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PART 01

Basics and Motivation



Center of Machine Learning Research

Training deep neural network is notoriously difficult

< 4 >

DNN training = non-convexity + massive dataset + huge models
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Distributed learning

< 5 >

<latexit sha1_base64="4s4k+h9xgjmrws+lvj2BUmbO47g="></latexit>

min
x2Rd

f(x) =
1

n

nX

i=1

fi(x), where fi(x) = E⇠i⇠DiF (x; ⇠i).

§ Each component is local and private to node
<latexit sha1_base64="qzaURfASsGooeYPRN6hgZR2ijpo=">AAACJnicbZDLSgMxFIYzXut4q7p0YbAIrsqMioqrohuXtdgLdGrJZDJtaJIZkoxShln6LoJbfQ13Iu58BB/B9ALV1h8CP/85h5zz+TGjSjvOpzU3v7C4tJxbsVfX1jc281vbNRUlEpMqjlgkGz5ShFFBqppqRhqxJIj7jNT93tWgXr8nUtFI3Op+TFocdQQNKUbaRO38XtimFx5Huuv7aSW7C6CnIzgJ2vmCU3SGgrPGHZsCGKvczn97QYQTToTGDCnVdJ1Yt1IkNcWMZLaXKBIj3EMd0jRWIE5UKx0eksEDkwQwjKR5QsNh+nsiRVypPvdN52BDNV0bhP/VmokOz1spFXGiicCjj8KEQXPrgAoMqCRYs74xCEtqdoW4iyTC2rCzbU+QBxxxjkSQepVKlk4AZbZB5E4DmTW1o6J7Wjy+OSmULsewcmAX7IND4IIzUALXoAyqAINH8AxewKv1ZL1Z79bHqHXOGs/sgD+yvn4AJ/KmCw==</latexit>

fi : Rd ! R
<latexit sha1_base64="ZvkstkLZit2MzaUV5cWtHP44tBM=">AAACBnicbVDLSsNAFJ3UV42vqks3wSK4KomKuiy6cdkW+4CmlMn0th06MwkzE6WE7AW3+hvuxK2/4V/4CU7aLLT1wIXDOfdy7z1BxKjSrvtlFVZW19Y3ipv21vbO7l5p/6ClwlgSaJKQhbITYAWMCmhqqhl0IgmYBwzaweQ289sPIBUNxb2eRtDjeCTokBKsjVSn/VLZrbgzOMvEy0kZ5aj1S9/+ICQxB6EJw0p1PTfSvQRLTQmD1PZjBREmEzyCrqECc1C9ZHZo6pwYZeAMQ2lKaGem/p5IMFdqygPTybEeq0UvE//zurEeXvcSKqJYgyDzRcOYOTp0sq+dAZVANJsagomk5laHjLHERJtsbNsX8EhCzrEYJH6jkSZ+tiIIkkaa2iYibzGQZdI6q3iXlfP6Rbl6k4dVREfoGJ0iD12hKrpDNdREBAF6Ri/o1Xqy3qx362PeWrDymUP0B9bnDwCNmUY=</latexit>

i

<latexit sha1_base64="S7QpqR+KavrSLakXs5+Tz84oS4Y=">AAACCnicbVDLSsNAFJ3UV42vqks3wSK4KomKuiy6cVmLaQtNKJPJpB06MwkzE7WE/IHgVn/Dnbj1J/wLP8FJm4W2HrhwOOde7r0nSCiRyra/jMrS8srqWnXd3Njc2t6p7e51ZJwKhF0U01j0AigxJRy7iiiKe4nAkAUUd4PxdeF377GQJOZ3apJgn8EhJxFBUGnJ9R7JgAxqdbthT2EtEqckdVCiNah9e2GMUoa5QhRK2XfsRPkZFIoginPTSyVOIBrDIe5ryiHD0s+mx+bWkVZCK4qFLq6sqfp7IoNMygkLdCeDaiTnvUL8z+unKrr0M8KTVGGOZouilFoqtorPrZAIjBSdaAKRIPpWC42ggEjpfEzT4/gBxYxBHmZeu51nXrEiCLJ2nps6Imc+kEXSOWk4543T27N686oMqwoOwCE4Bg64AE1wA1rABQgQ8AxewKvxZLwZ78bHrLVilDP74A+Mzx85j5sK</latexit>

⇠i§ Random variable denotes the local data that follows distribution 
<latexit sha1_base64="vjfsQhfof4ZlRf21LJKMckSYVmM=">AAACCHicbVDLSsNAFJ3UV42vqks3g0VwVRIVdVnUhcta7QOaUCaTaTt0ZhJmJkoJ+QHBrf6GO3HrX/gXfoKTNgutHrhwOOde7r0niBlV2nE+rdLC4tLySnnVXlvf2NyqbO+0VZRITFo4YpHsBkgRRgVpaaoZ6caSIB4w0gnGl7nfuSdS0Ujc6UlMfI6Ggg4oRtpIt1d92q9UnZozBfxL3IJUQYFGv/LlhRFOOBEaM6RUz3Vi7adIaooZyWwvUSRGeIyGpGeoQJwoP52emsEDo4RwEElTQsOp+nMiRVypCQ9MJ0d6pOa9XPzP6yV6cO6nVMSJJgLPFg0SBnUE879hSCXBmk0MQVhScyvEIyQR1iYd2/YEecAR50iEqddsZqmXrwiCtJlltonInQ/kL2kf1dzT2vHNSbV+UYRVBntgHxwCF5yBOrgGDdACGAzBE3gGL9aj9Wq9We+z1pJVzOyCX7A+vgFVr5n9</latexit>

