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fi(x) =
X

j2Si

⇡ilj(x)

In ML context

lj � loss associated with jth example
Si � ith set of examples
⇡i � proportion of examples in ith set
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The Size Is Important!

Not so many fans Everyone can go to the stadium and watch the game

A lot of fans Need to make a ballot for the tickets

sparsification

Need to make a ballot for the tickets
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Non-sparsified Algorithm

Mishchenko, K., Iutzeler, F., Malick, J., & Amini, M. R. (2018, July).  
A delay-tolerant proximal-gradient algorithm for distributed learning.  
In International Conference on Machine Learning (pp. 3584-3592).

If dimension is very big, it is very expansive to send full gradient

If regulariser is sparsity enforcing, no need to sparsify master           worker

Fadili J., Malick J., Peyré G. Sensitivity analysis for mirror-stratifiable convex functions 
SIAM Journal on Optimization. – 2018. – Т. 28. – №. 4. – С. 2975-3000.
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Sparsified Algorithm

How to chose the sparsity mask?
Random uniform coordinate selection (Coordinate Descent with uniform probabilities)

Nesterov Y. Efficiency of coordinate descent methods on huge-scale optimization problems 
SIAM Journal on Optimization. – 2012. – Т. 22. – №. 2. – С. 341-362.

OR …
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 Back to Ballot
1 wave - most loyal fans (the biggest amount of games visited)

2 wave (after cancellations) - uniformly random from all

This system gives a chance for everyone to watch a game

Most loyal have probability 1, all the others much smaller

It’s an example of identification from real world
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Let’s introduce our adaptive way of mask selection for l1-regularizer 

 * - l1-regularizer enforces coordinate sparsity

1 - select all the coordinates that are in master’s current iterate

2 - add some other coordinates with some probabilities

As a result, all the coordinates from the support of the final solution would be selected
Dimension reductions without loss of speed (but only from some finite moment of time)

Grishchenko, D., Iutzeler, F., Malick, J., & Amini, M. R. (2018). 
Asynchronous Distributed Learning with Sparse Communications and Identification.  
arXiv preprint arXiv:1812.03871.

Theoretical result (for s.c. objective)

where
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The only requirement: method              
        that solves                     with linear rate.

M
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Lin, H., Mairal, J., & Harchaoui, Z. (2015).A universal catalyst for first-order 
optimization. In Advances in neural information processing systems (pp. 3384-3392).
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Required size of update*  

* - in the beginning (when the support is big enough) coordinates from the support could be also selected with some probability

Bound on probability to guarantee such size 

Bound on 

Requires more restarts than Catalyst with optimal parameter ?
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if minimal probability is small enough and it’s fair to tell about sparsification 

 � (1�mini pi)L� µ

mini pi
<latexit sha1_base64="PtGgcIov5Gj68ZehJcy/LEmt77k="></latexit>
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after identification happened

- the sparsity of the optimal solution⇢
<latexit sha1_base64="94wfdLRRBjCkyTC3Y5p5yTs2egQ=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT2eyQeSwzs0II+QUvHhTx6g9582+cTfagiQUNRVU33V1Rypmxvv/tra1vbG5tl3bKu3v7B4eVo+O2UZkmtEUUV7obYUM5k7RlmeW0m2qKRcRpJxrf5X7niWrDlHy0k5SGAo8kixnBNpf6OlGDStWv+XOgVRIUpAoFmoPKV3+oSCaotIRjY3qBn9pwirVlhNNZuZ8ZmmIyxiPac1RiQU04nd86Q+dOGaJYaVfSorn6e2KKhTETEblOgW1ilr1c/M/rZTa+CadMppmlkiwWxRlHVqH8cTRkmhLLJ45gopm7FZEEa0ysi6fsQgiWX14l7XotuKzVH66qjdsijhKcwhlcQADX0IB7aEILCCTwDK/w5gnvxXv3Phata14xcwJ/4H3+ACD6jks=</latexit>
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after identification happened

