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YU Xiao-shan, GU Hua-xi’, ZHOU Zhao-xing, WANG Jia-kun
(School of Telecommunications Engineering, Xidian University, Xi’an, Shannxi 710000, China)

Abstract: With the explosive growth in the number of parameters of machine learning models and the scale of train-
ing datasets, a single computing node can no longer meet the computational demands of large artificial intelligence (AI)
models. Distributed machine learning systems have become the primary platform for supporting AI model training. The
training time can be reduced by implementing parallel training across tens of thousands of computing nodes. In particular,
data parallelism is a widely used parallel training framework in distributed training. It splits the training dataset across many
computing nodes and then trains the model collaboratively through periodic parameter synchronization among those nodes.
Since computing nodes need to transmit a large amount of data to complete the parameter synchronization before each
round of iteration, communication becomes the key factor that affects computational efficiency. Traditional parameter syn-
chronization strategies suffer from the problem of excessive communication rounds or congestion at the receiver’s link. In
contrast, parameter synchronization strategies based on in-network aggregation face issues such as limited computing and
storage capabilities of the switches, and congestion at server output ports. To this end, a hybrid parameter synchronization
strategy termed PASSING (hybrid Parameter Synchronization Strategy with In-host and In-network Aggregation) is pro-
posed. It implements a local pre-aggregation of the model parameters within the host prior to transferring the data to pro-
grammable switches. Subsequently, the local aggregation parameters are sent to the programmable switches to implement
the global parameter synchronization. This approach not only ensures efficient communication between the small-scale com-

puting nodes with the host but also reduces the computational and communication load on the switch side. We built a test-
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bed using the multi-GPU (Graphics Processing Unit) servers and programmable switches and deployed PASSING in this

testbed. The experimental results demonstrate that PASSING, when compared to traditional parameter synchronization strat-

egies, enhances training performance by up to 65.25%, thus effectively accelerating the speed of distributed training.
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MR GPU K R/IN A K BRI S B ) 7y n e, H
TR Sk HAC N chunk,. 7E k0, %S508 G, Y
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e KARL , DAl 20 Xef 512 B 11 5 v R 250 oA 01 0 e 28K
B S 5 (] A AE AR R VGG 19, ResNet50 A1 25,
HEAF LA TN T B B 10°, RS54 Bt i 0 1o s 75 bR
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BRI IR S5 25 1 , 56 j B GPU Y chunk, WA R4
LR R, o =+ D%n. D4 52 IR 5 B4 R TR
e W AEALN ) GPU [H] 47 & 12 BT 7R 1Y All-Gather #
YE. 950 G, 19 GPUNEHS (j+ 1)%on HUEHRAK 2 FRER 11
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GPUKE n, THRLIR S5 45715 45405 S, I R ACIMLIE B sw =(sw,
sWy,-o, sw, |, HLN SRS chunk=chunk Uchunk,U---Uchunk,
W R RS Pkt

1: for element in chunk;, do:

2: t<—convert (element )

3: kek |t

4:fork=1,2,---,p do:

s: [kl K7k e = [| k[ x|
6 [«—min(m,y),m = H k, | /x-|

7 forj=1,2, -1 do:

8: pkt. payload<—Fk;,

9 pkt.src—S;

10: pkt.dst<—sw,

11: pkt.part«—j

12: Pkt<—Pkt U pkt

ik AR AR R T A B SR AR N L R B B . AR
n— 15 ERUG , & IRSS &5 NI 45 GPU N A L 2
B SE T RA SR, RN AT SR ]
VAR [l BB R S 850 A T S 2L i 5

2k LT ik, PASSING [R) 25 56 W 76 iR 55 5 9 19 45
GPU 77 s Z [8] 5647 $44 T Reduce-Scatter #: 4 , i i AL N
) AT SR A A5 I PR 5080 1) A% i o (SR AR e SRR 1) U,
G T SR S5 2 A 38 A5 I . AR B ] G R
ACHAIL A 2 i AL B RE 0 R G DI REEAT T EIER, K
HREAT 1 A N 2R (5, B e 1T IR0 .
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3:bitmap, [m]— 1
4:if > bitmap, [ ] =s:
J
forj=1,2,---,5 do:

pkt. payload<—buckez,

5
6
7: pkt.srce—sw,
8 pkt.dst<S;
9

: pkt.part<—q
10: Pkt<PktU pkt
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