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I propose to consider the question, "Can machines
think?"

The original question, "Can machines think?" I believe
to be too meaningless to deserve discussion.
Nevertheless I believe that at the end of the century
the use of words and general educated opinion will
have altered so much that one will be able to speak of
machines thinking without expecting to be

contradicted.
-- Alan Turing
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A Neural Probabilistic Language Model

Yoshua Bengio et al.
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Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product
Attention" (Figure 2). The input consists of queries

and keys of dimension d;, and values of dimension d,,.
We compute the dot products of the query with all

keys, divide each by ,/dy, and apply a softmax
function to obtain the weights on the values.

. QK"
Attention(Q,K,V) = softmax v

/.
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Multi-Head Attention

Instead of performing a single attention function with
dmoaei-dimensional keys, values and queries,

we found it beneficial to linearly project the queries,
keys and values h times with different, learned

linear projections to d;, d; and d, dimensions,
respectively.

On each of these projected versions of queries, keys

and values we then perform the attention function in
parallel, yielding d,-dimensional output values. These
are concatenated and once again projected, resulting
in the final values,



Multi-Head Attention

Multi-head attention allows the model to jointly
attend to information from different representation
subspaces at different positions. With a single
attention head, averaging inhibits this.

MultiHead(Q,K,V) = concat(head, -+, head,)W?
where head; = Attention(QWiQ, KwE, vw¥

Where the projections are parameter matrices

VViQ = Rdmodelek ,Wlk = Rdmodelek, WiV = Rdmodelev and WO
= thdemodel ]
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Wlk = ]Rdmodelek
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Projection

MultiHead(Q,K,V) = concat(heady, -, head,) W
head; = Attention(QmQ, KwkE, v
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V € Rdmodel VVL-Q = ]Rdmodelek
K € ]Rdmodel Wlk (= RdmodeZXdk
Q € Rdmodel WiV = Rdmodelev

QW2 : dimoaer RITD AR ILO Ed poger X die DITHIWS DIE

-

KWE: dppoger RIEDRIRIVK Edpoger X A DITHIWEDFE

-

VWYt dipoger RIEDRIRILY Ed pger X dy DITHIW DFE

-

head; = Attention(QWiQ, Kwi,vw)
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=1 xaqa,
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https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0V
wmxB_ PrgZn2/view



https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://youtu.be/7KJeDC482AI?list=PLQIrJ0f9gMcMjv25F7mabNGdzKUVt-2CZ
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view
https://drive.google.com/file/d/182D1nhVmjk6stoKjQ2Q0VwmxB_PrgZn2/view

LLMO RERTIXRIAFTE SN TS D H

Next token prediction|ZDWWTIX, £5—DFEBE T REZEN
HYFET

SeMNext token predictionMERBATIL., LLMIE., XF5Ik—

7203

IO RD—I 0 FRLTNALIITRA-ERWE

J o ENIL, HEAEKRTIEELLWFEED T LLMOIRASFEWNZH S
[ZIEHOMYRT LD TT A, ==, TOEHRAICIE. REGEES
AMBHYFET



BIZ X, LLMTHEESTZHELTLADIE., SoftmaxBEsit:
DTT M, SoftmaxlEXFINb—I & /S EITTEFH A 7
NRZTRADIE, XFH =T TIFHELFDORINLRIETY,

LLMO A ABR. ENEXFI—I0DHEVEAA—DTF B
CEIETELDTYT A, EFICLLMAZ (TER->TUEL THEH
LTWADIE, TDARNIMLRIETY,

XFH—=D D ANIRILERIRZembeddingEtEULVNET,



Output
Probablitios Unesr

Nx

Nx

3
o (D)
™ ~4
t

Self-Attention (Grouped Multi-Query Attention)
with KV Cache

a® KO v
t t t

D : Positional

Encoding & Rotary

Positional Encodings

Embedang Emoedding

I ]

Inputs Outputs
{shifted right)

oo v -

Transformer '
(“Attention is all you need”)
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[Z25Efm = Supervisor 1NAIZERA 5

Za—JI)-rybT—=ODIFE-FEDTOEXATIHEN =
Supervisor [ELVS DI, FllfFE-FENERITARZTELLVBEZ
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ZEHD2LDODIEEXFELET,
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Supervised Learning
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EHLINIGYFET , IOLEFEDARZAI)LZ | Supervised
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Non-Supervised Learning

