ENEE-719D
Integerization
Lecture 7

Dr. Ching-Yi Lin

UNIVERSITY OF FEARLESSLY
) MARYLAND it




linear quantizer
T

3000 T T T T
M 2 : ; ; -- boundaries
Recap: Model Quantization =~ = | =
I | | | | | |
| | | | | I
- Linear quantization heod NERENE WENEE
. R . | | | | | |
- Non-linear quantization 5000 | | | L1
0
- Log-quantizer 02  -0.1 0 0.1 0.
- Look-up table based Weight Values
_ o log,, quantizer
xxx linear quantization 3000 v I T —

nonlinear quantization by

®®® (lystring and finetuning 2500 |

-- boundaries

el I o |

[
|
|
|
|
[

e el i o i i S e i il

[ |
| |
15000 | |
| I |
2000 t | | |
gmmo 1500 | : : : :
- 1000 i i E i
|
| |
| |

500

®© o000 0 ° eee000 0 O © 0

X X X X X X X X X X X X X X X X -0.2 -0.1 O 0.1 0-2

UNI" —0.04 —0.02 0.00 0.02 0.04 0.06 : 2
W MAGG LNy w2l Weight Values




Recap: Efficient Inference

- MAC operation dominates systolic array

- MAC = Multiply + Add
- 1x 32b-multiplier = 16x 8-b multiplier =32x 32b-adder

: Number of bit in multiplier s Inference efficiency

\\\\\\

. HOST/ |
! Peripheral

circuits/

DRAM

¥

— —1 %

Buffer

_“ % Weight Buffer Z

T

T
_—-ﬂ-l-! -

! Systollc
‘ Array
=W = - ' r |

e

Operation: E;l;i;ﬂ Relative Energy Cost
8b Add 0.03 |

16b Add 0.05 l

32b Add 0.1 .

16b FP Add 04 -

32b FP Add 09 -

8b Mult 0.2 .

32b Mult 31 -

16b FP Mult 11 -

32b FP Mult 37 _

32b SRAM Read (8KB) 5 _
320RAMRead | 640 |

110 10 10* 10¢

Area
(um?)

Relative Area Cost
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Quantized Model Inference

. Input F
- Example of inner product —_ Partial Sums
- InputX=1[2,8,2] oo % _ B

- Weight W=1[4, -2, 2]
- Low-bit expression
- Dequantized before computation

) ] Q(x)=log2(x) dQ(x)=2% MAC in
- Stored in low-bit Log-quantizer 218121 — [1,3,11 — 2[8[2}—y full-precision

(Non-linear) [4]-2]2] — [2,-1,11 —) r@

Qx)=Ix/Al dQx)=xXxA

Linear 2[8[2|— [1,4,1] —[2]8[2

UNIVERSIOY OF [T Quantizer i
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Integerization Motivation

- Delay dequantization (dQ)
- Make MAC operation in low-precision domain

MAC in
Quantized 2181211 P19 P 1218|121 full-precision
Q dQ
Model  [@F3[2]4 " p[---14 p @2} .

Proposed 2181211 p [2I8[2

Q
Model al2[2]{ " p [aF2[2

UNIVERSITY OF 1
@/ Low-bit MAC 3 )




Integerization Motivation
- Only few quantizer can swap MAC and dQ

- Linear quantizer
- Non-linear quantizer: Wrong results

Q(x)=log2(x)

Log-quantizer ]

(Non-linear) - aob @ Wrong
Results
Qx)=[x/A]
-

dQx)=xxA

—1—[-,-,-14dQp [2

Q

Linear
Quantizer i
UNIVERSITY OF FEARLESSLY
) MAR
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HW Requirements for Integerization
Range

UNIVERSITY (ORI FEARLESSLY
FORWARD




Part1l

- From quantization to integerization

Operation

(pJ)
'SbAdd | 0.03
‘160 Add | 0.05
32b Add 0.1
16b FP Add 04
320 FP Add | 09
‘an Mult | 0.2
32b Mult 31
16b FP Mult 11
32b FP Mult 37
32b SRAM Read (8KB) 5
32b DRAM Read | 640

@/ UNIVERSITY OF
s MARYLAND

| Energy | Relative Energy Cost

FEARLESSLY
FORWARD

Area
(um?)

