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Demand of the Training Accelerator
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Growing Need of Large Neural Network Model

Higher Energy Efficiency of Training Accelerators

A-100, Nvidia TPU, Google Ascend 910, Huawei
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CNN Training Algorithm

Forward Backward
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* Three Stages of CNN Training
Forward Propagation (FP)
 Backward Propagation (BP)

e  Weight Update (WU)

* Training needs Higher Precision

Weight Update
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Huge Kernel Size
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 Uncertain data range in different training epochs
e 10k-1M accumulations in the WU stage



Architecture of Training Accelerator
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Recent Works on Low-Bit Training

Methods to Achieve Low-bit Training

*  Fine-grained Quantization
 Clip the long-tailed data

Multi-Level Scaling
Zhong, et al. ArXiv:2006.02804
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Recent Works on Low-Bit Training

 Methods to Achieve Low-bit Training

*  Fine-grained Quantization
 Clip the long-tailed data

A Typical Quantization Setting (J. Park, 1ISSCC2021)

Multiply: FP8 (1-4-3)
e  Accumulate: FP30 (1-6-23), similar to FP32 (1-8-23)

Hm Acc = Mul Router Other

Process 0
Power* 32%

Bottleneck

* Power consumption of the CNN accelerator [11].

[ The Bottleneck: High-Bit Accumulation
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Challenge: Low-bit Accumulation

Float-Point Swamping Error

Error increased with accumulation

Safe Accumulation Precision

Commonly need FP32 in training [13]

Numerical Simulation of FP16 Addtion [12]
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Example of FP16 Accumulation

1024 +1+1+..+1+1=1024

\ )
\ 4

1024 data

1-value is round-off in every addition

FP16 Naive Accumulation

Sequential Accumulation

0.00150 ~

0.00125 ~

0.00100

0.00075 +

0.00050 -

0.00025

0.00000 +

—0.00025 4

— FP32 Acc|
FP16 Acc

0 50000 100000 150000 200000
Acc Time

Error Ratio: 130%

250000
|

2

o



Challenge: Low-bit Accumulation

Solution: Group Accumulation

e Reduce error from 130% to 17%

Group Size Selection

e Static size Ng=16[7], Ng=24[13]

« Can’tfit the changing data
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Solution of This Work

Dynamic Group Accumulation

e Reduce error from 17% to 0.25%
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Contributions of This Work |
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e The optimal DGA algorithm

.. _ Adjust group size with changing data
 The efficient DGA HW design
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Model Formulation of DGA

 Two Stages of Accumulation

* Intra-Group Acc: M firstly accumulates in Pg
* Inter-Group Acc: Add P; to P, and clear Pg

* Group Algorithm: Decide intra- or inter-group accumulation

M

<
A_é()_W Intra Group
NL [ P:




Basic Assumption & Optimal Result

 Assumption 1: Independent & Uniform Error Distribution

N,—1
1 — L S
Pro=y (Fo+ Y BE) B3t

n=0

Po x 27m)2
12

(Pg +27™)2
12

. R =

 Assumption 2: Psum Result Changing Piecewise Linearly

* Pg(n)~n

e Target Function & Optimial Condition

S 2N,
argmin E2 (Po, Pg, Ng) %[—QPCQ;(NQ) = P(%J
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Efficient DGA Algorithm

Ideal DGA Algorithm

*  Group threshold: | P¢| >\/3P02/2n

é N

Problem 1: Threshold Calculation

\ v

4 N

Problem 2: Threshold Saving

>

Efficient DGA Algorithm

*  Simplify threshold calculation
* Pl >Te=27F

e  Saving threshold register usage

e  Sharing among weight kernel

Algorithm 1: DAG-based Gradient Computation

Data: Input Activation A;, Output Gradient § A,, Initial
Threshold Ty
Result: Weight Gradient dW [7, k][c;][co]
1 // Variable Initialization;
2 Pa=0;Pob=0;n=1,T =Tpy;
sforb=0to B—1do

4 forx =0to H —1do

5 fory=0to W —1 do

6 M = A;[b][x+j][y+E][ci] * 0 A, [b] [x][y][co s

7 if |Pc| < T then

8 P = Pg + M;

9 n=n+1;

10 end

11 else

12 Fo = Fo + Fa; Efficient threshold
13 Po=M, n=1;

14 T=+\3P:/2n;, — |Tz=2"¢ *Avg(PO)]
15 end

16 end

17 end

18 end

19 return W [j][k][ci][co] = Po + Pa;

= E )
15 °



DGA Algorithm Performance

Experiment Setting * Error Definition

e CIFAR-100 dataset, ResNet-38 model .

. ) _ [OWell2ll[0Well2\ ™
ImageNet dataset, ResNet-18 model tan(60) = \/( oW, oW, > ) 1

 Training Batch Size = 256

Calculation Error with Different Bit-width
* |deal-DGA can save 6.31/6.91 bits compared to the SGA [7]
* E-DGA onlyloss 0.21/0.45 bits than Ideal-DGA
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DGA Algorithm Performance

Experiment Setting

e CIFAR-100 dataset, ResNet-38 model
* ImageNet dataset, ResNet-18 model
 Training Batch Size = 256

Calculation Error with Different Bit-width
* |deal-DGA can save 6.31/6.91 bits compared to the SGA []
* E-DGA onlyloss 0.21/0.45 bits than Ideal-DGA
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DGA Algorithm Performance

* Discussion on Different Batch Size
e BatchSize=1: DGA erroris 17.6x smaller (-24.9dB) than SGA error
*  Batch Size = 256: DGA error is 89.1x smaller (-39.0dB) than SGA error

* Discussion on Different Layer
* FP12(1-5-6) E-DGA outperforms FP16 (1-6-9) SGA
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DGA-Based Training Architecture

e Overall Architecture

 Tensor-Core like PE array + Memory hierarchy
* F/B/WU Router: Route and transpose data for three stages

* E-DGA Unit Design

e 8.8% area overhead for E-DGA function

TOP Ctrl HE Mem
tr 128-bit, 128KB Sro Column Input Row Input PE Output
F/B/WU Router
T / \L/ i T T Forward A; W A,
4x4 PE Array
Backward 0A, wT 0A;
| E-DGA UnitX 4 | WU AT SAT oW
LP Mem Out Mem
li?(-lBDIt | E-DGA Unit X 4 | > 196?(-:“ = == Intra-Group Acc — — = Inter-Group Acc
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[ E-DGA Unit X 4 | > LI L e
| I |
N 3 Add Group 1
{ [ Bimsos i oy
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Hardware Performance

Hardware Simulation Setting

* Implemented in Verilog
 Synthesized result of TSMC 65-nm CMOS tech

Power Breakdown

e  Four Schemes With Different Accumulation Units

m SRAM = Mul M Acc Router Other
Power (mW)

50 32% saving 49.5 Compared with IBM[7]
20 * Better precision
* 9.8% power saving
30 26 2
20 Compared with NVDLA [10]
10 * 0.1% accuracy Loss .
. . * 32% power saving [i ) "

E-DGA* IBM[7] NVDLA[10] LNPU [6] 21
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Conclusion

 DGA Solution to Achieve Low-bit CNN Training

An Optimized DGA Algorithm

* Giving two assumption and theoretical derivation

Efficient DGA Hardware Design

 Support efficient DGA unit in the accelerator

Comprehensive Analysis on DGA

Multi experiment on both DGA algorithm and hardware

Reduce accumulation bit-width by 6 bits
and save 32% power consumption
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Thanks a lot!
Welcome for questions!
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