- the sparsity of the optimal solution⇢
<latexit sha1_base64="94wfdLRRBjCkyTC3Y5p5yTs2egQ=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT2eyQeSwzs0II+QUvHhTx6g9582+cTfagiQUNRVU33V1Rypmxvv/tra1vbG5tl3bKu3v7B4eVo+O2UZkmtEUUV7obYUM5k7RlmeW0m2qKRcRpJxrf5X7niWrDlHy0k5SGAo8kixnBNpf6OlGDStWv+XOgVRIUpAoFmoPKV3+oSCaotIRjY3qBn9pwirVlhNNZuZ8ZmmIyxiPac1RiQU04nd86Q+dOGaJYaVfSorn6e2KKhTETEblOgW1ilr1c/M/rZTa+CadMppmlkiwWxRlHVqH8cTRkmhLLJ45gopm7FZEEa0ysi6fsQgiWX14l7XotuKzVH66qjdsijhKcwhlcQADX0IB7aEILCCTwDK/w5gnvxXv3Phata14xcwJ/4H3+ACD6jks=</latexit>

⇢n
<latexit sha1_base64="900GYdag6gLwpBFx/1FcItky47c=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq6dHCst+ueJVvTnwKvFzUoEcjX75qzdQNI2ZtFQQY7q+l9ggI9pyKti01EsNSwgdkyHrOipJzEyQza+d4jOnDHCktCtp8Vz9PZGR2JhJHLrOmNiRWfZm4n9eN7XRdZBxmaSWSbpYFKUCW4Vnr+MB14xaMXGEUM3drZiOiCbUuoBKLgR/+eVV0qpV/Ytq7f6yUr/J4yjCCZzCOfhwBXW4gwY0gcIjPMMrvCGFXtA7+li0FlA+cwx/gD5/AEWBju0=</latexit>

- the size of communication from master
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after identification happened

- the sparsity of the optimal solution⇢
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⇢n
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- the size of communication from master

- … from worker|Sk| � ⇢n(1 + (1� ⇢)min
i

pi)
<latexit sha1_base64="mjFIEQIqCmAEij8hzNohBlRNSN8=">AAACHnicbVDLTgIxFO3gC/GFunTTSEwgRjKDGl0S3bjEKI+EwUmnFGjotGPbMSEDX+LGX3HjQmNMXOnf2AEWCp6k7ek596a9xw8ZVdq2v63UwuLS8kp6NbO2vrG5ld3eqSkRSUyqWDAhGz5ShFFOqppqRhqhJCjwGan7/cvErz8Qqajgt3oQklaAupx2KEbaSF72dOj6grXVIDBHfDO66w/dLrmHruwJyGHegYdmO0quBTeg3KOhRwteNmcX7THgPHGmJAemqHjZT7ctcBQQrjFDSjUdO9StGElNMSOjjBspEiLcR13SNJSjgKhWPB5vBA+M0oYdIc3iGo7V3x0xClQygKkMkO6pWS8R//Oake6ct2LKw0gTjicPdSIGtYBJVrBNJcGaDQxBWFLzV4h7SCKsTaIZE4IzO/I8qZWKznGxdH2SK19M40iDPbAP8sABZ6AMrkAFVAEGj+AZvII368l6sd6tj0lpypr27II/sL5+AFUSoU0=</latexit>
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- the sparsity of the optimal solution⇢
<latexit sha1_base64="94wfdLRRBjCkyTC3Y5p5yTs2egQ=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT2eyQeSwzs0II+QUvHhTx6g9582+cTfagiQUNRVU33V1Rypmxvv/tra1vbG5tl3bKu3v7B4eVo+O2UZkmtEUUV7obYUM5k7RlmeW0m2qKRcRpJxrf5X7niWrDlHy0k5SGAo8kixnBNpf6OlGDStWv+XOgVRIUpAoFmoPKV3+oSCaotIRjY3qBn9pwirVlhNNZuZ8ZmmIyxiPac1RiQU04nd86Q+dOGaJYaVfSorn6e2KKhTETEblOgW1ilr1c/M/rZTa+CadMppmlkiwWxRlHVqH8cTRkmhLLJ45gopm7FZEEa0ysi6fsQgiWX14l7XotuKzVH66qjdsijhKcwhlcQADX0IB7aEILCCTwDK/w5gnvxXv3Phata14xcwJ/4H3+ACD6jks=</latexit>