Di

§ Each local distribution is different; data heterogeneity exists
<latexit sha1_base64="vjfsQhfof4ZlRf21LJKMckSYVmM=">AAACCHicbVDLSsNAFJ3UV42vqks3g0VwVRIVdVnUhcta7QOaUCaTaTt0ZhJmJkoJ+QHBrf6GO3HrX/gXfoKTNgutHrhwOOde7r0niBlV2nE+rdLC4tLySnnVXlvf2NyqbO+0VZRITFo4YpHsBkgRRgVpaaoZ6caSIB4w0gnGl7nfuSdS0Ujc6UlMfI6Ggg4oRtpIt1d92q9UnZozBfxL3IJUQYFGv/LlhRFOOBEaM6RUz3Vi7adIaooZyWwvUSRGeIyGpGeoQJwoP52emsEDo4RwEElTQsOp+nMiRVypCQ9MJ0d6pOa9XPzP6yV6cO6nVMSJJgLPFg0SBnUE879hSCXBmk0MQVhScyvEIyQR1iYd2/YEecAR50iEqddsZqmXrwiCtJlltonInQ/kL2kf1dzT2vHNSbV+UYRVBntgHxwCF5yBOrgGDdACGAzBE3gGL9aj9Wq9We+z1pJVzOyCX7A+vgFVr5n9</latexit>

Di

• Training deep neural networks typically requires massive datasets; efficient and scalable
distributed optimization algorithms are in urgent need

• A network of nodes (devices such as GPUs) collaborate to solve the problem:<latexit sha1_base64="kuvqsFNbjEvULVMnkk4XIG+iKgw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuyXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH2f+M+w==</latexit>n
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Vanilla parallel stochastic gradient descent (PSGD)

< 6 >

<latexit sha1_base64="ir7agV4KnBNsMh4nzIC9tmNnMCk="></latexit>

g(k)i = rF (x(k); ⇠(k)i ) (Local compt.)

x(k+1) = x(k) � �

n

nX

i=1

g(k)i (Global comm.)

• Each node samples data and computes gradient<latexit sha1_base64="ZvkstkLZit2MzaUV5cWtHP44tBM=">AAACBnicbVDLSsNAFJ3UV42vqks3wSK4KomKuiy6cdkW+4CmlMn0th06MwkzE6WE7AW3+hvuxK2/4V/4CU7aLLT1wIXDOfdy7z1BxKjSrvtlFVZW19Y3ipv21vbO7l5p/6ClwlgSaJKQhbITYAWMCmhqqhl0IgmYBwzaweQ289sPIBUNxb2eRtDjeCTokBKsjVSn/VLZrbgzOMvEy0kZ5aj1S9/+ICQxB6EJw0p1PTfSvQRLTQmD1PZjBREmEzyCrqECc1C9ZHZo6pwYZeAMQ2lKaGem/p5IMFdqygPTybEeq0UvE//zurEeXvcSKqJYgyDzRcOYOTp0sq+dAZVANJsagomk5laHjLHERJtsbNsX8EhCzrEYJH6jkSZ+tiIIkkaa2iYibzGQZdI6q3iXlfP6Rbl6k4dVREfoGJ0iD12hKrpDNdREBAF6Ri/o1Xqy3qx362PeWrDymUP0B9bnDwCNmUY=</latexit>

i
<latexit sha1_base64="QLlrUPFVZcwFQRsbcjmX4/rnKdg=">AAACEHicbVDLSsNAFJ34rPFVdekmWIS6KYmKuiy6cVmLfUATy2Q6bYfOI8xM1BLyE4Jb/Q134tY/8C/8BCdtFtp64MLhnHu5954wokRp1/2yFhaXlldWC2v2+sbm1nZxZ7epRCwRbiBBhWyHUGFKOG5ooiluRxJDFlLcCkdXmd+6x1IRwW/1OMIBgwNO+gRBbaSO/0i65C4pj47SbrHkVtwJnHni5aQEctS6xW+/J1DMMNeIQqU6nhvpIIFSE0RxavuxwhFEIzjAHUM5ZFgFyeTk1Dk0Ss/pC2mKa2ei/p5IIFNqzELTyaAeqlkvE//zOrHuXwQJ4VGsMUfTRf2YOlo42f9Oj0iMNB0bApEk5lYHDaGESJuUbNvn+AEJxiDvJX69niZ+tiIMk3qa2iYibzaQedI8rnhnlZOb01L1Mg+rAPbBASgDD5yDKrgGNdAACAjwDF7Aq/VkvVnv1se0dcHKZ/bAH1ifP4rgnVg=</latexit>

⇠(k)i

<latexit sha1_base64="rCCY3v0P2hGT6FYuRK2RaWJVE/s="></latexit>

rF (x(k); ⇠(k)i )

• All nodes synchronize (i.e. globally average) to update model   per iteration<latexit sha1_base64="UFrRpSEctgxpfOWW4xsMtLMRAn8=">AAACCXicbVDLSsNAFJ3UV42vqks3g63gqiQV1GXRjcta7AOaUCaTSTt0ZhJmJmoJ+QLBrf6GO3HrV/gXfoJJm4W2HrhwOOde7r3HixhV2rK+jNLK6tr6RnnT3Nre2d2r7B90VRhLTDo4ZKHse0gRRgXpaKoZ6UeSIO4x0vMm17nfuydS0VDc6WlEXI5GggYUI51LtccaHFaqVt2aAS4TuyBVUKA1rHw7fohjToTGDCk1sK1IuwmSmmJGUtOJFYkQnqARGWRUIE6Um8xuTeFJpvgwCGVWQsOZ+nsiQVypKfeyTo70WC16ufifN4h1cOkmVESxJgLPFwUxgzqE+ePQp5JgzaYZQVjS7FaIx0girLN4TNMR5AGHnCPhJ067nSZOvsLzknaamllE9mIgy6TbqNvn9bPbRrV5VYRVBkfgGJwCG1yAJrgBLdABGIzBM3gBr8aT8Wa8Gx/z1pJRzByCPzA+fwAy1pnZ</latexit>x
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Vanilla parallel stochastic gradient descent (PSGD)
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• Global average incurs comm. overhead; proportional to network size nO(n)

