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Distributed Learning

Image credit to Sapio et al., NSDI ’21 presentation

% of training time spent in communication
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https://www.usenix.org/conference/nsdi21/presentation/sapio


Problem Formulation

<latexit sha1_base64="MBJd5CVshsHlZwwaPDEJkZAtG2M="></latexit>

x? = arg min
x2Rd

"
f(x) :=

1

n

nX

i=1

fi(x)

#

Number of 
features

Number of nodes

Loss on local 

data of node <latexit sha1_base64="jVdPg+/4Aj2xO8cw7yNTAt08jco=">AAAB+HicZZC7SgNBGIVn4y3GW9TSZjEExCLsStA2YJPOBHKDZAmzk3/jkLksM7NKXPIEttrbia1vY+uTOIkrmORUh/P9FzhhzKg2nvfl5DY2t7Z38ruFvf2Dw6Pi8UlHy0QRaBPJpOqFWAOjAtqGGga9WAHmIYNuOLmd8+4DKE2laJlpDAHHY0EjSrCxUZMOiyWv4i3krhs/MyWUqTEsfpcHI0kSDsIQhrVOQ/sO1KywHPd9LzZBipWhhIGliYYYkwkeQ/+u5QdpJIUBQSxRIOCRSM6xGF0OIswpm44gwgkz6UBHmV0+Ya2wb3WQLjqYuWWbjNxIKnd+2F2k/zdSzLWe8tBOcmzu9Sqbh3/MluKvVrBuOlcV/7pSbVZLtXpWTx6doXN0gXx0g2qojhqojQgC9Ixe0Kvz5Lw5787H72jOyXZO0ZKczx/buJSl</latexit>

i

Model weights

•    -strong convexity


•    -smoothnessL
μ

Assumptions:

3



Distributed Learning               

Workers

Server

<latexit sha1_base64="4Y4ZCM75rbJiBkkBaBDwf8fVbSg="></latexit>

rfi(x
k)

<latexit sha1_base64="53RFycuGv4/e6uK7zzcRAAnxdQo=">AAACSHicbVHLSsNAFJ3UV62vVsGFboK1IC5KIkW3BTfdqWC10NQymdxo6DzCzEQtIeDXuNXv8A/8C3fizkkNYtW7Opxz7z2Xc/2YRko7zqtVmpmdm18oL1aWlldW16q19QslEkmgSwQVsudjBTTi0NWRptCLJWDmU7j0R8e5fnkLUkWCn+txDAOGr3kURgRrQw2rW5WGRwTXZl8qIcjSXU+L3axyfzUaVutO05mU/Re4Baijok6HNWuz4QWCJAy4JhQrlfrmFJBZZZruu06sBymWOiIUjJooiDEZ4Wvon5y7gzQ0FwEnRpHA4Y4IxjAP9r0Qs4iOAwhxQnXqqbCA0ysM5MZWDdJJPpndMExgh0La+WJ7wv6cSDFTasx808mwvlG/tZz81v4Vp/xFovN35PaTYDOTpPs7t7/g4qDpHjZbZ616u1NkWkbbaAftIRcdoTbqoFPURQQ9oEf0hJ6tF+vNerc+vlpLVjGzgaaqVPoEutay3g==</latexit>

xk Communication is 

the Bottleneck

<latexit sha1_base64="MBJd5CVshsHlZwwaPDEJkZAtG2M="></latexit>

x? = arg min
x2Rd

"
f(x) :=

1

n

nX

i=1

fi(x)

#

Solution: compress the transmitted updates

<latexit sha1_base64="LT1P1vSey0X9I8kwH2/qLyboHZ0="></latexit>

xk+1 = xk � �
n

Pn
i=1 rfi(xk)

Distributed Gradient Descent (DGD) schemeDistributed Compressed Gradient Descent (DCGD) scheme

<latexit sha1_base64="yV2sKTVECidrNNNRKSk1vLttYlY="></latexit>

xk+1 = xk � �
n

Pn
i=1 Ci(rfi(xk))

<latexit sha1_base64="WiGnuZjCzX6m8/WVRqEAlW4Kvko="></latexit>

Ci(rfi(x
k))
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Compression Operators 
<latexit sha1_base64="u0umeRKRh74QrT7Mrm/XEhu5JtI="></latexit>

C : Rd ! Rd

<latexit sha1_base64="FdPlok2+SKgwuUcSAqh+y07deAo="></latexit>

EkC(x)� xk2  (1� �)kxk2
<latexit sha1_base64="qcKLxkAPPIDlSbGRc2s59gTNxEI="></latexit>

EQ(x) = x, EkQ(x)� xk2  !kxk2

Top-K (for K=2)

2
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5
Picks components with largest absolute value

Rand-K (for K=2)
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5
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-1


0

  
3
2

⋅

Picks components uniformly at random

Contractive Unbiased
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Comes from compression

Expected distance to the solution

Linear convergence term Neighborhood term 

(due to compression)

Convergence of DCGD

<latexit sha1_base64="aoORyjuPau0nSD/L4OH08c9Wg58="></latexit>

E
��xk � x?

