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The distribution of the training dataset

Loss of a data sample x<latexit sha1_base64="GxbUmW+z/dmB20obr5MPf+Qu7UQ="></latexit>

Loss of a data sample ⇠

<latexit sha1_base64="UQduh1D8aBP6by4kWCasWXMwrDg="> </latexit>

min
x2Rd

{f(x) := E⇠⇠D [f(x; ⇠)]}

<latexit sha1_base64="3ODhkvYcMuXHqMcx2uOyqjUyZag="></latexit>

D = Uniform([m])

<latexit sha1_base64="bM71W+6kAuM3hQhhmARlQeIit0c="></latexit>

1

m

mX

i=1

f(x; ⇠i)

The core optimization problem
in Machine Learning (and beyond)



Stepsize / Learning rate

Unbiased gradient estimator, e.g.,
<latexit sha1_base64="dfRkwtnQYE21bepb3huLZjYncwk="></latexit>

rf(xk; ⇠k)

A common method in ML is 
Stochastic Gradient Descent (SGD)

<latexit sha1_base64="NCEVnz3KlA0giP7gO9+E7Wdudjk="></latexit>

xk+1 = xk � �g(xk)

<latexit sha1_base64="RglCZqgXwnDqJdDYFIljQskext0="></latexit>

1

B

BX

i=1

rf(xk; ⇠ki )



<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1
<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

How to parallelize SGD 
in heterogeneous systems?

<latexit sha1_base64="NCEVnz3KlA0giP7gO9+E7Wdudjk="></latexit>

xk+1 = xk � �g(xk)

Compute time = <latexit sha1_base64="dqvjurdnnOmm/8CZFUdkgyCcXf0="></latexit>⌧2 Compute time = <latexit sha1_base64="z6IiZrF3ygLs98EcwAl+u8XvubM="></latexit>⌧3Compute time = <latexit sha1_base64="RYE9Hy+mVCQKjRYVmhMvEx9VKD8="></latexit>⌧1

How to construct?

<latexit sha1_base64="oeDSfBqRb5w/QIzykmYPr3ZO3E4="></latexit>

rf(x; ⇠)
<latexit sha1_base64="oeDSfBqRb5w/QIzykmYPr3ZO3E4="></latexit>

rf(x; ⇠)
<latexit sha1_base64="oeDSfBqRb5w/QIzykmYPr3ZO3E4="></latexit>

rf(x; ⇠)

Server

<latexit sha1_base64="EqlC7vG2tIokoMDnPkFM3azqUTY="></latexit>

E[g(xk)] = rf(xk)



<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

Time

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1
<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2
<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

Hero SGD:
The fastest worker does it all

<latexit sha1_base64="DtN0WQmgDdEHHQjCPnWEPOe0Jsw="></latexit>

xk+1 = xk � �rf(xk; ⇠k)

<latexit sha1_base64="1cU09LlAJjW1ZXeu59C35DqWXWM="></latexit>

x1
<latexit sha1_base64="XGo+IDeJ3ZLt580SdC1y1tD3Bd8="></latexit>

x0
<latexit sha1_base64="60vKKi0pvCwAZVa5Wggn/8YRfxE="></latexit>

x2
<latexit sha1_base64="BXDf4Eh26cZMauAqPbEhPSgiFuA="></latexit>

x3
<latexit sha1_base64="lXr9WMMU083LTCw6vXCKz2f7Tf0="></latexit>

x4



<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

Minibatch SGD:
Each worker does one job only

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

Time

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="dv8XIaHqAls0I+r6IWXYIdk+kuI="></latexit>

xk+1 = xk � � 1
n

Pn
i=1 rf(xk; ⇠ki )

<latexit sha1_base64="XGo+IDeJ3ZLt580SdC1y1tD3Bd8="></latexit>

x0
<latexit sha1_base64="1cU09LlAJjW1ZXeu59C35DqWXWM="></latexit>

x1
<latexit sha1_base64="60vKKi0pvCwAZVa5Wggn/8YRfxE="></latexit>

x2

<latexit sha1_base64="s8IRsfB5GiS9aA2f9SX/10vhMx8="></latexit>

n = 3



<latexit sha1_base64="UklktnUskDqBUIFIGFl3RaUVCyc="></latexit>

B = 4

Rennala SGD:
Asynchronous batch collection

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

Time

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1
<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

Tyurin and Richtárik (2024)

<latexit sha1_base64="j+O8jwlHmcA5EMQS+WTITNkq5UM="></latexit>

xk+1 = xk � � 1
B

PB
j=1 rf(xk; ⇠kj )

<latexit sha1_base64="XGo+IDeJ3ZLt580SdC1y1tD3Bd8="></latexit>

x0
<latexit sha1_base64="1cU09LlAJjW1ZXeu59C35DqWXWM="></latexit>

x1
<latexit sha1_base64="60vKKi0pvCwAZVa5Wggn/8YRfxE="></latexit>

x2



Time

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1
<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1
<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2
<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2

<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

Asynchronous SGD
Remove the synchronization

<latexit sha1_base64="NCEVnz3KlA0giP7gO9+E7Wdudjk="></latexit>

xk+1 = xk � �g(xk)

