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A Dynamic Layer-Wise Gradient Sparsity and Gradient Merging
Optimization Method for Deep Neural Networks
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Abstract: A dynamic layer-wise gradient sparsity and gradient aggregation optimization strategy for deep
neural networks is proposed to address the challenges posed by substantial communication overhead,
prolonged training duration, and suboptimal resource utilization associated with the acceleration of large-
scale deep neural networks through data parallelism. Initially, a dynamic layer-wise gradient sparsity
optimization method is proposed by combining gradient sparsity compression with pipeline parallelism.
Each neural network layer is assigned an appropriate threshold., which is adjusted dynamically in
subsequent iterations to achieve adaptive compression of gradient transmission for each layer.
Subsequently, a layer-wise gradient merging method is introduced. lLeveraging dynamic programming,
this method optimizes communication overhead, sparsity, and layer gradient computation time during
layer-wise gradient merging, determining the optimal combination for merging multiple layers of
small-scale gradient tensors into a single communication layer. This aims to reduce the high

communication latency introduced during layer-wise gradient decision-making. Finally, the
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determined optimal layer-wise gradient merging combination is applied to the specific training

iteration process. Experimental results demonstrate that the proposed method, compared to

existing methods, significantly reduces communication overhead and enhances model training

speed while ensuring model training accuracy. It achieves a maximum training speed up of 1. 99 times

compared to the uncompressed method.

Keywords: deep neural network; distributed training; synchronous data parallelism; gradient

compression; layer gradient merging
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Fig. 1 Top-K sparsification execution process
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Fig. 2 Execution process of layered gradient compression

http: // zkxb. xjtu. edu. cn

K ¥4, 133022 66 B2 R 47 B H, 38 i 12 B {E
B LRIBREE gt TR s de ) R R A R BRI C (gt
KR 8 S BUR 55 A 5 O BB Uk AX B0 b 2 5k 22
et s T2 R AT B BB v
2.3 BHESEREERREREZX

T8 F 453 J2 B B 115 45 3 B T 44 1 (i R il L, )
FHERJZ TS 00 B AE 5 BE 70 J2 06 88 T 4 . AR s A T
B LRE—DRAL ZRREM 2R M,
TS RN ZR IR B 46 5 OB C (g1) RIE SR
255 4% . MSHUR 55 AR 25 A THE T R R B
JEJ5 o Xk I A A E SR B (L R R 2 8, AL AR
eV ER TN W

N
why = wl —a %EC({{’,"‘) (1)
1

AP wl KRR WEZ LB RS H e, 25 2T &
N RiH5 s G g FoRIER T fin 7E55 ¢ KR
HRH S TC G BEALRE BE 5 2 1 B AS bR B AR 25 1 3R
AN Cgi) Fom 2 LB EE g HEAT R4 .
BASr 2 B BE T 4 A 2 AR 5 B AR AR L B
%1,

X1 HEPEHEEREE

A AR DB EVIRAE o' ZIE4R K, 7
2R GEARREL T, 19 i N

By AL SR wr

1 witpfev =[H, .- H.]=0

2 WA E = [ soeveit ] =0

3 fori=1to T do

4 WEESE D oRAE/MILE & Dy
5 H 5

6 for /=L to 1 do

7 gt = e + VLoss(w,, D)
8 M =|gi" |> H;;

9 Clgi') = g™ OM;

10 e = gl OM;
11 gitoras = AVG(Reduce(C(gl'));
12 end for
13 if i mod s == 0 then
14 update V
end if
15 win = wi — aigiim
16 end for

RS/ REE L I
SB BETE RO B IIN ZR A R 2 K
Pa sk Pl an AT 2 46 B (E S 3R VL WA 1 B T2 1R




57 A R E I 2 T 4% ) 285 0 D A B O A B B2 3 O AR U7 i 109

509
JEAR 5% 220 E
T2 ERUNG HERING T W, B E L

P4 D PoRAE /N RS Dy TR K
$B|I MRS )2 L BRIERH R g )2
LB BEERNZ)Z B B R 22 e MINAR 3 g7 = g1 +
et ZJE AR X Z PR BE H, X% )2 B B HEAT T
45 A TR A8 J5 IR BE C (gD KK 25 2 MU 55 45 8T
BRI SR, K /N T (R A A6 J5E 7 AR i 3R BH D 6 JEE
525 0T ZJa kA 25
FB|A SETs AR A TR SRR B
Jei R A B SRAP P I T (D TR I S 0
F]|S SHGs AR RTS8 At
T BB R SRR B SR IR T IR T — Ry ik
.
3 EHERIF

3 V2 JEE A i 1 368 e i/ 18 A AT LA AR R AR
AR TFE A R o A L (R A O 2 R 4 s A
JEE AR 2 v 0 AN (] 2 R 2R L T A PR B 5K
B R/NFAEROR2E 5 AL il Z2 2 /N sk AL &
PHF A AL S AF E IR, A,
ASCHR H ZJRBRE G 107 ik 5 242 1B gk
BB 3K DGR 5 2 38 T8 L e 5 29 31| 25
3.1 EHERHRE

