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Transformer for Large-language Model
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Outline

1. Whatis transformer? What is attention?

Transformer usage
Transformer in hardware

> W

Generalized transformer
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Output
Probabilities

Attention Attention Attention

.
- All transformer models have attention module e

- (L->R) DeepSeek V3 -> Open Al -> Google
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Motivation of Attention

- Word-correspondence within a sentence

- The chickenxidn’t cross the road because
The chicken didn’t cross the

- Weighted-token relationship

Layer k+1 o

as too tired
as too wide

because

o
0]
~
O
-
<
O

didn’t
cross
the

self-attention distribution

Layer k

The
because

UNIVERSITY OF FITITIIIN]
) MARYLAND o]




Two-setp Attention Mechanism

- Each token (word) has their query (Q), key (K), and value (V)

1. Similarity calculated between query and key

Inner product between current query (g4) and all keys (k1, k2, k3, and k4)
- Attention score is a matrix with size 1x4

2. Value (V) is weighted through attention score (QK')
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Attention Computation

1. Q/K/Vfrom linear layer
2. Q3 queriesto K1, K2, K3
@ Attentlon matrix 5. Weigheachvaluevecto;s.l

8. Output of self-attention aj

7. Reshape to [1 x d]

6. Sum the weighted
value vectors

4. Turn into a; ; weights via softmax (Q
(Q3K1, Q3K2, Q3K3) —

4. SOftmaX tO prOb matrix (Ol 2. Compare x3's query with

the keys for x1, x2, and x3

Weightvl, v2, v3 © Generate @
alvl+a2v2 +a3v3 e V

Two matrix multiplication e
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Build Transformer from Attn Module

- Each scaled attention = Two matmul (QK and V)

- Each multi-head attention (MHA) = h parallel scaled attn
- Each transformer blk = 1x/2x MHA + Feed-forward

- Feed-forward = Multi-layer perceptron

UNIVERSITY OF FITITIIIN]
) MARYLAND o]

Kcaled Dot-Product Allenlm

4

4

v

Outg
Probab

Fee

Forw:

| Add & |

Add & Norm YT

Feed Attent

/ Multi-Head Attention \ Forward F 7

~—

Add & Norm Mask

Multi-Head Multi-+

Concat Attention Atf_en:

Y f At O 7

p, \_ J \ c
Scaled Dot-Product Positiopfal

Attention .UZ h ®—@ @

1 rj L L Input Oute

Ll L] Embedding Embed

[ Linear [ Linear [ Linear 1 1

[ [ ! Inputs Outp

(shifted

Figure 1: The Transformer - mode!



&

Quarter 1 Done. Any Question?

1. What s attention? What is transformer?

Layer k+1 o
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Output

e Probabilties
Interpreting Transformer Model
: Encoder/ B
- Stacking transformer layers oo
Feed
- Encoder (Left) /N #
- Encode context as keys and values for 2nd MHA '\ Wl-eao
- Keep reusing in the future inference = "_’% ™
- Decoder (Right) o rEEE N
- Feed input. Generate output ' . = J
- Provide query in 2nd MHA , O~ Fpotiona
- 1st MHA = self-attention module ke J N
.i
| ' i Inputs Qutputs
(shifted right)

v K Q
Figure 1: The Transformer - model architecture.
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Next-token Prediction

- Each transformer inference generates one token

_ D eco d er on l Next token long and thanks for all
y i } 1 i }
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Machine Translation

- Sequential token generation

- Original texts as context

student
[END]
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Er liebte zu essen .

NULL Er liebte zu essen

8) The complete output
(translation)

d

Ld
“Das ist ein Beispiel”

He loved to eat
4) The encoder
returns embedding
vectors as input to
the decoder
\ I
( D Embeddings )
3) The encoder has {
access to the
complete input text
to produce text Encoder
encodings used by T
the decoder |
2) The input text is
encoder I
et
be translated

“This is an example”

Output layers
1 7) The decoder
| generates the
translated text one
L, Decoder word at a time

—

6) The input text is
prepared o he

I decoder
5) A partial output text

(the model completes
the translation one
word at a time)

“Das ist ein”




Single Sentence Classification

- One special token: [CLS] Choee
- Corpus of Linguistic (e )] -
Acceptability (CoLA) lassification e
- 1: Acceptable, 0: Unacceptable Token
Label Sentence E: = i
) i g B -t

1 The weights made the rope stretch over the pulley. [ o
1 The mechanical doll wriggled itself loose. T l
1 If you had eaten more, you would want less. [
0 The more you would want, the less you would eat. Single Sentence
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Model Training (1/2)

Masked Language Modeling Masked token

- Train for token relationship m—

- Use special [MASK] token {thev 20%
today  <SEP>

- Prediction head <S> How e

- Append to [MASK]
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Sentence 1 Sentence 2 Next Sentence?

