Why ace they powecful tools

for our work?

" and not a ceplacement for
human engineers.

-



How

LLMs actually work

& KEY TAKEAWAYS

1. Understand the path we took to get to
the Lacge Language Model (LLM) acchitecture
2. Understand that LLMs ace math, not magic.

to better understand

what

they're capable of



P

Question

The Bi
he Do

that kicked off a trillion-dollar industry
1. You and T communicate with natucal language
. Natural language is flexible and ambiguous

3. Computers acre tecrible at understanding
anything flexible and ambiguous

How would you write a softwace tool
that can cead # write natural language?



l- Acchitecture of —I
Natural Lansuase Processins

1. Read natural language into
L. Write into natural language

f Hello! ) 1 2 Hello!

N [Enw) -y | | furmER) 7
L )




~|[READER] 1~

60 A L . Given an input string in :
* translate it into that encodes its meaning.

Q' , 1. How can we capture the intent of the input?
S: 2. What data stcucture stores this meaning
in a way the computer can undecrstand?



“How do T write a
Java menu to .
display soup recipes?

Q' , 1. How can we capture the intent of the input?
S: 2. What data stcuctuce stores this meaning
L in a way the computer can undecstand?

-J



READER
QBRONZE QSIIVER Q60LD
Keyword Actificial 3 Transformers

Extcaction Neucal Networks ¢ LLMs
(~1469s) (~1499s) (-2020s)

The "GPT" in "ChatGPT" stands for
"Genecative Pre-Trained Transformec”
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How do T write a

menu to
recipes 5

L__I/

{

|READER

}

9 Keyword Extraction

"write",
T 1)

’
"menU",
1 1

’
"recipes",
11 11



{
:writﬁ",
rHow do T write aj "menu
menu to READER :: . "
recipesJ ::recipés"l,l
} ’
STRENGTHS WEAKNESSES

v Translates the text into a X Cannot diffecentiate ambiguous tokens
machine-ceadable stcuctuce X Captures syntax, not symantic meaning
v Stores some explicit topics

L J



Ambiguity in Text

java
QUAIl Images Videos News More v

® Always protected v Allregions v Safe search: moderate v Any time v

B Java

Java | Oracle

Java is the #1 programming language and development platform for enterprises and developers. Learn
how to download, use, and develop Java applications for desktops and other devices.

Download Update
Important Oracle Java License From the Java Control Panel Update

Information The Oracle Java License... tab, you can manually check for an...

What is Java Oracle
What is Java technology and why do | Oracle Java is the #1 programming
need it? Java is a programming. language and development platform. It...

Select Language Java Uninstall Tool
Select your preferred language to get Uninstalling Java on Mac Uninstalling
the latest Java software. Java on Solaris UAC (User Account...

java
Q_All Images Videos News More v

® Always protected ¥  Allregions ¥  Safe search: moderate ¥ Any time v

EnjoyJava

Quick History of Java Coffee: Why is Coffee Called Java?

The origin story of java coffee is a tale of smuggling, colonization, and exportation. What is java coffee?
You'll learn why coffee is called java.

@ Above Average Coffee

Why is Coffee Called Java? (A Historical Relic)

Oct 10, 2023 - Java-Mocha, Jamoke, Joe The last possible origin story for A cup of Joe is just a case of
language evolving through a slang term. Java Mocha coffee would sometimes be shortened to jamoke;
which was a common nickname in the 1930s. With a bit more slang-language-evolution it's easy to...

There is a world of difference between
Java (the programming language) and
Java (a cup of coffee)



Recollection Issues

write

ment "write",
recipes " ",
:menu“, .
eiking ::recipés“l,I
recipes }
Keyword extraction can capture , but

not necessacily



¢ :writﬁ",
rHow do T write aj "menu",
menu to |READER "display",
(‘e(‘.ipesJ ::recipés"l,l
L }

OPTIMIZATIONS

- How could we represent celationships between tokens
to help specify ambiguous language?

- How could we capture semantic meaning by
‘reading between the lines?"

L



Q Neural Networks

{
"explicit": {...}
rHOW do I Wri'ée a lwg}égigm;‘légu: 852
Java menu to . READER "frontend": 77%
display soup recipes? "ingredients™: 43%

g

\
N
/
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Anatomy of -'
Neural Netwocrks

The u D The

takes in tokens outputs strengths of

O O [ ow
from the prompt D n implicit context

d’ Hidden layers and connection weights
can be used to “read between the lines"




Example: -"

Barista or Engineer?