JEBRRE S IR B bR 2 e I 2R 7 R T BE 2 M
B 224~ B e B 6 JEE ki O B — k1R L A S B
B B TSR MR B2 T8 A e A e 19 (R I e/ R T
IERTFE . AR IF 2 2 A6 B ol 1 AR b A
AR L A 6 ok A O N — A TR — sk, BRI
e AE O] — U, 8 15 S 3R f /)N (HE {5 i A a0 20 45
T B ) AL H 45 A BeoA AR BE T S (S A AT
I GRRCR . T A e i 2 0 5 R 25 2R
07 ) A 2 RS A 3 55 ik 18] A6 JEE s 446 I (1) 1R S22
{55 BF B Xt AN YN GRACR B B2 0 . AR SO SeHs 24 1L
5 I 1m0 AU A i A — U 3k A ame /s ) R A I £
P 2 30 3 T2 6 I R o AT 5 S 3R 4 . A
7 d5 /N SR AR 8] 5 SR 05 X I 2o e v i B2 5 ek
() Aefs FEE s 20 P [ 18 J32 38 {5 B5F ) £ 47 237, P I8 /2
Bh & I IO AT B 25 1 s dieJim o R P 3l 28 9 R R0 5K
AR E G IFAL A, O T 2 5 59 AR 2k
3.1.1 TS

A SO Y Bl 25 o JE B B AL T v — IRk

http: // zkxb. xjtu. edu. cn

ARINGRIF 8] £, 0 AT ) 358458 2 16F 8] | S 1) 328 2 7 5
B JSE ST [ | J2 6 JEE s 24 P[] R0 s 44 ) A6 JE2 3 £ 1 [R]
4 TR Fn iR

Lier :tf+2t[b+2ti+f?0 (2)
st TR —UCE AR 8] 5 20 7 AT )31 53
6] 521, 7R )= L0 S 1a) THERNEA] 5 20 o8 )R L AR AL
W1 5 200 R8P B WA I o ool TPRA
S )

(28} 1:14
T, = (3
e, 1<<I<L
=1 4+ 4)
| {Ti-thia =1L
T
max{zci +¢, o 41, 1<<I<L
(5)

s o ORI DITIRTHI B BE 1 I 20 U A i 1)
TSR I 20 30 FERT— )2 (L 1) R i AL 45 SR )
Z1: X (4) FRJZ LB TFIG T R AL A I 20 0, BUfE A
JZ LB BT A A 20 5 K (5) L ol FOR R LTI
AR IS 220 & R R LB A A R 220 R R —
JZ 1) BT A 45 R 2 P

3.1.2 AL

JEME LA I i R v R 2 A2 B B 5K R R
— I A AR 2 G A A AR T L (R 2 R
—JZ B JLJZ BB BT 4 F i 1 A £ 00 i 20,
Kl 3a )= LIRS I IR 4 Jn e %0 1 I 4R
IEBR A A B 3b PR R L MR (L — D F I —
AR 2K SR LT U6 B0 3 A 10 I 220 32 38 3 st %)
2o TR P AT 2 5 O B — R Rk U £ HE IR
T Foe AR o AT 68 745 308 15 B AS d AR, {ELIs Ao £ 075X
BT SE I A R AR A T 0 1 L AN RE S BB 2
TR MG E AT AT b, JZ 0 B OF R B br 2
T G ad i v AT BE K JZ A8 BE 5 & 5 JF 1Y Rl i, 52
DB A5 MR A e &

B IR E Ly WARAERS 2 « b CREJ= 1 Bk
FERIFRRA — D IEAREGEFE )R L 59es B, U]
FUREIZE KRN IO U—D NS L, Rnd
IE S 1 Fon )z, W

=1,
[, >1
th=4¢ =0 (6)

{

s, t. X . Ly g
d— =d d
‘rﬁl =7, + 1

X1, > 1RWE VRS IR WO BA T




110 (LA - S Y NI S SO 4 558 &
. A ) 5 .fir’ﬁﬁﬂrﬁ R L@ i FhTAL SHE B
[ [
bl
1
I {1]
Efs
| 1
|
[ ‘ >
| I 1]

b EAIFES
B3 R & I 5 s 2

Fig. 3 Illustration of layer gradient aggregation communication
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14 Lll—1]l=ull—1]+ull];

15 dll—1]=d[ll—1]+d[l];

16 tll{—1] = CommTime(d[l—1]);
17 tl—1] = Top K Time(d[l—1];
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Fig. 5 Training accuracy comparison for different compression

methods on ResNet-20 model
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Fig. 10 Training loss comparison for different compression

methods on ResNet-50 model
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Table 1 Comparison of final training accuracy and loss for different compression methods
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LAGS 976 1.55
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R E 4 1517 1.00
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0.1
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DLGS 936 1.56
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0.01 ,
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