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What you will learn today

• Communication Topology of GPUs clusters 

• Unbiased VS biased compressors, to compress messages 

• Local SGD and Diloco, to reduce gradient synchronisation  

• Decentralized learning, to scale up LLMs on the internet 

• Fault tolerance for training LLMs.
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Schematic representations of Communications
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Communication issues
• Communication across distant nodes brings two key constraints: 

bandwidth (how much you can move) and latency (how long each 
exchange takes). The following numbers vary a lot and are rather order 
of magnitudes than a ground truth. 

• Intra-node (GPU↔GPU, NVLink/NVSwitch): 1000GB/s per GPU. 

• Inter-node (same cluster, InfiniBand): typically 100GB/s per node. 

• Across the Internet: typically 0.1GB/s per node, and latency also 
dominates performance. 

• Topology matters a lot: the switch layout (the actual links between 
components) changes congestion, and therefore the real 
communication cost.
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Dissection of a GPU Fabric 5

HGX: GPU server; SU (Scaling Unit): Group of server

SLG: Spine-leaf group per rail; Spine: aggregation per rail
2K RAIL “POD”: a single 256x 8 GPUs (an independent network plan)

Core group = uplink layer, grouped by spine index

• Performance at 2K-GPU scale: 8 identical leaf–spine rails provide high bandwidth, keeping 
congestion and latency small. 

• Resilience + operability: Rails and SU compartmentalize failures and maintenance while the core-
group→spine-index scales up connectivity; multiple rails let you add aggregate network capacity by 
striping traffic across parallel fabrics.



Reducing the Communication Burden?

• Communication is both an algorithmic and a systems challenge. 

• While these ideas can be combined in a single framework, four common 
strategies to reduce communication overhead are: 

• Reduce how much you communicate: e.g., compress what you 
communicate, 

• Reduce when you communicate: e.g., communicate periodically, 

• Reduce who communicates: e.g., communicate only to your 
neighbours, 

• Reduce what you communicate: e.g., communicate parameters, not 
gradients.
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The initial algorithm
• Baseline: synchronous data-parallel SGD with n workers, so that each 

worker applied the same update. 

• All-Reduce will dominate runtime when bandwidth is limited or 
latency is high. 

• /!\: we’re not necessarily in a Federated Learning setting: no notion of 
central server here and data distribution might or might not be identical.
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<latexit sha1_base64="SDuOAfoXw2pAhIrhIo07pX0vGtA="></latexit>

✓t+1, st+1 = Optimizer(✓t, gt, st)

Until convergence, on worker i:

<latexit sha1_base64="698O0wEGR8uhcLOcYkm5z3AZ11w=">AAACGnicbVDLSgNBEJyNr/iOevQyGAQFCbsi6kUIevEYwUQhG5feyWwyZHZ2mekVY8jVr/ATvOoHeBOvXjz7I04eB40WNBRV3XR3hakUBl3308lNTc/MzuXnFxaXlldWC2vrNZNkmvEqS2Sir0MwXArFqyhQ8utUc4hDya/CztnAv7rl2ohEXWI35Y0YWkpEggFaKSjQ1o0I8MRXEEqg0Y6PbY4Q4J5/JwbOblAouiV3CPqXeGNSJGNUgsKX30xYFnOFTIIxdc9NsdEDjYJJ3l/wM8NTYB1o8bqlCmJuGr3hJ326bZUmjRJtSyEdqj8nehAb041D2xkDts2kNxD/8+oZRseNnlBphlyx0aIokxQTOoiFNoXmDGXXEmBa2Fspa4MGhja8X1tQdO77NhVvMoO/pLZf8g5L3sVBsXw6zidPNskW2SEeOSJlck4qpEoYeSBP5Jm8OI/Oq/PmvI9ac854ZoP8gvPxDYrfoT0=</latexit>

git = rf(✓t, ⇠
i
t)

sample
<latexit sha1_base64="54UQRnkJs/aI8iMVjEPcedNek+A=">AAACC3icbVDLSsNAFJ3UV62vVJduBovgqiQi6rLoxmUF+4AmDZPppB06eTBzo9bQT/AT3OoHuBO3foRrf8Rpm4VtPXDhcM69nMvxE8EVWNa3UVhZXVvfKG6WtrZ3dvfM8n5TxamkrEFjEcu2TxQTPGIN4CBYO5GMhL5gLX94PfFb90wqHkd3MEqYG5J+xANOCWjJM8vOI/egyx3FQ+y0eZd7ZsWqWlPgZWLnpIJy1D3zx+nFNA1ZBFQQpTq2lYCbEQmcCjYuOaliCaFD0mcdTSMSMuVm09fH+FgrPRzEUk8EeKr+vchIqNQo9PVmSGCgFr2J+J/XSSG4dDMeJSmwiM6CglRgiPGkB9zjklEQI00IlVz/iumASEJBtzWXAnz4NNat2IsdLJPmadU+r9q3Z5XaVd5PER2iI3SCbHSBaugG1VEDUfSAXtArejOejXfjw/icrRaM/OYAzcH4+gWaIJtw</latexit>

⇠it ⇠ ⌅i

<latexit sha1_base64="ulOyj5Te1P97jdqbPIc85viOXuI=">AAACJHicbVDLSgMxFM34rPVVdekmWAQVKTMi6kaounFZxVahrUMmvW1DM5khuSPWof/gV/gJbvUD3IkLN278EdPHwteBwOGcc7k3J4ilMOi6787Y+MTk1HRmJjs7N7+wmFtarpgo0RzKPJKRvgqYASkUlFGghKtYAwsDCZdB56TvX96ANiJSF9iNoR6ylhJNwRlayc9ttXw8rCHcImJ6JOU5NBIOvY3Wtefjdq0RodmmNnOtNv1c3i24A9C/xBuRPBmh5Oc+7TxPQlDIJTOm6rkx1lOmUXAJvWwtMRAz3mEtqFqqWAimng7+1KPrVmnQZqTtU0gH6veJlIXGdMPAJkOGbfPb64v/edUEmwf1VKg4QVB8uKiZSIoR7RdEG0IDR9m1hHEt7K2Ut5lmHG2NP7ag6Nz1bCve7w7+kspOwdsreGe7+eLxqJ8MWSVrZIN4ZJ8UySkpkTLh5J48kify7Dw4L86r8zaMjjmjmRXyA87HF7hgpYE=</latexit>

gt = AllReduce(g1t , . . . , g
n
t )



All-Reduce Implementation 8

• Split the tensor into N chunks (N workers). 

• Phase 1: Reduce-Scatter (N-1 steps): 

• each step, every worker sends one chunk to its “next” neighbor and receives 
one chunk from its “previous” neighbor, reducing (summing) as it goes. 

• After N-1 steps, each worker holds 1/N of the final reduced result. 

• Phase 2: All-Gather (N-1 steps): 

• same ring traffic pattern, but now workers just forward chunks to replicate 
the full reduced tensor everywhere.

(This is ring-All-Reduce,  
even though NCCL  
will select the most 

 efficient implementation)



Why reducing communication isn’t free

• Without compression, we exchange gradient               at every steps. 

• If we store each entry with b bytes (FP32:          , FP16/BF16:         ), 
then we need to exchange  

• If we send only a fraction                 of the bytes, so 

• Trade-of: smaller    faster communication, but may slow convergence 
(more steps): bytes saved don’t automatically mean faster training if we 
need more steps. 

• Most of the techniques will present now are composable together.
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<latexit sha1_base64="ugNuT93PJlcL5KxgzHQTFeCQBZs=">AAACD3icbVDLSsNAFJ34rPUVFVduBovgqiQi6rLoxmUV+4A2DZPptB06mYSZG6GGfISf4FY/wJ249RNc+yNO2i5s64ELh3Pu5R5OEAuuwXG+raXlldW19cJGcXNre2fX3tuv6yhRlNVoJCLVDIhmgktWAw6CNWPFSBgI1giGN7nfeGRK80g+wChmXkj6kvc4JWAk3z7sd7gPbS5xOyQwCIL0Put0fbvklJ0x8CJxp6SEpqj69k+7G9EkZBKoIFq3XCcGLyUKOBUsK7YTzWJCh6TPWoZKEjLtpeP4GT4xShf3ImVGAh6rfy9SEmo9CgOzmWfU814u/ue1EuhdeSmXcQJM0smjXiIwRDjvAne5YhTEyBBCFTdZMR0QRSiYxma+AB8+ZaYVd76DRVI/K7sXZffuvFS5nvZTQEfoGJ0iF12iCrpFVVRDFKXoBb2iN+vZerc+rM/J6pI1vTlAM7C+fgHsW51C</latexit>

git 2 Rd

<latexit sha1_base64="TRQT9FwHe/yXQjTDiQ9E5Fc1RkA=">AAAB/HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE1GPRi8cKthXaUDbbTbN0sxt2J0IN9Sd41R/gTbz6Xzz7R9y0OdjWBwOP92aYmRckghtw3W+ntLK6tr5R3qxsbe/s7lX3D9pGpZqyFlVC6YeAGCa4ZC3gINhDohmJA8E6wegm9zuPTBuu5D2ME+bHZCh5yCmBXOrpSPWrNbfuToGXiVeQGirQ7Fd/egNF05hJoIIY0/XcBPyMaOBUsEmllxqWEDoiQ9a1VJKYGT+b3jrBJ1YZ4FBpWxLwVP07kZHYmHEc2M6YQGQWvVz8z+umEF75GZdJCkzS2aIwFRgUzh/HA64ZBTG2hFDN7a2YRkQTCjaeuS3AR08Tm4q3mMEyaZ/VvYu6d3dea1wX+ZTRETpGp8hDl6iBblETtRBFEXpBr+jNeXbenQ/nc9ZacoqZQzQH5+sXXKCV4g==</latexit>⇢

<latexit sha1_base64="by+QXIzcrgEpwqkIS9EZ/8yD5kM=">AAACFXicbVC7SgNBFJ2Nrxhfq5ZpBoNgIWFXRG2EoI1lRPOAJITZyU0yZPbhzF0xLin8Cj/BVj/ATmytrf0RJ4/CJB64l8M593JnjhdJodFxvq3UwuLS8kp6NbO2vrG5ZW/vlHUYKw4lHspQVT2mQYoASihQQjVSwHxPQsXrXQ79yj0oLcLgFvsRNHzWCURbcIZGatrZG3pOvfphi9bvYmY6wgMmXh9BD5p2zsk7I9B54k5IjkxQbNo/9VbIYx8C5JJpXXOdCBsJUyi4hEGmHmuIGO+xDtQMDZgPupGMPjGg+0Zp0XaoTAVIR+rfjYT5Wvd9z0z6DLt61huK/3m1GNtnjUQEUYwQ8PGhdiwphnSYCG0JBRxl3xDGlTBvpbzLFONocpu6gqL3OEzFnc1gnpSP8u5J3r0+zhUuJvmkSZbskQPiklNSIFekSEqEkyfyQl7Jm/VsvVsf1ud4NGVNdnbJFKyvX0Bfnvk=</latexit>

S = b d bytes

<latexit sha1_base64="RfcaDDicxDFpMHGFvB6OKA4CnUo=">AAAB+3icbVDLSgNBEOyNrxhfUY9eBoPgKeyKqBch6MVjRPOAZAmzk9lkyOyDmV4hLvsJXvUDvIlXP8azP+Ik2YNJLGgoqrrp7vJiKTTa9rdVWFldW98obpa2tnd298r7B00dJYrxBotkpNoe1VyKkDdQoOTtWHEaeJK3vNHtxG89caVFFD7iOOZuQAeh8AWjaKQH7/q8V67YVXsKskycnFQgR71X/un2I5YEPEQmqdYdx47RTalCwSTPSt1E85iyER3wjqEhDbh20+mpGTkxSp/4kTIVIpmqfydSGmg9DjzTGVAc6kVvIv7ndRL0r9xUhHGCPGSzRX4iCUZk8jfpC8UZyrEhlClhbiVsSBVlaNKZ24Ji9JyZVJzFDJZJ86zqXFSd+/NK7SbPpwhHcAyn4MAl1OAO6tAABgN4gVd4szLr3fqwPmetBSufOYQ5WF+/6fCVBg==</latexit>

b = 4
<latexit sha1_base64="kBy1LGa4bVt+as1EpPzts72i3Ao=">AAAB+3icbVDLSgNBEOz1GeMr6tHLYBA8hd0g6kUIevEY0TwgWcLsZDYZMvtgpleIy36CV/0Ab+LVj/HsjzhJ9mASCxqKqm66u7xYCo22/W2trK6tb2wWtorbO7t7+6WDw6aOEsV4g0UyUm2Pai5FyBsoUPJ2rDgNPMlb3uh24reeuNIiCh9xHHM3oINQ+IJRNNKDd13tlcp2xZ6CLBMnJ2XIUe+Vfrr9iCUBD5FJqnXHsWN0U6pQMMmzYjfRPKZsRAe8Y2hIA67ddHpqRk6N0id+pEyFSKbq34mUBlqPA890BhSHetGbiP95nQT9KzcVYZwgD9lskZ9IghGZ/E36QnGGcmwIZUqYWwkbUkUZmnTmtqAYPWcmFWcxg2XSrFaci4pzf16u3eT5FOAYTuAMHLiEGtxBHRrAYAAv8ApvVma9Wx/W56x1xcpnjmAO1tcv5saVBA==</latexit>

b = 2

<latexit sha1_base64="VT1PSf6niJq+Eb7gWPZiXJkQecY="></latexit>

S⇢ = ⇢S = ⇢ b d bytes

<latexit sha1_base64="uPesB7MrjBftVGHnc9yRSu8Q9ig=">AAACBnicbVC7SgNBFJ2NrxhfUUubwSCkkLAropZBG8sI5gHJGmYns8mQ2Zll5q4Ql/R+gq1+gJ3Y+hvW/oiTZAuTeODC4Zx7OZcTxIIbcN1vJ7eyura+kd8sbG3v7O4V9w8aRiWasjpVQulWQAwTXLI6cBCsFWtGokCwZjC8mfjNR6YNV/IeRjHzI9KXPOSUgJUeOnqgcIdLXHZPPb9bLLkVdwq8TLyMlFCGWrf40+kpmkRMAhXEmLbnxuCnRAOngo0LncSwmNAh6bO2pZJEzPjp9OsxPrFKD4dK25GAp+rfi5RExoyiwG5GBAZm0ZuI/3ntBMIrP+UyToBJOgsKE4FB4UkFuMc1oyBGlhCquf0V0wHRhIItai4F+PBpbFvxFjtYJo2zindR8e7OS9XrrJ88OkLHqIw8dImq6BbVUB1RpNELekVvzrPz7nw4n7PVnJPdHKI5OF+/57qYyw==</latexit>

