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From effectiveness to efficiency: MINATEWE BRI EF SOk ENSE L %

v’ present three perspectives to quantify the efficiency based on an acknowledged error decomposition on
effectiveness.

v’ excess error ¢ obtained within an allotted time cost T,,,,, can be decomposed into three terms: € = £,,,,, + €05t + £o¢
v KMENRZISAEERRSE: (1) WTHie,,: ERTESRERK; (2) MTHe,, : BEHERE
BRI (3 Wi ke, THEHIT

Large-scale Machine Learning

Optimization
Approximation Parallelism

Computation

sampling-based approximation adaptive selection of mini-batches Multi-core | [~adoption of optimized libraries
Kernel Models M

P m
projection-based approximation Mini-batch | |- correction on first-order gradients Machines —improvement of i/o operations
label propagation on sparse graphs Gradient Descent approximation of high-order gradients —mapreduce
Graph Models . _
optimization with anchor graphs adjustment of learning rates Multi-machine | [ graph-parallel
filter decomposition | Coordinate {seledim of parameters Clusters - parameter server
| Deep Models | . & 5 Gradient Descent fast solutions of subproblems
activation reformulation « U allreduce
relaxation with instance reduction . Nume\:;’;:l :: éﬁ?"on — mini-batch gradient without M-H tests
Tree Models : at
relaxation with feature simplification On computational capability
On computational efficiency enhance the number of affordable
On computational complexity improve the reduction in the optimization computations per time unit
) error per computation unit compression
reduce the number of required m
computations for model optimization delay
Fig. 1. The framework of Sec.3, which shows the ways of scaling up machine learning to large-scale machine learning from three perspectives.
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Computation Parallelism Motivation:
v IIE SRR ZNHESRELETESZS MTERSE L (mutually-independent subtasks
can be processed simultaneously over multiple computing devices)
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Computation Parallelismi Bt 5 M :
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Distributed Machine Learning

General Purpose Distributed Natively Distributed ML Single-Machine ML
Computing Frameworks Systems Systems and Libraries
« Caffe2 e Theano

« Apache Hadoop Mahout e CNTK Keras « Caffe

« Apache Spark MLlib « DistBelief NVIDIA o Scikit

« Apache Flink « DIANNE  NcCL e MLPack

o efc. « Tensorflow < e NVIDIA Libraries
‘Hadoop/Spark e MxNet e etc.
+AIIFleduce> » eftc.

I

Cloud Machine Learning

Google Cloud Al
Microsoft Azure ML
Amazon AWS ML
IBM Watson Cloud
etc.
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DDLS Name Parallelism Optimi- Schedulin Parameter Tovolo Remarks
(a-z) (Model / Data) ~ zation g Exchange potosy
- _ distributed PS Each worker acts as a parameter server for L of the model (cf. Section 3.4.1). Distributed
HigDEpn SPE only central sync. scatter-red. (always k =n)  parameter exchanges are realized via the Spark block manager.
_ distributed PS Parameter exchange realized via RDMA using repeated invocations of MPI functions.
CaffeOnSpark (4] DF only central sync. scatter-red. (always k=n)  Equivalent implementations are available for Caffe2 and Chainer.
COTS HPCjs; MP only central sync. _ distrib. array MoFlel layers Rarhtloned alpng tensor dimensions and' distributed across cluster. Fine-
abstraction grained access is managed via a low-level array abstraction.
D-PSGD; DP only decentral sync. 2:1 reduce closed ring Each node exchanges parameters with only its neighbors on the ring (cf. Section 3.4.2).
DistBeliefp;; MP + DP central async. ad hoc distrib. PS Model partitions spread across dedicated parameter server nodes (cf. Section 3.4.1).
EASGD (3] DP Ol‘lly decentral async. ad hoc single master Decentralized asynchronous system as discussed in Section 3.3.5. Reactive adjustment of
hyper-parameters can speedup training [42].
FireCaffe;5; DP only central sync. binom. tree  single PS Simplistic centralized synchronous system as discussed in Section 3.3.1.
soft-bounded No dedicated master node. Parameter exchanges between any two workers realized via
GoSGDy;  DP only decentral async. ad hoc p2p mesh sum-weighted randomized gossip protocol as discussed in Section 3.4.2.
. soft-bounded . dedicated Model updating and sharing updates are decoupled. Penalization occurs as a part of the
MPCA SGD[H] DP Only decentral async. binom. tree master node model’s cost function. Staleness effects are dampened using an extrapolation mechanism.
scatter-reduce  distributed PS Supports various advanced parameter server configurations, including but not limited to
MXNetp9) MP +DP central bounded async. async.: ad hoc (default k =n)  hierarchical multi-stage proxy servers (cf. Section 3.4.1).
P . . .y -
arameterm] MP + DP central bounded async. reduce distrib. PS Model partitions .spread redundantly across parameter server group. Workers organized
Server async.: ad hoc in model parallelism enabled groups. One worker per group can act as a proxy server.
ad hoc with R Pioneered the use of delay bounds to control staleness (cf. Section 3.3.4). Average model
Petuum [16] MP + DP central bounded async. eager scatter distrib. PS staleness is further reduced through the eager distribution of model parameters.
. %G Dedicated parameter server group that is managed as a Paxos cluster. Hybrid parallelism
Pm] ect Adam [23] MP +DP central async. ad hoc distrib. PS realized through transferring gradient computation for fully connected layers into PS.
PyTOI‘Ch 471 MP + DP central sync. all-reduce smg‘le PSor Model parallelism capabll{hes were added recel}tly with version 1.4.0. Can only use either
replicated PS synchronous data-parallelism or model parallelism.
dedicated Decentralized synchronous implementation as discussed in Section 3.3.2. Realized using
SparkNetip) DP only decentral Ssyme. reduce master node Spark map-reduce. Production-grade re-implementation present in deeplearningdj.
scatter/all-red. distributed PS  Supports single and multi parameter server setups, as well as all-reduce-based ap-
TensorFlow n7; MP+DP central bounded async. async.: ad hoc (default £ =n)  proaches. By default, each worker acts as a parameter server for a portion of the model.
TreeE ASGD[ZS] DP Ol‘lly slemninl] sk async. sillmee s All nodes are workers and form a tree. Each worker only exchanges parameters with its