Relative Area Cost

1 10 10% 10°

MAC in

AN full-precision

> ['l':']

> 2[8]2

(4-2[2]+

U, @l

Low-bit MAC

Q)=log2(x)

Log-quantizer ‘
(Non-linear) _

Q(
[2[8[2]+
[a]-22]+

Linear
Quantizer

dQ(x)=2*

0] —>I[,,-14dQp [0] x

dQ(x)=xxA

1] —[-,,-14dQp (2
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Integerized NN Ideal Case
5 b

- Example model: ResNet-50

- Each block =Conv + batchnorm + ReLU

sl
- Residual connection: Merge with block output
- ldeal integerized model

e

- Low-bit convolution Conv-r
- Low-bit batch + RelLU sl
owbitbatchnom *Rell - paohNorm
- Low-bit residual connection + RelU
Residual

NIvERSITY o O Full-precision (FP)
@ MARYLAND O Low-bit o




Hardware-efficient Integerized NN

- Splita model into

- HW expensive + Accuracy-insensitive modules
- HW inexpensive + Accuracy sensitive modules

- Integerization strategy

- Integerize accuracy-insensitive modules

(

1 conv

~

B-norm

——— +RelU

UNIVERSITY (ORI FEARLESSLY
' MARC FORWARD

(&

Residual

Conn.
Y,

Accuracy contribution

2@

N

HW cost

3
X%



Accuracy contribution

5 /N [
Hardware Cost Breakdown I
- Conv and matmul dominates HW cost : 5 ?
- Complexity = O(N3) B-norm :
: — 2 +RelLU Conv
- Batchnorm + ReLU + Residual = O(N?) +Residual
AlexNet MACs Breakdown ResNet-50 MACs Breakdown ViT-B/16 MACs Breakdown

B Normalization B Normalization

UNIVERSITY OF FITITIIIN] 11
MARYLAND "




Activation is Important

- Accuracy: W8A16 > W16AS8

- Activation is more acc-sensitive than weight

B-norm
+RelLlU

Accuracy contribution

+Residual i ‘- i

Precision Lambada (1) PIQA (1) OpenBookQA (1) RTE (1) ReCoRd (1) Ave. 19 Tasks () Wikitext-2 ({)
WI16A16 49.3 66.3 29.4 53.8 75.1 38.9 21.5
W8A16 49.3 66.1 29.6 54.2 74.8 38.5 22.1
WI16AS8 44.7 64.8 28.2 52.7 69.2 37.8 24.6
WS8AS 42.6 64.1 28.0 53.1 67.5 37.8 26.2
W4/8A16 0.00 51.4 30.2 52.7 16.1 28.9 1.76e5

Weight

Activation

UNIVERSITY OF FEARLESSLY
@ MARVIAND S 12




Full-precision Connection + Q-Matmul

- Conv: HW expensive + Acc-insensitive
- Batchnorm + Activation:

=

. . - sl
HW inexpensive + Acc-sensitive
- MAC in low-bit (FP-in, FP-out)
Accuracy contribution
B-norm Full-
iggg}cjlual Pre0131on L

@UNIVERSITYOF 14%29 96%294

Low-bit Matrix Operatlon
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Part 2

- Integerization + Neural network

Accuracy contribution
] /N [

B-norm !
+RellU -‘-------r-
+Residual

UNIVERSITY (ORI FEARLESSLY
) MARC FORWARD

Full-
Precision

Domain / Al \

14—>2—> —>6—>294

Low-bit Matrix Operatlon




From Number to Matrix

Quantization granularity

A=0.2 A=1.4,.2,.2] A=1[.4,.2 .2]
- Global 3-bit (0~7)  2-bit (0~3)  2-bit (0~3)
_ Channel-wise .81.41.4 21212 222
, A4.2|.2 21111 1
Column-wise 4l.4[.2 22111 [2f2]1
Row-wise