MOdEl Training (2/2) I have a class I will be back by 6 P

- NeXt Sentence Pred|Ct|On I have a class Zebrais a animal X
- Input two sentences
is_next 95%

- Separate with a [SEP] token ‘
ST not_next 5%
- Binary label C

- Is_next: Valid next sentence EiES (N N 5550 O D =52

BERT

- =
S D e (=D e e =
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Quarter 2 Done. Any Question?

Er liebte zu essen .

2. Transformer usage
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Transformer in Hardware

- Embedding

From texts to vectors
Positional encoding

Architecture

Dynamic matrix multiplication
KV cache
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Figure 1: The Transformer - model architecture.



From Texts to Vectors

- Transformers are matrix-in matrix-out
° ( \
- How can texts convert to matrix? (i
Forward
- Available tokenization options ) ,T\ e
_ Character: [IHI, |e|, lll, 'l', 'O', 1 l, |WI, lol, lrl, |ll, ldl] ﬁ&d':i-e:oi] Nkjtrzia'x‘:—tﬁid
Forward Nx
- Word: [‘Tokenizer’, ‘is’, ‘tricky’] g }Add:N
- Sub-word: [‘Token’, ‘##tizer’, ‘is’, ‘tricky’] e f"l%f.::a—:l MM'z:_ghedd
k tAﬁention) &antij;
Positio:al Pj)sitional
Encoding Encoding

T~

@ KANA\ﬁRS ITY OF rm#mu Input Output
N YLAND FORWARD TP S
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Token Embedding

WordPiece tokenizer in BERT

- Vocabulary size: 30,522 L JL Jk JL JL JL
! ! ! ! ! 1

- Embedding dimension: 768 000 000 000 0O® OO0 0O

00® 000 OO0 OO® OO0 OC
I I I [ I T

(19204) (3989 ) (7126) (5047 ) (4678 ) (26

I I I I I T

(Token) (##ization) (helps) [(handle] (rare) [wo:

Embedding Lookup
- Token ID -> token

Tokenization ps
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Positional Encoding - Position Matters
UL

To encode positional information a5 e05 508 068 050 OeT eve

- mbedding 6 9 9 9 9 9 9
Each position maps to a token & i

- Ca“ed pOSItIOﬂal embedd'”gs [19l04] [39T89] [71T26J [50T47J [46T78J [26T16] [10T12J
1 1 1 1 1 1 1
- (Token) (##ization) (helps) (handle) (rare) (words) ([SEP])
Add/MUI t.o.tOken emb. . TMn heT:;s haldle rlre M
- Good positional embedding
- Non-cyclic ot (] () (e ) () () () () (e | (s ) ()
- Bounded Eﬂfé‘ddangs Eicis || Emy H || H || Erse 1|| Ene HEukes Epiay Ewing| Erser)
+ + + + + +
s, [EDEIEIE ||E HE HE = H € |
%+ + + + + +
cnosaangs | Bo || B ][ B || B [ B ]| & ||E ||E HE L& I\Eml
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Rotary Positional Encodmg (RoPE)

- PE(pos,2i) = sin(posx0i)
PE(pos,2i+1) = cos(posx0i)

0i = 10000721/

- RoOPE properties

Cyclic but very-large period
Linear independent
Bounded (PEE€[-1,1])
Fix-L2 (XPE.*is const)

P |
20

p0O pl p2 p3

0.000 0.841 0.909 0141 i=0

) ==

1.000 0.540 -0.416 -0.9%0 i=1
0.000 0.638 0.983 0.875 i=2
1.000 0.770 0.186 -0.484 | =3

UNIVERSITY OF [FITITI]
) MAR https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers




Matrix Multiplication: Conv HW Recap

Global Buffer

A
IIIIII)
| WO |

X xXW, X xXW, XoXW, XoXW, Welght

- Conv-based model

- Small filter size (< 5x5)
- Largeinput size

Psum

- Weight reuse will be efficient Ry +)§§3 Z X X W
- Weight-stationary dataflow
- Example IXW.  ipuimege  comn Conv? Conv Conv Cons  FOS FOT FOS
& 3 3 13

. 9 Nm——
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Output Global Buffer
Stationary

Matmul in Transformer

Weight
- Attention
- Matmul between Q(1xd,) and K(Nxd,) g =
- Output has shape (1xN) BeEHCHary l@m*!!
- dksz MACs to generate N outputs (dk2 each) - Lptelyt] L1 PE

- d, (embedding dim) vs N (attention scope)
- Larged, and smallN

- Image-based Q = K’ 4
- SwinT-T:d, =96 and N=16 -

- Smalld, and large N
- Llama3-70B: dk= 8192, N =8000 @ | T e v
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8. Output of self-attention a; @@Q) [1 xd]
7. Reshape to [1 x d] W [d, xd]

KV Caching

value vectors

- Step 1 generates Q/K/V from X S AT

4. Turn into c, , weights via softmax (Q

- Step2usecurrent Qand all KS . sescawsominis 4
- One (X>Q) + Nx (X=>K) prl gt @/ - !

1xd] [1xd]
- (N-1)x (X->K) are computed before 1. Generate & o !

4
key, query, value @
- Prev N-1 (X>K) were computed geome’ VMV V)X‘ V VKW
@90 X,

- Step 5use current e and all Vs &, &

[ xd] [1xd [1xd
- Nx(X3V) [ N
- Prev N-1 (X»V) were computed
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KV Caching
- Cacheall Kand V from prev N-1 rounds
- Same number of Q/K/V generations every round
- KV cache can be large vesttoen | long thanks

HHOE:

Language

- 2.1GBinLLaMa-7B Maci:l(ijng
- 19GBin LLaMa-70B

Stacked
ansformer

KT Block: = R —
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Quarter 3 Done. Any Question?

3. Transformerin hardware

o el

- 1xdk 1xN

UNIVERSITY (ORI FEARLESSLY
' MARC FORWARD

JUJUJUJUJUJU
» 1O(T)O O(T)O OCTDO O(T)O OCTDO O(TDO OCT)O
Embeddng O [0 O [0 [© O O

Embedding OCT)O OCTDO OCTDO O(T)O O(TDO O(TDO O(T)O

Lookup

(19204) (3989 ) (7126] (5047) (4678) (2616 (1012

1 | | I I 1 I

(Token) (##ization) (helps) (handle) (rare)] (words) ([SEP])

Tokenizer  “~_— T 1 T

Tokenization helps handle rare words.

029 € 3 10 12 12 16

0.4

0.6

-0.

o

o

o

o

o .
o a 6 3 10 12 14 16 18 Zo
0.4

0.6

0.8

0.8

06 o

0.4

02

00C> \
029 2 2 [ 3 10 12 14 16 B Zo
0.4

0.6

0.8



Recap: Transformer in NLP

- Token embedding + Positional embedding

- Transformer model
- How to generalize to

other applications
- Vision
- Audio
- Multimodal
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Tokenizer ~_— 1 T T ~_"
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Vision Transformer (ViT)
- Token embedding:

- Image patch -> flattened patch -> linear projection
- Same position embedding

- Model

- Encoder-only

. A
JEX e

MLP

MLP
Head

Norm
Transformer Encoder

Multi-Head Patch + Positi é
Attention ay‘inbedg?lll;on > . .. '. ' ' g

[ 1 s] embe dd ing Linear Pl‘O_]ECthH of Flattened Patches

Norm
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Results of VIiT

- Beat state-of-the-art (SOTA) gt ttention
- But requires more data and more parameter el

Accuracy vs Number of Parameters

VIT=nris
g5 =9 EfficientNet i
~8— Swin o VTUL
g —— VIT ViTB/16__—7
<. 86 - i
@ :
5 EfficientioE GACNEEB7
O 844 : SwinB
< Swm-Sﬂ E-]
7 ol
'S‘ 82 - EfficientNet"|
o]
% EfficientMet-B2
© 807 grciengpet.81
E
7§ G
ffifientitet-BO . .
Figure 6: Representative ex-
201 3o amples of attention from the
Number of parameters (millions, log scale) output token to the inpu
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Audio Spectrogram Transformer