• When network size n is large, PSGD suffers severe communication overhead
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PSGD cannot achieve linear speedup due to comm. overhead

< 8 >

• PSGD cannot achieve ideal linear speedup in throughput due to comm. overhead

• Larger comm-to-compt ratio leads to worse performance in PSGD

Small comm.-to-compt. ratio Large comm.-to-compt. ratio

B. Ying, K. Yuan, H. Hu, Y. Chen and W. Yin, “BlueFog: Make decentralized algorithms practical for optimization and deep learning”, arXiv: 2111. 04287, 2021

• How can we accelerate PSGD? Decentralized SGD is a promising paradigm.
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Decentralized SGD (DSGD)

< 9 >

• To break comm. overhead, we replace global average with partial averageO(n)

<latexit sha1_base64="K5uW5GMso9ECnnL+ck/ZO5PjzFw="></latexit>

x
(k+ 1

2 )
i = x(k)

i � �rF (x(k)
i ; ⇠(k)i ) (Local update)

x(k+1)
i =

X

j2Ni

wijx
(k+ 1

2 )
j (Partial averaging)

• DSGD = local SGD update + partial averaging [LS08]

• is the set of neighbors at node ;
<latexit sha1_base64="djb8IL5A/At4KetmqlbXRctl1yE=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWakqMuiG1dSwT6gHUomzbShmcyYZApl6He4caGIWz/GnX9jpp2Fth4IHM65l3ty/FhwbRznGxXW1jc2t4rbpZ3dvf2D8uFRS0eJoqxJIxGpjk80E1yypuFGsE6sGAl9wdr++Dbz2xOmNI/ko5nGzAvJUPKAU2Ks5PVCYkaUiPR+1uf9csWpOnPgVeLmpAI5Gv3yV28Q0SRk0lBBtO66Tmy8lCjDqWCzUi/RLCZ0TIasa6kkIdNeOg89w2dWGeAgUvZJg+fq742UhFpPQ99OZiH1speJ/3ndxATXXsplnBgm6eJQkAhsIpw1gAdcMWrE1BJCFbdZMR0RRaixPZVsCe7yl1dJ66LqXlZrD7VK/SavowgncArn4MIV1OEOGtAECk/wDK/whiboBb2jj8VoAeU7x/AH6PMHCYSSSQ==</latexit>

Ni
<latexit sha1_base64="gQ0QZrHgZBkqf996/QQVBa6B0JU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlJu+XK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH0muM9g==</latexit>

i

• Incurs comm. overhead per iteration where is the graph maximum degree<latexit sha1_base64="E+QIbabTheG+ghE+Umq3bpUIrYI=">AAAB8nicbVBNSwMxEJ31s9avqkcvwSLUS9mVoh6LXrxZwX7AdinZNNuGZpMlyYpl6c/w4kERr/4ab/4b03YP2vpg4PHeDDPzwoQzbVz321lZXVvf2CxsFbd3dvf2SweHLS1TRWiTSC5VJ8SaciZo0zDDaSdRFMchp+1wdDP1249UaSbFgxknNIjxQLCIEWys5N9V+r2sG+OnyVmvVHar7gxomXg5KUOORq/01e1LksZUGMKx1r7nJibIsDKMcDopdlNNE0xGeEB9SwWOqQ6y2ckTdGqVPoqksiUMmqm/JzIcaz2OQ9sZYzPUi95U/M/zUxNdBRkTSWqoIPNFUcqRkWj6P+ozRYnhY0swUczeisgQK0yMTaloQ/AWX14mrfOqd1Gt3dfK9es8jgIcwwlUwINLqMMtNKAJBCQ8wyu8OcZ5cd6dj3nripPPHMEfOJ8/w4+Q7g==</latexit>

O(dmax)
<latexit sha1_base64="LtE8Vgg3hnPA1Aosalmoni97PYY="></latexit>

dmax = max
i

{|Ni|}

<latexit sha1_base64="LBGOUbLEEAkVtcC0YqRQzbLdgbc=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVoh6LXjxWsB/QLiWbZtu02WRJskpZ+h+8eFDEq//Hm//GdLsHbX0w8Hhvhpl5QcyZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTuY3M799iNVmknxYKYx9SM8FCxkBBsrtZ76KRvP+uWKW3UzoFXi5aQCORr98ldvIEkSUWEIx1p3PTc2foqVYYTTWamXaBpjMsFD2rVU4IhqP82unaEzqwxQKJUtYVCm/p5IcaT1NApsZ4TNSC97c/E/r5uY8NpPmYgTQwVZLAoTjoxE89fRgClKDJ9agoli9lZERlhhYmxAJRuCt/zyKmldVL3Lau2+Vqnf5HEU4QRO4Rw8uII63EEDmkBgDM/wCm+OdF6cd+dj0Vpw8plj+APn8wfui49g</latexit>wij
<latexit sha1_base64="Fnwhd7Ta5Tw0dHaaWO+17yDDvLg=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLA7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAXj+7nfekKleSwfzSRBP6IDyUPOqLFSfdQrltyyuwBZJ15GSpCh1it+dfsxSyOUhgmqdcdzE+NPqTKcCZwVuqnGhLIxHWDHUkkj1P50ceiMXFilT8JY2ZKGLNTfE1MaaT2JAtsZUTPUq95c/M/rpCa89adcJqlByZaLwlQQE5P516TPFTIjJpZQpri9lbAhVZQZm03BhuCtvrxOmldl77pcqVdK1bssjjycwTlcggc3UIUHqEEDGCA8wyu8OSPnxXl3PpatOSebOYU/cD5/ANPvjPc=</latexit>

j
<latexit sha1_base64="gQ0QZrHgZBkqf996/QQVBa6B0JU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlJu+XK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH0muM9g==</latexit>

iscales information from to
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DSGD is more communication-efficient than PSGD