⇢ 2 (0, 1]



Outline: Reducing Communication Overhead

• Topics we will discuss 

• Communication–computation overlap (latency hiding, compute-
bound execution) 

• Message compression (smaller payloads) 

• Local SGD (less frequent global synchronization) 

• Decentralized optimization (local neighbor mixing vs. global 
coordination) 

• Fault resilience (robustness to failures and performance variance)
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Overlapping Communication 
and Computation

11



Overlapping Comm and comp synchronously
• Communication should be overlapped with computation as much as 

possible to keep the GPU compute bound.
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No Algorithmic Changes: Implementation-
Level Comms/Compute Overlap

• Overlap via hooks. Using backward hooks, a standard technique is 
to launch communication for a layer’s gradients immediately after that 
layer’s backward computation completes, overlapping communication 
with remaining compute.
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CUDA  
stream

<latexit sha1_base64="BQKNktYncAzPBL+L5/uUSfQCwfg=">AAACBXicbVDLSgMxFM3UV62vqks3wSLUTZmIqMuiIC4r2FpohyGTZtrQTGZM7gi1dO0nuNUPcCdu/Q7X/ohpOwvbeuDC4Zx7OZcTJFIYcN1vJ7e0vLK6ll8vbGxube8Ud/caJk4143UWy1g3A2q4FIrXQYDkzURzGgWS3wf9q7F//8i1EbG6g0HCvYh2lQgFo2Al79on5Tb0OFCfHPvFkltxJ8CLhGSkhDLU/OJPuxOzNOIKmKTGtIibgDekGgSTfFRop4YnlPVpl7csVTTixhtOnh7hI6t0cBhrOwrwRP17MaSRMYMosJsRhZ6Z98bif14rhfDCGwqVpMAVmwaFqcQQ43EDuCM0ZyAHllCmhf0Vsx7VlIHtaSYFRP9pZFsh8x0sksZJhZxVyO1pqXqZ9ZNHB+gQlRFB56iKblAN1RFDD+gFvaI359l5dz6cz+lqzslu9tEMnK9fu4CYwA==</latexit>

F1(✓1)
<latexit sha1_base64="hdUEIoCacSeQRbyhPcfI76/TIDU=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZdFQVxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7eyura+kd8sbG3v7O4V9w+aOkoUZQ0aiUi1faKZ4JI1gINg7VgxEvqCtfzh9cRvPTKleSTvYRQzNyR9yQNOCRjJvfGq5S4MGBCveuoVS3bFngIvEycjJZSh7hV/ur2IJiGTQAXRuuPYMbgpUcCpYONCN9EsJnRI+qxjqCQh0246fXqMT4zSw0GkzEjAU/XvRUpCrUehbzZDAgO96E3E/7xOAsGlm3IZJ8AknQUFicAQ4UkDuMcVoyBGhhCquPkV0wFRhILpaS4F+PBpbFpxFjtYJs1qxTmvOHdnpdpV1k8eHaFjVEYOukA1dIvqqIEoekAv6BW9Wc/Wu/Vhfc5Wc1Z2c4jmYH39Ar61mMI=</latexit>

F2(✓2)
<latexit sha1_base64="hK0Z1av3CJ3RND5eFakKClNrh8A=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZelblxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7e2vrG5ld8u7Ozu7R8UD49aOkoUZU0aiUh1fKKZ4JI1gYNgnVgxEvqCtf3RzdRvPzKleSTvYRwzNyQDyQNOCRjJrXvVcg+GDIhXPfeKJbtiz4BXiZOREsrQ8Io/vX5Ek5BJoIJo3XXsGNyUKOBUsEmhl2gWEzoiA9Y1VJKQaTedPT3BZ0bp4yBSZiTgmfr3IiWh1uPQN5shgaFe9qbif143geDaTbmME2CSzoOCRGCI8LQB3OeKURBjQwhV3PyK6ZAoQsH0tJACfPQ0Ma04yx2skla14lxWnLuLUq2e9ZNHJ+gUlZGDrlAN3aIGaiKKHtALekVv1rP1bn1Yn/PVnJXdHKMFWF+/uDGYvg==</latexit>

B2(✓2)
<latexit sha1_base64="HrbpDXpfiGmQ+YPy+jUcDvcRfjc=">AAACBXicbVC7SgNBFJ2NrxhfUUubwSDEJuyIqGWIjWUEkwjJssxOZpMhs7PrzF0hLqn9BFv9ADux9Tus/REnj8IkHrhwOOdezuUEiRQGXPfbya2srq1v5DcLW9s7u3vF/YOmiVPNeIPFMtb3ATVcCsUbIEDy+0RzGgWSt4LB9dhvPXJtRKzuYJhwL6I9JULBKFjJq/mk3IE+B+qTU79YcivuBHiZkBkpoRnqfvGn041ZGnEFTFJj2sRNwMuoBsEkHxU6qeEJZQPa421LFY248bLJ0yN8YpUuDmNtRwGeqH8vMhoZM4wCuxlR6JtFbyz+57VTCK+8TKgkBa7YNChMJYYYjxvAXaE5Azm0hDIt7K+Y9ammDGxPcykgBk8j2wpZ7GCZNM8q5KJCbs9L1dqsnzw6QseojAi6RFV0g+qogRh6QC/oFb05z8678+F8TldzzuzmEM3B+foFtPyYvA==</latexit>

B1(✓1)

Time
<latexit sha1_base64="BRlOjLm4LNdhnwxforQM4nwaPbk=">AAACGXicbZC7SgNBFIZn4y3GW9TSwsUgRJCwG0QtgzZ2RjAXyC5hdnKSDJm9MHNWjEtKn8JHsNUHsBNbK2tfxEmyhYn+MPDxn3M4Z34vElyhZX0ZmYXFpeWV7GpubX1jcyu/vVNXYSwZ1FgoQtn0qALBA6ghRwHNSAL1PQENb3A5rjfuQCoeBrc4jMD1aS/gXc4oaqud33cQ7hExuY5wVHSwD0jb9nEK5aN2vmCVrInMv2CnUCCpqu38t9MJWexDgExQpVq2FaGbUImcCRjlnFhBRNmA9qClMaA+KDeZfGRkHmqnY3ZDqV+A5sT9PZFQX6mh7+lOn2JfzdfG5n+1VozdczfhQRQjBGy6qBsLE0NznIrZ4RIYiqEGyiTXt5qsTyVlqLOb2YJ88DDSqdjzGfyFerlkn5bsm5NC5SLNJ0v2yAEpEpuckQq5IlVSI4w8kmfyQl6NJ+PNeDc+pq0ZI53ZJTMyPn8AaGKhMg==</latexit>

Opt(✓1, ✓2)
<latexit sha1_base64="BQKNktYncAzPBL+L5/uUSfQCwfg=">AAACBXicbVDLSgMxFM3UV62vqks3wSLUTZmIqMuiIC4r2FpohyGTZtrQTGZM7gi1dO0nuNUPcCdu/Q7X/ohpOwvbeuDC4Zx7OZcTJFIYcN1vJ7e0vLK6ll8vbGxube8Ud/caJk4143UWy1g3A2q4FIrXQYDkzURzGgWS3wf9q7F//8i1EbG6g0HCvYh2lQgFo2Al79on5Tb0OFCfHPvFkltxJ8CLhGSkhDLU/OJPuxOzNOIKmKTGtIibgDekGgSTfFRop4YnlPVpl7csVTTixhtOnh7hI6t0cBhrOwrwRP17MaSRMYMosJsRhZ6Z98bif14rhfDCGwqVpMAVmwaFqcQQ43EDuCM0ZyAHllCmhf0Vsx7VlIHtaSYFRP9pZFsh8x0sksZJhZxVyO1pqXqZ9ZNHB+gQlRFB56iKblAN1RFDD+gFvaI359l5dz6cz+lqzslu9tEMnK9fu4CYwA==</latexit>

F1(✓1)
<latexit sha1_base64="hdUEIoCacSeQRbyhPcfI76/TIDU=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZdFQVxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7eyura+kd8sbG3v7O4V9w+aOkoUZQ0aiUi1faKZ4JI1gINg7VgxEvqCtfzh9cRvPTKleSTvYRQzNyR9yQNOCRjJvfGq5S4MGBCveuoVS3bFngIvEycjJZSh7hV/ur2IJiGTQAXRuuPYMbgpUcCpYONCN9EsJnRI+qxjqCQh0246fXqMT4zSw0GkzEjAU/XvRUpCrUehbzZDAgO96E3E/7xOAsGlm3IZJ8AknQUFicAQ4UkDuMcVoyBGhhCquPkV0wFRhILpaS4F+PBpbFpxFjtYJs1qxTmvOHdnpdpV1k8eHaFjVEYOukA1dIvqqIEoekAv6BW9Wc/Wu/Vhfc5Wc1Z2c4jmYH39Ar61mMI=</latexit>

F2(✓2)

CUDA  
stream 2

CUDA  
stream 1 <latexit sha1_base64="BQKNktYncAzPBL+L5/uUSfQCwfg=">AAACBXicbVDLSgMxFM3UV62vqks3wSLUTZmIqMuiIC4r2FpohyGTZtrQTGZM7gi1dO0nuNUPcCdu/Q7X/ohpOwvbeuDC4Zx7OZcTJFIYcN1vJ7e0vLK6ll8vbGxube8Ud/caJk4143UWy1g3A2q4FIrXQYDkzURzGgWS3wf9q7F//8i1EbG6g0HCvYh2lQgFo2Al79on5Tb0OFCfHPvFkltxJ8CLhGSkhDLU/OJPuxOzNOIKmKTGtIibgDekGgSTfFRop4YnlPVpl7csVTTixhtOnh7hI6t0cBhrOwrwRP17MaSRMYMosJsRhZ6Z98bif14rhfDCGwqVpMAVmwaFqcQQ43EDuCM0ZyAHllCmhf0Vsx7VlIHtaSYFRP9pZFsh8x0sksZJhZxVyO1pqXqZ9ZNHB+gQlRFB56iKblAN1RFDD+gFvaI359l5dz6cz+lqzslu9tEMnK9fu4CYwA==</latexit>

F1(✓1)
<latexit sha1_base64="hdUEIoCacSeQRbyhPcfI76/TIDU=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZdFQVxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7eyura+kd8sbG3v7O4V9w+aOkoUZQ0aiUi1faKZ4JI1gINg7VgxEvqCtfzh9cRvPTKleSTvYRQzNyR9yQNOCRjJvfGq5S4MGBCveuoVS3bFngIvEycjJZSh7hV/ur2IJiGTQAXRuuPYMbgpUcCpYONCN9EsJnRI+qxjqCQh0246fXqMT4zSw0GkzEjAU/XvRUpCrUehbzZDAgO96E3E/7xOAsGlm3IZJ8AknQUFicAQ4UkDuMcVoyBGhhCquPkV0wFRhILpaS4F+PBpbFpxFjtYJs1qxTmvOHdnpdpV1k8eHaFjVEYOukA1dIvqqIEoekAv6BW9Wc/Wu/Vhfc5Wc1Z2c4jmYH39Ar61mMI=</latexit>

F2(✓2)
<latexit sha1_base64="hK0Z1av3CJ3RND5eFakKClNrh8A=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZelblxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7e2vrG5ld8u7Ozu7R8UD49aOkoUZU0aiUh1fKKZ4JI1gYNgnVgxEvqCtf3RzdRvPzKleSTvYRwzNyQDyQNOCRjJrXvVcg+GDIhXPfeKJbtiz4BXiZOREsrQ8Io/vX5Ek5BJoIJo3XXsGNyUKOBUsEmhl2gWEzoiA9Y1VJKQaTedPT3BZ0bp4yBSZiTgmfr3IiWh1uPQN5shgaFe9qbif143geDaTbmME2CSzoOCRGCI8LQB3OeKURBjQwhV3PyK6ZAoQsH0tJACfPQ0Ma04yx2skla14lxWnLuLUq2e9ZNHJ+gUlZGDrlAN3aIGaiKKHtALekVv1rP1bn1Yn/PVnJXdHKMFWF+/uDGYvg==</latexit>