- Token embedding:

- Audio spectrogram -> linear projection

- Spectrogram (x: time, y:freq)
- Same position embedding
- Model

- Only transformer encoder
- With a classification token
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Multimodal Transformer

- TOken embeddin : —_osses
. g peECy VOA SNLI-VE SST-2 .l
- I Ma ge em bed d N g [ gass s ] [classmer] [dassmer] [classnfler] ;3:';::):22;

box heads

decoder

. 4
+ Text embedding e — § R
-— M O d e l - »»| Concatenate Feed
Forward
image encoder text encoder )
- Image encoder r 2 g X
Add & Norm ,—ol Add & Norm l l Add & Norm lvo\
- Text encoder . _
Feed Feed Multi-Head
. Forward Forward | Cross Attention
- Joint decoder iy
N, x ~ N x N—— Ngx
- Concatenated context Add & Norm —{(Add & Norm ] (Crasanom Je~
Multi-Head Multi-Head Multi-Head
Self Attention Self Attention Self Attention
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text task-specific
embedding query embedding

1

image input text input task index

convnet
backbone

UNIVERSITY OF FITITIIIN]
% MARYLAND it



Quarter 4 Done. Any Question?

detection <
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. classifier classifier classifier
box heads
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4. Generalized transformer
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Questions?
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attention attention l

=yer ,__——/Z-———f//

Self-Attention [@n@

DT RR]  Information flow in causal self-attention. When processing each input x;, the
model attends to all the inputs up to, and including x;.
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ANI QTR MY Training a transformer as a language model.

UNIVERSITY O

Next token
Loss

Language
Modeling
Head

Stacked
Transformer
Blocks

Input
Encoding

Input tokens

long and thanks for all
| | | | |
= log Yong| [ 10g Yand | [T 10g Yhanks| | — log Yfor | | — log Yan
h \ Ar [
(G )I\C\fm\
U U U U
A \ A

S

N—/

i . i L
(x1 X2 x3 x4
PES]ES]E J[ﬂ‘%'J
E E E E
? ¢ *
So long and thanks




Input [CLS] my || dog is ’ cute ’ [SEP] he

Token

Embeddings E[CLS] Emy Ec!og Eis Ecute E[SEF’] Ehe
B o 5= L = E o

Segment

Embeddings EA EA EA EA EA EA EB
e L 3= == =n = L

Position

Embeddings Eo |1 Bi || Bo || B || Ba || Bs || Bg

Figure 2: BERT input representation. The input embeddings are the s
tion embeddings and the position embeddings.
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Class
Label

BERT

(e lemnllei ][]

Sentence 1 Sentence 2 Single Sentence
(b) Single Sentence Classification Tasks:

MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColA
RTE, SWAG

(a) Sentence Pair Classification Tasks:

BERT BERT
) EE=E]- &
n

Question Paragraph

Single Sentence

(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:

UNIVERSITY OF FEARLESSLY
. MAR! I AND FORWARD SQUAD v1.1 CoNLL-2003 NER

Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.
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‘~ \ Network /

Figure 1: A Mixture of Experts (MoE) layer embedded within a recurrent language model. In this
case, the sparse gating function selects two experts to perform computations. Their outputs are
modulated by the outputs of the gating network.



8) The complete output

(translation)
“Das ist ein Beispiel”
Yy reersscessancanennes, 7)The -
generates the
translated text one
Z LSM c = D jer word at a time

6) The input text is
e
T decoder
Input text
positional e 5) A partial output text
encoding . (the model completes
“Das ist ein” the —

word at a time)

5
x . B~ Approximate
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Multi-token Attention Mechanism

ql*k1| —o0 | —o0 | —0o0
q2-k1[g2:k2| —c0 | —oo
N
q3+k1|q3-k2|q3+k3| —eo
q4-k1|q4-k2|q4-k3|q4-k4
N

DTN EER]  The N x N QKT matrix showing the g; - k; values, with the uj
tion of the comparisons matrix zeroed out (set to —eo, which the softmax wi
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