< 10 >

• Incurs comm. overhead on sparse topologies; much less than global average
<latexit sha1_base64="ePWhDDpGjJEQ1JRSBBun38CrrqY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OLNCvYD2qVk02wbmmSXJCuUpX/BiwdFvPqHvPlvzLZ70NYHA4/3ZpiZF8ScaeO6305hbX1jc6u4XdrZ3ds/KB8etXWUKEJbJOKR6gZYU84kbRlmOO3GimIRcNoJJreZ33miSrNIPpppTH2BR5KFjGCTSfdV73xQrrg1dw60SrycVCBHc1D+6g8jkggqDeFY657nxsZPsTKMcDor9RNNY0wmeER7lkosqPbT+a0zdGaVIQojZUsaNFd/T6RYaD0Vge0U2Iz1speJ/3m9xITXfspknBgqyWJRmHBkIpQ9joZMUWL41BJMFLO3IjLGChNj4ynZELzll1dJ+6LmXdbqD/VK4yaPowgncApV8OAKGnAHTWgBgTE8wyu8OcJ5cd6dj0VrwclnjuEPnM8f4DqNfA==</latexit>

O(1) O(n)

• Many sparse and effective topologies are proposed recently

B. Ying*, K. Yuan*, Y. Chen*, H. Hu, P. Pan, and W. Yin, “Exponential Graph is Provably Efficient for Deep Training”, NeurIPS 2021

Z. Song*, W. Li*, K. Jin*, L. Shi, M. Yan, W. Yin, and K. Yuan “Communication-efficient topologies for decentralized learning with O(1) consensus rate”, NeurIPS 2022
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DSGD is more communication-efficient than PSGD

< 11 >

• A real experiment on a 256-GPUs cluster [CYZ+21]

<latexit sha1_base64="op39c8VfbvYKnVp5/0exxa2ZaN0="></latexit>

Model Ring-Allreduce Partial average

ResNet-50 (25.5M) 278 ms 150 ms
Bert (300M) 1469 ms 567 ms

Table. Comparison of per-iter comm. time in terms of runtime with 256 GPUs

• DSGD saves more communications per iteration for larger models

[CYZ+21] Y. Chen*, K. Yuan*, Y. Zhang, P. Pan, Y. Xu, and W. Yin, ``Accelerating Gossip SGD with Periodic Global Averaging”, ICML 2021
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DSGD is more communication-efficient than PSGD

< 12 >

• DSGD (BlueFog) has better linear speedup than PSGD (Horovod) due to its small comm. overhead

Small comm.-to-compt. ratio Large comm.-to-compt. ratio

B. Ying, K. Yuan, H. Hu, Y. Chen and W. Yin, “BlueFog: Make decentralized algorithms practical for optimization and deep learning”, arXiv: 2111. 04287, 2021
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DSGD is more communication-efficient than PSGD

< 13 >

<latexit sha1_base64="cN5prPxaMZgTXyEa6JBo7KpMqeA="></latexit>

nodes 4(4x8 GPUs) 8(8x8 GPUs) 16(16x8 GPUs) 32(32x8 GPUs)
topology acc. time acc. time acc. time acc. time

P-SGD 76.32 11.6 76.47 6.3 76.46 3.7 76.25 2.2
Ring 76.16 11.6 76.14 6.5 76.16 3.3 75.62 1.8

one-peer exp. 76.34 11.1 76.52 5.7 76.47 2.8 76.27 1.5

<latexit sha1_base64="cHvi58O5lYiM1j6mKoZUH78yY7M=">AAAB7HicbVBNS8NAEJ3Ur1q/oh69LBbBiyUpoh6LFvRY0bSFNpTNdtMu3WzC7kYoob/BiwdFvPqDvPlv3LY5aOuDgcd7M8zMCxLOlHacb6uwsrq2vlHcLG1t7+zu2fsHTRWnklCPxDyW7QArypmgnmaa03YiKY4CTlvB6Gbqt56oVCwWj3qcUD/CA8FCRrA2klc/e7it9+yyU3FmQMvEzUkZcjR69le3H5M0okITjpXquE6i/QxLzQink1I3VTTBZIQHtGOowBFVfjY7doJOjNJHYSxNCY1m6u+JDEdKjaPAdEZYD9WiNxX/8zqpDq/8jIkk1VSQ+aIw5UjHaPo56jNJieZjQzCRzNyKyBBLTLTJp2RCcBdfXibNasW9qJzfV8u16zyOIhzBMZyCC5dQgztogAcEGDzDK7xZwnqx3q2PeWvBymcO4Q+szx/EoY4C</latexit>

D-SGD

Table. Test accuracy and wall-clock training time on ImageNet [YYC+21]

<latexit sha1_base64="RSByxybLLlIgBk0dKlXTTsAg3vY="></latexit>

Method Final Loss Wall-clock Time (hrs)

P-SGD 1.75 59.02
D-SGD 1.77 30.4

Table. Training loss and wall-clock training time on BERT [CYZ+21]

[CYZ+21] Y. Chen*, K. Yuan*, Y. Zhang, P. Pan, Y. Xu, and W. Yin, ``Accelerating Gossip SGD with Periodic Global Averaging”, ICML 2021
[YYC+21] B. Ying*, K. Yuan*, Y. Chen*, H. Hu, P. Pan, and W. Yin, “Exponential Graph is Provably Efficient for Deep Training”, NeurIPS 2021
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This talk focuses on decentralized momentum SGD (DmSGD)