immediate up- and downstream neighbors (cf. Section 3.4.2).
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1.RVBEE—I%ABatch Size, RBModel Averaging

Table 1: Compare ResNet-50 Training Detail with Different Wroks

Works Batch Size Hardware Top-1 Accuracy Training Time £ 5
He et al.[9] 256 Tesla P100 x 8 75.3% (baseline) 29h =
Goyal et al.[30] 8k Tesla P100 x 256 76.3% 1h =367
Cho et al.[32] 8k Tesla P100 x 256 75.0% 50min ﬁ
Smith et al.[33] 8k—16k TPU (256 tensorcores) 76.1% 45min g 30|
Codreamu et al.[34] 32k KNL x 1024 75.3% 42min i
You et al.[35] 32k KNL x 2048 75.4% 20min IS)
Akiba et al.[36] 32k Tesla P100 x 1024 74.9% 15min g 25 1 |
Jia et al.[37] 64k Tesla P40 x 1024 76.2% 8.7min o T T 1 1
Ying et al.[38] 32k TPU x 1024 76.3% 2.2min = 20 | 1 | | , , | | L |
Mikami et al.[39] 54k Tesla V100 x 3456 75.29% 2.0mins = 64 128 256 512 1k 2k 4k 8k 16k 32k 64k
Yamazaki et al.[40] 80k Tesla V100 x 2048 75.08% 1.2mins mini-batch size

Training Function

L
! Testing Function

v BRI EEERIEELIRBEE Sbatch sizeZox, 181N
batch sizeipl/>TIACREL, EHULLRD 7 1BEHRE

v’ KHJbatch sizeF]gESEUEE NF, EREMESEI—LE /o
Kippth/IMEXE, SEETENNE FRNZCHEREF(T

v XFEwarm-upZz3J=FiFE S ZE, layerwise adaptive rate
scalingZFR] AL HYEARIX AN AR

Flat Minimum Sharp Minimum
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)
e

2. WBEEYE (Gradients Compression) |

v BEBRT, 20)|GNEEERNEEFIREL SR A32bitZSE, LABERT-340MIREL G, ErikE1.2GHIEEHTEK

v 2f¢ (Quantization) : XAE(KBEERZRREE, Wone-bit SGD, sign SGD, QSGD

v [REME (Sparsification) : ERENEENFEETE, BRAIKEEXARVEFH, Deep gradient compression (DGC)75A
BEfEIEResNet- 50U ELI B RERKRIIEN FTMW97 MBFFHEZI0.35 MB, KXXIZESBEEE

v’ $60%53#% (Matrix Decomposition) : §—SRKXHIEEERRED RSB, BIdEHE/ NIRRT EEHE, a0
ATOMO. PowerSGD,

315 (SEE (Computation-Communication Overlap)

Forward [ 1 | 2 3 |4
v RS R SEETIUS -1 R SR L “_

v B TBEE, (B EHEENIEREEHM, TFRE |

EEMEITT AR
v wait-free backward propagation (WFBP) : §—Eit&&wEHF o B2 [
IRE S conmnctn ‘-
v' merged-gradients WFBP : §H—Y/\FIBEER ! — .

