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MLPerf (the Olympic Game for Al Computing)
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Offline samples/sec 4488 ——— 11189 2.5x

Llama 2 70B performance metrics for both closed division and open division.
Measured on a single NVIDIA H200 GPU.
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Memory is Expensive
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Neural Network Pruning

« Neurons & synapses |75} HER|IE & BIEE= 7
- HERIA9 E2=! (redundant) B2 H|7st0] Ms Xt

before pruning after pruning

pruning
synapses

Densely
Connected _
Synapses pruning - ____

neurons
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Neural Network Pruning
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Pruning at Different Granularities

Dense 2D
Weight Matrix

Inputs & outputs are

densely connected
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Pruning at Different Granularities

° i . . o 210 =Xl _
Convolution Layer: [C,, C;, ky, k,,] 4702 XFH S Z O|FHE B Preserved k, = 3m
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Pruning at Different Granularities

* Fine-grained Pruning B Preserved k, =3
* Redundant weightS AR E &2 4 A7 W20 YHHCZ HES Hped o |—:1
= HlE= 7 < — "
« HAH BIE=Q0] (e.g., Efficient Inference Engine) A 7t& 7Hs
Irregular <« » Regular
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Pruning at Different Granularities

« Pattern-based Pruning: N:M sparsity B Preserved k, = 3m
¢ M7H9| _9__)1\_7|' %1% [EH, N7H9| RAS Pruning _C')TE 7||:L|--|I [ Pruned T,l ||{
o UBMOZ 2:4 sparsity (50% sparsity) AFZ ”" LC —

* NVIDIA Ampere GPUO|M 2x speed up
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Pruning at Different Granularities

« Pattern-based Pruning: N:M sparsity
« M7HS| 247t /S W, N7He| 245 Pruning St= 7|8
« ABIMOZ 2:4 sparsity (50% sparsity) At
* NVIDIA Ampere GPUN|M 2x speed up

e.g., RTX GeForce 30 series, A600O0 ...

non-zero 2-bit
values indices

Metadata
— —

(O #IX| LIEFH)

Dense Matrix 2:4 Sparse Matrix Compressed Matrix
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Pruning at Different Granularities

« Channel-level Pruning: WP .

reserved W
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Pruning at Different Granularities

« Channel-level Pruning:
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Magnitude-based Pruning

* A heuristic pruning criterion
- O 2 Zrhzts 7t = Tret0|HE o S/ttt 78
+ DI ZHErSt srAlo|X| B SHof ArRfollAf & XS 3

L_L_ - O 1 -1 0O

Al
« Element-wise, Row-wise & CI&oIAH M & 715dlH, SRE= L1, L2 norme= 5%

Importance = ||

3 | 2 L1-norm 3] | [-2] 3 | 2 3 |0
1 -5 Element-wise 11 | |-5] 1 5 0 | -5
Weight Importance Pruned Weight
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Scaling-based Pruning

* Pruning criterion for filter pruning
« Convolution layer2| ZH (i.e., output channel) OC} scaling factorE &
* Scaling factor= 2f& 7ot Oi20| &
« BN 2{|0|0{2] scaling factor (v) MAZ 7ts
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Second-Order-based Pruning

« Minimize the error on loss function introduced by pruning synapses
« “Optimal Brain Damage” =20 A= lossZt quadraticstCtl 7H4 OFX|2f & 2|5t
« D SI50| =EHMT| WZ0 first-order Al2HE
e 202fO| mi2t0[E=0| sEMO0[2t 7FYSI, cross term FA[R g =

oL 0L
h

b ow; dw

5L=L(X;W)—L(X;WP=W—5W)=M Zhuéw +—Mw + O(] 3)

Start learning Loss function
y

importance,, = |6L;| = —h.w?

_____________ / E w; l 2 I i

Local minimurt-._

* h;; is non-negative

4mmmm LOSs reduction

Global minimum X
parmeter
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Percentage-of-Zero-based Pruning

 Activation gf2 0|23l pruningst= B4l (weight XHA|2| 442 O|&ESHK| &43)

HA = LS 3

 Average Percentage of Zero activations (AP0Z)& 7212 SQRLZ AtE
* APoZ 7} M5 O SK°0t 7

Width =4

Width =4
00105 1||0105 00 0|0|08 0 0.5/ 0 |0.2|0.1] |0.1]/0.5| 0| O 0 |0.8/0.1] 0
=r <r
Output %1.2 0.6/0.3/0.2] |[0.2/0.3| 0 | 1 0.7/ 0 |10.6/01 % 0 |0.2(1.2| 0 0 (0.8/0 1 02,0003
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0.2/, 0 0 0.8/ |0.1/0.6/0.7/0.1| |0.5] 0 |0.3|0.5 0204 00| 0.2 0100002/ 0030
Channel =3 Batch = 2 Channel =3
Average Percentage of Zeros (APoZ) = > +6 A2 ST =1_2 = =£
2-4-4 32 2-4-4 32 . 32
Channel 0 Channel 1 Channel 2




3. Pruning Criterion

Regression-based Pruning

* Minimize reconstruction error of the corresponding layer's outputs
« ZHE TKH|C| errorE pruningdi| AFZSEX| g£11, Zf 2{[0]|012] reconstruction errors ALE!