< 14 >

• DSGD performs badly in ill-conditioned stochastic optimization; seldom used in real practice

<latexit sha1_base64="K5uW5GMso9ECnnL+ck/ZO5PjzFw="></latexit>
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Image from“Machine Learning Refined”
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This talk focuses on decentralized momentum SGD (DmSGD)

< 15 >

• DmSGD can alleviate the “Zig-Zag” and accelerate the convergence; widely used in real applications

<latexit sha1_base64="rMg4MLemcvO4jXN8VxvTg0BVg0s="></latexit>
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(Momentum update)

(Local variable update)

(Partial averaging)

Reduce to DSGD
when

<latexit sha1_base64="2I1yrjKmeu2N0iPAW6pTy+SxsCw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1ItQ9OKxgv2QNpTNdtIu3WzC7kYoob/CiwdFvPpzvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsY3U791hMqzWP5YMYJ+hEdSB5yRo2VHrsBGkquidsrV9yqOwNZJl5OKpCj3it/dfsxSyOUhgmqdcdzE+NnVBnOBE5K3VRjQtmIDrBjqaQRaj+bHTwhJ1bpkzBWtqQhM/X3REYjrcdRYDsjaoZ60ZuK/3md1IRXfsZlkhqUbL4oTAUxMZl+T/pcITNibAllittbCRtSRZmxGZVsCN7iy8ukeVb1Lqrn9+eV2k0eRxGO4BhOwYNLqMEd1KEBDCJ4hld4c5Tz4rw7H/PWgpPPHMIfOJ8/aayPgg==</latexit>

� = 0
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Large-batch training is a must in large-scale deep learning

< 16 >

• Total batch size increases as the number of nodes (GPUs) grows

• Suppose each node takes 256 samples per iteration:

(8 nodes)
<latexit sha1_base64="x8PK4g76ySy2BsbGjH4G4XW0cBM=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSyCp5KUWnsRil4ELxXsB7ShbLabdulmE3Y3Sqn9KV48KOLVX+LNf+O2zUFbHww83pthZp4fc6a043xbmbX1jc2t7HZuZ3dv/8DOHzZVlEhCGyTikWz7WFHOBG1opjltx5Li0Oe05Y+uZ37rgUrFInGvxzH1QjwQLGAEayP17HzpvIK6moVUoSq6RKXbnl1wis4caJW4KSlAinrP/ur2I5KEVGjCsVId14m1N8FSM8LpNNdNFI0xGeEB7RgqsNnlTeanT9GpUfooiKQpodFc/T0xwaFS49A3nSHWQ7XszcT/vE6ig6o3YSJONBVksShIONIRmuWA+kxSovnYEEwkM7ciMsQSE23SypkQ3OWXV0mzVHQrxfJduVC7SuPIwjGcwBm4cAE1uIE6NIDAIzzDK7xZT9aL9W59LFozVjpzBH9gff4ABoyR6w==</latexit>

256⇥ 8 = 2K (samples)

(64 nodes)
<latexit sha1_base64="ZeWYBpY6mcqN84eV1VXe8DcGhGw=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovgqiSlRjdC0Y3gpoJ9QBvKZDpph04ezNwIIdRfceNCEbd+iDv/xmmbhbYeuHA4517uvceLBVdgWd9GYW19Y3OruF3a2d3bPzAPj9oqSiRlLRqJSHY9opjgIWsBB8G6sWQk8ATreJObmd95ZFLxKHyANGZuQEYh9zkloKWBWa6dO7gPPGAKO3V8hW3nbmBWrKo1B14ldk4qKEdzYH71hxFNAhYCFUSpnm3F4GZEAqeCTUv9RLGY0AkZsZ6mIdHb3Gx+/BSfamWI/UjqCgHP1d8TGQmUSgNPdwYExmrZm4n/eb0E/Es342GcAAvpYpGfCAwRniWBh1wyCiLVhFDJ9a2YjokkFHReJR2CvfzyKmnXqrZTrd/XK43rPI4iOkYn6AzZ6AI10C1qohaiKEXP6BW9GU/Gi/FufCxaC0Y+U0Z/YHz+APYjkmY=</latexit>

256⇥ 64 = 16K (samples)

(256 nodes)
<latexit sha1_base64="WSdbjcE0iseOMctsIcnT5pNhlf8=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWwVVJSq1uhKIbwU0F2wptKJPppB06mYSZiVBL8VXcuFDEre/hzrdx0mahrT8MfPznHM6Z3485U9pxvq3c0vLK6lp+vbCxubW9Y+/uNVWUSEIbJOKRvPexopwJ2tBMc3ofS4pDn9OWP7xK660HKhWLxJ0exdQLcV+wgBGsjdW1D8qnVdTRLKQKpXiBqpWbrl10Ss5UaBHcDIqQqd61vzq9iCQhFZpwrFTbdWLtjbHUjHA6KXQSRWNMhrhP2wYFNuu88fT6CTo2Tg8FkTRPaDR1f0+McajUKPRNZ4j1QM3XUvO/WjvRwbk3ZiJONBVktihIONIRSqNAPSYp0XxkABPJzK2IDLDERJvACiYEd/7Li9Asl9xqqXJbKdYuszjycAhHcAIunEENrqEODSDwCM/wCm/Wk/VivVsfs9aclc3swx9Znz9yKZKm</latexit>

256⇥ 256 = 64K (samples)

• Large-batch training is a must for large-scale deep training with massive number of GPUs
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DmSGD performs well in small-batch scenario

< 17 >

• Experimental setting: CIFAR-10; ResNet-20

• Baseline: parallel (centralized) momentum SGD (PmSGD)

• Small-batch: 2K total batch-size per iteration

DmSGD and PmSGD have almost the same performance with small-batch
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However, DmSGD performs badly in large-batch scenario

< 18 >

• Experimental setting: CIFAR-10; ResNet-20

• Large-batch: 8K total batch-size per iteration

DmSGD drops 1% performance compared to PmSGD with large-batch
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Two critical questions:

< 19 >

• Why does DmSGD have severe performance degradation with large batch size?