Full Precision Global Step  Col-wise Step Row-wise Step

- Accuracy: Channel-wise > Global
- Size efficiency: Channel-wise > Global

UNIVERSITY (ORI FEARLESSLY 15
' MARC FORWARD




A1.2| | 8)-4] _ |.4].4

2x2 Matrix Multiplication 57 x olal~ (838

- Each element in output matrix

- Inner product between input row and weight column

0. =, (X, XW, ) =X XW_+X xW_ 3 |

poeen e [l x st = (A <[8] + 2] <2 = [4

- Ifinput (x,.x,) have same Ax and weight (w,, w,) have same Aw
- Axand Aw can be factored out

- Low-bit matrix multiplication (Ax=0.1, Aw=2)

4
-1

[Axx|1]|2]|1X[AwX

] = AxxAwx| 1] x[4] +AxxAwx | 2]|x |-1] = AxxAwx |2

UNIVERSITY (ORI FEARLESSLY 16
' MARC FORWARD




Quantization Scope Sal*[2lal = (a8

- Global Ax and Aw can be factored out

[Axx [T]2]1x[Awx _41]= 1] x[A] «axxawx [2]x 7] = Axxawx[2

Same

- Different A in the same MAC cannot be merged
- The weight has row-wise weight [Aw_, Aw_, ...] [g]4] Aw - Aw,=
- Inthis example, Aw =4 and Aw_=2 2|4 Aw,=2

[Axx|1]|2 ]X[(ﬁx;)X!] = 2|x[-1 *Axwax 0

Different

UNIVERSITY (ORI FEARLESSLY 17
' MARC FORWARD




Global Input + Global Weight

- Global input step size Ax + Global weight step size Aw
- MAC = Low-bit MUL + Full-precision (FP) ADD
- 1x Full-precision scalar scaling (AxxAw)

1].2] A%

2

Low-bit MAC

2[4
8[-4] Aw

4

-2|

o

-2|4

UNIVERSITY (ORI FEARLESSLY
' MARC FORWARD

2

2 2 AXX AW .4.
_O dririidr)




1[2 ~
Global Input + Col-wise Weight =< 4l fd

- Global input step size Ax + column-wise weight step size AW
- MAC = Low-bit MUL + Full-precision (FP) ADD
- 1x Full-precision vector scaling (AXXA_V)V)

11.2) 20 11]2 Low-bit MAC
2[.4 2|4 387
81-4 Aw I_]_ Axx Aw
4 1] axxdv [4].4
22 1 —@“’l 2|~ |88

UNIVERSITY (ORI FEARLESSLY
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Non-integerized

Global Input + Row-wise Weight

- Global input step size Ax + row-wise weight step size AW
- MAC = Low-bit MUL + FP scaling (Aw) + FP ADD

- 1x Full-precision scalar scaling (Ax)

o |

o2

Low-bit Mul

+ FP Scaling (Aw)

2

4

3

-4

1
2

2
4

-2|4

UNIVERSITY (ORI FEARLESSLY
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Non-integerized
Col-wise Input + Global Weight ™ G

- Col-wise input step size Ax + Global weight step size Aw
- MAC = Low-bit MUL + FP scaling (Ax) + FP ADD
- 1x Full-precision scalar scaling (Aw)

IR Low-bit Mul
1l.2| Ax + FP Scaling (Ax)
2.4 AX
38I-4 Aw Aw
Bl 4].4
-2(4 > a4l — [38.8