⇢n
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- the size of communication from master

- … from worker

Results:

|Sk| � ⇢n(1 + (1� ⇢)min
i

pi)
<latexit sha1_base64="mjFIEQIqCmAEij8hzNohBlRNSN8=">AAACHnicbVDLTgIxFO3gC/GFunTTSEwgRjKDGl0S3bjEKI+EwUmnFGjotGPbMSEDX+LGX3HjQmNMXOnf2AEWCp6k7ek596a9xw8ZVdq2v63UwuLS8kp6NbO2vrG5ld3eqSkRSUyqWDAhGz5ShFFOqppqRhqhJCjwGan7/cvErz8Qqajgt3oQklaAupx2KEbaSF72dOj6grXVIDBHfDO66w/dLrmHruwJyGHegYdmO0quBTeg3KOhRwteNmcX7THgPHGmJAemqHjZT7ctcBQQrjFDSjUdO9StGElNMSOjjBspEiLcR13SNJSjgKhWPB5vBA+M0oYdIc3iGo7V3x0xClQygKkMkO6pWS8R//Oake6ct2LKw0gTjicPdSIGtYBJVrBNJcGaDQxBWFLzV4h7SCKsTaIZE4IzO/I8qZWKznGxdH2SK19M40iDPbAP8sABZ6AMrkAFVAEGj+AZvII368l6sd6tj0lpypr27II/sL5+AFUSoU0=</latexit>

No reason to select coordinates with different probabilities



Communication Metric

 19

after identification happened

- the sparsity of the optimal solution⇢
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- the size of communication from master

- … from worker

Results:

|Sk| � ⇢n(1 + (1� ⇢)min
i

pi)
<latexit sha1_base64="mjFIEQIqCmAEij8hzNohBlRNSN8=">AAACHnicbVDLTgIxFO3gC/GFunTTSEwgRjKDGl0S3bjEKI+EwUmnFGjotGPbMSEDX+LGX3HjQmNMXOnf2AEWCp6k7ek596a9xw8ZVdq2v63UwuLS8kp6NbO2vrG5ld3eqSkRSUyqWDAhGz5ShFFOqppqRhqhJCjwGan7/cvErz8Qqajgt3oQklaAupx2KEbaSF72dOj6grXVIDBHfDO66w/dLrmHruwJyGHegYdmO0quBTeg3KOhRwteNmcX7THgPHGmJAemqHjZT7ctcBQQrjFDSjUdO9StGElNMSOjjBspEiLcR13SNJSjgKhWPB5vBA+M0oYdIc3iGo7V3x0xClQygKkMkO6pWS8R//Oake6ct2LKw0gTjicPdSIGtYBJVrBNJcGaDQxBWFLzV4h7SCKsTaIZE4IzO/I8qZWKznGxdH2SK19M40iDPbAP8sABZ6AMrkAFVAEGj+AZvII368l6sd6tj0lpypr27II/sL5+AFUSoU0=</latexit>