• Can we overcome such degradation?



PART 02

Reason behind Performance Degradation
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DmSGD limiting bias

< 21 >

• The limiting bias of DSGD/DmSGD (s.c. cost) typically suffers from two sources

§ Stochastic bias is caused by the gradient noise

§ Inconsistency bias is caused by data heterogeneity (i.e., different distribution )
<latexit sha1_base64="UBCoSKccsYAsMigUfrgabNRLyug=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWakqMuiLlxWsA9oh5JJM21oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z4cPxZcG8f5RoW19Y3NreJ2aWd3b/+gfHjU0lGiKGvSSESq4xPNBJesabgRrBMrRkJfsLY/vs389oQpzSP5aKYx80IylDzglBgreb2QmBElIr2b9Xm/XHGqzhx4lbg5qUCORr/81RtENAmZNFQQrbuuExsvJcpwKtis1Es0iwkdkyHrWipJyLSXzkPP8JlVBjiIlH3S4Ln6eyMlodbT0LeTWUi97GXif143McG1l3IZJ4ZJujgUJAKbCGcN4AFXjBoxtYRQxW1WTEdEEWpsTyVbgrv85VXSuqi6l9XaQ61Sv8nrKMIJnMI5uHAFdbiHBjSBwhM8wyu8oQl6Qe/oYzFaQPnOMfwB+vwB+i+SPw==</latexit>Di

<latexit sha1_base64="dqY5ZTivGtzWDGOv36Go5jBItnI="></latexit>

lim
k!1

1

n

nX

i=1

Ekx(k)
i � x?k2 = sto. bias + inconsist. bias

<latexit sha1_base64="4s4k+h9xgjmrws+lvj2BUmbO47g="></latexit>
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DmSGD limiting bias: an illustration

< 22 >

• Take DSGD as an example, its limiting bias (s.c. cost) is derived as [YAYS20]

<latexit sha1_base64="ZxLkwWnJfT4Zto9/MEs+aMW7pL4="></latexit>
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• Quantity denotes data heterogeneity; when
<latexit sha1_base64="O1sjhXj/2MkwPVky1/rM4VvvGw8="></latexit>
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<latexit sha1_base64="7bahaDxP5dykYSFX/diIl3xlF/s=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyGoF6EoBePEcwDkjXMTmaTIbOzy0yvEEI+wosHRbz6Pd78GyfJHjSxoKGo6qa7K0ikMOi6305ubX1jcyu/XdjZ3ds/KB4eNU2casYbLJaxbgfUcCkUb6BAyduJ5jQKJG8Fo9uZ33ri2ohYPeA44X5EB0qEglG0Uit4rJBr4vaKJbfszkFWiZeREmSo94pf3X7M0ogrZJIa0/HcBP0J1SiY5NNCNzU8oWxEB7xjqaIRN/5kfu6UnFmlT8JY21JI5urviQmNjBlHge2MKA7NsjcT//M6KYZX/kSoJEWu2GJRmEqCMZn9TvpCc4ZybAllWthbCRtSTRnahAo2BG/55VXSrJS9i3L1vlqq3WRx5OEETuEcPLiEGtxBHRrAYATP8ApvTuK8OO/Ox6I152Qzx/AHzucPi8qOaA==</latexit>

b2 = 0
<latexit sha1_base64="5I1AydUjk+3ujUD5nA5D+iOv6jk=">AAAB/3icbZDLSgMxFIbP1Futt1HBjZtgEeqmzEhRN0LRjcsK9gLtMGTSTBubyQxJRiy1C1/FjQtF3Poa7nwb03YWWj0Q8vH/55CTP0g4U9pxvqzcwuLS8kp+tbC2vrG5ZW/vNFScSkLrJOaxbAVYUc4ErWumOW0lkuIo4LQZDC4nfvOOSsVicaOHCfUi3BMsZARrI/n2Xuiz0v0ROkehf5uBuXy76JSdaaG/4GZQhKxqvv3Z6cYkjajQhGOl2q6TaG+EpWaE03GhkyqaYDLAPdo2KHBElTea7j9Gh0bpojCW5giNpurPiRGOlBpGgemMsO6reW8i/ue1Ux2eeSMmklRTQWYPhSlHOkaTMFCXSUo0HxrARDKzKyJ9LDHRJrKCCcGd//JfaByX3ZNy5bpSrF5kceRhHw6gBC6cQhWuoAZ1IPAAT/ACr9aj9Wy9We+z1pyVzezCr7I+vgE0xpOo</latexit>

fi(x) = fj(x) = f(x)

• Quantity denotes gradient noise; as batch-size grows large
<latexit sha1_base64="7hPbLxmhkW66hlOsHJ+dAcUnUkw=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9ktRT0WvXisYD+gXUs2zbahSXZNskJZ+ie8eFDEq3/Hm//GdLsHbX0w8Hhvhpl5QcyZNq777RTW1jc2t4rbpZ3dvf2D8uFRW0eJIrRFIh6pboA15UzSlmGG026sKBYBp51gcjP3O09UaRbJezONqS/wSLKQEWys1O1rNhL4oTYoV9yqmwGtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv00u3eGzqwyRGGkbEmDMvX3RIqF1lMR2E6BzVgve3PxP6+XmPDKT5mME0MlWSwKE45MhObPoyFTlBg+tQQTxeytiIyxwsTYiEo2BG/55VXSrlW9i2r9rl5pXOdxFOEETuEcPLiEBtxCE1pAgMMzvMKb8+i8OO/Ox6K14OQzx/AHzucPyLKP0A==</latexit>