UNIVERSITY (ORI FEARLESSLY
' MARC FORWARD




All Possible Quantization Scheme

Row-wise / Global / Col-wise

- 9 possible quantization schemes
- Schemes able to integerize

- Input not column-wise
- Weight not row-wise

- Most common schemes

- Row-wise model

Row-wise input + row-wise weight
- Column-wise model

Col-wise input + col-wise weight

UNIVERSITY OF FITITIIIN]
) MARYLAND o]

9SIM-[0D / TRqO[D / 9SIM-MOY

4

-2

-1
1

-112] [1f2]
- R-wise « «
2[4 Model
112 ( «
214

\ _/

I 1 col-wise
2 Model

b



Part 3

- Integerization + Matrix multiplication

[Ax X EIZI]X[AWX ] = II[XIE[ X]EXE[ = AxwaxIZ[

Same

[AxxlIlZl]x[(ﬁxl)x] =Gxx Awpx [A] x B €Bxxawy< [2] [ ¥ Axxawx[0]

Different

UNIVERSITY OF FITITIIIN]
) MARYLAND o]

4]-2|

12

Row-wise / Global / Col-wise

-1
1]

v
oA

v
v

/

9SIM-[0) / [RUO[D / OSIM-MOY

SE] | [S]=] [

N =] [N [

23

col-wise
Model

)




Unsigned or Signed Integerization

- Range between unsigned and signed
- ReLU and tanh range

UNIVERSITY OF FITITIIIN]
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How to train integerized Networks
- Post-training Quantization (PTQ)

- Finetuning from pre-trained models

- Quantization-aware Training (QAT)
- Train from scratch

Q-aware Training (QAT)

UNIVERSITY NN FEARLESSLY Post-trainin PT
& AR gQ (PTQ) 25




Q-aware Training (QAT)

PTQ vs QAT L
o I I
- Speed (Training time) 1 =]
- Finetuning > Re-training w ] T |
- PTQ>QAT J 11 Quantizd mode ]
- Final accuracy

Post-training Q (PTQ)
- QAT > (PTQ + Full-precision model)

Full-precision model is very different to integerized model

- What if we have a closer pretrained model?

UNIVERSITY OF FITITIIIN]
) MARYLAND o]




From Quantized to Integerized

Row-wise / Global / Col-wise

Current quantized model - 2| 7
2

1. Col-wise model 12

a. Col-wise Input

g
b. Col-wise Weight s R-wise « «
. z, Model
2. Row-wise model : |214]| 7°°°
a. Row-wise Input o [1]2
b. Row-wise Weight gj 2[4 « «
- <
@]
=2 1 col-wise
él 2 Model

UNIVERSITY OF FITITIIIN] 27
) MARYLAND o]




Integerize a Quantized Model

Quantize a column-wise model
- Keep weight col-wise
- Make input global quantized

Easier than col-wise -> row-wise

UNIVERSITY OF FITITIIIN]
) MARYLAND o]

aSIM-[0D) / [RQO[D /[ ASIM-MOY

S[=] | [S]=] | [

-1

2

=12

Row-wise / Global / Col-wise

4]-2]

-1
1

R-wise
Model

(

N

Integerized
Model

\

.

N[ (DN [

t

col-wise
Model

2




Integerizing a Quantized Model

From [row- Wise_A)x + row-wise Kw] to [row-wise Ax + global Aw]
Low-bit Mul

] A_\QI [4 2] -~ AW 3 1.2 §) EIZ‘ + FP Scaling (Aw)
- Result with error -> Finetune 2.4 " [1]2] . B
8J-4] Av - 1] ™ [4]a
-2/4 — [a]a]  [8].8
Row-wise / Global {Col-wise
2FY [a12 l%
F2] F12
11D . 1 z - LOW‘blt MAC
| & e

lntegerized o A
Model

1] axxaw [3].3
—> 1 ,

col-wise
Model

asIM-[0D / [BQO[D [ 9SIM-MOY




O Full-precision (FP)
From Matrix to Transformer o Lowbit
&

- HW expensive modules: - PRJ%Z"