B2(✓2)
<latexit sha1_base64="HrbpDXpfiGmQ+YPy+jUcDvcRfjc=">AAACBXicbVC7SgNBFJ2NrxhfUUubwSDEJuyIqGWIjWUEkwjJssxOZpMhs7PrzF0hLqn9BFv9ADux9Tus/REnj8IkHrhwOOdezuUEiRQGXPfbya2srq1v5DcLW9s7u3vF/YOmiVPNeIPFMtb3ATVcCsUbIEDy+0RzGgWSt4LB9dhvPXJtRKzuYJhwL6I9JULBKFjJq/mk3IE+B+qTU79YcivuBHiZkBkpoRnqfvGn041ZGnEFTFJj2sRNwMuoBsEkHxU6qeEJZQPa421LFY248bLJ0yN8YpUuDmNtRwGeqH8vMhoZM4wCuxlR6JtFbyz+57VTCK+8TKgkBa7YNChMJYYYjxvAXaE5Azm0hDIt7K+Y9ammDGxPcykgBk8j2wpZ7GCZNM8q5KJCbs9L1dqsnzw6QseojAi6RFV0g+qogRh6QC/oFb05z8678+F8TldzzuzmEM3B+foFtPyYvA==</latexit>

B1(✓1)
<latexit sha1_base64="pUh9+kdhpltiNhqWQ/Fnp2KiE04=">AAACEHicbVDLSgNBEJz1GeMrKnjxMhiEeAm7Iuox6MWbEcwDskuYnXSSIbMPZnrFuOYn/ASv+gHexKt/4NkfcfI4mMSChqKqm2rKj6XQaNvf1sLi0vLKamYtu76xubWd29mt6ihRHCo8kpGq+0yDFCFUUKCEeqyABb6Emt+7Gvq1e1BaROEd9mPwAtYJRVtwhkZq5vZdhAdETG9iHBRc7AKypnPczOXtoj0CnSfOhOTJBOVm7sdtRTwJIEQumdYNx47RS5lCwSUMsm6iIWa8xzrQMDRkAWgvHf0/oEdGadF2pMyESEfq34uUBVr3A99sBgy7etYbiv95jQTbF14qwjhBCPk4qJ1IihEdlkFbQgFH2TeEcSXMr5R3mWIcTWVTKSh6jwPTijPbwTypnhSds6Jze5ovXU76yZADckgKxCHnpESuSZlUCCdP5IW8kjfr2Xq3PqzP8eqCNbnZI1Owvn4Bs/adqQ==</latexit>

Opt(✓1)
<latexit sha1_base64="36pHxm9dwA+Uo8DngbAFWmL/6og=">AAACEHicbVDLSgNBEJyNrxhfUcGLl8UgxEvYDaIeg168GcE8IBvC7KSTDJl9MNMrxnV/wk/wqh/gTbz6B579ESfJHkxiQUNR1U015YaCK7SsbyOztLyyupZdz21sbm3v5Hf36iqIJIMaC0Qgmy5VILgPNeQooBlKoJ4roOEOr8Z+4x6k4oF/h6MQ2h7t+7zHGUUtdfIHDsIDIsY3ISZFBweAtFM+6eQLVsmawFwkdkoKJEW1k/9xugGLPPCRCapUy7ZCbMdUImcCkpwTKQgpG9I+tDT1qQeqHU/+T8xjrXTNXiD1+GhO1L8XMfWUGnmu3vQoDtS8Nxb/81oR9i7aMffDCMFn06BeJEwMzHEZZpdLYChGmlAmuf7VZAMqKUNd2UwK8uFjolux5ztYJPVyyT4r2benhcpl2k+WHJIjUiQ2OScVck2qpEYYeSIv5JW8Gc/Gu/FhfE5XM0Z6s09mYHz9ArWMnao=</latexit>

Opt(✓2)

<latexit sha1_base64="BQKNktYncAzPBL+L5/uUSfQCwfg=">AAACBXicbVDLSgMxFM3UV62vqks3wSLUTZmIqMuiIC4r2FpohyGTZtrQTGZM7gi1dO0nuNUPcCdu/Q7X/ohpOwvbeuDC4Zx7OZcTJFIYcN1vJ7e0vLK6ll8vbGxube8Ud/caJk4143UWy1g3A2q4FIrXQYDkzURzGgWS3wf9q7F//8i1EbG6g0HCvYh2lQgFo2Al79on5Tb0OFCfHPvFkltxJ8CLhGSkhDLU/OJPuxOzNOIKmKTGtIibgDekGgSTfFRop4YnlPVpl7csVTTixhtOnh7hI6t0cBhrOwrwRP17MaSRMYMosJsRhZ6Z98bif14rhfDCGwqVpMAVmwaFqcQQ43EDuCM0ZyAHllCmhf0Vsx7VlIHtaSYFRP9pZFsh8x0sksZJhZxVyO1pqXqZ9ZNHB+gQlRFB56iKblAN1RFDD+gFvaI359l5dz6cz+lqzslu9tEMnK9fu4CYwA==</latexit>

F1(✓1)
<latexit sha1_base64="hdUEIoCacSeQRbyhPcfI76/TIDU=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZdFQVxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7eyura+kd8sbG3v7O4V9w+aOkoUZQ0aiUi1faKZ4JI1gINg7VgxEvqCtfzh9cRvPTKleSTvYRQzNyR9yQNOCRjJvfGq5S4MGBCveuoVS3bFngIvEycjJZSh7hV/ur2IJiGTQAXRuuPYMbgpUcCpYONCN9EsJnRI+qxjqCQh0246fXqMT4zSw0GkzEjAU/XvRUpCrUehbzZDAgO96E3E/7xOAsGlm3IZJ8AknQUFicAQ4UkDuMcVoyBGhhCquPkV0wFRhILpaS4F+PBpbFpxFjtYJs1qxTmvOHdnpdpV1k8eHaFjVEYOukA1dIvqqIEoekAv6BW9Wc/Wu/Vhfc5Wc1Z2c4jmYH39Ar61mMI=</latexit>

F2(✓2)
<latexit sha1_base64="hK0Z1av3CJ3RND5eFakKClNrh8A=">AAACBXicbVDLSsNAFJ3UV62vqks3g0Wom5IUUZelblxWsA9oQ5hMJ+3QySTO3Ag1dO0nuNUPcCdu/Q7X/ojTNgvbeuDC4Zx7OZfjx4JrsO1vK7e2vrG5ld8u7Ozu7R8UD49aOkoUZU0aiUh1fKKZ4JI1gYNgnVgxEvqCtf3RzdRvPzKleSTvYRwzNyQDyQNOCRjJrXvVcg+GDIhXPfeKJbtiz4BXiZOREsrQ8Io/vX5Ek5BJoIJo3XXsGNyUKOBUsEmhl2gWEzoiA9Y1VJKQaTedPT3BZ0bp4yBSZiTgmfr3IiWh1uPQN5shgaFe9qbif143geDaTbmME2CSzoOCRGCI8LQB3OeKURBjQwhV3PyK6ZAoQsH0tJACfPQ0Ma04yx2skla14lxWnLuLUq2e9ZNHJ+gUlZGDrlAN3aIGaiKKHtALekVv1rP1bn1Yn/PVnJXdHKMFWF+/uDGYvg==</latexit>

B2(✓2)

• Let a network perform a forward pass via           , a backward pass       
and an optimizer step via       .

<latexit sha1_base64="TEeMVkKgw4Cu4laUB4NtYQTLmcU=">AAACAHicbVDLSgNBEOyNrxhfUY9eBoPgQcJuEPUYFILHCCYGkmWZncwmQ2YfzPQKMeTiJ3jVD/AmXv0Tz/6Ik2QPJrGgoajqprvLT6TQaNvfVm5ldW19I79Z2Nre2d0r7h80dZwqxhsslrFq+VRzKSLeQIGStxLFaehL/uAPbib+wyNXWsTRPQ4T7oa0F4lAMIpGatU854zUvIpXLNllewqyTJyMlCBD3Sv+dLoxS0MeIZNU67ZjJ+iOqELBJB8XOqnmCWUD2uNtQyMacu2OpveOyYlRuiSIlakIyVT9OzGiodbD0DedIcW+XvQm4n9eO8Xgyh2JKEmRR2y2KEglwZhMniddoThDOTSEMiXMrYT1qaIMTURzW1AMnsYmFWcxg2XSrJSdi7Jzd16qXmf55OEIjuEUHLiEKtxCHRrAQMILvMKb9Wy9Wx/W56w1Z2UzhzAH6+sXej+WXg==</latexit>

F1, F2
<latexit sha1_base64="I1kqBkfuhYvpcO/sFpcNPdvzWBE=">AAACAHicbVDLSgNBEOyNrxhfUY9eBoPgQcJuEPUY4sVjBPOAZFlmJ5NkyOyDmV4hLrn4CV71A7yJV//Esz/iJNmDSSxoKKq66e7yYyk02va3lVtb39jcym8Xdnb39g+Kh0dNHSWK8QaLZKTaPtVcipA3UKDk7VhxGviSt/zR7dRvPXKlRRQ+4DjmbkAHoegLRtFI7ZrnXJCaV/GKJbtsz0BWiZOREmSoe8Wfbi9iScBDZJJq3XHsGN2UKhRM8kmhm2geUzaiA94xNKQB1246u3dCzozSI/1ImQqRzNS/EykNtB4HvukMKA71sjcV//M6CfZv3FSEcYI8ZPNF/UQSjMj0edITijOUY0MoU8LcStiQKsrQRLSwBcXoaWJScZYzWCXNStm5Kjv3l6VqLcsnDydwCufgwDVU4Q7q0AAGEl7gFd6sZ+vd+rA+5605K5s5hgVYX79tc5ZW</latexit>

B1, B2
<latexit sha1_base64="6hmhyXfT3j5ndjhf5MvuxwMVUvA=">AAACBHicbVC7SgNBFJ31GeMramkzGASrsCuilkEbOyOYByRLmJ3MJkNmZ4eZu2Jc0voJtvoBdmLrf1j7I84mW5jEAxcO59zLuZxACW7Adb+dpeWV1bX1wkZxc2t7Z7e0t98wcaIpq9NYxLoVEMMEl6wOHARrKc1IFAjWDIbXmd98YNrwWN7DSDE/In3JQ04JWKnTAfYIAOmtgnG3VHYr7gR4kXg5KaMctW7pp9OLaRIxCVQQY9qeq8BPiQZOBRsXO4lhitAh6bO2pZJEzPjp5OcxPrZKD4extiMBT9S/FymJjBlFgd2MCAzMvJeJ/3ntBMJLP+VSJcAknQaFicAQ46wA3OOaURAjSwjV3P6K6YBoQsHWNJMCfPiUteLNd7BIGqcV77zi3Z2Vq1d5PwV0iI7QCfLQBaqiG1RDdUSRQi/oFb05z8678+F8TleXnPzmAM3A+foFQBKZwQ==</latexit>

Opt



Delayed Parameter Update

• Maintain two parameter buffers: a compute buffer            and used for 
forward/backward on GPU, and a communication buffer         
used for sync&transfer. 

• GPU runs SGD on           while comm runs in parallel on          
to maximize overlap and reduce stalls. 

•            tracks             with a delayed update (captures offload 
latency and pipelining). 

• Benefit: hides comm latency; cost: introduces staleness which can 
hurt convergence.
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<latexit sha1_base64="XycT0+Xs7jq7kpI6HnVCfFiMQX0="></latexit>

✓comm
t+1 = AllReduce

�
✓comp
1,t , ..., ✓comp

n,t

�
,

✓comp
i,t+1 = ✓comm

t � ⌘rfi(✓
comm
t ) .

<latexit sha1_base64="QmdAqQmzONfmWb4W+3It6yBpT68=">AAACEHicbVDLSsNAFJ3UV62vqODGTbAIrkoioi6LblxWsA9oYplMJ+3QmSTM3Ag15if8BLf6Ae7ErX/g2h9x0mZhWw9cOJxzL/dw/JgzBbb9bZSWlldW18rrlY3Nre0dc3evpaJEEtokEY9kx8eKchbSJjDgtBNLioXPadsfXed++4FKxaLwDsYx9QQehCxgBIOWeuaBC0MK+D51BYahFCmJhMiynlm1a/YE1iJxClJFBRo988ftRyQRNATCsVJdx47BS7EERjjNKm6iaIzJCA9oV9MQC6q8dJI/s4610reCSOoJwZqofy9SLJQaC19v5inVvJeL/3ndBIJLL2VhnAANyfRRkHALIisvw+ozSQnwsSaYSKazWmSIJSagK5v5Amz0mLfizHewSFqnNee85tyeVetXRT9ldIiO0Aly0AWqoxvUQE1E0BN6Qa/ozXg23o0P43O6WjKKm300A+PrF/L5nnM=</latexit>

✓comm

<latexit sha1_base64="QFrMV3nQbka9+wRPE3ek733NNO0=">AAACEHicbVDLSsNAFJ3UV62vqODGTbAIrkoioi6LblxWsA9oYplMJ+3QmSTM3Ag15if8BLf6Ae7ErX/g2h9x0mZhWw9cOJxzL/dw/JgzBbb9bZSWlldW18rrlY3Nre0dc3evpaJEEtokEY9kx8eKchbSJjDgtBNLioXPadsfXed++4FKxaLwDsYx9QQehCxgBIOWeuaBC0MK+D51BYahFCmJRJxlPbNq1+wJrEXiFKSKCjR65o/bj0giaAiEY6W6jh2Dl2IJjHCaVdxE0RiTER7QrqYhFlR56SR/Zh1rpW8FkdQTgjVR/16kWCg1Fr7ezFOqeS8X//O6CQSXXsrCOAEakumjIOEWRFZehtVnkhLgY00wkUxntcgQS0xAVzbzBdjoMW/Fme9gkbROa855zbk9q9avin7K6BAdoRPkoAtURzeogZqIoCf0gl7Rm/FsvBsfxud0tWQUN/toBsbXL/e+nnY=</latexit>

