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Which of the following Is not one of the main sources of memory
consumptione

.. Infermediate activation values
. Model weights
. Optimizer states

.. Iraining code



Which of the following statements is false about gradient
checkpointinge

. Applying gradient checkpointing during model training could save
GPU memory

. Gradient checkpointing applies to both model weights and activations

.. The location of gradient checkpointing affects how much re-
computation and memory are needed

.. It1s possible to discard some of the activation from memory since they
are only needed during backward pass



Glven this fable of model configurations, what is the activation size
of GPT-3 2.7B (using fp 16 for all activitations and checkpointing at

the transformer layer boundary)e

A.
B.
C.

D.

7031.25GB
201.34GB
152.59GB
305.18GB

Model Name Mparams  Tayers Omodel Mheads Ohead DBatch Size Learning Rate
GPT-3 Small | 25M 12 TO8 12 (4 (.5M 6.0 = 104
GPT-3 Medium 350M 2 1024 16 6l 0.5M 3.0 x 10—
GPT-3 Large Te0M 24 1536 16 U6 (0.5M 2.5 x 104
GPT-3 XL 1.3B 24 2048 24 128 | M 2.0 % 1071
GPT-3 2.7B 2.7B 32 2560 32 80 |M 1.6 x 10~
GPT-3 678 6. 78 32 4096 32 125 2M 1.2 % 1074
GPT-3 13B 13.0B 40) 5140 40 128 2M 1.0 = 101
GPT-3 175B or “GPT-3" 175.0B O | 2288 06 | 28 1.2M 0.6 x 101




How to Choose/Tune Memory Optimization

Determine desired

training batch size
batch, e.g., 64

Yes!

If the job completion time

train with bs = 64

OOM?

|

Yes!

|

Try largest possible micro

No!

— . success bs with grad accum: 32-
(JCT) Is expected ~16->8 .
) Parallelize \
NoO i
(next week) fail?
Turn on swapping - il Largest possible micro bs

+ turn on grad ckpt

success



Dataflow Graph

Autodiff

Graph Optimization

Quantization

* Digital representation of data
®* Basics of quantization
* Quantization in ML

®* Post-fraining quantization

* Mixed precision



Floating-point Representation

23 22 21 20 2-12-22-32-4

Sign 8 bit Exponent 23 bit Fraction

(-1)sign X ('1 + Fraction) X 2EXP°nent'127 «<—— Exponent Bias = 127 = 28-1-1

(significant / mantissa)

0.265625 = 1.0625 x 22 = (1 + 0.0625) x 2125127

_00010000000000000000000

125 0.0625




Floating-point Number: normal vs. subnormal

Sign 8 bit Exponent 23 bit Fraction
Should have been (-1)sign x (1 + Fraction) x 20-127
(-1)Si9n X (1 + Fraction) x 2Exponent-127 But we force to be (-1)Si9n x Fraction x 21'1270
(Normal Numbers, Exponent0) (Subnormal Numbers, Exponent=0)

o
o
o
o
o
o
o
o

o O A

o

0.265625 = 1.0625 x 22 = (1 + 0.0625) x 2125-127 0 =0 x 2-126




What is the minimum positive valuee¢

Sign 8 bit Exponent 23 bit Fraction
(-1)sion x (1 + Fraction) x 2Exponent-127 (-1)sion x Fraction x 21-127¢)
(Normal Numbers, Exponentz0) (Subnormal Numbers, Exponent=0)

0/0/0/0/0|0|0|0j0|0|0|0

%000000000000000000
1 0 0 2-23

2-126 = (1 4 Q) x 21-127 D-149 — 9-23 « D-126



Some Special Values

Sign 8 bit Exponent 23 bit Fraction
(-1)si9n x (1 + Fraction) x 2Exponent-127 (-1)sion x Fraction x 21-127¢)
(Normal Numbers, Exponent£0) (Subnormal Numbers, Exponent=0)

0/0/0/0/0|0|0|0/0|0|0|0/0

+oo (positive infinity) NaN (Not a Number)

0/0|0|0|0/0/0/0|0j0j0|0|0|0j0j0j0j00/0/0(0j0
-00 (negative |nf|n|ty) Q much waste. Revisit In fp8.