��2  (1� �µ)k
��x0 � x?

��2 + 2�!

µn
· 1
n

nX

i=1

krfi(x
?)k2

Communication complexity:

(in the interpolation regime )∇fi(x⋆) = 0

Condition number: κ = L/μ

<latexit sha1_base64="8gkUAKAY+SKUPafzFxgo7XltPWk="></latexit>

Õ

⇣

⇣
1 +

!

n

⌘⌘

Problem
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Neighborhood term 

Shifted Compression Solution

<latexit sha1_base64="oWBIPKD3A9LaTYGgBpJzVAwJigM="></latexit>

E
��xk � x?

��2  (1� �µ)k
��x0 � x?

��2 + 2�!

µn
· 1
n

nX

i=1

krfi(x
?)� hik2

Imaginary situation: we know optimal shifts h⋆
i = ∇fi(x⋆)

<latexit sha1_base64="qcKLxkAPPIDlSbGRc2s59gTNxEI="></latexit>

EQ(x) = x, EkQ(x)� xk2  !kxk2Unbiased compressor:
shift vector

<latexit sha1_base64="SJoGCgFJ+AECjNCoUYzqbCZFnng="></latexit>

EQh(x) = x, EkQh(x)� xk2  !kx� hk2Shifted compressor:

Any        arises by a shift of unbiased operator     : 
<latexit sha1_base64="JLyn7Bm31I1ndtvR8yex9Aw670w=">AAACInicZZBPSwJBGMZn7Z/Zv62OXYZE0CLZDalTIHTxloKaoCKz47u6ODO77IylLH6GvkRfoWvdu0WnoFOfpNE28M9zenh+7/vO8DgB86SyrC8jsba+sbmV3E7t7O7tH5iHR3XpD0MKNeozP2w4RALzBNSUpxg0ghAIdxjcO4PbKb9/gFB6vqiqcQBtTnrCcz1KlI46Zq7FiepTwqLKpBP1J9lRDt/gPj7HcyA7uujnOmbaylsz4VVjxyaNYpU75k+m1fXpkINQlBEpI0d/DMJJajFu2lag2hEJlUcZaDqUEBA6ID1o3lXtduT6QoGgmoQg4JH6nBPRPWu5hHts3AWXDJmKWtKN7eIJbYV+VrajWVsTnNFJF7t+iKeH8Syd34gIl3LMHT05rUAus2n4z3Qp9nIFq6Z+mbev8oVKIV0sxfUk0Qk6RVlko2tURCVURjVE0RN6Qa/ozXg23o0P4/NvNGHEO8doQcb3LxLqpDE=</latexit>

Qh(x) = h+Q(x� h)
<latexit sha1_base64="9DG02+nzuYhd1ZREoj1NkxTauvE=">AAACCHicZZDLSsNAGIUn9VbrpVGXboKlIC5KIkW3BTfd2UJv0IYwmfxpQ2cmITNRSsgL+Apude9O3PoWbn0SJzWCbc/qcL7/AseNaCCkaX5ppa3tnd298n7l4PDouKqfnA5EmMQE+iSkYTxysQAacOjLQFIYRTFg5lIYuvO7nA8fIBZByHtyEYHN8JQHfkCwVJGjVycMyxnBNO1mTjrLHL1mNsyljE1jFaaGCnUc/bs+8UKSMOCSUCxE6qr3EGeV1XhsmZG0UxzLgFBQNBEQYTLHUxjf9yw79UMugRNFYuDwSELGMPeuJj5mAV144OOEynQi/MKunlCWq7fCTpedZEZdJZ7hh7GRHzaW6f+NFDMhFsxVk3kDYp3l4R9TpVjrFWyawXXDumk0u81aq13UU0bn6AJdIgvdohZqow7qI4IS9Ixe0Kv2pL1p79rH72hJK3bO0Iq0zx+6yZs3</latexit>