Supervised LearningD BRI, FEDT=HIZ SNILFFE
DREDT—AERAELLGZITNIENFEWNIETT,

20124 GooglelESANILFFIFSN TWGEWA A—=U T2 IT G, [H
BORBENARETHASI_EEZRLTHEEEZEZET,

—DIGoogleDIgE |EEHNSH Non-Supervised Learning
D&EIG(E. 2012FE N Deep Learning Eai 21BN THIEE
FHESTLE:




b = Non-Supervised Learning
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FLIE, IRNILFFHTFENTOEWNT =225,
SLARNILD . VTR BB DFHERET A EN
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ChatGPTT®O AR DHETDTERF

ChatGPTTI, LR T LD, D ARMEHEREL TR
FALT. <D AEEMEELT,

TANEIDT4—F/\w oo DiE{EFE | "Reinforcement
Learning from Human Feedback (RLHF)” &RE(EN D Fi%
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BT EDESICHE -FHFET OOV T, I LEFTLLGE
HMGEENEDNELNFEE A,




ChatGPTT. ARIDHERL ., D AEEIZ
AL TITIHEDN F v A+

Instruction Include output Output A

Summarize the following news article: summaryl

===z Rating (1 = worst, 7 = best)
{article}

Fails to follow the correct instruction / task ? Yes No
Inappropriate for customer assistant ? Yes No
Contains sexual content Yes No
Contains violent content Yes No
Encourages or fails to discourage Y

violence/abuse/terrorism/self-harm - No
Denigrates a protected class Yes No
Gives harmful advice ? Yes No
Expresses moral judgment Yes No

Notes
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AfgEEFAZENSIEIE, XFI—DI X in T Hembedding
3. I TIZLLMIZEEEIN TS ELVDZETY , £ Tl
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SEDHEE. T2 OLLMOFFLEID., LLMO IR A TS
<7,
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embeddinglZZ#t 9 58EH+. embeddingZb—o (2 Z
THRENLB O THLT . HIEEHGEEZRLET,

f=1=. LLMELTED U R T LI, Next Token PredictionZ
EITLEIELFET,
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ELDS—I VDUV NARIZEZENTNSELT,

ELVS =0 D i ENext Token Prediction TIRLF-ELET
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X4MHE SN =FF. EFEDINILIFadelLFT, -

ZAN)L a2, a3, ad -HHhtr=-aonsd_ET, Next Token
PredictionZZE{TLTWALLMD /\SA—42—[F . /\vo-TAalk
=3V TIEESNTWEET,
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OLERTYITERRKIGEANTFRRZLIZRYRT ZEEEL
T.LLMORAERZ, AASNE=TERANDEKRZ RIELT-
embedding N ERSNTNEET,

L. EIENRI—NETATT T,



Embedding Layer

LLMIZI&. 2® Self-Supervised LearningZ#|HLT. K&
DENBEIISNILELE > TWEWTF RN —3EHEHAHIAAT,
embeddingZ4£ /K9 52 RAUVDNEAAENTNES , £
A Embedding Layer TY,

Embedding Layer (&, LLMO®ZRELEEZELGFOAVKR—RU D —
DTY,

1=, LLMO7 —FTO0Fvy— DR Z#ATH. Embedding
Layer (£, B ENSKULMNRENTOVENWKSIZRWNWET , £=
LLMO1—H—3%, ZTOEmbedding Layer Q@& EiHT 5
CEIEDENEKIIZENET,
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ZNIZE W<ONERALNHYFET,

— DX, Dty arTERELIIZ, A IXLLMZET X F 5
M=o DIV NSRDIFIIN—I0F—DFRTH12DEL
TXFH—OoFIBCEZSAN, LLMOIRSEWNZIERZL A
FTULIMSTT, HEYembeddinglZIFENTEEEA,

TNIXEELHGETT,

£3—DIE. KDLV IV TRIE-&LIIZ, THAIE, T TITFERL
f=#, TembeddingZ=2(TER>TL\SD T, TDEMAN=X L
TERHT AHENDENINBTT,

embedding Layerl&. XFIr—o oMo T 5
embeddingZz5|E 9 EifilmLookup TablelZRZF T,



A FAembedding®
INATZA
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HATEAR

T

( Postprocessing step)
A

GPT likeZ:
decoder-only
transformer

A1embedding
|

]IIII[IlIIIlI[lI]\

Propositional embedding

r—%>embedding

HEEEpEEEEEEEEEEEREEN

A
k—4>1D [40134] [2052 ] [1:33] 389 | [ 12 |
k—42>1t [ | This| | is | | a;n | [example] [.] ]

_ This is an example .
 agreae [Mshameamge.j

“Build a Large Language Model (From Scratch)” mi
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Embedding Layer®
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Embedding Layerld.
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=12, EBOLLMIZX. hNEB DGPT-2 TH. embedding® X%k
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*THEEI’Jtﬂ’?El FHEESNTNET,
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R ELTERZMHRT DI EENRER (Retrieval-
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