✓comp

<latexit sha1_base64="QFrMV3nQbka9+wRPE3ek733NNO0=">AAACEHicbVDLSsNAFJ3UV62vqODGTbAIrkoioi6LblxWsA9oYplMJ+3QmSTM3Ag15if8BLf6Ae7ErX/g2h9x0mZhWw9cOJxzL/dw/JgzBbb9bZSWlldW18rrlY3Nre0dc3evpaJEEtokEY9kx8eKchbSJjDgtBNLioXPadsfXed++4FKxaLwDsYx9QQehCxgBIOWeuaBC0MK+D51BYahFCmJRJxlPbNq1+wJrEXiFKSKCjR65o/bj0giaAiEY6W6jh2Dl2IJjHCaVdxE0RiTER7QrqYhFlR56SR/Zh1rpW8FkdQTgjVR/16kWCg1Fr7ezFOqeS8X//O6CQSXXsrCOAEakumjIOEWRFZehtVnkhLgY00wkUxntcgQS0xAVzbzBdjoMW/Fme9gkbROa855zbk9q9avin7K6BAdoRPkoAtURzeogZqIoCf0gl7Rm/FsvBsfxud0tWQUN/toBsbXL/e+nnY=</latexit>

✓comp
<latexit sha1_base64="QmdAqQmzONfmWb4W+3It6yBpT68=">AAACEHicbVDLSsNAFJ3UV62vqODGTbAIrkoioi6LblxWsA9oYplMJ+3QmSTM3Ag15if8BLf6Ae7ErX/g2h9x0mZhWw9cOJxzL/dw/JgzBbb9bZSWlldW18rrlY3Nre0dc3evpaJEEtokEY9kx8eKchbSJjDgtBNLioXPadsfXed++4FKxaLwDsYx9QQehCxgBIOWeuaBC0MK+D51BYahFCmJhMiynlm1a/YE1iJxClJFBRo988ftRyQRNATCsVJdx47BS7EERjjNKm6iaIzJCA9oV9MQC6q8dJI/s4610reCSOoJwZqofy9SLJQaC19v5inVvJeL/3ndBIJLL2VhnAANyfRRkHALIisvw+ozSQnwsSaYSKazWmSIJSagK5v5Amz0mLfizHewSFqnNee85tyeVetXRT9ldIiO0Aly0AWqoxvUQE1E0BN6Qa/ozXg23o0P43O6WjKKm300A+PrF/L5nnM=</latexit>

✓comm

<latexit sha1_base64="QFrMV3nQbka9+wRPE3ek733NNO0=">AAACEHicbVDLSsNAFJ3UV62vqODGTbAIrkoioi6LblxWsA9oYplMJ+3QmSTM3Ag15if8BLf6Ae7ErX/g2h9x0mZhWw9cOJxzL/dw/JgzBbb9bZSWlldW18rrlY3Nre0dc3evpaJEEtokEY9kx8eKchbSJjDgtBNLioXPadsfXed++4FKxaLwDsYx9QQehCxgBIOWeuaBC0MK+D51BYahFCmJRJxlPbNq1+wJrEXiFKSKCjR65o/bj0giaAiEY6W6jh2Dl2IJjHCaVdxE0RiTER7QrqYhFlR56SR/Zh1rpW8FkdQTgjVR/16kWCg1Fr7ezFOqeS8X//O6CQSXXsrCOAEakumjIOEWRFZehtVnkhLgY00wkUxntcgQS0xAVzbzBdjoMW/Fme9gkbROa855zbk9q9avin7K6BAdoRPkoAtURzeogZqIoCf0gl7Rm/FsvBsfxud0tWQUN/toBsbXL/e+nnY=</latexit>

✓comp <latexit sha1_base64="QmdAqQmzONfmWb4W+3It6yBpT68=">AAACEHicbVDLSsNAFJ3UV62vqODGTbAIrkoioi6LblxWsA9oYplMJ+3QmSTM3Ag15if8BLf6Ae7ErX/g2h9x0mZhWw9cOJxzL/dw/JgzBbb9bZSWlldW18rrlY3Nre0dc3evpaJEEtokEY9kx8eKchbSJjDgtBNLioXPadsfXed++4FKxaLwDsYx9QQehCxgBIOWeuaBC0MK+D51BYahFCmJhMiynlm1a/YE1iJxClJFBRo988ftRyQRNATCsVJdx47BS7EERjjNKm6iaIzJCA9oV9MQC6q8dJI/s4610reCSOoJwZqofy9SLJQaC19v5inVvJeL/3ndBIJLL2VhnAANyfRRkHALIisvw+ozSQnwsSaYSKazWmSIJSagK5v5Amz0mLfizHewSFqnNee85tyeVetXRT9ldIiO0Aly0AWqoxvUQE1E0BN6Qa/ozXg23o0P43O6WjKKm300A+PrF/L5nnM=</latexit>

✓comm



Gradient Compression
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Gradient Compression

• A given code is encoded via a compressor and then later decoded via D. 
The relevant quantities are thus: 

• Communication cost: bits / iteration (or #coordinates sent) 

• Distortion: keep             . 

• A simple idea is to combine both a compressor (and a decompressor). 
Several choices are: 

• Top-K sparsification: keep K largest-magnitude entries (send 
indices + values) 

• Rand-K sparsification: keep K random entries 

• Sign-SGD (1-bit): send       

• Quantization: map entries to a small set of levels (b-bit; 
deterministic or stochastic)

16

<latexit sha1_base64="kr2b9brQgmmZ7hFpGj+biNwD9Hg="></latexit>

xt
C��! bits

D��! x̂t with x̂t = D
�
C(xt)

�

<latexit sha1_base64="OgZnhMEpulLWlUZDN3k+cvLvcS4=">AAACDXicbZDLSsNAFIYn9VbrLdqlm8EiuCqJiLosunFZwV6gDWEynbRDJxdmTqQx9Bl8BLf6AO7Erc/g2hdx0mZhW3848PGfcziH34sFV2BZ30ZpbX1jc6u8XdnZ3ds/MA+P2ipKJGUtGolIdj2imOAhawEHwbqxZCTwBOt449u833lkUvEofIA0Zk5AhiH3OSWgLdes9kcE8MSFPoljGU1ydM2aVbdmwqtgF1BDhZqu+dMfRDQJWAhUEKV6thWDkxEJnAo2rfQTxWJCx2TIehpDEjDlZLPnp/hUOwPsR1JXCHjm/t3ISKBUGnh6MiAwUsu93Pyv10vAv3YyHsYJsJDOD/mJwBDhPAk84JJREKkGQiXXv2I6IpJQ0HktXAE+fprqVOzlDFahfV63L+v2/UWtcVPkU0bH6ASdIRtdoQa6Q03UQhSl6AW9ojfj2Xg3PozP+WjJKHaqaEHG1y9a9pxp</latexit>

x̂t ⇡ xt

<latexit sha1_base64="qsnO9sKVDcGk278fv/tiYdYq3+Q=">AAACDHicbVDLSsNAFJ3UV62vWJdugkWom5KIqMuiG5cV7APaECbTSTt0MgkzN9Ia+gt+glv9AHfi1n9w7Y84abOwrQcuHM65l3s4fsyZAtv+Ngpr6xubW8Xt0s7u3v6BeVhuqSiRhDZJxCPZ8bGinAnaBAacdmJJcehz2vZHt5nffqRSsUg8wCSmbogHggWMYNCSZ5Z7IYahDFPFBmJaHXtw5pkVu2bPYK0SJycVlKPhmT+9fkSSkAogHCvVdewY3BRLYITTaamXKBpjMsID2tVU4JAqN51ln1qnWulbQST1CLBm6t+LFIdKTUJfb2ZJ1bKXif953QSCazdlIk6ACjJ/FCTcgsjKirD6TFICfKIJJpLprBYZYokJ6LoWvgAbPU11K85yB6ukdV5zLmvO/UWlfpP3U0TH6ARVkYOuUB3doQZqIoLG6AW9ojfj2Xg3PozP+WrByG+O0AKMr1/WUpwk</latexit>

sign(xt)



Analysing compressors : biased VS unbiased

• For L-smooth objectives, using an unbiased compressor typically slows 
convergence by a factor    . 

• If n workers apply an unbiased compressor, then aggregating the n 
compressed messages reduces the compression noise variance by    . 

• Deterministic compressors are necessarily biased (so unbiasedness usually 
requires randomization). 

• Example: stochastic quantization (random rounding) can be designed to be 
unbiased:
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Unbiased Compressors
<latexit sha1_base64="Vq0bo6vNG5laLUvg2SnLSyy8oxI="></latexit>

E[kCb(x)� xk2]  (1� 1

!b
)kxk2

<latexit sha1_base64="TYrxSgor2yocvvs20CIlmhrQ7QM=">AAACHnicbZDLSsNAFIYn9VbrLerSTbAKLqQkIupGKLpxWaE3aEKZTCftkJlMmJkINeQFfAofwa0+gDtxq2tfxEmbhW39YeDnP+dwznx+TIlUtv1tlJaWV1bXyuuVjc2t7R1zd68teSIQbiFOuej6UGJKItxSRFHcjQWGzKe444e3eb3zgIUkPGqqcYw9BocRCQiCSkd988jlDA9hP3UZVCPB0iaPM/c0zK7dQECUDrI0zPpm1a7ZE1mLxilMFRRq9M0fd8BRwnCkEIVS9hw7Vl4KhSKI4qziJhLHEIVwiHvaRpBh6aWT32TWsU4GVsCFfpGyJunfiRQyKcfM1535zXK+lof/1XqJCq68lERxonCEpouChFqKWzkaa0AERoqOtYFIEH2rhUZQU1Aa4MwWRcLHnIozz2DRtM9qzkXNuT+v1m8KPmVwAA7BCXDAJaiDO9AALYDAE3gBr+DNeDbejQ/jc9paMoqZfTAj4+sXIO2kYQ==</latexit>

!Top k =
d

k

<latexit sha1_base64="44gJlXimovjfq/cQfV3Qz/WohCQ=">AAACFnicbZDLSsNAFIYn9VbrLepSF8Ei1E1JRNSNUCyCywr2Amkok+mkHTqZhJmJtIZsfAofwa0+gDtx69a1L+IkzcK2/jDw8Z9zOGd+N6RESNP81gpLyyura8X10sbm1vaOvrvXEkHEEW6igAa840KBKWG4KYmkuBNyDH2X4rY7qqf19gPmggTsXk5C7PhwwIhHEJTK6umHXR/KoevGN4mdIYI0rieV8YlzNe7pZbNqZjIWwcqhDHI1evpPtx+gyMdMIgqFsC0zlE4MuSSI4qTUjQQOIRrBAbYVMuhj4cTZLxLjWDl9wwu4ekwamft3Ioa+EBPfVZ3poWK+lpr/1exIepdOTFgYSczQdJEXUUMGRhqJ0SccI0knCiDiRN1qoCHkEEkV3MwWSUaPiUrFms9gEVqnVeu8at2dlWvXeT5FcACOQAVY4ALUwC1ogCZA4Am8gFfwpj1r79qH9jltLWj5zD6Ykfb1CzDfoAw=</latexit>

E[C(x)] = x
<latexit sha1_base64="XrzpcvaeCADB6ID4GKj01HgxFu8="></latexit>

E[kCu(x)� xk2]  !2
ukxk2

<latexit sha1_base64="zR5j8s+mmtbcKkUUE/k7gYSoJ2o=">AAACIXicbZDLSsNAFIYn9VbrLerSTbCILrQkIupGKLpxWcVeoAllMpm0Q2YmYWYi1JBH8Cl8BLf6AO7Enbj0RZy0XdjqDwM//zmHc+bzE0qksu1PozQ3v7C4VF6urKyurW+Ym1stGacC4SaKaSw6PpSYEo6biiiKO4nAkPkUt/3oqqi377GQJOZ3aphgj8E+JyFBUOmoZ+67McN92MtcBtVAsOwW8iB3D6P8wg0FRFmQZ1F+5PTMql2zR7L+GmdiqmCiRs/8doMYpQxzhSiUsuvYifIyKBRBFOcVN5U4gSiCfdzVlkOGpZeNPpRbezoJrDAW+nFljdLfExlkUg6ZrzuLs+VsrQj/q3VTFZ57GeFJqjBH40VhSi0VWwUdKyACI0WH2kAkiL7VQgOoOSjNcGqLItFDrqk4swz+mtZxzTmtOTcn1frlhE8Z7IBdcAAccAbq4Bo0QBMg8AiewQt4NZ6MN+Pd+Bi3lozJzDaYkvH1A9LXpS8=</latexit>

!Rand k =
d

k
� 1

Biased Compressors

<latexit sha1_base64="RSl9eWBPr8x9kl+due/fAiYKAxo=">AAAB/nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegF48RzAOSJcxOJsmYeSwzvUJcAn6CV/0Ab+LVX/HsjzhJ9mASCxqKqm66u6JYcAu+/+3lVlbX1jfym4Wt7Z3dveL+Qd3qxFBWo1po04yIZYIrVgMOgjVjw4iMBGtEw5uJ33hkxnKt7mEUs1CSvuI9Tgk4qd7WkvVJp1jyy/4UeJkEGSmhDNVO8afd1TSRTAEVxNpW4McQpsQAp4KNC+3EspjQIemzlqOKSGbDdHrtGJ84pYt72rhSgKfq34mUSGtHMnKdksDALnoT8T+vlUDvKky5ihNgis4W9RKBQePJ67jLDaMgRo4Qari7FdMBMYSCC2huC/Dh09ilEixmsEzqZ+XgohzcnZcq11k+eXSEjtEpCtAlqqBbVEU1RNEDekGv6M179t69D+9z1przsplDNAfv6xfaB5a2</latexit>!