Summary of fp32
RRRREARERE

Sign 8 bit Exponent

23 bit Fraction

Exponent Fraction=0 | Fractionz0 Equation
004=0 ()| 20 | subnorma (-1)sion x Fraction x 21-127
O1n..FEn=1..254 normal (-1)sion x (1 + Fraction) x 2Exponent-127
FFh = 255 Q £INF NaN
subnormal values normal values
| | | | | | | | | | L,
| | | | | | | | | | |
+0 2-149 (1-2-28) 2-126  D-126 (1+1-2-28)x2127



FP32 vs. FP16 vs. BF16

®* Exponent width -> Range; Fraction width -> precision

IEEE 754 Single Precision 32-bit Float (IEEE FP32) Exponent Fraction
(bits) (bits)
8 23
IEEE 754 Half Precision 16-bit Float (IEEE FP16)
5 10

Google Brain Float (BF16)

Total
(bits)

32

16

16



Exercilse

1 ileoll] -

0

0

0

0

0

0

0

Sign 5 bit Exponent

* Sign: -
* Exponent
* Bias:2* —1 =15,
e 10001, — 15,9 = 1749 — 15;9 = 210
* Fraction
e 1100000000, = 0.754,
* Answer: —(1+ 0.75) x 24 = —7.104,

10 bit Fraction




(-1)sion x (1 + Fraction) x 2Exponent-127

Fxercise Google Brain Float (BF16)

What is Decimal 2.5 in BF16%¢
e 25=1.25 x 21!
® Sign: +
* Exponent: biasis 27 — 1 = 127
e x —127 = 1;x = 128,, = 10000000,
* Fraction: /7-bitf fraction
e 0.25=0100000,

Sign 8 bit Exponent 7 bit Fraction




Latest FP8

®* Exponent width -> Range; Fraction width -> precision

IEEE 754 Single Precision 32-bit Float (IEEE FP32) Exg)?t':)*"t Fr(z?tt;;m
ERRRRRERR 3 23

IEEE 754 Half Precision 16-bit Float (IEEE FP16)

NN 5 10

Nvidia FP8 (E4M3)

- * FP8 E4AM3 does not have INF, and S.1111.1112 is used for NaN. 4 3
* Largest FP8 E4M3 normal value is S.1111.1102=448.

Nvidia FP8 (E5SM2) for gradient in the backward

* FP8 E5M2 have INF (S.11111.002) and NaN (S.11111.XX>2). 5
* Largest FP8 E5M2 normal value is S.11110.11,=57344. S

Total
(bits)

32

16



INT4 and FP3

INT4
001
111

FP4 (E1M2)
SIEl v v

01
ol 1
FP4 (E2M1)

FP4 (E3MO0)

-1,-2,-3,-4,-5,-6,-7,-8

*—0 00 0 0 0 ¢
0, 1, 2, 3, 4, 5, 6, 7 0 1 2 3 4 5 6 7
=1
=/
-0,-0.5,-1,-1.5,-2,-2.5,-3,-3.5 —0 0000000
o, 0.5, 1, 1.5, 2, 2.5, 3, 3.5 0 1 2 33.5
=0.25%21-0=0.5
=(140.75)x21-0=3.5
R T S OT NI S S
’ . ’ ’ . ’ I ’ ’ 0 1 2 3 4 '6

=0.5x21-1=0.5
=(1+0.5)x23-1=1

no inf, no NaN

-0,-0.25,-0.5,-1,-2,-4,-8,-16

o, 0.25, 0.5, 1, 2, 4, 8, 16 0 1
=(1+0)x21-3=0.25

=(1+0)x27-3=16

no inf, no NaN

© e

-1,-2,-3,-4,-5,-6,-7,-8
Of 1! 2]' 3; 4; 5, 6, 7

-0,-1,-2,-3,-4,-5,-6,-7
Of 1! 2]' 3; 4; 5, 6, 7

-0,-1,-2,-3,-4,-6,-8,-12

x0 .
o, 1, 2, 3, 4, 6, 8, 12

-0,-1,-2,-4,-8,-16,-32,-64 _
o, 1, 2, 4, 8, 16, 32, 64

5

0.