D "programming": 7%
cup
D "coffee": 7%
" "

app
9, ® ©

Network reads the \.]eigh{-gd connections, Network OM'EPM{‘S
inclusion of cectain learned from training, connection strength of

prompt input tokens activate in the netwock implicit context _.‘

"java"



——

[ How do T write.

2
a Java app?

"programming": 99%

D D "coffee": 1%




—

How do T brew a
good cup of java?

D D "programming": 1%

"coffee": 99%




aan

D
O
O

STRENGTHS WEAKNESSES
Ability to link concepts X Network structuce is pre-determined
into implicit context X Minoc changes cequire full re-training

Addition of "strength® X Complexity does not scale well
introduces cicher data —‘



Pre-determined Structuce

"java"
n "programming": ?%
ucupn
n "coffee": 7%
" "
app

This network stcuctuce is determined by hand,
before training, and cannot be modified later.



Rigid Networks

ur>(4{E"c>,\u

"java"
'L.I.:;i!.'iii;::........:!" ”Cllff.

llappll

"coffee": 7%

The network cannot accept unknown tokens, and must be
enticely restructured and cetrained to add new ones.



Scaling Tssues

oD
g 00
0O O

These networks ace dense, and scale aggressively
as you add more nodes.



O
O
O
D

aan

O
O
O

OPTIMIZATIONS /

- How could we create a more flexible network
that can accept and learn from new tokens?

- How could we create a network that can scale
to the size of a whole language?




] R Larje, Lanauqac Models

app READER E§ 3
app

L
"java"

L a Embedding Vectors

Ve






Vectors are simply a way that we can
represent some point in a space



We can define vectors using
a direction, and a



Vectors dont actually mean anything
until we assign them a meaning.



3 Embedding Vectors 7]

{
""programming": 4

) .
S, ‘programming"
|
]
e

}

T am keeping these axes
pucposely unlabelled, as
theic actual meaning is
incredibly abstract and
not important to the
broader concept.

3 We can assign the token as a direction SR

“embedding space feature dimensions®

is a good place to start.

and

3blue 1brown
. i E3E
This creates a system for translating

natucal language into embedding vectors =



r T

rHow do T write a
app to

display soup recipes?

L_,/




“java space"

Minor changes to a vector cesults in
minor changes to the concept it embeds.

This creates areas in space that can
cepresent diffecent, but celated, concepts.






Intersections in these spaces
represent areas where
the concepts oveclap.



d Embedding Space

NET JavaSccipt

Vectical Slice . .
) Object-Ociented
Acchitectuce Programming

The embedding space
(what tokens exist, and their celationships)
is a large pact of what the model “learns" during training.



nomic-multimodal-series
atlas & cc3m-100k-image-bytes-v1.5 @

Fashion:
Crowd Wedding]
Eamilysbeach: Hairstyles
Music_Festival
Sports
_—w [d
Nomic Atlas
Golf; | T
L_Portraif
®




nomic-multimodal-series
atlas & cc3m-100k-image-bytes-v1.5 @
: EilmJPremiere

EilmiPremiere]
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et nom ic-multimodal-series
& cc3m-100k-image-bytes-v1.5 @

EilmlPremiere

Photography

FilmiPremiere

SPOrts

Fashion

Sports Large Gatherings

S V<Gcing

EilmiBremiere]

JAmericaniEootball

PortraitiPhotography;

Basketball




Previous Resoucces -'
3blue 1brown 3blue 1brown Nomic Atlas g

This is a good one to explore
during the break!

Next Up
) CRENE | (T @

How LLMs transform  How LLMS generate  What LLMs can do
embeddings into data token outputs  with these mechanisms
cepresentations (and what they cant)



N =

Where are we?

1. The embedding mechanism turns tokens into vectors
. These vectors ace placed in embedding space






-
d
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The attention mechanism performs
transformations on embedding vectors

"o . Attention i Attenti
to encode the model's II\PM": state  fivueed  Mecharisns

This paper from Google Translate /
is arguably what kicked off

the current wave of AL research (Google, 2017)  (3blue 1brown)




VECTOR OPERATIONS ‘,

ADDITION SUBTRACTION DOT PRODUCT SCALARS

¢
a Qa 4 b
¢
v A a
athb=c¢ a-b=c¢ a-b=% a-m=b

MATRIX TRANSFORMATIONS

ROTATIONS SKEWS DIMENSION SHIFTS

Vectors & Matrices
R

(3blue 1brown)



Example: Subtraction ¢ Addition

Allows us to find differences and composites of embeddings

SUBTRACTION

monacrch
king

king - = monarth

&

Subtracting from “king"
may cesult in the genecal
tecm ‘monacch’

ADDITION
queen
monacch
monacrch *+ = queen
Adding the term to

the genecral tecm ‘monarch’
may cesult in “queen”



Example: Dot Products

Computes how well one embedding maps, or celates, to another

app - = .35 app - = 040

The dot product between two embeddings If there is not a clear semantic connection,
with a clear semantic connection will be positive the dot product will be closer to @



Example: Negative Dot Products |

‘only use
double quotes"

only use
single quotes’

A negative dot product can represent a
negative semantic celationship between embeddings

-



Example: Rotations

Matcrices can be used for more
advanced transformations, such as
transforms of embeddings between

entice embedding spaces

“are you going to finish
the rest of that croissant?