Case 3

MSERFHT AT REEES T
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4. B4 (Logical Architectures)
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iHEWE(SE (Messaging Libraries )

z§5Parameter ServerZ:fs

ZeroMQ: —NTFNTNAENEREENETBRENINZEEBEE

gRPC: —EBNAER BT LRI TEEIERE, =EdEREA

F5AlIReducesi%

MPI: —fiEEEERIZRE, FRAXMHEREELENRRMEEL LR E. IFEZEFTMPIRYILM (Horovod,
MXNet-MPI, TensorFlow-MPI)

Gloo: facebookFHFHN—E&NEREE, RE T REZIPERN—EESEESEZM: barrier, broadcast,
allreduce,

NCCL: &R{FEETNCIDIA-GPUH—EHIENEMNBEE, ETESEHEHR, #HBEGHMEAEEREMK
Baidu AllReduce: HEBTCREBAN—FRIng AllReducefJsCIf

Aluminum: —PFRIBEE, ELMPIRINCCLF AR, RHE T ZILBEEAPI. HEETMPIFINCCL,
AluminumE & Z2— M &0ORF, IAFEZEENNE), ERERENENESG L.

BlueConnect: ETIE— M AlIReducelB{EL R —ZYIReduce-ScatterflAllgatherfBERML IR KBS F



6. PILEIY (Network Protocols)

v (EGERBESETTCP/IPINY, EERER
iR Socket KRN B EIER T ETE S,
1800 T B {SHERT

v RDMA: RiflssEEEEB—MIssIRE
MAREBIERERFE, BRI BR
RIVFIARFRT

v IP over IB: ZIPEIEEFEE]InfiniBandk,
{EISTCP/IPHMY AT LAE =TT IBEI’JJ:)Z' A,
AERHERRERIEN, BEABEETFTENIOS

v FFARDMAXJGPUBTEIE, fmfFRDMA_ILX
EwﬁlcﬂGPUmrﬁ'ﬁT EEEFNAE, FKiE

BiEELE

i Application k i Application k
Buffer Buffer

\ J J

[0S ) [0S k
Socket

) ¥

TCP/IP [PolIB
driver driver

& Y, \ J

(Ethernet NIC | ) (RDMA k
Buffer Adapter Buffer

_ J \ J

(a) TCP/IP Socket (b) IPoIB

ERE . PHIVEEZEILGIR[Shuo Ouyang et al,, 2020, Communication optimization strategy...A su g2l

i Application b
Buffer

ke v,

\ Z

(RDMA L
Adapter Buffer

\ J

(c) RDMA
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[RUBEN MAYER et al., 2019, Scalable Deep Learning on Distributed Infrastructures: Challenges, Techniques and Tools] L

Training Parameter
Data servers
— ] 1
DL

Models

3.2&3.3
Parallelization

3.5 Data el 3.4 Scheduling
Management

3.1 Infrastructure

PHNREFIIER

S5 TERTRRZ:

v EBAENNZESEE R R T scalable 7 M T,
REF =1 EZE[ER

vV ORISR REFIRENEEBEAZTEMRA
=, BRATRERT. BUERMAE. BERIETE,
URIRRIRERER . 7. RSIFEZE. Eif). 717,
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« JOOST VERBRAEKEN et al.,2019,A Survey on Distributed Machine Learning

« Shuo Ouyang et al., 2020, Communication optimization strategies for distributed deep neural network
training: A survey

« RUBEN MAYER et al., 2019, Scalable Deep Learning on Distributed Infrastructures: Challenges,
Techniques and Tools

—. BiIHITEARANREEIESR
- BaiFiTRRE X

« MindSporeBa1F1T

- BEIFHITIESZEFlexFlow

o DRI IEZEWhale

=, eB=E
c FHTRRTERE

« IDNGIBERRN
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v BiR8HE: IMIFRR? LMHARRIERR? 5 EEERNRTENENGE, REFREEMMRITIESR?
BRZIERFTIEENE? WY EIoNERE?
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v FHTRES: IAERR? AMASEREruntimel&Eac?
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MindSpore