- Linear and Matmul

- Quantized model inference
- Q(q) ->dQ(x) -> Linear/Matmul -> Q_(q)
- Integerized model inference

- Q(q) -> Linear/Matmul -> dQ(x) -> Q,(q)
- MergedQ,and Q,

A=) 0

UNIVERSITY OF FITITIIIN]
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Results - 3b Vision Transformer

- Best acc-pwr tradeoff
- Lower-bitis good

82
. FP DeiT-S o
- 80 i s
E 78 'G
8 . 0‘ ® Ours
% 76 - HG-PIPE
E ® Auto-ViT-acc
S 741 Xiao
g FP Deil-T . ® I-ViT
o _ O Dei T
O DeiTl-S
70 S — i3
1071 10° 101

Normalized Power (GOPs x (bitwidth/8)?)

UNIVERSITY OF FITITIIIN]
) MARYLAND o]

Board Tect Model OP clk Power Peak Actual  GOPs/s/W
o i 2 Type  (MHz) (W) GOPvYs GOPsis  (GOPs/J)
ViA [35] US0 16nm Swin-T FP16 300 39 - 309.6 79
DFX [36] U280 l6nm _ 345M (GPT-2) _ FPI6 : 35 = 184.1 2.1
Fan 37] VCUIZ8  T6nm FABNet FP16 300 T3 *1380 *1280 T3
Ye [20] U250 I16nm ___ Rush [38] INTS 300 772 4915 1800 333
3 VIT-T 300 - 1220 6161 =
Huang {19) ZCU102  16nm ViTS INTS s 6 o s e ey
—— - Deil-s = 10.7 - #2321 206
HeatViT l}:)[l ZCul102 16nm DeiT-B ; 114 A 425 374
2 Transformer 5

Lu [40( VUI3P  I6nm (MHA) INTS 200 16.7 819 629 37.7
Ftrans |41 VCULIS  16nm R"SEST“ INTI6 = 25.1 - #1077 *43.0
e ViTs 214 - 1150 537

Zhang (22} ZCU9EG  16nm ViER FP8 300 514 : oiiga o
T 3 150 7.8 = 1149 645
ME-ViT {24 U200 l6nm ViT-B INTS 0 Are : i o
= VUop : 243 129 *995 580 682

Alabach 17 -}
Calabash (21) zculy o HERE INTI6 309 6.6 614 530 #80.3
Deit-T Cistoy:. 183 401 1488 371
Xiao [34] U250 16nm DeiT-S & 192 284 2861 *100.8
; INTS

DeiT-B 179 253 2332 292 4

Deil-s FP35 03 - =711 688

. = . DeiT-B +FP4 1.0 - =996 #90.3
Auto-ViT-ace 23] ZCUI02  16nm DTS o 150 CE ) dore 1059
DeiT-B = 8.1 - 989 *#122.0

ZCUT02 P 175 319 - 074 0.1
—_ DeiT-T 425 434 - 4536 *104.5
HG-PIPE B3y gp I60m m— 425 467 - 8898 +190.5
— DalsS ; 350 481 - 6854 *1425
3 o1 T-S
Ours U250 l6nm  C ?}»?ﬁfng INT3 400 6183 42515 13568 219.4




~ MACin
"\ full-precision

LaSt Slide 3::

- From quantization to integerization ZE31,p BEE

[a]-2[2]4 P [4]-2[2}-

- Integerization + Neural network Low-bit MAC
- Integerization + Matrix multiplication  Accuracy contribution

B-norm E
. . . +ReLU 1-‘--.----:.-
+Reslidua
- Model integerization research P aweos
] 7
a2 Row-wise / Global / Col-wise ---5.---. . - Conv
%80' FP Deil ) 3 - 4-2 I% : +
@ v
g 8 Owsie ," ® Ours '1 2 Full 2 1
< A HG-PIPE - .
g 76 PY i:lto-viT-acC %U - R-wise , r 4 Precision
© 74 4 iao :
5 FP Dei ® I-ViT 3 Model Domain A\ 4
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20 o O DeiFs g 112
101 10° 100 212(4 ‘ ‘ J
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QfF AN N
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Output
Probabilities