<latexit sha1_base64="5pUyjiiFnmnM4lnWhwCgh1QbdVQ="></latexit>

x0
<latexit sha1_base64="Gu2yNcXGLsL9qEgltmlyqQ9+vyE="></latexit>

x1
<latexit sha1_base64="nJTS8pP2b+d1PEI28LoIrX3LdEo="></latexit>

x2
<latexit sha1_base64="b5YsJUFgP9TPi+tRjDs75KRXAGM="></latexit>

x3
<latexit sha1_base64="u9oQe8JiWJBK2A41xCLDbo65sJo="></latexit>

x4
<latexit sha1_base64="Ytj2LmU9scwvqg3Uzwh8yPHHv6U="></latexit>

x5
<latexit sha1_base64="IiW37asJ5K+0nG6B9Dw85D8iNmg="></latexit>

x6
<latexit sha1_base64="9lmJURq36BNkTFZ8/kGiooBHgF0="></latexit>

x7
<latexit sha1_base64="lUOqPwqcT8xKujodBeToxca7XPc="></latexit>

x8
<latexit sha1_base64="8mHWDhomgEdIiTAdabW2YlhxKFU="></latexit>

x9



Server

Updates of Asynchronous SGD
has delayed stochastic gradients

<latexit sha1_base64="lb0CuoiNpWCIAVHXr0QbFNRdu1o="></latexit>

rf(x0; ⇠)
<latexit sha1_base64="lb0CuoiNpWCIAVHXr0QbFNRdu1o="></latexit>

rf(x0; ⇠)
<latexit sha1_base64="lb0CuoiNpWCIAVHXr0QbFNRdu1o="></latexit>

rf(x0; ⇠)

<latexit sha1_base64="h2WgI1Y7Pl8QJJxZbezrh40V1f0="></latexit>

x1 = x0 � �rf(x0; ⇠)
<latexit sha1_base64="h2WgI1Y7Pl8QJJxZbezrh40V1f0="></latexit>

x1 = x0 � �rf(x0; ⇠)



Server

Updates of Asynchronous SGD
has delayed stochastic gradients

<latexit sha1_base64="lb0CuoiNpWCIAVHXr0QbFNRdu1o="></latexit>

rf(x0; ⇠)
<latexit sha1_base64="lb0CuoiNpWCIAVHXr0QbFNRdu1o="></latexit>

rf(x0; ⇠)

<latexit sha1_base64="sUYmLJWiraiELcOF7oBM0gYZRnY="></latexit>

�1 = 1
<latexit sha1_base64="euhs6EMpFacNLFS8yhy21tp0O80="></latexit>

x2 = x1 � �rf(x0; ⇠) Delay

<latexit sha1_base64="DMoT0tKEOEAiyT97nMYL5RT79QI="></latexit>

rf(x1; ⇠)

<latexit sha1_base64="euhs6EMpFacNLFS8yhy21tp0O80="></latexit>

x2 = x1 � �rf(x0; ⇠)



Server

Updates of Asynchronous SGD
has delayed stochastic gradients

<latexit sha1_base64="lb0CuoiNpWCIAVHXr0QbFNRdu1o="></latexit>

rf(x0; ⇠)
<latexit sha1_base64="DMoT0tKEOEAiyT97nMYL5RT79QI="></latexit>

rf(x1; ⇠)
<latexit sha1_base64="GkB583s7nvW0NLRd7N3g0KmSUzU="></latexit>

rf(x2; ⇠)

Delay
<latexit sha1_base64="euhs6EMpFacNLFS8yhy21tp0O80="></latexit>

x2 = x1 � �rf(x0; ⇠)
<latexit sha1_base64="dLncd9XGXcPCJkC0Oa82+Jy+RHs="></latexit>

x3 = x2 � �rf(x0; ⇠)
<latexit sha1_base64="ab91ttjJFytClrYJFLAQGaMv5BI="></latexit>

�2 = 2



Server

Updates of Asynchronous SGD
has delayed stochastic gradients

Delay
<latexit sha1_base64="ovzy+QPqUb5CVpqPkKgouLQ2n6s="></latexit>

�k

<latexit sha1_base64="tJ8xGJOrYfN9MZsx7WsjJKKAt/s="></latexit>

xk+1 = xk � �rf(xk��k ; ⇠)



Niu, et al. (2011).
HOGWILD!: A lock-free approach to parallelizing stochastic gradient descent.



Asynchronous SGD can get wild:
delays can degrade performance

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:12 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/5



Asynchronous SGD can get wild:
delays can degrade performance

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2Gradient Descent iterations

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:12 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/6



Asynchronous SGD can get wild:
delays can degrade performance

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:11 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/6

Delay = 5



Asynchronous SGD can get wild:
delays can degrade performance

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:10 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/6

Delay = 5



How to fix this?
Make the stepsize smaller

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:09 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/6

<latexit sha1_base64="lmp7dpUGf7JgDnl//5UW8QmdKTI="></latexit>

� =
�

5



Asynchronous SGD is too wild:
Ringmaster ASGD tames it



The smaller the delay,
the better the gradient

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:10 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/6

Delay = 5



The smaller the delay,
the better the gradient

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:17 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/5

Delay = 3



The smaller the delay,
the better the gradient

<latexit sha1_base64="o0H8UFPD9jF9TQL6uryvhfwr8lY="></latexit>

f(x, y) = x2 + 5y2

Directions: Use the on graph slider to change the 
number of iterations of gradient descent. You can 
move around the initial starting point by clicking 
and dragging.