Recommendation ASR(RNN) ‘/ MIHdSpOI’GE-%%EEjJ\ ﬂﬁEEjJ\ éEEjJ

DLRM DeepSpeech
Serial API ;:F'/f—-l_-ﬁg

— Semi-parallel API v ;Iéﬁﬁ E)J?é?%)ndzu %iii&({ i’#’/f i’ﬁ EH%EE%
Manually parallel AP v Cost Mod el@*ﬁ*ﬁﬂjﬁ%

NLP

RelD Transformer

Python cv |

C++

Parallel Strategy Cost Model — |
Search e Cost e —{ | _ B \ .
oyame | | < | | ovarros S| ||| BEHFFTCost Model (WA E—

Y

Programaing | | 7 MIRERIFTHIITIERE)

ANF - Recursive
Graph Programming m\\ - . y—
1 o | Distributed Distributed Distributed I E?Eﬂ%ﬁ%mjzu EI\J;:F'{TEE mg?%?

N\ "|  Operator Optimizer Auto-Grad
Graph Partition

Sub <::| Distributed Tensor Layout
ANF

Graph Layer-wise
partition Device Topology & Group Manager
Pipeline
artition .
P Collective Communications <
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MindSpore

class DenseNet(nn.Cell):

def _init (self):
super(DenseMutMulNet, self). init ()
self.embedding weight = Parameter(Tensor(12288, 128))
self.embedding = P,MatMul()
self.fcl = nn,Dense(128, 768, activation='relu’)
self.fc2 = nn.Dense(128, 768, ac?&vation-'gg;y’)

self.fc3 = nn.Dense(128, 768, activation='relu’)

self.transpose = BJIR§9599§§()
self.matmull = P.MatMul()

self.matmul2 = P.MatMul() — _f?_ *}L*g’t ﬁ 4&5’%

def construct(self, x):
= self.embedding(x, self.embedding weight)
self.fcl(x)
self.fc2(x)
self.fc3(x)
self.transpose(k, (1, 0))
self.matmull(q, k)
= self.matmul2(c, v)
return s

nw N x< X0 X

+ Auto Parallel

net = Dgnésugx()
model = Model(net, opt, loss)
train(net, input, label)
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The SOAP Search Space

- Samples: partitioning training samples (Data Parallelism) (FARZEE]5)

- Operators: partitioning ML operators (Model Parallelism) (H-F4HE 5 )

- Attributes: partitioning attributes in a sample (e.g., pixels) (FHEAXEHHEET]S)
- Parameters: partitioning parameters in an operator (EFRRNEESHEEH)

2
<
R

N

?\

o

&)

S

©

@

o

Sample

GPU1 GPU2 GPU3

Parallelizing a convolution in Sample
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€ K
Computation Graph Hardware Topology

PyTorch ONNX

Native Python API

y, ~/ Co+ API Mapper/:slrallelizer
~ Candidate
Eﬁj Strategy . FlexFlow Runtime
MCMC g4 Execution
SearchAlg. £ Simulator
e Simulated Legion Runtime
, Performance (Cost Model) (https://legion.stanford.edu)
Best Found Strategy
Distributed Runtime CUDA NCCL
v
FlexFLowH{TE = BiE5EE FlexFLow&R{4tE
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i Data Parallelism -A-Expert-designed -©-FlexFlow
4500

4000

3500 ? v\

3000 1.8x speedup Faster and more
2500 4 scalable strategies

2000
1500
1000
500
0

than expert-designed

(samples per second)

4 8 16 32 64
Number of GPUs

Training Throughput of GNMT
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FS

(M)

AlexNet 60
AlexNet 60
AlexNet 60
Inception V3 24
Inception V3 24
Inception V3 24

ISR .

=Fan
ERIER

TV

=]

AN

# ETRCPUH

HHEFHTRR

(sample/s)

2683.58

2934.09

2110.85

216.36

218.72

228.34

BaIFTER

(sample/s)

2902.06

3158.45

2135.81

215.96

215.34

239.96

HBEEHE
batch size:512
GPUZERL: T4

Epoch: 5

batch size:1024

GPUZEEL: T4
Epoch: 5

batch size:2048

GPUZEHEY: T4
Epoch: 5
batch size:128
GPUZEHEY: T4
Epoch: 5
batch size:160
GPUZEHRY: T4
Epoch: 5
batch size:200
GPUZEHEY: T4
Epoch: 5
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Case 1: Data Parallel