Attention Attention Attention

.
- All transformer models have attention module e

- (L->R) DeepSeek V3 -> Open Al -> Google

34

Text & Position Embed

L Y N R s 1 ™\ Add &
: 0000 --0000) [ foutedexper o T Add § Homn Mult-Head
Transformer Block xL | i Output Hidden b & B shared Expert i Prediction | Classifier - Feed y Attention
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i : I Layer Norm
1 1 I
: 1 1 A
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| Y Y G000 - :
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! Attention s ! 12x — " v
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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

o
0]
~
O
-
<
O

because

didn’t
cross
the

self-attention distribution

Layer k

UNIVERSITY OF FITITIIIN] 35
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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')

Q ok’ v A

N
kX ad-k1|qa-k2|q4a-k3| qa-ka va a4
UNIVERSITY OF [T ) J 36‘
/ LUy - 1xd 1xN - Nxd
k 1xd,




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

UNIVERSITY OF FITITIIIN]
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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
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Probab
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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
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1 rj L L Input Oute
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[ [ ! Inputs Outp
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Figure 1: The Transformer - mode!



&

Quarter 1 Done. Any Question?

1. What s attention? What is transformer?

Layer k+1 o

chicken

Th

self-attention distribution

UNIVERSITY OF

MARYLAND

didn’t
cross
the

cross
the
road

FEARLESSLY
FORWARD

because

[0}
n
=
©
O
[0}
Q

£t

Q

KT
- | dkxN
1xdy

3. Divide scalar score by Jdj g 7

2. Compare x3's query with
the keys for x1,

1. Generate

vectors

5. Weigh each value vector

4. Turn into a, weights via softmax (3

8. Output of self-attention &, [ xd]

7. Reshape to [ x d] w8/ [d, xd]

6. Sum the weighted

a3

[1xd]

value vectors

114

K

X2, and x3

@

key, query, value VK V

L

Scaled Dot-Product

Attention

|
in

Xy Xz X3
[ xd [ xd] [1xd
Output
- Probabilities
[_Softmax__]
= (_Linear ]
((Add & Norm ]
1x dv Add & Norm
Feed
Forward
J
Add & Norm
AR TR Mult-Head
Feed Attention
Forward Nx
Nx Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
A
N —
N A Positional
Encoding
Input Output
Embedding Embedding
Inputs Outputs

39 (shifted right)

Figure 1: The Transformer - model architecture.



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 - mozl'e& architecture.
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Next-token Prediction

- Each transformer inference generates one token

Decoder only e
St Iteration 1 Iteration 2 Iteration 3 Iﬁgg:ﬁf?:
word based on d\e\

Head
o |

Stacked
Transformer
Decoder Decoder Decoder Blocks

I I T Input
Crosee ) o) ot ) Encoding

UNIVERSITY OF [FITIREM
% MARYLAND ‘St

Io?g arT)d thaTnks for aTII
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(lo \ Io Iog Io (Iog \
(o N U A3 B\ U / U
e ) =) =
- ] - - -
x1 x2 x3 (x4 )
H<[2] H<{3] H<{4]
z x /_ A N 4 3 W v L \ /_
So Iong arl1d thalnks




Machine Translation

- Sequential token generation

- Original texts as context

student
[END]

am

ttttt t t

UNIVERSITY OF |& 5l |E z

kel

W MARYLAND |&|o %|3|&| |2|_|5|«|2

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 e
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 for the

I decoder
5) A partial output text
“ . i 4R model completes
bl [tiom the translation one

word at a time)



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

UNIVERSITY (ORI FEARLESSLY
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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]

UNIVERSITY OF FITITIIIN]
MARYLAND BERT: Bidirectional Encoder Representations from\Jraghformers




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?