-

MIT 6.5940

¢; Outer product c, c,
argmin |2 - 217 = 12~ 2 AXWEIE " Bl
=0 X w7 Z

subject to || f]|g < N,

—> + Fix W, solve  for channel selection

—> + Fix 8, solve W to minimize
reconstruction error

Ilterate
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Finding Pruning Ratios

* Analyze the sensitivity of each layer
« LEIFAO| 2= pruning ratioE AtESt= AELtHZF 2|0|HOICH X[ HSl|$= 0| O M5 £5
« 25 2|0|0{&= pruningdl| 27| CHE RIZEE 71X Q!
« Per-layer pruning= <5 sensitivity &4

0lo
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o
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Finding Pruning Ratios

* Analyze the sensitivity of each layer
« EO| MH| 20| CHSH pruning rateE E&SHH accuracy/t HO{X|= HEE 24
« Threshold T & &5I04, 2} 2|0|010f| CHSt pruning rate &
mp %|E9o| gk ot 2o]o] Zto| Mg na{ohX| S

100 |
g 88 \
o 72 Threshold T
©
S5 58 LO L1
;5’ o L2 L3
4 | o 14 o L5
30 more sensitive

10% 20% 30% 40% 50% 60% 70% 80% 90%
Pruning Rate (Percentage of Weights Pruned Away)
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AMC: AutoML for Model Compression

* Pruning as a reinforcement learning problem

Model Compression by Human:  Acc.? FLOPs{ : Rewardt
Labor Consuming, Sub-optimal Part of R, * Acc.y FLOPs1: RewardJ
[ ] [ | : I I : |
e | | | L] I
pe . 7 | . '‘Reward = -Error| :
o —_— . . | Critic < | | m/ Layer t+1
. . | | | 2 9 |
Original NN Compressed NN : —T | | / ° |
- Act \ction: Compress with R /l//l//[//l/ |
_— AMC Engine el Sparsity ratio a (e.g. 50%) - Layer t ;
) : r | S AP // 50%
. o : :
o o | ol i 1 % 1 Layer t-1
e ° o ° i Embeddlng * ) . ] ] : ] !
pii o - . N Em:beddlng St—[N,C:rH,W,I...] 30% |
» [ R ! ' ' ' ' :
L L i ! ! : !
Original NN Compressed NN Agent: DDPG : ¢ :
Model Compression by Al: Environment: Channel Pruning

Automated, Higher Compression Rate, Faster
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AMC: AutoML for Model Compression

* Pruning as a reinforcement learning problem

Acc.-FLOPs curve
= Log function

80 LR A *
Inception-v3 e”
Resnet-s0 0D
75
Reward= -ErrorFLOP) Z 70 ’
§ EN
g 65 '
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Fine-tuning Pruned Neural Networks

* Pruning 0|, 22 377} 2HF
» Fine-tuning= &3l accuracy d&= 2|=A|7|1, pruning ratioS O =& = U=
* Learning rate = 7|&2| Zt=CH1/10 or 1/100 =02 MH

O Pruning Pruning+Finetuing
Train Connectivity 0.5%
® .05% | "=
v 8 o
>‘ '1.50/0 ‘\‘
Prune Connections o Q
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O |
_\|/L < -35% ‘
[ Train Weights ] -4.5% Q
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Iterative Pruning

« ot 0|l 2 pruning ratlo§ HMEol= 745'3
Al 7XIS

, Pruning-training B=3}= 210| AaccuracyE %t
[HM = O &2 pruning ratio2 X3t 4= l2

O Pruning Pruning+Finetuing @ lterative Pruning and Finetuing

[ Train Connectivity ] 0.5%
o e == O ...
-0.5% ~...

U L o

>. '1 50/6 - L
Prune Connections ° Q
5 -25% ‘
%

S '

_\||/_ . < -35% "

o Q b
Train Weights -4.5% .
/ 40% 50% 60% 70% 80% 90%  100%

Pruning Ratio (Parameters Pruned Away)
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Magnitude-based Pruning with PyTorch

« Dataset: CIFAR10 | Model: VGGNet

Histogram of Weights
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Magnitude-based Pruning with PyTorch

« Dataset: CIFAR10 | Model: VGGNet

70% Sparse Model

Histogram of Weights
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Magnitude-based Pruning with PyTorch

« Dataset: CIFAR10 | Model: VGGNet

Fine-tuned Pruned Model

Histogram of Weights
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Magnitude-based Pruning with PyTorch

« Dataset: CIFAR10 | Model: VGGNet

90% Sparse Model

Histogram of Weights
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Magnitude-based Pruning with PyTorch

« Dataset: CIFAR10 | Model: VGGNet

Fine-tuned Pruned Model

Histogram of Weights
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