Qh
<latexit sha1_base64="u+zQRFiEshsvGNvmS5us3wN8JWs=">AAACAnicZVDLSsNAFJ3UV62vqks3wVIQFyWRotuCm+5soS9oQ5lMburQeYTMRCmhO3/Bre7diVt/xK1f4qRGsO1ZHc659x7u8SNGlXacL6uwsbm1vVPcLe3tHxwelY9PekomMYEukUzGAx8rYFRAV1PNYBDFgLnPoO9PbzO//wCxolJ09CwCj+OJoCElWBtpOOJY3xPM0vZ8XK44NWcBe524OamgHK1x+bs6CiRJOAhNGFYq9U0wxPPSsjx0nUh7KY41JQyMmyiIMJniCQzvOq6XhlJoEMQ4MQh4JJJzLILLUYg5ZbMAQpwwnY5UmNPlE4YKE6u8dNHG3K4aJbBDGdvZYXuh/t9IMVdqxn0zmX2vVr1M/PNMKe5qBeukd1Vzr2v1dr3SaOb1FNEZOkcXyEU3qIGaqIW6iCCJntELerWerDfr3fr4HS1Y+c4pWoL1+QPW2Zkf</latexit>

Q
<latexit sha1_base64="/fAzIKTPICyQeBiJY8eIp6O3bgg="></latexit>

xk+1 = xk � �
1

n

nX

i=1

⇥
hk
i +Q(rfi(x)� hk

i )
⇤

Method:
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Practical Solution

<latexit sha1_base64="Uiy858IgbLDhP1kDpklQ8yY+CDE="></latexit>

Õ

✓
max

⇢

⇣
1 +

!

n

⌘
,
1

p

�◆
Communication complexity:

Goal: learn the optimal shifts:
<latexit sha1_base64="oMbaXQmrDruoaWXAbegvw/p0Ojg=">AAACInicZZC9TgJBFIVn8f8ftbTZSEjAguwaoi2JjZ2YgJq4sJkd7sKE+dnMDCLZ8Ay+hK9gq72dsTKx8kkccE1ETnXynXvvTE6UMKqN5304uYXFpeWV1bX1jc2t7Z387t6VlgNFoEkkk+omwhoYFdA01DC4SRRgHjG4jvpnk/z6DpSmUjTMKIEWx11BY0qwsSjMl3thSsfttD92A0W7PYOVkkM3EDhi2I1DWrpvB9rScpgveBVvKnfe+JkpoEz1MP9VDDqSDDgIQxjWOo3sx0CN12fxre8lppViZShhYNOBhgSTPu7C7UXDb6WxFAYEsYkCAUMiOceicxTEmFM26kCMB8ykgY4zO3vCWmGf1a102tbYLVrScWOp3Mlhd0r/bqSYaz3ikZ3k2PT0/2wCfzNbiv+/gnlzdVzxTyrVy2qhdp7Vs4oO0CEqIR+doho6R3XURAQ9oCf0jF6cR+fVeXPef0ZzTrazj2bkfH4DjAilsA==</latexit>

hk
i ! rfi(x

?)

Via loopless mechanism:
<latexit sha1_base64="j04U+qNvdaGHnqk9v52sArL1CIM="></latexit>

hk+1
i =

⇢
rfi(xk) with probability p
hk
i with probability 1� p

<latexit sha1_base64="KRdHjr99Stv4MD03MrXfgf60RAs="></latexit>

EV k  max

(
(1� �µ)k,

✓
1� p+

2!

nM

◆k
)
V 0Convergence result:

<latexit sha1_base64="5Z6ouDjoNhxdQdpwKNrM+wNOkOg="></latexit>

V k =
��xk � x?

��2 + !M�2 · 1
n

nX

i=1

��hk
i �rfi(x

?)
��2Lyapunov function:
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Empirical perfomance
Numerical results for Regularized Logistic Regression

q = k/d
Comparison of DIANA and our Algorithm

Our Method
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Contributions Summary
• Generalizations of existing distributed methods to allow using both biased 

and unbiased compressors 


• Improved rates for methods with compressed iterates with and without 
variance-reduction





• New loopless algorithm with simpler approach to reduction of variance 
coming from compression

<latexit sha1_base64="r3FxnbVjbDZct3hje+K2/6xX6tg="></latexit>

2
⇣
1 +

!

n

⌘
! 

⇣
1 +

!

n

⌘
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Any Questions?

More details 

in the paper

Contacts

egor.shulgin@kaust.edu.sa