1 |with wh.cluster ():
with wh.replica():
3 out = Model ()
TF 1.x / Keras Whale ]’ AP| Case 2: Large Scale Classification (DP + Op Sharding)
- 1 |cluster = wh.cluster (layout={"a11"})
. 2 |with cluster:
Model Representation 3| with wh.replica():
R . 4 features = ResNet50 (inputs)
Graph Operation Tensor 5| with wh.split ():
J 6 logits = FC(features)
. Whale IR 7 predictions = Softmax(logits)
Parallel Abstraction
[ Subgraph ] [ Multi-Dimension ][ VirtualDevices ] Case 3: Model Parallel
1 |with wh.cluster ():
= 2 with wh.stage ():
: 3 out = ModelPartl ()
r y 3 N\ y H 4 with wh.stage ():
]
Clustering Pruning | 5 out = ModelPart2 (out)
. > " > . 7 E
- ~ - ~ : Case 4: Bert Pipeline+DP
Strategy COSt MOdG' Sh?rdl.ng E - Whale Engine 1 |with wh.cluster():
| Exploration ) | ) | Derivation | : 2| with wh.replica():
! 3 with wh.pipeline (micro_batch=4):
Distributed Strategy Search ! 4 with wh.stage (}:
iy Oy T TR S U SR T S TR X AT R N I TE P r O ST o 5 out = embedding (inputs)
6 out = encoder_0_8 (out)
Execution Plan Generator 7 with wh.stage (}:
J 8 out = encoder_8_16 (out)
o 9 with wh.stage():
10 out = encoder_16_24 (out)
TF Graph 11 out = pooler (out)
i i - Runtim
Tensorflow Runtime Engine untime Case 5 Auto Paralle]
1 |wh.auto_parallel ()
Hardware ] 2 |out = Model ()

Whale Framework HITR ML R5
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A ERBE1: BANFHTIEETRERIR

v FlexFlow M SOAPIU/MEEXIFTE RSB TEIE, S1MEF I8N SOAPIUNERIHITHITII S
v T RTENEREE N BT TR T RIS RERE

v BRI HERSERESNFITE ENENTSENRIY, XMEEEHIEHTESIEEHITREER

HTIERS ARARLRE:

O SEFEFTHFNSD: BREEERGIRIGT

O ESEERS . BGINTRITEESEERISERIRGT
JPATIESET

O FTLUAAFITERREBTER . s HRETREERE
(PR HRZS(A),

Bk

\ 4

j \V ATk,
)2 [E A=
R @_@ =7/
=17 |
IHEB=RHT + HHEESSEE ® BEEESTSE
¥ Fithsa —> (ESEIEER
BT :;'\/ :: ‘ ‘ ® @ O itmEEEA
=

SxmitEE (G) BixtlgitEE=R (G1) MATESE (T) AEN




e =. (iLEE

AR REE1: BHRHTEETEEE
v TR RS ABERRA:
B HIRERTHR: GV, E)) TV Er): T = £(G)
FTHEBHITENEET R time = S (T)
B HITHREETRA: T= Trer}i(r(l;)S(T)

S.T. C(t, Ecluster) = C(Ecluster) %ﬁﬁ%‘%ﬁﬁﬁ%ﬂ
M(t, Neyster) < M(Neiyster) T RAFEIRE

v SPEERIEERU—NRRD ., T REFH TR E— R
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it B REE2: Search while training (iBi)l|l&iBIEZE)

v BB THTERTESEFRRSEEXRER) |4 RIE R EIg K

v RMEREN SR T ERSIR : SRR EHRAEEREE. SERTETRITENE

v BERNMERRNHE, SEREGHE. BT RITENERIEA T —SHITRIEIERS
v BRIFERBFHTEREE100AYy, Bi)|GZ BB RESBERAMNIFERIT10X1 5257

HRIESER) GRS R HRIESCPR) | 2R RS EE
P ToRERIE R B P ToRERIE R

.,"*’*i':%« ’ ";o::«?‘iq":z:) . :.m—-‘ﬁq:' :g:
IER)IG+1BE. RE. IER)%+1BE. RE.

T EERSHREE T EERSHREE

Train 'Step
S AEE
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HRABHEE3: HITESRL (BB, BRKLEH)
v BRI TSRS AR B TR, ATREIS RS BRI
v AMIRIEAISEZIEEBatch sizek/N? XIFBFSEHINAEFREEREH. BESMASE?

BiFHRERA BiEHRERA

. L B EZX HITHREE
PRI | /(T 52 44 < e
1TERRE 77T 1515 W IEHESHT

» RS AR
(- _______________________________
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