25



Quantization

* Digital representation of data
®* Basics of quantization
* Quantization in ML

®* Post-fraining quantization

* Quantization aware training

* Mixed precision training



What is Quantization

Quantization Is the process of constraining an input from a
continuous or otherwise large set of values to a discrete set.
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Storage

Compute

Quantization Basics

2.09

-0.98

1.48

0.09

0.05

-0.14

-1.08

2.12

-0.91

1.92

-1.03|

1.87

1.53

1.49

Floating point

weights

Floating point
arithmetic

3 0 2 1 3: .
1 1 0 3 2: 11.50
0 3 1 0 1: 10.00
3|1]|2|2]o: iol
K-Means-based
Quantization

— -1)X1.07

Linear
Quantization



weights

(32-bit float)

2.09

-0.98

1.48

0.09

0.05

-0.14

-1.08

2.12

-0.91

1.92

0

-1.03

1.87

0

1.63

1.49

K-means Quantization

quantization
error:

2.09,2.12,1.92,1.87

2.0

0.09,0.12,-0.08, -0.13



K-means Quantization: Clustering

weights cluster index reconstrugted weights
(32-bit float) (2-bit int) centroids (32-bit float)
.-0.98 1.48 | 0.09 3 0 5 1 |3 . 1.50 | 0.00
0.05 |-0.14 -1.08. cluster 1 1 0 3 |o.|1.50 -1.00
-0.91 0 |-1.03 o | 3|1 ]| o0 [1/000 R 700
1.53 | 1.49 3|1 | 2| 2 |o:|-1.00 1.50 | 1.50
indexes codebook o
quantization error
0.09 | 0.02 |-0.02| 0.09
32bits x 16 = 512 bit = 2 bit x 16 = 32bit 32 bit x 4 = 128bit 0.05 |-0.14|-0.08| 0.12
storage b64bytes = 4 bytes = 16 bytes

0.09 |-0.08| 0 |[-0.03

3.2x reduction 0.13| 0 |0.03|-0.01




K-means Quantization: Clustering

reconstructed weights

weights -
cluster index (32-bit float)

.m 1.48 | 0,08 ooz |«
0.05 |-0.14 -1.08. cluster 1 1 0 3 |2:|1.50

1.50 | 0.00

-1.00

32M / NM = 32/N x reduction

-0.91 0 |[-1.03 o| 3|1 | o0 [1.]000 0.00 |-1.00
1.53 | 1.49 3| 1] 2| 2 |o|-100 1.50 | 1.50

indexes codebook

quantization error

. ° ° ° ° — A
Assume: N-bit quantization, and #entries = M >> 2N 000|000 |-000] 0.00
. , 32 bit x 2"N = 0.05 |-0.14|-0.08| 0.12

storage 32bits x M = 32M bit N bit x M= NM bit 2N N-+5) bits

0.09 |-0.08| 0 |-0.03
-0.13| 0 |0.03|-0.01




K-means Quantization: Backward

weights cluster index
(32-bit float) (2-bit int) centroids

.m 1.48 | 0,08 ooz |«
0.05 |-0.14 -1.08. cluster 1 1 0 3 |2:|1.50

-0.91 0 |-1.03 0 3 1 0 |1:]0.00

0 |1.53|1.49 3 1 2 2 |o:(-1.00

iIndexes codebook

gradient

-0.03

-0.01

0.03

0.02

-0.01

0.01

-0.02

0.12

-0.01

0.02

0.04

0.01

-0.07

-0.02

0.01

-0.02




K-means Quantization: Backward

weights cluster index | fine-tuned
(32-bit float) (2-bit int) centroids centroids

3 0 2 1 3:

cluster 1 1 0 3 |2:

xlr [-0.97

gradient

reduce

=>

group by




K-means Quantization:

* Accuracy vs. compression rate for AlexNet on ImageNet dataset

Quantization Only

0.5%

0.0%
-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%
-4.5%

Accuracy Loss

2% 5% 8% 11% 14% 17% 20%
Model Size Ratio after Compression



Before Quantization: Continuous Weights

5 1e3

Count

-0.10 -0.05 0.00 0.05 0.10

Welght Value



After Quantization: Discrete Weights

Count

3 le4d

0

-0.10

-0.05 0.00 0.05

Welght Value

0.10



After Quantization: Weights Shift after training

3 led

Count

. | | 1
-0.10 —-0.05 0.00 0.05 0.10

Welght Value




How Many Bits do We Need?

“ top5, quantized only < top5, pruned + quantized 4 top5, quantized only < top5, pruned + quantized
top1, quantized only © top1, pruned + quantized top1, quantized only © top1, pruned + quantized
850/0 }H,M‘O_’ O oO—————0 850/0 - » SR— v — el e——— Ol
68% : 68% ’

3 : £ _ - O——D—— L0 L>)" : N W, V— O— e L=
S 510/0 - ,'l B Q 510/0 '
3 : 3 :
(&) 340/0 L] 8 34°/o '
< : < :
17% : 17% ! '

0% ©O=— - . . . 0% € I . '

1bit  2bits  3bits @ Sbits  6bits  7bits  8bits 1bit 3bits 4bits 5bits 6bits 7bits  8bits
Number of bits per effective weight in all Number of bits per effective weight in all

Conv layers FC layers



K-Means Quantization: Runtime

* Weights are decompressed using a lookup table (i.e., codebook) at runtime. inference.
* Storage: quantized

* Compute: still float-point arithmetic

float

weights cluster index outputs

(32-bit float) (2-bit int) centroids

-0.98| 1. . 3 0 2 1

decode| 1 1 0 3

decode

. - * quantized weights
During Computation In Storage . codebook (float)



Quantization Basics

2.091-0.98|1.48|0.09 Sl R I .
1 1 0 3 2: |1.50
- -1)X1.07
0.05-0.14-1.08|2.12 T 1. b )
-0.911.92| 0 |}1.03| 3|1 [2]2]o 109
1.87 0 |1.53|1.49 K-Means-based Linear
Quantization ol
Quantization

. . integer weights;
Floating point

Storage : floating-point
weiglhts codebook
Compute Floating point Floating point

arithmetic arithmetic



weights

(32-bit float)

Linear Quantization

2.09

-0.98

1.48

0.09

0.05

-0.14

-1.08

2.12

-0.91

1.92

-1.03

1.87

0

1.63

1.49




Linear Quantization

* A linear mapping of integers to real numbers

weights
(32-bit float)

quantized weights zero point scale reconstructed weights
(2-bit signed int) (2-bit signed int) (32-bit float) (32-bit float)

HE
( —-1\)>(1/.07=

we will learn how to determine these parameters later

quantization error

-0.05( 0.09 | 0.41 | 0.09

Binary |Decimal
01 0.05 |-0.14|-0.01|-0.02
00
BRSO 0.16 [-0.22| 0 |0.04
10 -2 0.27| 0 |0.46|0.42




Linear Quantization

* Critical parameters to determine:
® /ero point: Z

® Scale: S

weights quantized weights zero point scale
(32-bit float) (2-bit signed int) (2-bit signed int) (32-bit float)

E
2
> — 1) X 1.07
( . )

r = ( q - 7Z ) X S



Linear Quantization: r = S(q — Z)

weights quantized weights zero point scale
(32-bit float) (2-bit signed int) (2-bit signed int) (32-bit float)

- -1 ) X 1.07

- 7Z ) X S

Floating-point Integer  Integer (zero point) floating point
e (uantization parameters e« quantization parameters
« allowreal numberr =
0 be represented by a
guantized integer Z



r =5(q — Z). Geometric Interpretation

Fmin 0 Fmax
a Floating-point
range
S XS
. Floating-point
q . *: Scale

Qmin Z dmax
Zero point

Bit Width| qmin Omax

2 2 1
3 -4 3

________________ 4 | -8 | 7 |
N N1 | N1




r=5(q — 7). Determine S and Z

Imax = S(Qmax — Z)

r min 0 F max

7 Floating-point I > I'min = \) (Qmin — /4 )
range
>< S
Floating-point
’, Scale
q - Z . "max — T"min = \) (Qmax T CImin)
Zero point