2. Transformer usage

Class
Label

E[CLS] E, E,

LI
[CLS] Tok 1 Tok 2

]
[

Single Sentence

Cransi thi vt Iteration 1

word based on the
input text

Decoder

Preprocessing steps

I

Input text

1 Embed
honeaee e S S
He loved to eat
Iteration 2 Iteration 3
| “This is an”

| I “This is an example” I

Decoder

Preprocessing steps

I

Decoder

Preprocessing steps

T

Er liebte zu essen .

Output
Probabilities

NULL Er liebte zu essen
Forward
| Add & Norm |:
aothllies Multi-Head
Feed Attention
Forward T 7 Nx
S |
Nix Add & Norm
r-" Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
\_‘ J \ ‘_‘J
Positional @_@ @ Positional
Encoding Encoding
Input Output
Embedding Embggsling
Inputs Outputs

(shifted riaht)



Transformer in Hardware

- Embedding

From texts to vectors
Positional encoding

Architecture

Dynamic matrix multiplication
KV cache

UNIVERSITY OF FITITIIIN]
% MARYLAND it

Output
Probabilities

Add & Norm

Feed
Forward

| Add & Norm ;

S Multi-Head
Feed Attention
Forward J ) Nx
W |
Nx Add & Norm
f—>| Add & Norm | e
Multi-Head Multi-Head
Attention Attention
At At
\_ J \ _JJ
Positional / Positional
Encodi ) @& :
ncoding Encoding
Input Output
Embedding Embedding
Inputs QOutputs
(shifted right)

Figure 1: The Transformer - model archi)'e7clure.



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~

@ K/[NA\ERS ITY OF m"#fss[y Input O ﬂt§
5 FORWARD TP o
Y | A |\| | ) (shifted right)



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

UNIVERSITY OF FITITIIIN]
) MARYLAND o]




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 || £, I\Eml

UNIVERSITY OF FEARLESSLY
W) MARYLAND https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers




Rotary Positional Encodmg (RoPE)

- PE(pos,2i) = sin(posx0i) 9/,
PE(pos,2i+1) = cos(posx0i)
- 0i=100002-1/d
- RoPE properties 5
- Cyclic but very-large period T e L
e 0 i 2 :
- Linearindependent 5 ose | [t =0
- Bounded (PEE[_]_,]_]) Egg o | 1.000 0.540 :-0.41sj -0.990 f=1
- Fix-L2 (ZPE?is const) LA ———

UNIVERSITY OV FEARLESSLY " 51
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Matrix Multiplication: Conv HW Recap

Global Buffer
A
I I eyt I Ii
| Wo |

- Conv-based model

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

Psum

R, X e M Mo e T
o . e o 1 XW, IX“:I 1Xv"’1 - X .
- Weight reuse will be efficient DX X Sakot
- Weight-stationary dataflow
- Example ZXIWI Input Image Convl Conv2 Conv3 Conv4 Convb FC6 FC7 FC8
4 3 3 13
)\ o 3K . NN
- 3& 13 :Q 13 39 13 1
Max 256 Max 384 384 256 Max 1000
Pooling Pooling Pooling

. 9 Nm——
UNIVE RS ITY OF FEARLESSLY ESt”de of 4 4!_(1926 4096
) MAR' FORWARD )




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

UNIVERSITY_OF FEARLESSLY - 1xd 1xN —53 NxdV
Wy MARYLAND ™ L7




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

UNIVERSITY OF FITITIIIN] T 1xdy 1xN
) MARYLAND LI




KV Caching

- Cacheall Kand V from prev N-1 rounds
- Same number of Q/K/V generations every round

- KV cache can be large oo [ tong ks a
- 2.1GBinLLaMa-7B [ ] .....