<latexit sha1_base64="jOcN6RUbpobaoqOfHXrDWCzplIA=">AAACAHicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUCyhNnJbDJkdnaZ6RXikouf4FU/wJt49U88+yNOkj2YxIKGoqqb7q4gkcKg6347K6tr6xubha3i9s7u3n7p4LBh4lQzXmexjHUroIZLoXgdBUreSjSnUSB5MxjeTvzmI9dGxOoBRwn3I9pXIhSMopVanVBTRjzVLZXdijsFWSZeTsqQo9Yt/XR6MUsjrpBJakzbcxP0M6pRMMnHxU5qeELZkPZ521JFI278bHrvmJxapUfCWNtSSKbq34mMRsaMosB2RhQHZtGbiP957RTDaz8TKkmRKzZbFKaSYEwmz5Oe0JyhHFlCmRb2VsIG1EaANqK5LSiGT2ObireYwTJpnFe8y4p3f1Gu3uT5FOAYTuAMPLiCKtxBDerAQMILvMKb8+y8Ox/O56x1xclnjmAOztcvqhCXHA==</latexit>

1

n

<latexit sha1_base64="T5vGt4z1mFLPUiuE8RYYZPDOv6Y=">AAACBnicbVDLSsNAFJ3UV62vqks3g0Wom5KIqMtSNy4r2Ae0sUym03boZBJmbsQasvcT3OoHuBO3/oZrf8RJm4VtPXDhcM693MPxQsE12Pa3lVtZXVvfyG8WtrZ3dveK+wdNHUSKsgYNRKDaHtFMcMkawEGwdqgY8T3BWt74OvVbD0xpHsg7mITM9clQ8gGnBIx03/UJjCgRcS0pP572iiW7Yk+Bl4mTkRLKUO8Vf7r9gEY+k0AF0brj2CG4MVHAqWBJoRtpFhI6JkPWMVQSn2k3nqZO8IlR+ngQKDMS8FT9exETX+uJ75nNNKVe9FLxP68TweDKjbkMI2CSzh4NIoEhwGkFuM8VoyAmhhCquMmK6YgoQsEUNfcF+PgpMa04ix0sk+ZZxbmoOLfnpWot6yePjtAxKiMHXaIqukF11EAUKfSCXtGb9Wy9Wx/W52w1Z2U3h2gO1tcvmg2Z2g==</latexit>

B(x)
<latexit sha1_base64="0G5FddOY+tMcpHKkkGv+XhttXTg=">AAACAnicbVDLSgNBEOyNrxhfUY9eBoPgQcKuiHoMevEYwTwwWcLsZJIMmZ1dZnrFuOTmJ3jVD/AmXv0Rz/6Ik8fBJBY0FFXddHcFsRQGXffbySwtr6yuZddzG5tb2zv53b2qiRLNeIVFMtL1gBouheIVFCh5PdachoHktaB/PfJrD1wbEak7HMTcD2lXiY5gFK10/9gUijTcE89v5Qtu0R2DLBJvSgowRbmV/2m2I5aEXCGT1JiG58bop1SjYJIPc83E8JiyPu3yhqWKhtz46fjiITmySpt0Im1LIRmrfydSGhozCAPbGVLsmXlvJP7nNRLsXPqpUHGCXLHJok4iCUZk9D5pC80ZyoEllGlhbyWsRzVlaEOa2YKi/zS0qXjzGSyS6mnROy96t2eF0tU0nywcwCEcgwcXUIIbKEMFGCh4gVd4c56dd+fD+Zy0ZpzpzD7MwPn6BYZkl4k=</latexit>

x 2 [0, 1]



Error Feedback to Mitigate Compression Error
• There’s extensive work on unbiased vs biased compression, with 

strong theoretical guarantees, but practical performance depends on 
details like network regime, model scale and optimizer. 

• A simple and effective fix is Error Feedback (EF): keep a memory 
variable that stores what compression dropped, then add it back at the 
next step. 

• Intuition: “don’t throw information away: delay it.” 

• EF is principled, and, in practice, EF is often robust and enables much 
higher compression ratios with little loss in final accuracy.
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<latexit sha1_base64="sshG9KvPhXmyK+Fxo1wMl+nFRMU="></latexit>

ĝit = C(git + eit)

eit+1 = git + eit � ĝit

✓t+1 = ✓t �
⌘

n

nX

i=1

ĝit

// will be sent

// is stored locally on worker i

// compressor is All-Reduced
We’ll discuss it in few slides.



Local SGD and Variants
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Local SGD
• The goal of Local SGD is to do multiple local steps (K local steps 

between synchronizations) to save communication (sync less often). 
 

• With Local SGD, replicas see the same data distribution, yet models 
drift apart: each client moves toward its own local optimum. (if 
workers see different distribution, this is also referred to as Federated 
Learning) 

• Compare to SGD at the same number of samples processed; the 
aim is to match the final accuracy while communicating less. 

• Local SGD is hard to combine with sharding: optimizer states must 
stay resident on each worker; “re-materializing” them would require 
extra communication: exactly what Local SGD is trying to avoid.

20

Time

<latexit sha1_base64="w0GaDAZpA4wVcQSPdCtyB0G6n5Q=">AAAB+XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegIB4TMA9IljA76SRDZmeXmV4hLvkCr/oB3sSrX+PZH3GS7MEkFjQUVd10dwWxFAZd99vJra1vbG7ltws7u3v7B8XDo4aJEs2hziMZ6VbADEihoI4CJbRiDSwMJDSD0d3Ubz6BNiJSjziOwQ/ZQIm+4AytVLvvFktu2Z2BrhIvIyWSodot/nR6EU9CUMglM6btuTH6KdMouIRJoZMYiBkfsQG0LVUsBOOns0Mn9MwqPdqPtC2FdKb+nUhZaMw4DGxnyHBolr2p+J/XTrB/46dCxQmC4vNF/URSjOj0a9oTGjjKsSWMa2FvpXzINONos1nYgmL0PLGpeMsZrJLGRdm7Knu1y1LlNssnT07IKTknHrkmFfJAqqROOAHyQl7Jm5M6786H8zlvzTnZzDFZgPP1C7/jlGU=</latexit>

F
<latexit sha1_base64="yFt954myvbsUdF+d42Giqh+mHvo=">AAAB+XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY8ELx4hkUcCGzI7DDBhdnYz02uCG77Aq36AN+PVr/HsjzjAHgSspJNKVXe6u4JYCoOu++3kNja3tnfyu4W9/YPDo+LxSdNEiWa8wSIZ6XZADZdC8QYKlLwda07DQPJWML6f+a0nro2I1CNOYu6HdKjEQDCKVqpXe8WSW3bnIOvEy0gJMtR6xZ9uP2JJyBUySY3peG6Mfko1Cib5tNBNDI8pG9Mh71iqaMiNn84PnZILq/TJINK2FJK5+ncipaExkzCwnSHFkVn1ZuJ/XifBwZ2fChUnyBVbLBokkmBEZl+TvtCcoZxYQpkW9lbCRlRThjabpS0oxs9Tm4q3msE6aV6VvZuyV78uVapZPnk4g3O4BA9uoQIPUIMGMODwAq/w5qTOu/PhfC5ac042cwpLcL5+AbmPlGE=</latexit>

B
<latexit sha1_base64="w0GaDAZpA4wVcQSPdCtyB0G6n5Q=">AAAB+XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegIB4TMA9IljA76SRDZmeXmV4hLvkCr/oB3sSrX+PZH3GS7MEkFjQUVd10dwWxFAZd99vJra1vbG7ltws7u3v7B8XDo4aJEs2hziMZ6VbADEihoI4CJbRiDSwMJDSD0d3Ubz6BNiJSjziOwQ/ZQIm+4AytVLvvFktu2Z2BrhIvIyWSodot/nR6EU9CUMglM6btuTH6KdMouIRJoZMYiBkfsQG0LVUsBOOns0Mn9MwqPdqPtC2FdKb+nUhZaMw4DGxnyHBolr2p+J/XTrB/46dCxQmC4vNF/URSjOj0a9oTGjjKsSWMa2FvpXzINONos1nYgmL0PLGpeMsZrJLGRdm7Knu1y1LlNssnT07IKTknHrkmFfJAqqROOAHyQl7Jm5M6786H8zlvzTnZzDFZgPP1C7/jlGU=</latexit>

F
<latexit sha1_base64="yFt954myvbsUdF+d42Giqh+mHvo=">AAAB+XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY8ELx4hkUcCGzI7DDBhdnYz02uCG77Aq36AN+PVr/HsjzjAHgSspJNKVXe6u4JYCoOu++3kNja3tnfyu4W9/YPDo+LxSdNEiWa8wSIZ6XZADZdC8QYKlLwda07DQPJWML6f+a0nro2I1CNOYu6HdKjEQDCKVqpXe8WSW3bnIOvEy0gJMtR6xZ9uP2JJyBUySY3peG6Mfko1Cib5tNBNDI8pG9Mh71iqaMiNn84PnZILq/TJINK2FJK5+ncipaExkzCwnSHFkVn1ZuJ/XifBwZ2fChUnyBVbLBokkmBEZl+TvtCcoZxYQpkW9lbCRlRThjabpS0oxs9Tm4q3msE6aV6VvZuyV78uVapZPnk4g3O4BA9uoQIPUIMGMODwAq/w5qTOu/PhfC5ac042cwpLcL5+AbmPlGE=</latexit>

B
<latexit sha1_base64="w0GaDAZpA4wVcQSPdCtyB0G6n5Q=">AAAB+XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegIB4TMA9IljA76SRDZmeXmV4hLvkCr/oB3sSrX+PZH3GS7MEkFjQUVd10dwWxFAZd99vJra1vbG7ltws7u3v7B8XDo4aJEs2hziMZ6VbADEihoI4CJbRiDSwMJDSD0d3Ubz6BNiJSjziOwQ/ZQIm+4AytVLvvFktu2Z2BrhIvIyWSodot/nR6EU9CUMglM6btuTH6KdMouIRJoZMYiBkfsQG0LVUsBOOns0Mn9MwqPdqPtC2FdKb+nUhZaMw4DGxnyHBolr2p+J/XTrB/46dCxQmC4vNF/URSjOj0a9oTGjjKsSWMa2FvpXzINONos1nYgmL0PLGpeMsZrJLGRdm7Knu1y1LlNssnT07IKTknHrkmFfJAqqROOAHyQl7Jm5M6786H8zlvzTnZzDFZgPP1C7/jlGU=</latexit>

F
<latexit sha1_base64="yFt954myvbsUdF+d42Giqh+mHvo=">AAAB+XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY8ELx4hkUcCGzI7DDBhdnYz02uCG77Aq36AN+PVr/HsjzjAHgSspJNKVXe6u4JYCoOu++3kNja3tnfyu4W9/YPDo+LxSdNEiWa8wSIZ6XZADZdC8QYKlLwda07DQPJWML6f+a0nro2I1CNOYu6HdKjEQDCKVqpXe8WSW3bnIOvEy0gJMtR6xZ9uP2JJyBUySY3peG6Mfko1Cib5tNBNDI8pG9Mh71iqaMiNn84PnZILq/TJINK2FJK5+ncipaExkzCwnSHFkVn1ZuJ/XifBwZ2fChUnyBVbLBokkmBEZl+TvtCcoZxYQpkW9lbCRlRThjabpS0oxs9Tm4q3msE6aV6VvZuyV78uVapZPnk4g3O4BA9uoQIPUIMGMODwAq/w5qTOu/PhfC5ac042cwpLcL5+AbmPlGE=</latexit>

B
<latexit sha1_base64="8StlZjxjl9gCUqm7Udm3Roq+7lE=">AAACGnicbZC7SgNBFIZn4z3eopY2g0GIIGE3iFoGbSwVzAWSEGYnJ8mQmd1l5qwYl7Q+hY9gqw9gJ7Y21r6Ik7iFSfxh4OM/53DO/H4khUHX/XIyC4tLyyura9n1jc2t7dzObtWEseZQ4aEMdd1nBqQIoIICJdQjDUz5Emr+4HJcr92BNiIMbnEYQUuxXiC6gjO0VjtHmwj3iJhchkqNCk3sA7K2d5xC6aidy7tFdyI6D14KeZLqup37bnZCHisIkEtmTMNzI2wlTKPgEkbZZmwgYnzAetCwGDAFppVMfjKih9bp0G6o7QuQTty/EwlTxgyVbzsVw76ZrY3N/2qNGLvnrUQEUYwQ8N9F3VhSDOk4FtoRGjjKoQXGtbC3Ut5nmnG04U1tQTF4GNlUvNkM5qFaKnqnRe/mJF++SPNZJfvkgBSIR85ImVyRa1IhnDySZ/JCXp0n5815dz5+WzNOOrNHpuR8/gAmDKGV</latexit>