Tmax — Tmin
S -

Umax — Ymin



r=5(q — 7). Determine S and Z

r

min

0 rma};

2 Floating-point
range

! Binary |Decimal
Lot 1
______________ 6w | 0
10 -2

S XS
" Floating-point
Scale
min Z dmax
Zero point
Qmin Gmax

-2-10 1

S

¢ —

2.09

-0.98

1.48

0.09

0.05

-0.14

-1.08

2.12

-0.91

1.92

-1.03

1.87

1.53

1.49

I'max — "min

Umax — Ymin

212 —(—1.08)
1—(=2)

= 1.07



r=5(q — 7). Determine S and Z

Imax = S(Qmax — Z)

Fmin 0 Fmax
a Floa:ianngg-egoint I )
7 — Fmin
xS = Ymin — IS

o : Floating-point

" Scale Yo :
9 7Z = round(q,;;, — —=

min Z dmax qmln S )

Zero point



r=5(q — 7). Determine S and Z

r min 0 F max

2 Floating-point
range

»
.’
»
L
>
.
»
*
»

. Floating-point
q “ ¢.* Scale
min Z dmax
Zero point
! Binary | Decimal
SRS L N Imin Imax
-------------- 00_ _0 *
L - -2-10 1
10 -2

2.09

-0.98

1.48

0.09

0.05

-0.14

-1.08

2.12

-0.91

1.92

-1.03

1.87

1.53

1.49

Z = round(qmin —

= round

i

min
S

—1.08

1.07

)

—1



Apply Linear Quantization info Matmul
Y =WX
Sy(qy — Zy) = Sw(qw — Zw)Sx(qx — Zx)

Swx
Qy = S, (qw — Zw)(qx — Zx) + Zy
Swix
Qy = (Gwax — Zwqx — Zxqw + ZwZx) + Zy

Sy



Apply Linear Quantization info Matmul

Swx
Sy

Qy = (Gwx — Zwax — Zxqw + ZyZx) + Zy

* Empirically, S”S’SX € (0,1)
Y

¢ S”;:X = 2""M,, My € [0.5,1) using fixed point mulfiplication and bit

shift



Apply Linear Quantization info Matmul

Swx
Sy

Qy = (Gwx 1 Zwax | — Zxqw + ZywZx) + Zy

" Empirically: Zy, = 0

Swix
Qy = 5 _ZXCIW) + Zy
y

* Heavy lifting part
: -0.05 000 0.05 0.10 . o o R
Weight Value * integer multiplication



INT8 Linear Quantization Performance

Neural Network ResNet-50 Inception-V3
Floating-point 76.4% 78.49%
Accuracy
quantized 74.9% 75.4%
Acurracy

70
>
<
= 60
3
<
S 50
)
= Float
8-bit
40
5) 15 30 60 120

Latency (ms)

Latency-vs-accuracy tradeoff of float vs. integer-only
MobileNets on ImageNet using Snapdragon 835 big cores.



Quantization Basics

2.09-0.98|1.48(0.09 il R Ml L .
1 1 0 3 | 22 |1.50
0.05|-0.14}-1.08|2.12 T 17 1o 1+ oo = -1)X1.07
-0.911.92 0 }-1.03 3|1 ]2]|2]o 1o
1.87| 0 |1.53|1.49 K-Means-based L ;
Quantization 'n_ear_
Quantization
. . integer weights;
Storage Floc:’rln.g point floating-point
weights codebook integer weights;
Compute Floating point Floating point Integer

arithmetic arithmetic arithmetic



Dataflow Graph

Autodiff

Graph Optimization

Next Lecture

Operator

®* Post-fraining quantization
* Mixed precision

® Parallelization
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