- 19GBin LLaMa-70B

Stacked

ranstor r
KT Blocks =
= e —————
. EEs ===
= X 3 —>—/ \
| d,_xN
K
= eh | (2 @ | chn che e chol b
R 1xN 1 Nxd encoding | | EN | (BN ] |LEDN =Y fVa:
1xdv ) ) ) ) -y

f f f f
Input tokens So long and thanks for

® MARYLAND Cached




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.




Recap: Transformer in NLP

- Token embedding + Positional embedding
- Transformer model

- How to generalize to U UJUJUJUJ U
| | [ I I ! I

other applications bositional 000 000 000 00e OO0 080 00
ositiona
- Vision Embedding F@ }_@ I_@ F@ F@ [—@ ]—@
Audi 00® 600 OO0 OO0® OO0 000 00e
- udio Token
) Embedding I f f f I I f
- Multimodal (19204) (3989 ) (7126] (5047 ) (4678 ) (2616 ] (1012 ]

I I I I I [ I

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

Tokenizer ~_— 1 T T ~_"

Tokenization helps handle rare words.
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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 ] rube dd ng Linear Pl‘O_]ECthH of Flattened Patches

Norm

UNIVERSITY OF -. ﬁﬁi #-‘m‘
@ MARYLAND e T e % LT
Patches WWE

I[IE



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

UNIVERSITY OF FITITIIIN]
) MARYLAND o]

| Linear Output

Transformer Encoder

L 1 f 1 [ 1 |

Poi| |Pu| |Py] [Py [Prat| |Pisi| | Prat] [Pif |Piss
+ + + + + + + + +

EjcLs) Em Ep; Em Eu| |Es El6] Ein| |Es

Llnear PI'O_]CCtlon

ﬁ TITITY
*—E W




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
' N e
. J . J . J

text task-specific
embedding queryggbedding

1

image input text input task index

convnet
backbone
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Quarter 4 Done. Any Question?

detection <
VOA SNLI-VE SST-2
class &
. classifier classifier classifier
box heads

task heads

losses

task-specific
output heads

decoder

Add & Norm

Feed
Forward

{ Concatenate

image encoder text encoder
~ ~ 7
Add & Norm

Feed
Forward

Add & Norm

Add & Norm

Add & Norm

Multi-Head
Cross Attention

Feed
Forward

4. Generalized transformer

Add & Norm

Multi-Head
Self Attention

Add & Norm

Muilti-Head

Multi-Head
Self Attention

Self Attention

Output

convnet text task-specific
MLP backbone embedding query embedding
( Transformer Encoder ) Head
I image input text input task index
oo

+ + + + + + + + Transformer Encod
ransiormer encoder
Li Projecti + Positi
[iél h#t&iﬁé] e - 60 8) ) )6 0) 8)8) )
e bi * Extra learnable
L J L J [

[class] embedding Linear Projection of Flattened Patches ]
T T A
® o T o~ I D N
i , S Ty i L

s




Questions?
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Self-Attention [@n@

Layer

attention attention l

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;.
W IVIAKY LAIND L 65 )




& MARYT

ANI QTR MY Training a transformer as a language model.

Next token
Loss

Language
Modeling
Head

Stacked
Transformer
Blocks

Input
Encoding

Input tokens

UNIVERSITY O

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 4 ) \ A

S

N—/

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

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

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

Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.

Single Sentence




=

) /MoE layer o
t | ‘
—> > >
A A X "
G(x),| |G(X)ps
MoE MoE
layer layer Expert 1 Expert 3 v eiiw Expert n
\ A E
—> > —>
T T Gating
‘~ \ 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 o¥uts are
modulated by the outputs of the gating network.



8) The complete output
(translation)

“Das ist ein Beispiel”

Output layers

7) The decoder
generates the
translated text one
word at a time

o

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

word at a time)

;
4 ;
X Bl Bl oot Approximate

@, UNIVERSIT encoder conditional decoder 70

MARYLAING




@ UNIVERSITY OF FEARLESSLY
8 MARYLAND ‘Szt "




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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