Comm(✓1, ✓2)
<latexit sha1_base64="w0GaDAZpA4wVcQSPdCtyB0G6n5Q=">AAAB+XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegIB4TMA9IljA76SRDZmeXmV4hLvkCr/oB3sSrX+PZH3GS7MEkFjQUVd10dwWxFAZd99vJra1vbG7ltws7u3v7B8XDo4aJEs2hziMZ6VbADEihoI4CJbRiDSwMJDSD0d3Ubz6BNiJSjziOwQ/ZQIm+4AytVLvvFktu2Z2BrhIvIyWSodot/nR6EU9CUMglM6btuTH6KdMouIRJoZMYiBkfsQG0LVUsBOOns0Mn9MwqPdqPtC2FdKb+nUhZaMw4DGxnyHBolr2p+J/XTrB/46dCxQmC4vNF/URSjOj0a9oTGjjKsSWMa2FvpXzINONos1nYgmL0PLGpeMsZrJLGRdm7Knu1y1LlNssnT07IKTknHrkmFfJAqqROOAHyQl7Jm5M6786H8zlvzTnZzDFZgPP1C7/jlGU=</latexit>

F
<latexit sha1_base64="yFt954myvbsUdF+d42Giqh+mHvo=">AAAB+XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY8ELx4hkUcCGzI7DDBhdnYz02uCG77Aq36AN+PVr/HsjzjAHgSspJNKVXe6u4JYCoOu++3kNja3tnfyu4W9/YPDo+LxSdNEiWa8wSIZ6XZADZdC8QYKlLwda07DQPJWML6f+a0nro2I1CNOYu6HdKjEQDCKVqpXe8WSW3bnIOvEy0gJMtR6xZ9uP2JJyBUySY3peG6Mfko1Cib5tNBNDI8pG9Mh71iqaMiNn84PnZILq/TJINK2FJK5+ncipaExkzCwnSHFkVn1ZuJ/XifBwZ2fChUnyBVbLBokkmBEZl+TvtCcoZxYQpkW9lbCRlRThjabpS0oxs9Tm4q3msE6aV6VvZuyV78uVapZPnk4g3O4BA9uoQIPUIMGMODwAq/w5qTOu/PhfC5ac042cwpLcL5+AbmPlGE=</latexit>

B
<latexit sha1_base64="w0GaDAZpA4wVcQSPdCtyB0G6n5Q=">AAAB+XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegIB4TMA9IljA76SRDZmeXmV4hLvkCr/oB3sSrX+PZH3GS7MEkFjQUVd10dwWxFAZd99vJra1vbG7ltws7u3v7B8XDo4aJEs2hziMZ6VbADEihoI4CJbRiDSwMJDSD0d3Ubz6BNiJSjziOwQ/ZQIm+4AytVLvvFktu2Z2BrhIvIyWSodot/nR6EU9CUMglM6btuTH6KdMouIRJoZMYiBkfsQG0LVUsBOOns0Mn9MwqPdqPtC2FdKb+nUhZaMw4DGxnyHBolr2p+J/XTrB/46dCxQmC4vNF/URSjOj0a9oTGjjKsSWMa2FvpXzINONos1nYgmL0PLGpeMsZrJLGRdm7Knu1y1LlNssnT07IKTknHrkmFfJAqqROOAHyQl7Jm5M6786H8zlvzTnZzDFZgPP1C7/jlGU=</latexit>

F
<latexit sha1_base64="yFt954myvbsUdF+d42Giqh+mHvo=">AAAB+XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY8ELx4hkUcCGzI7DDBhdnYz02uCG77Aq36AN+PVr/HsjzjAHgSspJNKVXe6u4JYCoOu++3kNja3tnfyu4W9/YPDo+LxSdNEiWa8wSIZ6XZADZdC8QYKlLwda07DQPJWML6f+a0nro2I1CNOYu6HdKjEQDCKVqpXe8WSW3bnIOvEy0gJMtR6xZ9uP2JJyBUySY3peG6Mfko1Cib5tNBNDI8pG9Mh71iqaMiNn84PnZILq/TJINK2FJK5+ncipaExkzCwnSHFkVn1ZuJ/XifBwZ2fChUnyBVbLBokkmBEZl+TvtCcoZxYQpkW9lbCRlRThjabpS0oxs9Tm4q3msE6aV6VvZuyV78uVapZPnk4g3O4BA9uoQIPUIMGMODwAq/w5qTOu/PhfC5ac042cwpLcL5+AbmPlGE=</latexit>

B
<latexit sha1_base64="w0GaDAZpA4wVcQSPdCtyB0G6n5Q=">AAAB+XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegIB4TMA9IljA76SRDZmeXmV4hLvkCr/oB3sSrX+PZH3GS7MEkFjQUVd10dwWxFAZd99vJra1vbG7ltws7u3v7B8XDo4aJEs2hziMZ6VbADEihoI4CJbRiDSwMJDSD0d3Ubz6BNiJSjziOwQ/ZQIm+4AytVLvvFktu2Z2BrhIvIyWSodot/nR6EU9CUMglM6btuTH6KdMouIRJoZMYiBkfsQG0LVUsBOOns0Mn9MwqPdqPtC2FdKb+nUhZaMw4DGxnyHBolr2p+J/XTrB/46dCxQmC4vNF/URSjOj0a9oTGjjKsSWMa2FvpXzINONos1nYgmL0PLGpeMsZrJLGRdm7Knu1y1LlNssnT07IKTknHrkmFfJAqqROOAHyQl7Jm5M6786H8zlvzTnZzDFZgPP1C7/jlGU=</latexit>

F
<latexit sha1_base64="yFt954myvbsUdF+d42Giqh+mHvo=">AAAB+XicbVDLTgJBEOzFF+IL9ehlIjHxRHaNUY8ELx4hkUcCGzI7DDBhdnYz02uCG77Aq36AN+PVr/HsjzjAHgSspJNKVXe6u4JYCoOu++3kNja3tnfyu4W9/YPDo+LxSdNEiWa8wSIZ6XZADZdC8QYKlLwda07DQPJWML6f+a0nro2I1CNOYu6HdKjEQDCKVqpXe8WSW3bnIOvEy0gJMtR6xZ9uP2JJyBUySY3peG6Mfko1Cib5tNBNDI8pG9Mh71iqaMiNn84PnZILq/TJINK2FJK5+ncipaExkzCwnSHFkVn1ZuJ/XifBwZ2fChUnyBVbLBokkmBEZl+TvtCcoZxYQpkW9lbCRlRThjabpS0oxs9Tm4q3msE6aV6VvZuyV78uVapZPnk4g3O4BA9uoQIPUIMGMODwAq/w5qTOu/PhfC5ac042cwpLcL5+AbmPlGE=</latexit>

B
<latexit sha1_base64="hY5vH3v5a6PnTvvkQTjA195kCsU=">AAACGHicbVDLSsNAFJ3UV62vqEtBgkWom5KIqMtiNy4r2FZoQplMp+3QmSTM3Ig1ZOdX+Alu9QPciVt3rv0RJ20WtvXAwOGce7lnjh9xpsC2v43C0vLK6lpxvbSxubW9Y+7utVQYS0KbJOShvPOxopwFtAkMOL2LJMXC57Ttj+qZ376nUrEwuIVxRD2BBwHrM4JBS13z0AX6AABJPRQirbgCw1CKpIElFio96Zplu2pPYC0SJydllKPRNX/cXkhiQQMgHCvVcewIvARLYITTtOTGikaYjPCAdjQNsKDKSyb/SK1jrfSsfij1C8CaqH83Ep1JjYWvJ7Ocat7LxP+8Tgz9Sy9hQRQDDcj0UD/mFoRWVorVY5IS4GNNMJFMZ7XIUFdAQFc3cwXY6DHVrTjzHSyS1mnVOa86N2fl2lXeTxEdoCNUQQ66QDV0jRqoiQh6Qi/oFb0Zz8a78WF8TkcLRr6zj2ZgfP0C4SahkQ==</latexit>

Comm(Params)



Local SGD algorithmic block
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• Each worker keeps its own local optimizer state (not synchronized 
between workers). 

• Communication happens only every K steps, so the synchronization 
frequency, and thus the communication volume for global sync, is 
reduced by roughly a factor of K.

Until convergence:

sample
<latexit sha1_base64="ZLR/wPT2AQ6yeqKFbWglkyFB2+c=">AAACD3icbVDLSsNAFJ34rPUVFVduBovgQkoioi6LblxWsA9oYphMJ+3QyYOZG7GGfISf4FY/wJ249RNc+yNO2yxs64ELh3Pu5VyOnwiuwLK+jYXFpeWV1dJaeX1jc2vb3NltqjiVlDVoLGLZ9oligkesARwEayeSkdAXrOUPrkd+64FJxePoDoYJc0PSi3jAKQEteea+88jvuZfBySB3FA+x0+Ye98yKVbXGwPPELkgFFah75o/TjWkasgioIEp1bCsBNyMSOBUsLzupYgmhA9JjHU0jEjLlZuP3c3yklS4OYqknAjxW/15kJFRqGPp6MyTQV7PeSPzP66QQXLoZj5IUWEQnQUEqMMR41AXucskoiKEmhEquf8W0TyShoBubSgE+eMp1K/ZsB/OkeVq1z6v27VmldlX0U0IH6BAdIxtdoBq6QXXUQBRl6AW9ojfj2Xg3PozPyeqCUdzsoSkYX7/FD50o</latexit>

⇠it,k ⇠ ⌅i
<latexit sha1_base64="NwdKzsmAOnE7XC5kYDNhJpM1Yz8=">AAACKHicbZBLSgNBEIZ7fL+NunTTGIQIIcyIqBsh6MalgtFAJoaaTk/SpKdn6K4R45BbeAqP4FYP4E6y1YvYeQga/aHh468qqvoPEikMum7fmZqemZ2bX1hcWl5ZXVvPbWxemzjVjFdYLGNdDcBwKRSvoEDJq4nmEAWS3wSds0H95o5rI2J1hd2E1yNoKREKBmitRq7UuhWNDIud3omvIJBAw4KPbY7w7Rf9e/HNe41c3i25Q9G/4I0hT8a6aOQ+/WbM0ogrZBKMqXlugvUMNAomeW/JTw1PgHWgxWsWFUTc1LPhv3p01zpNGsbaPoV06P6cyCAyphsFtjMCbJvJ2sD8r1ZLMTyuZ0IlKXLFRovCVFKM6SAk2hSaM5RdC8C0sLdS1gYNDG2Uv7ag6Dz0bCreZAZ/4Xq/5B2WvMuDfPl0nM8C2SY7pEA8ckTK5JxckAph5JE8kxfy6jw5b8670x+1TjnjmS3yS87HFwRypz0=</latexit>

git,k = rf(✓it,k, ⇠
i
t,k)

<latexit sha1_base64="ugZVzLk3Aiu52kIofExFXDFtBus=">AAACEXicbVDLSsNAFJ34rPUVdeHCzWARXEhJRNSNUHTjsoJ9QBvDZDpph04mYeZGqCFf4Se41Q9wJ279Atf+iNPHwrYeuHDmnHu5c0+QCK7Bcb6thcWl5ZXVwlpxfWNza9ve2a3rOFWU1WgsYtUMiGaCS1YDDoI1E8VIFAjWCPo3Q7/xyJTmsbyHQcK8iHQlDzklYCTf3m9DjwF54H4GJ05+NX764Nslp+yMgOeJOyElNEHVt3/anZimEZNABdG65ToJeBlRwKlgebGdapYQ2idd1jJUkohpLxsdkOMjo3RwGCtTEvBI/TuRkUjrQRSYzohAT896Q/E/r5VCeOllXCYpMEnHi8JUYIjxMA3c4YpREANDCFXc/BXTHlGEgslsagvw/lNuUnFnM5gn9dOye152785KletJPgV0gA7RMXLRBaqgW1RFNURRjl7QK3qznq1368P6HLcuWJOZPTQF6+sXa0eeDg==</latexit>

✓it,0 = ✓t

<latexit sha1_base64="mr/LRczcVEkIl/jaHRZVwhhYQ/Y="></latexit>

✓it,k+1, s
i
tK+k+1 = Optimizer(✓it,k, g

i
t,k, s

i
tK+k)

<latexit sha1_base64="Z4gL70iFxEBDW7uLhOJLyYTaJSg="></latexit>

✓t = AllReduce(✓1t,K , . . . , ✓nt,K)

<latexit sha1_base64="aTPJR8j0Eznv6e2rmLhiodRTpCw=">AAACFnicbVDLSsNAFJ3UV62vqktdDBbBRS2JiIogFN0IbirYBzSlTKaTdsgkE2ZuxBq68Sv8BLf6Ae7ErVvX/ohJ24VtPavDOfdyzz1OKLgG0/w2MnPzC4tL2eXcyura+kZ+c6umZaQoq1IppGo4RDPBA1YFDoI1QsWI7whWd7yr1K/fM6W5DO6gH7KWT7oBdzklkEjt/K4N7AFiVyo8wN6FWbRFR4Iu3hxa57l2vmCWzCHwLLHGpIDGqLTzP3ZH0shnAVBBtG5aZgitmCjgVLBBzo40Cwn1SJc1ExoQn+lWPPxigPcTpYPTJK4MAA/Vvxsx8bXu+04y6RPo6WkvFf/zmhG4Z62YB2EELKCjQ24kMEicVoI7XDEKop8QQhVPsmLaI4pQSIqbuALcexwkrVjTHcyS2lHJOilZt8eF8uW4nyzaQXvoAFnoFJXRNaqgKqLoCb2gV/RmPBvvxofxORrNGOOdbTQB4+sX4smenQ==</latexit>

for k = 0, . . . ,K � 1 :

/!\: you can’t average gradients! why?