(This is the reason Google Translate
was intecested in the Transformer
acchitectuce!)

este de ce croissant?”

( “allez-vous finic le
.
w >




‘ How do T write a Java app to display soup recipes?)
| TR

EMBEDDING

ZIINHNTEY HZHAHH—=HSN NS L 7
"how" "do” " "write" a’ “java® “app’ "to" display”] | ‘soup’ | |recipes’] | ¥

' ATTENTION!| | —————>

a netwock full of vector and I;,_« I g
matcix tcansformations learned
L during training [[ . |£




& CONTEXT SPACE @

[ How do T write a IN CONTEXT SPACE
Java app to _\ This is a
display soup recipes?
bout writing a

.a
' ATTENT ION’ \- ...celated to soup.

Context Space captures the connections between the input embeddings,
allowing for a cichec semantic cepresentation of the input data.



Embedding Space is to Context Space...

Thg
>/ Merriam-
Webster

Dictionary,

Mﬂiﬂ‘
.
C.
ko £
n 2
4]
pdo o
-y
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g
Leamey:
Fe:

...what a Dictionacy is to a Novel

L



For the rest of the presentation,
we will primacily be using context spaces.



Do you undecstand:

- Vector opecations on natural language tokens?
- The difference between embedding and context space?

WRITER].



JREADER

WRITERE



What the LLM ceceives:

SYS: You are a helpful

AI assistant. You
What you see: accurately answer
users' questions.

r\;\Iha& is an au\imallj d

that we eat,

USER: What 1is an animal
but doesnt eat us? that we eat, but

doesn't eat us?

BOT:




SYS: You are a helpful
AI assistant. You
accurately answer
users' questions.

USER: What 1is an animal

that we eat, but
doesn't eat us?

BOT: 277

The | [WRTTER])'s only_goal

Fill in the blank



What the LLM creceives: Translation to Context Space:

answering questions

SYS: You are a helpful
AI assistant. You
accurately answer
users' questions.

details about animals

starting
a response

USER: What 1s an animal READER
that we eat, but
doesn't eat us?

BOT: 777




e JOutput Token
! Probability Distribution
[
%
X ""chickens":
[ ]
0
4 [ | ",
WRITER| pigs™:

""cows'"':

"dragons":

d’ The prompts position in Context Space maps
to a probability distribution of output tokens



Output Token SYS :
Probability Distribution :

"chickens": % RaﬂdOM

Ilpigsll:

Q@ USER:

"cows":

"dragons': | 5% N“Mbﬂr

BOT:

The Writer selects a candom token,
based on the distribution, and
appends it to the end of the string.

You are a helpful
AI assistant. You
accurately answer
users' questions.

What 1s an animal
that we eat, but
doesn't eat us?

Chickens.




chicken! , insere g,
pig! Sturr g, TSt

t K Of or

) heags o0

SYS: You are a helpful
AI assistant. You
accurately answer

users' questions.

PIG asx DIRAGON 2=

A
A
USER: What is an animal
that we eat, but
doesn't eat us?
BOT: 277



Lets bring this all together, now.
(its flowehart time, folks!)

How do T write a
Java app that can

display soup recipes?}




User Tnput

How do T write a e
Java app that can //"'
display soup recipes? /. Embedding Nectors
LV /
;i'
Prompt ',-" —

SYS: You are a helpful
AI assistant. You
accurately answer
users' questions.

| IEMBEDDING ]

USER: How do I write a

Java app that can
display soup

‘..."'.'"~~

S
Context Space

A

uﬁzmmN!D

READER

recipes? by

Modified Text

SYS: You are a helpful
AI assistant. You
accurately answer
users' questions.

USER: How do I write a
Java app that can
display soup
recipes?

BOT: <next token>

WRITER
Output Probabilities

20

stop token

Final Output

SYS: You are a helpful AI
assistant. You accurately
answer users' questions.

USER: How do I write a Java app
that can display soup
recipes?