No reason to select coordinates with different probabilities
An optimal uniform probability is the following

p? =
2⇢

1 + 3⇢
<latexit sha1_base64="LhnJZ3OMWMVyWje5lrw804aD+yM=">AAACCnicbZDLSgMxFIYz9VbrbdSlm2gRBKHMtIJuhKIblxXsBTpjyaSZNjSTDElGKEPXbnwVNy4UcesTuPNtTKez0NYfAh//OYeT8wcxo0o7zrdVWFpeWV0rrpc2Nre2d+zdvZYSicSkiQUTshMgRRjlpKmpZqQTS4KigJF2MLqe1tsPRCoq+J0ex8SP0IDTkGKkjdWzD+N7T2kk4SX0QolwWvXkUExSF57CWoY9u+xUnExwEdwcyiBXo2d/eX2Bk4hwjRlSqus6sfZTJDXFjExKXqJIjPAIDUjXIEcRUX6anTKBx8bpw1BI87iGmft7IkWRUuMoMJ0R0kM1X5ua/9W6iQ4v/JTyONGE49miMGFQCzjNBfapJFizsQGEJTV/hXiITCLapFcyIbjzJy9Cq1pxa5Xq7Vm5fpXHUQQH4AicABecgzq4AQ3QBBg8gmfwCt6sJ+vFerc+Zq0FK5/ZB39kff4AlZCZjQ==</latexit>
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Theorem (s.c. case)

Consider the sparsity of the optimal solution   .        

p =
2⇢

1 + 3⇢
<latexit sha1_base64="eMrxWse+UlGtAOKZJpR4aZ9bFsA=">AAACBHicbZDLSsNAFIZPvNZ6i7rsZrAIglCSVtCNUHTjsoK9QFPKZDpph04yYWYilNCFG1/FjQtF3PoQ7nwbp2kW2vrDwMd/zuHM+f2YM6Ud59taWV1b39gsbBW3d3b39u2Dw5YSiSS0SQQXsuNjRTmLaFMzzWknlhSHPqdtf3wzq7cfqFRMRPd6EtNeiIcRCxjB2lh9uxSjK+QFEpO06smRmKYuOkO1DPt22ak4mdAyuDmUIVejb395A0GSkEaacKxU13Vi3Uux1IxwOi16iaIxJmM8pF2DEQ6p6qXZEVN0YpwBCoQ0L9Ioc39PpDhUahL6pjPEeqQWazPzv1o30cFlL2VRnGgakfmiIOFICzRLBA2YpETziQFMJDN/RWSETSLa5FY0IbiLJy9Dq1pxa5Xq3Xm5fp3HUYASHMMpuHABdbiFBjSBwCM8wyu8WU/Wi/VufcxbV6x85gj+yPr8AbW9lt0=</latexit>

Choose , and corresponding 

⇢
<latexit sha1_base64="94wfdLRRBjCkyTC3Y5p5yTs2egQ=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWME84BkCbOT2eyQeSwzs0II+QUvHhTx6g9582+cTfagiQUNRVU33V1Rypmxvv/tra1vbG5tl3bKu3v7B4eVo+O2UZkmtEUUV7obYUM5k7RlmeW0m2qKRcRpJxrf5X7niWrDlHy0k5SGAo8kixnBNpf6OlGDStWv+XOgVRIUpAoFmoPKV3+oSCaotIRjY3qBn9pwirVlhNNZuZ8ZmmIyxiPac1RiQU04nd86Q+dOGaJYaVfSorn6e2KKhTETEblOgW1ilr1c/M/rZTa+CadMppmlkiwWxRlHVqH8cTRkmhLLJ45gopm7FZEEa0ysi6fsQgiWX14l7XotuKzVH66qjdsijhKcwhlcQADX0IB7aEILCCTwDK/w5gnvxXv3Phata14xcwJ/4H3+ACD6jks=</latexit>