From Local SGD to DiLoCo
• Local SGD works well in vision benchmarks (e.g., CIFAR-10); LLMs are 

more fragile (drift hurts stability). 

•  DiLoCo: add a global stabilizer on top of local training: 

• inner optimizer (often Adam) for local steps 

• outer optimizer (often SGD + momentum, often kept at 
recommended defaults - in torchtitan their values are fixed) for 
synchronized updates, which adds global control over local Adam 

• Trade-offs: 

• can improve convergence vs naïve Local SGD 

• reported diminishing returns beyond 8 workers and it requires an extra 
optimizer state. 

• Best fit: multi-island / geo-distributed training where interconnect is slow or 
unreliable, memory is huge, so reducing synchronization frequency matters most

22



DiLoCo
• DiLoCo = inner optimizer + outer optimizer. 

• Avoid sharding optimizer state if you can — it complicates scaling 
and adds overhead.

23

Until convergence:

<latexit sha1_base64="p6CF+4fGsejkqISXac1UJOJ07vI=">AAACFHicbVDLSsNAFJ34rPUVdaebwSK4KCURURGEohvBTQX7gDaUyWTSDp1kwsyNWEPAr/AT3OoHuBO37l37I6aPhW09q8M593LPPW4kuAbL+jbm5hcWl5ZzK/nVtfWNTXNru6ZlrCirUimkarhEM8FDVgUOgjUixUjgClZ3e1cDv37PlOYyvIN+xJyAdELuc0ogk9rmbgvYAyS+VDjFvQu72BKeBF28Oc+3zYJVsobAs8QekwIao9I2f1qepHHAQqCCaN20rQichCjgVLA034o1iwjtkQ5rZjQkAdNOMvwhxQeZ4uFBDl+GgIfq342EBFr3AzebDAh09bQ3EP/zmjH4Z07CwygGFtLRIT8WGCQeFII9rhgF0c8IoYpnWTHtEkUoZLVNXAHee0yzVuzpDmZJ7ahkn5Ts2+NC+XLcTw7toX10iGx0isroGlVQFVH0hF7QK3ozno1348P4HI3OGeOdHTQB4+sX8vOeLA==</latexit>

for k = 1, . . . ,K :
sample

<latexit sha1_base64="ZLR/wPT2AQ6yeqKFbWglkyFB2+c=">AAACD3icbVDLSsNAFJ34rPUVFVduBovgQkoioi6LblxWsA9oYphMJ+3QyYOZG7GGfISf4FY/wJ249RNc+yNO2yxs64ELh3Pu5VyOnwiuwLK+jYXFpeWV1dJaeX1jc2vb3NltqjiVlDVoLGLZ9oligkesARwEayeSkdAXrOUPrkd+64FJxePoDoYJc0PSi3jAKQEteea+88jvuZfBySB3FA+x0+Ye98yKVbXGwPPELkgFFah75o/TjWkasgioIEp1bCsBNyMSOBUsLzupYgmhA9JjHU0jEjLlZuP3c3yklS4OYqknAjxW/15kJFRqGPp6MyTQV7PeSPzP66QQXLoZj5IUWEQnQUEqMMR41AXucskoiKEmhEquf8W0TyShoBubSgE+eMp1K/ZsB/OkeVq1z6v27VmldlX0U0IH6BAdIxtdoBq6QXXUQBRl6AW9ojfj2Xg3PozPyeqCUdzsoSkYX7/FD50o</latexit>

⇠it,k ⇠ ⌅i
<latexit sha1_base64="NwdKzsmAOnE7XC5kYDNhJpM1Yz8=">AAACKHicbZBLSgNBEIZ7fL+NunTTGIQIIcyIqBsh6MalgtFAJoaaTk/SpKdn6K4R45BbeAqP4FYP4E6y1YvYeQga/aHh468qqvoPEikMum7fmZqemZ2bX1hcWl5ZXVvPbWxemzjVjFdYLGNdDcBwKRSvoEDJq4nmEAWS3wSds0H95o5rI2J1hd2E1yNoKREKBmitRq7UuhWNDIud3omvIJBAw4KPbY7w7Rf9e/HNe41c3i25Q9G/4I0hT8a6aOQ+/WbM0ogrZBKMqXlugvUMNAomeW/JTw1PgHWgxWsWFUTc1LPhv3p01zpNGsbaPoV06P6cyCAyphsFtjMCbJvJ2sD8r1ZLMTyuZ0IlKXLFRovCVFKM6SAk2hSaM5RdC8C0sLdS1gYNDG2Uv7ag6Dz0bCreZAZ/4Xq/5B2WvMuDfPl0nM8C2SY7pEA8ckTK5JxckAph5JE8kxfy6jw5b8670x+1TjnjmS3yS87HFwRypz0=</latexit>

git,k = rf(✓it,k, ⇠
i
t,k)

<latexit sha1_base64="ugZVzLk3Aiu52kIofExFXDFtBus=">AAACEXicbVDLSsNAFJ34rPUVdeHCzWARXEhJRNSNUHTjsoJ9QBvDZDpph04mYeZGqCFf4Se41Q9wJ279Atf+iNPHwrYeuHDmnHu5c0+QCK7Bcb6thcWl5ZXVwlpxfWNza9ve2a3rOFWU1WgsYtUMiGaCS1YDDoI1E8VIFAjWCPo3Q7/xyJTmsbyHQcK8iHQlDzklYCTf3m9DjwF54H4GJ05+NX764Nslp+yMgOeJOyElNEHVt3/anZimEZNABdG65ToJeBlRwKlgebGdapYQ2idd1jJUkohpLxsdkOMjo3RwGCtTEvBI/TuRkUjrQRSYzohAT896Q/E/r5VCeOllXCYpMEnHi8JUYIjxMA3c4YpREANDCFXc/BXTHlGEgslsagvw/lNuUnFnM5gn9dOye152785KletJPgV0gA7RMXLRBaqgW1RFNURRjl7QK3qznq1368P6HLcuWJOZPTQF6+sXa0eeDg==</latexit>

✓it,0 = ✓t

<latexit sha1_base64="PpjYxqX9Y2TZqPqxhgBnBAiIS4E="></latexit>

gt =
1

n

nX

i=1

(✓it,K � ✓it,0)

<latexit sha1_base64="JLZRmxxrvLn4NRbSpJMxtHQB0PQ="></latexit>

✓it,k+1, s
i
tK+k+1 = Optimizer

in(✓it,k, g
i
t,k, s

i
tK+k)

<latexit sha1_base64="sPAD3cWoTX3Y0ZEuLEEN4JK2d7A="></latexit>

✓t+1, st+1 = Optimizer
out(✓t, gt, st)



Streaming DiLoCo
• Stream partial outer updates (by parameter fragments): Split 

the model into P stages, yet instead of syncing all parameters every K 
steps, sync one fragment at a time on a staggered schedule. Peak 
bandwidth drops because each sync only moves a fraction of the 
model while total bandwidth is unchanged. 

• Overlap communication with computation: Start the next inner 
steps immediately, then apply the received outer update after a 
delay   (that represent communication time), mixing it into the current 
local fragment with factor    , so that if an update occurs at time           
then, on worker i and for fragment p, do  
 

• At any moment, different fragments are at different 
synchronization ages, so the model is partially stale, which can hurt 
convergence

24

<latexit sha1_base64="ui41xPEDM9hgNUrplYJXQ/B2M5Y=">AAAB/HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKthXaUDbbbbt0swm7E6GG+hO86g/wJl79L579I27aHGzrg4HHezPMzAtiKQy67rdTWFldW98obpa2tnd298r7B00TJZrxBotkpB8CargUijdQoOQPseY0DCRvBaObzG89cm1EpO5xHHM/pAMl+oJRzKQO0qRbrrhVdwqyTLycVCBHvVv+6fQiloRcIZPUmLbnxuinVKNgkk9KncTwmLIRHfC2pYqG3Pjp9NYJObFKj/QjbUshmap/J1IaGjMOA9sZUhyaRS8T//PaCfav/FSoOEGu2GxRP5EEI5I9TnpCc4ZybAllWthbCRtSTRnaeOa2oBg9TWwq3mIGy6R5VvUuqt7deaV2nedThCM4hlPw4BJqcAt1aACDIbzAK7w5z8678+F8zloLTj5zCHNwvn4BXjKV4w==</latexit>⌧
<latexit sha1_base64="K+/Edh+r66oa25Mxey3D60Fpk1Q=">AAAB/nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMegF48RzAOSJfROJsmY2dllZlaIS8BP8Kof4E28+iue/REnyR5MYkFDUdVNd1cQC66N6347uZXVtfWN/GZha3tnd6+4f1DXUaIoq9FIRKoZoGaCS1Yz3AjWjBXDMBCsEQxvJn7jkSnNI3lvRjHzQ+xL3uMUjZXqbRTxADvFklt2pyDLxMtICTJUO8WfdjeiScikoQK1bnlubPwUleFUsHGhnWgWIx1in7UslRgy7afTa8fkxCpd0ouULWnIVP07kWKo9SgMbGeIZqAXvYn4n9dKTO/KT7mME8MknS3qJYKYiExeJ12uGDViZAlSxe2thA5QITU2oLkthg+fxjYVbzGDZVI/K3sXZe/uvFS5zvLJwxEcwyl4cAkVuIUq1IDCA7zAK7w5z8678+F8zlpzTjZzCHNwvn4B1SSWsw==</latexit>↵

<latexit sha1_base64="QuUelQTSRDa8MgVbjN4xYZbE6Hk="></latexit>

✓ip,k,t+1 = (1� ↵) ✓ip,k,t + ↵ ✓̃⌧p , ↵ 2 [0, 1].

<latexit sha1_base64="32U0baPbF8rnWan9cxDSlW8a7qc=">AAAB/XicbVBNS8NAEN3Ur1q/qh69LBahgpRERD0WvXisYNpCG8pmu2mXbDZhdyLUUPwJXvUHeBOv/hbP/hG3bQ629cHA470ZZub5ieAabPvbKqysrq1vFDdLW9s7u3vl/YOmjlNFmUtjEau2TzQTXDIXOAjWThQjkS9Yyw9vJ37rkSnNY/kAo4R5ERlIHnBKwEhuFc7C0165YtfsKfAycXJSQTkavfJPtx/TNGISqCBadxw7AS8jCjgVbFzqppolhIZkwDqGShIx7WXTY8f4xCh9HMTKlAQ8Vf9OZCTSehT5pjMiMNSL3kT8z+ukEFx7GZdJCkzS2aIgFRhiPPkc97liFMTIEEIVN7diOiSKUDD5zG0BHj6NTSrOYgbLpHlecy5rzv1FpX6T51NER+gYVZGDrlAd3aEGchFFHL2gV/RmPVvv1of1OWstWPnMIZqD9fULDn2Vow==</latexit>

(t, k)

<latexit sha1_base64="Pb/BA4moTYLPjXVTuQOayTJrKA0=">AAACDXicbVDLSgNBEJyNrxhfqzl6WQxCAiHsiqgXIejFYwTzgCSE3skkGTL7YKZXWJd8g5/gVT/Am3j1Gzz7I06SPZjEgoaiqptqyg0FV2jb30ZmbX1jcyu7ndvZ3ds/MA+PGiqIJGV1GohAtlxQTHCf1ZGjYK1QMvBcwZru+HbqNx+ZVDzwHzAOWdeDoc8HnAJqqWfmix2EqNwBEY6gdF20y3apZxbsij2DtUqclBRIilrP/On0Axp5zEcqQKm2Y4fYTUAip4JNcp1IsRDoGIasrakPHlPdZPb8xDrVSt8aBFKPj9ZM/XuRgKdU7Ll60wMcqWVvKv7ntSMcXHUT7ocRMp/OgwaRsDCwpk1YfS4ZRRFrAlRy/atFRyCBou5rIQX5+GmiW3GWO1gljbOKc1Fx7s8L1Zu0nyw5JiekSBxySarkjtRInVASkxfySt6MZ+Pd+DA+56sZI73JkwUYX7+D9pqj</latexit>

(⌧,↵) = (0, 0)The non streaming case corresponds to                       . 



SparseLoco
• In bandwidth-limited settings (cross‑datacenter / internet), even infrequent 

sync methods still often communicate dense pseudo‑gradients, becoming 
the bottleneck. 

• SparseLoCo = DiLoCo-style local training + aggressively compressed 
pseudo‑gradients: 

• Top‑k sparsification (as low as 1–3% density) + 2‑bit quantization 

• Replace outer momentum with error feedback (OuterEF) so the EF 
accumulator acts like a local approximation of outer momentum, letting you 
drop global outer momentum.

25

Why it matters?  
With             (163 syncs), SparseLoCo  

reaches loss 2.70 vs DiLoCo 2.76 vs 
Baseline 2.69, while sending 17 MB vs 0.5 

GB vs 1GB.

<latexit sha1_base64="hOH2k1+ZjW8qhxokHAg77sR5JbA=">AAAB/HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr4sQ9CJ4iWAekCxhdjJJhszOLjO9QlziJ3jVD/AmXv0Xz/6Is8keTGJBQ1HVTXeXHwmu0XG+rdzS8srqWn69sLG5tb1T3N2r6zBWlNVoKELV9IlmgktWQ46CNSPFSOAL1vCHN6nfeGRK81A+4ChiXkD6kvc4JZhKd1fuWadYcsrOBPYicTNSggzVTvGn3Q1pHDCJVBCtW64ToZcQhZwKNi60Y80iQoekz1qGShIw7SWTW8f2kVG6di9UpiTaE/XvREICrUeBbzoDggM976Xif14rxt6ll3AZxcgknS7qxcLG0E4ft7tcMYpiZAihiptbbTogilA08cxsQT58GptU3PkMFkn9pOyel93701LlOssnDwdwCMfgwgVU4BaqUAMKA3iBV3iznq1368P6nLbmrGxmH2Zgff0COjqVKw==</latexit>

K = 15

Loss



When All-Reduce Becomes the Problem

• Local-SGD suggests a key lesson: gradient communication is often 
a poor use of bandwidth—high frequency, high volume, and tightly 
coupled to the critical path. 