Enter your function here (you must also copy it to 
the left of the B below). It will be plotted as a 
contour plot (Red values are larger, blue values 
are smaller). You can change the resolution of the 
contour plot in the 'Contour Plot' folder.

1



F = x2 + 5y2x, y
2

2/25/25, 5:17 PM Simple 2D Gradient Descent | Desmos

https://www.desmos.com/calculator/a1kzlcqih1 1/5

Delay = 3

How can we reduce the delay?
<latexit sha1_base64="VNp+45fMTB5ct7BttaYlaMZDSuM="></latexit>

� =
�

3



Naive approach:
Remove slow workers

<latexit sha1_base64="Wrj7KBuwCDUU2b58oRq3Ak7DpFs="></latexit>⌧1
<latexit sha1_base64="Jja54EeuPg7CIg9aXoFGpGRGDXM="></latexit>⌧3

<latexit sha1_base64="mRdEGyqbdzyyUdX71grPqRpInGo="></latexit>⌧2
Compute time = <latexit sha1_base64="dqvjurdnnOmm/8CZFUdkgyCcXf0="></latexit>⌧2 Compute time = <latexit sha1_base64="z6IiZrF3ygLs98EcwAl+u8XvubM="></latexit>⌧3Compute time = <latexit sha1_base64="RYE9Hy+mVCQKjRYVmhMvEx9VKD8="></latexit>⌧1

Server



Naive approach:
Remove slow workers

<latexit sha1_base64="ybujyzIy974u2BwKFk1GdxrEm5U="></latexit>

E
⇥
krf(x)k2

⇤
 "

<latexit sha1_base64="yA6MeL++L8lFwSjIAL+8Qcf0fwY="></latexit>

E
⇥
krf(x; ⇠)�rf(x)k2

⇤
 �2

Use only the first fastest workers

Problem:    -s may be unknown and dynamic

<latexit sha1_base64="9IwJsectZJ8MNEQtYN4XO8DQYSw="></latexit>

m? = arg min
m2[n]

8
<

:

 
1

m

mX

i=1

1

⌧i

!�1✓
1 +

�2

m"

◆9=

;

<latexit sha1_base64="oDk1nVztz5NBj3zRVtC8bad82bQ="></latexit>⌧i



Server

Ringmaster ASGD:
Have a threshold on delays

<latexit sha1_base64="Nuh876aSGfMEUe09fCxPo3MhI0U="></latexit>

xk+1 = xk � �rf
⇣
xk��k ; ⇠k��k

i

⌘
If: fddfsaffaf

Else: Ignore the gradient and send the current point       to the worker

<latexit sha1_base64="Nuh876aSGfMEUe09fCxPo3MhI0U="></latexit>

xk+1 = xk � �rf
⇣
xk��k ; ⇠k��k

i

⌘

<latexit sha1_base64="Nuh876aSGfMEUe09fCxPo3MhI0U="></latexit>

xk+1 = xk � �rf
⇣
xk��k ; ⇠k��k

i

⌘

<latexit sha1_base64="CatG8Cebp1fmNwo/fYTW8UJi3xU="></latexit>

xk

<latexit sha1_base64="hlCx0s4oolviFjRQIlkkmMWucR8="></latexit>

�k < R



Server

Ringmaster ASGD:
Have a threshold on delays

<latexit sha1_base64="Nuh876aSGfMEUe09fCxPo3MhI0U="></latexit>

xk+1 = xk � �rf
⇣
xk��k ; ⇠k��k

i

⌘
If: fddfsaffaf

Else: Ignore the gradient and send the current point       to the worker

<latexit sha1_base64="Nuh876aSGfMEUe09fCxPo3MhI0U="></latexit>

xk+1 = xk � �rf
⇣
xk��k ; ⇠k��k

i

⌘

<latexit sha1_base64="CatG8Cebp1fmNwo/fYTW8UJi3xU="></latexit>

xk

How to choose the delay threshold as
<latexit sha1_base64="VxyuScnweU4xFu1wh4YKDBN7F88="></latexit>

R

<latexit sha1_base64="hlCx0s4oolviFjRQIlkkmMWucR8="></latexit>

�k < R

<latexit sha1_base64="UCvn8slaC+glhAm5vAOle+0+q7M="></latexit>

rf
�
xk; ⇠ki

�



Certain threshold choices in Ringmaster ASGD
recover previous methods

<latexit sha1_base64="uRdPhKq2GPcpSoLL7PwHYmmV2ng="></latexit>

R = 1
<latexit sha1_base64="TCTHiIu5JPxKnvDJskmE2hEsdTM="></latexit>
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Theoretical results
validate our intuition
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Ringmaster ASGD
outperforms existing baselines
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