�2
<latexit sha1_base64="bv1p2AGWXhexdrj4S0Kswp/IxhM=">AAAB9XicbVBNTwIxEJ3FL8Qv1KOXRmLiiewSoh6JXjxiImDCLqRbutDQdjdtV0M2/A8vHjTGq//Fm//GAntQ8CWTvLw3k5l5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRW8epIrRFYh6rhxBrypmkLcMMpw+JoliEnHbC8c3M7zxSpVks780koYHAQ8kiRrCxUs/XbChwr4Z8EyO3X664VXcOtEq8nFQgR7Nf/vIHMUkFlYZwrHXXcxMTZFgZRjidlvxU0wSTMR7SrqUSC6qDbH71FJ1ZZYCiWNmSBs3V3xMZFlpPRGg7BTYjvezNxP+8bmqiqyBjMkkNlWSxKEo5si/OIkADpigxfGIJJorZWxEZYYWJsUGVbAje8surpF2rehfV+l290rjO4yjCCZzCOXhwCQ24hSa0gICCZ3iFN+fJeXHenY9Fa8HJZ47hD5zPH0pMkbs=</latexit>

�2 ! 0

• Quantity characterizes the network topology connectivity
<latexit sha1_base64="WVqy9sOIUkqGNq2ZesdFOhKy+iE="></latexit>
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[YAYS20] K. Yuan, S. Alghunaim, B. Ying and A. Sayed, “On the influence of bias-correction on distributed stochastic optimization”, IEEE TSP, 2020
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Inconsistency bias dominates large-batch setting

< 23 >

<latexit sha1_base64="DbKVsWmoGmVhxteQzWFmuS1NbHo="></latexit>

Proposition. Inconsistency bias dominates convergence of large-batch DmSGD.

sto. bias inconst. bias

Small-batch setting
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Inconsistency bias dominates large-batch setting

< 24 >

<latexit sha1_base64="DbKVsWmoGmVhxteQzWFmuS1NbHo="></latexit>

Proposition. Inconsistency bias dominates convergence of large-batch DmSGD.

sto. bias inconst. bias

Midium-batch setting
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Inconsistency bias dominates large-batch setting

< 25 >

<latexit sha1_base64="DbKVsWmoGmVhxteQzWFmuS1NbHo="></latexit>

Proposition. Inconsistency bias dominates convergence of large-batch DmSGD.

sto. bias inconst. bias

Large-batch setting
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DmSGD incurs severe inconsistency bias

< 26 >

• Therefore, it is enough to examine the inconsistency bias in large-batch setting

• We rewrite full-batch DmSGD as

<latexit sha1_base64="2ImeFdlhzZBeCHGthYfHIZ23tIw="></latexit>
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DmSGD incurs severe inconsistency bias

< 27 >

• Therefore, it is enough to examine the inconsistency bias in large-batch setting

• We rewrite full-batch DmSGD as

<latexit sha1_base64="qEMoBe1SVNstTWCeTYMHXirO2Yw="></latexit>
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DmSGD incurs severe inconsistency bias

< 28 >

<latexit sha1_base64="qEMoBe1SVNstTWCeTYMHXirO2Yw="></latexit>
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• Momentum will not vanish as as
<latexit sha1_base64="OYuL7pZJjhQdNmohOHZ6YRxUG78="></latexit>
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k ! 1

• Compared to DSGD, momentum will incur additional inconsistency bias
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DmSGD incurs severe inconsistency bias

< 29 >

• Recall that full-batch DSGD has limiting bias as
<latexit sha1_base64="PLx25rGPhrEqjtIjFJJXulHLkaE=">AAACCHicbVDLTgIxFO3gC/E16tKFjcQEFuIMIeqS6MadmMgjYQbSKQUa2s6k7ZiQCUs3/oobFxrj1k9w599YYBaKnuQmp+fcm957gohRpR3ny8osLa+srmXXcxubW9s79u5eQ4WxxKSOQxbKVoAUYVSQuqaakVYkCeIBI81gdDX1m/dEKhqKOz2OiM/RQNA+xUgbqWsf3hRg4g0Q56hThkGnPDlNCu6JJ4dh0TyKXTvvlJwZ4F/ipiQPUtS69qfXC3HMidCYIaXarhNpP0FSU8zIJOfFikQIj9CAtA0ViBPlJ7NDJvDYKD3YD6UpoeFM/TmRIK7UmAemkyM9VIveVPzPa8e6f+EnVESxJgLPP+rHDOoQTlOBPSoJ1mxsCMKSml0hHiKJsDbZ5UwI7uLJf0mjXHLPSpXbSr56mcaRBQfgCBSAC85BFVyDGqgDDB7AE3gBr9aj9Wy9We/z1oyVzuyDX7A+vgFlMJeu</latexit>
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• The momentum in DmSGD amplifies inconsistency bias as
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� 2 (0, 1)

<latexit sha1_base64="oYzIHqbGqQjLGxB2P1H3VzQgw4M="></latexit>

Proposition. The full-batch DmSGD (S.C. cost) has the following inconsis-
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Center of Machine Learning Research

DmSGD incurs severe inconsistency bias: verification

< 30 >

• Full-batch linear regression

• DmSGD is faster but suffers more 
inconsistency bias (as expected)
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A brief summary

< 31 >

• Inconsistency bias dominates large-batch setting

• This explains why DmSGD gets poor performance in large-batch setting

<latexit sha1_base64="oCfEhA8HRIvZyF4VTE1W4vh5eKw="></latexit>
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• Momentum amplifies inconsistency bias in DmSGD especially when
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PART 03