� 2
✓
0,

2

µ+ L+ 2

�

<latexit sha1_base64="RnMarg6qTkwXjT8zPCcE5sbjLCI="></latexit>

 =
(1� p)L� µ

p
<latexit sha1_base64="DwwtZaqXlnq+NwixDLh5zo0TJS4=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0WoQktSBd0IRTcuXFSwD2hCmUwn7dBJMsxMhBLyD278FTcuFHHrxp1/46TNQlsPDHM4517uvcfjjEplWd9GYWl5ZXWtuF7a2Nza3jF399oyigUmLRyxSHQ9JAmjIWkpqhjpckFQ4DHS8cbXmd95IELSKLxXE07cAA1D6lOMlJb65onjRWwgJ4H+EmeMOEcpvISOLxBOKnaVH99WnSBOE572zbJVs6aAi8TOSRnkaPbNL2cQ4TggocIMSdmzLa7cBAlFMSNpyYkl4QiP0ZD0NA1RQKSbTG9K4ZFWBtCPhH6hglP1d0eCApmtrSsDpEZy3svE/7xerPwLN6EhjxUJ8WyQHzOoIpgFBAdUEKzYRBOEBdW7QjxCOg6lYyzpEOz5kxdJu16zT2v1u7Ny4yqPowgOwCGoABucgwa4AU3QAhg8gmfwCt6MJ+PFeDc+ZqUFI+/ZB39gfP4Akw2d8g==</latexit>

Then for any ASPY-DR algorithm

.

converges Õ

✓r
1 + ⇢

⇢

◆

<latexit sha1_base64="btPez0IU6z3jrL/yFutXVLkm/9k=">AAACGXicbVDJSgNBEO2JW4zbqEcvg0GICGEmCnoMevFmBLNAJoSeTk3SpGexu0YIw/yGF3/FiwdFPOrJv7GzHDTxQRWP96rorufFgiu07W8jt7S8srqWXy9sbG5t75i7ew0VJZJBnUUiki2PKhA8hDpyFNCKJdDAE9D0hldjv/kAUvEovMNRDJ2A9kPuc0ZRS13TdpGLHqQ3mSvAx5Kr7iWmri8pS50TVw6iLJ30zJW8P8Djrlm0y/YE1iJxZqRIZqh1zU+3F7EkgBCZoEq1HTvGTkolciYgK7iJgpiyIe1DW9OQBqA66eSyzDrSSs/yI6krRGui/t5IaaDUKPD0ZEBxoOa9sfif107Qv+ikPIwThJBNH/ITYWFkjWOyelwCQzHShDLJ9V8tNqA6FdRhFnQIzvzJi6RRKTun5crtWbF6OYsjTw7IISkRh5yTKrkmNVInjDySZ/JK3own48V4Nz6mozljtrNP/sD4+gFbDqHC</latexit>

times faster in communications

metrics than nonsparsified one.
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Dataset: Madelon

Final sparsity: 0.05Amount of workers: 4

Software: Python + MPI4py

Optimal probability: ⇡ 0.9
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Dataset: Madelon

Final sparsity: 0.05Amount of workers: 4

Software: Python + MPI4py

Optimal probability: ⇡ 0.9
<latexit sha1_base64="kXdwW+3pS1oUBJ8Ob0Nz5DQ9cPA=">AAACAXicbVDLSgMxFM3UV62vUTeCm2ARXJWZKqi7ohuXFewDOkPJZDJtaCYZkoxYhrrxV9y4UMStf+HOvzHTzkJbD4QczrmXe+8JEkaVdpxvq7S0vLK6Vl6vbGxube/Yu3ttJVKJSQsLJmQ3QIowyklLU81IN5EExQEjnWB0nfudeyIVFfxOjxPix2jAaUQx0kbq2wdeIFioxrH5Mg8liRQP0KldTvp21ak5U8BF4hakCgo0+/aXFwqcxoRrzJBSPddJtJ8hqSlmZFLxUkUShEdoQHqGchQT5WfTCybw2CghjIQ0j2s4VX93ZChW+ZKmMkZ6qOa9XPzP66U6uvAzypNUE45ng6KUQS1gHgcMqSRYs7EhCEtqdoV4iCTC2oRWMSG48ycvkna95p7W6rdn1cZVEUcZHIIjcAJccA4a4AY0QQtg8AiewSt4s56sF+vd+piVlqyiZx/8gfX5A2dgltc=</latexit>Problem: standard regularized logistic regression 
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