To write a Java
app that can show
soup recipes:
1. Install a code editor
2. Initialize a new Java
Swing UI project
3. 4.
Would you like me to expand
on any of these points?




oo™ T ttee

o“" ..\

Tnput Text //' N\
!
{

Output Text

@ This loop is the only_thing LLMs can do.

d Tt is the only thing LLMs will ever do.




Tnput Text /"'
(-],

{
(]
|

SYS: You are a helpful
AI assistant. You
accurately answer
users' questions.

USER: How do I write a
Java app that can
display soup
recipes?

BOT: <next token>

Output Text

useless &



KEY TAKEAWAYS

abou&
Embeddings Attention ¢ Context
L) !
Output Probabilities Genecative Loop
—
—3
-
O
You need to understand before diving into

what theyce ceally capable of



What

ace LLMs actually capable of?

& KEY TAKEAWAYS

- Recognize shorteomings of the LLM acchitectuce itself
- Exploce solutions to these shortcomings and how to use them

to better rW;iers{a\nd

they affect our industry




Rich Context
N\

9

The attention mechanism
and context space is an
elegant way to explore
concepts and trivializes
bulk text summacization

Strengths

of the LLM Acchitectuce

Probability Quality

Provided with a specific and

intentional position in context

space, these output probability

distributions can be incredibly
accucrate

Loop Scale

The ease of scaling the
genecative loop trivializes
bulk text genecation



On The Topic of Hallucinations

The tecrm “"hallucination” implies ecroneous, unexplained behavior
due to an ecror or flaw in a cognitive process.

LLMs dont think.

They are machines that take inputs and ceturn outputs.



Hallucinations are bugs
that can be resolved and worked acound



Causes of Hallucinations

7\ 7\ 7\
> A
] -
> > >
Specificity Drift Void Context
A prompt is insufficiently Genecated tokens drift The prompt depends on implicit
specific and lacks pacticular the context out of the information not already present

details about desired outputs  desired region in context space  in the leacned context space



N N N

A
> ] <&,
> > >
Specificity Drift Infecced Context

A prompt is insufficiently Generated tokens drift The prompt depends on implicit
CAUSE specific and lacks pacticular the context out of the information not already present
details about desired outputs desired cegion in context space  in the learned context space

LLM outputs will be vaguely LLAM outputs will drift away LLM outputs will be insufficient
EFFECT  correct but not in the desiced from the desired output as or incocrcect, pulling from
format or with the desired mocre tokens are generated unintended composite spaces
level of detail



Example: Specificity Hallucinations

Help me write a
web application.







web apps



web apps

Node

Blazor



web apps

Help me use NodeJS and React
to write a web application.

ADDS
+ Language
+ Framework

LACKS
- Structure?
- Purpose?
- Style?

NET Node
React

Blazor




Context Drift

Context Space

The core generative loop feeds new /\ This causes the context to naturally
tokens back into attention, slightly €_ drift away from the initial prompt
modifying the prompt position in b " over time
context space /’ N\,
/4 )
4 \
{ \
[ ] [ ]
] [ |
(] [ |
| 0
\ \ 4
Modified Text Output Distribution
S5: o are o ol C .
—
F ) A |

ecipes?
BOT: <next token>

O



Example: Drift Hallucinations

rLe'.’c's write the Cp »
business logic for Servers
<FEATURE >
Database
1%
Business Logic
Application

API

<l<



rLef's write the cﬂ
business logic for

C# Servers
<FEATURE>
12 Database
— Generates boilerplate
— Writes the logic - .
Businéssglo

— Language server shows
that the import for
data layer requirements
fails



[ Let's write the C#)
business logic for

<FEATURE >
—

— Generates boilerplate

— Writes the logic

— Language server shows
that the import for
data layer requirements
fails

C# Servers

Database

Businegssel ogd




[ Let's write the C#
business logic for

C# Servers
<FEATURE>
1/ Databa
Generates boilerplate
Writes the logic @ 3 .
Businéssglo

Language server shows
that the import for
data layer requirements
fails

Begins writing random
data entities



Example: Infecred Context

s Please write a a
snippet of Chainshacp
wocrkflow code y

L7

Based on the name "Chainsharp," I'd infer this

is likely a C# library focused on method

chaining or fluent APIs. Here's what I imagine

{
Chainsharp-style code might look like: c h a ' n s?

®
Chainsharp-Style Code Example
Code




How can we use the strengths of the acchitectuce

) —
—
w B B
N O

to address its weaknesses?

I\ N\ I\
5 7
6 ] & 9
) ’

> >




Prompt Engineecring Model Context Protocol

Anthropic MCP Spec

RULES

QUERY







does the introduction of this
tool change how we define
our work?