DecentLaM: Remove Momentum-Incurred Bias



Center of Machine Learning Research

DmSGD incurs severe inconsistency bias

< 33 >

<latexit sha1_base64="qEMoBe1SVNstTWCeTYMHXirO2Yw="></latexit>
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, 8i 2 [n]. (DmSGD)

• Momentum will not vanish as as
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• Compared to DSGD, momentum will incur additional inconsistency bias
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Remove momentum-incurred bias

< 34 >

• We modify the momentum term a little bit
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§ Momentum-incurred bias will vanish as
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Remove momentum-incurred bias

< 35 >

<latexit sha1_base64="qDbsJqbn5Q9ngqkKzSMEJt2cXAg="></latexit>

Proposition. Full-batch DecentLaM (S.C. cost) has an inconsistency bias as
follows:
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• Recall that full-batch DmSGD has limiting bias as
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• DecentLaM removes the momentum-incurred bias

• With smaller inconsist. bias, DecentLaM is expected to outperform DmSGD in large-batch scenario
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Remove momentum-incurred bias: verification

< 36 >

• Full-batch linear regression

• DecentLaM is as fast as DmSGD,
and as accurate as DSGD
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However, DmSGD performs badly in large-batch scenario

< 37 >

• Experimental setting: CIFAR-10; ResNet-20

• Large-batch: 8K total batch-size per iteration

DmSGD drops 1% performance compared to PmSGD with large-batch
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Go back to large-batch Cifar-10 experiment

< 38 >

• Experimental setting: CIFAR-10; ResNet-20

• Large-batch: 8K total batch-size per iteration

DecentLaM is much better than DmSGD, and is even better than PmSGD
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Formal convergence in the non-convex scenario

< 39 >
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Assumption. (A.1) Each fi(x) is L-smooth; (A.2) The gradient noise is un-
biased and has bounded variance; (A.3) W is positive definite and doubly-
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b2 (A.5) Parameter � cannot be too close to 1

removed momentum-
incurred bias
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DecentLaM suffers smallest inconsistency bias

< 40 >
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Note: quantity M is typically far larger than b
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Experiments in deep training (image classification)

< 41 >

• Batch-size: we will test batch-sizes 2K, 16K, and 32K

• Baseline: PmSGD, PmSGD + LARS (layer-wise learning rate), DmSGD

ImageNet-1K dataset

1.3M training images

50K test images

1K classes

DNN model: ResNet-50 (25.5M parameters)

GPU: Up to 64 Tesla V100 GPUs
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Experiments with batch-size 2K (test accuracy)

< 42 >

• Sto. bias dominates in 2K batch-size

• DecentLaM performs similarly to DmSGD
(as expected)
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Experiments with batch-size 32K (test accuracy)

< 44 >

• Inconst. bias dominates in 32K batch-size

• DecentLaM outperforms DmSGD
significantly (as expected)

• DecentLaM even outperforms PmSGD
with LARS
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Comparison with more baselines

< 45 >

<latexit sha1_base64="U6YLFjmI5o2lSA449yyHGsmUQiY="></latexit>

method
Batch Size

2k 8k 16k 32k

PmSGD 76.32 76.08 76.27 75.27

PmSGD+LARS 76.16 75.95 76.65 75.63

DmSGD 76.27 76.01 76.23 74.97

DA-DmSGD 76.35 76.19 76.62 75.51

AWC-DmSGD 76.29 75.96 76.31 75.37

SlowMo 76.30 75.47 75.53 75.33

QG-DmSGD 76.23 75.96 76.60 75.86

D
2
-DmSGD 75.44 75.30 76.16 75.44

DecentLaM (Ours) 76.43 76.19 76.73 76.22

Outperforms all other
baselines significantly
for large-batch settings
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Experiments in deep training (Object detection)

< 46 >

PASCAL/COCO dataset

<latexit sha1_base64="iRhmu2YfaQRWWAOgY+jk6PIoW5w="></latexit>

Dataset PASCAL VOC COCO

Model R-Net F-RCNN R-Net F-RCNN

DmSGD 79.1 80.5 36.1 36.4

DecentLaM 79.3 80.7 36.6 37.1



PART 04

BlueFog: An open-source and high-performance python library

https://github.com/Bluefog-Lib/bluefog
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BlueFog

< 48 >

• An open-source library to support decentralized communication in optimization and deep learning

• High-performance

• Easy-to-use
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High-performance

< 49 >

• BlueFog has larger throughput than Horovod (the SOTA DL system implementing PSGD) [YYH+21]

[YYH+21] B. Ying, K. Yuan, H. Hu, Y. Chen, and W. Yin, ``BlueFog: Make Decentralized Algorithms Practical for Optimization and machine learning”,
arXiv:2111.04287 [GitHub site: github.com/Bluefog-Lib/bluefog]

• All our research progresses are involved in BlueFog
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Easy-to-use

< 50 >

• Writing codes for decentralized methods is as easy as writing equations

<latexit sha1_base64="7Al5dgSsezZ5Rd7v5b5bWC9Sxys="></latexit>
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Decentralized least-square algorithms
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Easy-to-use

< 51 >

Abundant documents
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Easy-to-use

< 52 >

Detailed tutorials
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Final summary

< 53 >

• DmSGD suffers significant performance degradation in large-batch settings

• Root reason: inappropriate momentum amplifies inconsistency bias

• We propose DecentLaM to completely remove the momentum-incurred bias

• Theoretical and numerical results justify the superiority of DecentLaM to DmSGD



Thank you!

Kun Yuan homepage: https://kunyuan827.github.io/

BlueFog homepage: https://github.com/Bluefog-Lib/bluefog

https://kunyuan827.github.io/