• A more communication-efficient viewpoint is to exchange model 
states (parameters / deltas / low-rate model snapshots) rather than 
raw gradients, enabling larger, less frequent messages that are easier to 
overlap and tolerate delay. 

• Scaling pain point: even with optimized collectives, All-Reduce overhead 
grows with the number of n workers (e.g.           latency terms + 
bandwidth costs). Can we amortize coordination further by 
reducing the need for global synchronization?

26

<latexit sha1_base64="1vyRwvY6QgJUtpgdqGjRIfbmnoc=">AAAB/nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKqMegF48RzAOSJcxOJsmY2dllpleIS8BP8Kof4E28+iue/REnyR5MYkFDUdVNd1cQS2HQdb+d3Mrq2vpGfrOwtb2zu1fcP6ibKNGM11gkI90MqOFSKF5DgZI3Y81pGEjeCIY3E7/xyLURkbrHUcz9kPaV6AlG0Ur1toz6RHWKJbfsTkGWiZeREmSodoo/7W7EkpArZJIa0/LcGP2UahRM8nGhnRgeUzakfd6yVNGQGz+dXjsmJ1bpkl6kbSkkU/XvREpDY0ZhYDtDigOz6E3E/7xWgr0rPxUqTpArNlvUSyTBiExeJ12hOUM5soQyLeythA2opgxtQHNbUAyfxjYVbzGDZVI/K3sXZe/uvFS5zvLJwxEcwyl4cAkVuIUq1IDBA7zAK7w5z8678+F8zlpzTjZzCHNwvn4Bf5GWfQ==</latexit>

log n



Decentralized 
Communications
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From Centralized to Decentralized Learning

• Many devices can collaborate to train a model, from smartphones and 
gaming PCs to GPU clusters. 

• Centralized training assumes a global coordinator (e.g., a parameter server 
or global All-Reduce) that orchestrates communication and synchronization. 

• Decentralized training removes the single global bottleneck: workers 
compute and communicate locally (e.g., with neighbors), which can improve 
scalability and robustness. 

• You can view centralized training as a special case of decentralized training—the 
difference is the communication pattern and available bandwidth (global all-to-all 
vs. local links).

28



Decentralized Learning

• Assumption 1: Local data,        and local memory buffer available only 
on a given node. 

• Assumption 2: Only adjacent nodes can communicate.

29

with e.g.,     the loss of the i-th worker.

<latexit sha1_base64="MwtoUOSJwOdjfg5XL2daW70zxiI=">AAACAnicbVDLTgJBEJzFF+IL9ehlIjHxRHaNUY9ELx4xkUeEDekdZmHC7OxmptcECTc/wat+gDfj1R/x7I84wB4ErKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmAIZLoXgNBUreTDSHKJC8EQxuJn7jkWsjYnWPw4T7EfSUCAUDtNJDW0EggYYd0SmW3LI7BV0mXkZKJEO1U/xpd2OWRlwhk2BMy3MT9EegUTDJx4V2angCbAA93rJUQcSNP5pePKYnVunSMNa2FNKp+ndiBJExwyiwnRFg3yx6E/E/r5VieOWPhEpS5IrNFoWppBjTyfu0KzRnKIeWANPC3kpZHzQwtCHNbUExeBrbVLzFDJZJ/azsXZS9u/NS5TrLJ0+OyDE5JR65JBVyS6qkRhhR5IW8kjfn2Xl3PpzPWWvOyWYOyRycr194BZgh</latexit>

rfi

The objective function explicitly decouples variables across workers:

Communication graph

<latexit sha1_base64="TtXxAy+IGHTnpdrXcJ5nyAf9tiQ=">AAAB+3icbVBNT8JAEJ3iF+IX6tHLRmLiibTGqEeiF48YBUmgIdtlCxu222Z3aoKkP8Gr/gBvxqs/xrN/xAV6EPAlk7y8N5OZeUEihUHX/XYKK6tr6xvFzdLW9s7uXnn/oGniVDPeYLGMdSughkuheAMFSt5KNKdRIPljMLyZ+I9PXBsRqwccJdyPaF+JUDCKVroPu6JbrrhVdwqyTLycVCBHvVv+6fRilkZcIZPUmLbnJuiPqUbBJM9KndTwhLIh7fO2pYpG3Pjj6akZObFKj4SxtqWQTNW/E2MaGTOKAtsZURyYRW8i/ue1Uwyv/LFQSYpcsdmiMJUEYzL5m/SE5gzlyBLKtLC3EjagmjK06cxtQTF8zmwq3mIGy6R5VvUuqt7deaV2nedThCM4hlPw4BJqcAt1aACDPrzAK7w5mfPufDifs9aCk88cwhycr196IJVh</latexit>

fi

<latexit sha1_base64="SceBG8WkmZQsUo135VY4on125ug="></latexit>

inf
✓2Rd

nX

i=1

fi(✓) () inf
✓i2Rd,✓i=✓1

nX

i=1

fi(✓i)

And the connectivity between workers is explicitly modelled:



Decentralised Learning Benefits

• No global bottleneck: replaces global All-Reduce / coordinator with 
local neighbor exchanges, improving scalability as the number of 
workers grows. 

• Better overlap + robustness: communication is local and parallel, 
so delays/stragglers or a single failing link have a smaller blast radius. 

• Topology-aware efficiency: you can match the algorithm to the 
physical network (who can talk to whom), reducing long-distance 
traffic. 

• Natural “consensus” objective: the goal becomes agreeing on a 
common model using only local links—and that agreement is precisely 
captured by the graph Laplacian.
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The Graph Laplacian

• Define the Laplacian as: 
 
 
Remind that: 
 

• Define the spectral gap (for connected graphs), i.e., conditioning 
number of     as: 

• Spectral gaps are measures of good connectivity.

31

so that
<latexit sha1_base64="ECHapdg2Am3Ahelo/UAOnLnzkVU=">AAACEHicbVDLSsNAFJ34rPUVFdy4GSyCq5KIqMuiGxcuKtgHNKFMJpN26GQS5yHE2J/wE9zqB7gTt/6Ba3/EaZuFbT1w4XDOudzLCVJGpXKcb2thcWl5ZbW0Vl7f2Nzatnd2mzLRApMGTlgi2gGShFFOGooqRtqpICgOGGkFg6uR33ogQtKE36ksJX6MepxGFCNlpK69792YcIigJzXGWAuWkXvodO2KU3XGgPPELUgFFKh37R8vTLCOCVeYISk7rpMqP0dCUczIsOxpSVKEB6hHOoZyFBPp5+P/h/DIKCGMEmGGKzhW/27kKJYyiwOTjJHqy1lvJP7ndbSKLvyc8lQrwvHkUKQZVAkclQFDKghWLDMEYUHNrxD3kUBYmcqmrig6eByaVtzZDuZJ86TqnlXd29NK7bLopwQOwCE4Bi44BzVwDeqgATB4Ai/gFbxZz9a79WF9TqILVrGzB6Zgff0CAOydPg==</latexit>

⇤ < 0
<latexit sha1_base64="pEa5FunXJL7j6O6abi5ljjkbLDU="></latexit>

⇤ =
X

(i,j)2E

(ei � ej)(ei � ej)
T

<latexit sha1_base64="7PnBdQoMUjlC+s4qx3TGzKSKIsM=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcdJmYVsPXDiccy73crxEcAWW9W0sLa+srq2XNsqbW9s7u+beflPFqaSsQWMRy7ZHFBM8Yg3gIFg7kYyEnmAtb3Cb+60nJhWPo0cYJswNSS/iAacEtNQ1D517HfYJdkICfS/I7PG11TUrVtWaAC8SuyAVVKDeNX8cP6ZpyCKggijVsa0E3IxI4FSwcdlJFUsIHZAe62gakZApN5t8P8YnWvFxEEs9EeCJ+ncjI6FSw9DTyfxHNe/l4n9eJ4Xgys14lKTAIjo9FKQCQ4zzKrDPJaMghpoQKrn+FdM+kYSCLmzmCvDBaKxbsec7WCTNs6p9UbUfziu1m6KfEjpCx+gU2egS1dAdqqMGomiEXtArejOejXfjw/icRpeMYucAzcD4+gUYRpwv</latexit>

⇤1 = 0

<latexit sha1_base64="yI/EPuC8pXe0H0IGXfghnqu5yAQ=">AAACLXicbVDLSgMxFM3UV62vUZdugkVwUYYZFXVZFMFlBfuATimZNG1DM5khuSPUoR/iV/gJbvUDXAjixoW/YabtwrYeCBzOuZeTe4JYcA2u+2HllpZXVtfy64WNza3tHXt3r6ajRFFWpZGIVCMgmgkuWRU4CNaIFSNhIFg9GFxnfv2BKc0jeQ/DmLVC0pO8yykBI7XtUz8k0KdEpDcjXyeBZoD91Cthx3FKWPojH3jI9IzUtouu446BF4k3JUU0RaVtf/udiCYhk0AF0brpuTG0UqKAU8FGBT/RLCZ0QHqsaagkJrGVjo8b4SOjdHA3UuZJwGP170ZKQq2HYWAms1P0vJeJ/3nNBLqXrZTLOAEm6SSomwgMEc6awh2uGAUxNIRQxc1fMe0TRSiYPmdSgA8es1a8+Q4WSe3E8c4d7+6sWL6a9pNHB+gQHSMPXaAyukUVVEUUPaEX9IrerGfr3fq0viajOWu6s49mYP38ApH0pyk=</latexit>

E ⇢ {1, ..., n}⇥ {1, ..., n}

<latexit sha1_base64="hNyZUkIBP1y0ygSI0eNPBv6FUkE=">AAAB/3icbVDLSsNAFL2pr1pfVZdugkVwVRIRdVl048JFBfuANpTJZNIOnUzCzI1QQxd+glv9AHfi1k9x7Y84bbOwrQcGDuecy71z/ERwjY7zbRVWVtfWN4qbpa3tnd298v5BU8epoqxBYxGrtk80E1yyBnIUrJ0oRiJfsJY/vJn4rUemNI/lA44S5kWkL3nIKUEjtbp3JhqQXrniVJ0p7GXi5qQCOeq98k83iGkaMYlUEK07rpOglxGFnAo2LnVTzRJCh6TPOoZKEjHtZdNzx/aJUQI7jJV5Eu2p+nciI5HWo8g3yYjgQC96E/E/r5NieOVlXCYpMklni8JU2Bjbk7/bAVeMohgZQqji5labDogiFE1Dc1uQD5/GphV3sYNl0jyruhdV9/68UrvO+ynCERzDKbhwCTW4hTo0gMIQXuAV3qxn6936sD5n0YKVzxzCHKyvX1lElvg=</latexit>

⇤

Let some edges

(i) (ii)

<latexit sha1_base64="GoVRHnG0/AR5qGopV3dVCrELw7U=">AAACK3icbVC7TgMxEPTxJrwClDQWERIN0R1CgKgQNJSACEFKQuRz9ogVn32y9xDhdN/BV/AJtPABVCA6xH/ghBSEsNVoZkc7O2EihUXff/PGxicmp6ZnZgtz8wuLS8XllUurU8OhwrXU5ipkFqRQUEGBEq4SAywOJVTDznFPr96CsUKrC+wm0IjZjRKR4Awd1SwG0BQHVNQR7jDbwjblTGnlZElvgaM2VEc0r8cM22GYnefXzlPyy35/6CgIBqBEBnPaLH7WW5qnMSjkkllbC/wEGxkzKLiEvFBPLSSMd9gN1BxULAbbyPqv5XTDMS0auRyRVkj77G9HxmJru3HoNnsZ7V+tR/6n1VKM9huZUEmKoPjPoSiVFDXt9URbwrj/ZdcBxo1wWSlvM8M4ujaHrqDo3OeuleBvB6Pgcrsc7JaDs53S4dGgnxmyRtbJJgnIHjkkJ+SUVAgnD+SJPJMX79F79d69j5/VMW/gWSVD4319A8KPqLI=</latexit>

ei : i-th canonical vector of Rnand fix

<latexit sha1_base64="+SdYw46NcumUAoM2axcx3pUWtPY="></latexit>

� , k⇤kk⇤+k � 1

<latexit sha1_base64="fnWjcx7ErdgEMOCc7V+hn0BKd0Q=">AAACJHicbVC7SgNBFJ31bXxFLW0GgyAWYVdEbYSgCBYWERIVsiHcnUySIbM7y8xdIa77D36Fn2CrH2AnFjY2/oizMYVRDwwczrmXe+YEsRQGXffdmZicmp6ZnZsvLCwuLa8UV9cujUo043WmpNLXARguRcTrKFDy61hzCAPJr4L+Se5f3XBthIpqOIh5M4RuJDqCAVqpVdzxVcw1oNIRhDyt6Yz653a9DfSI7t75IWCPgUxPs7tWseSW3SHoX+KNSImMUG0VP/22YknII2QSjGl4bozNFDQKJnlW8BPDY2B96PKGpXkA00yHf8rollXatKO0fRHSofpzI4XQmEEY2Mk8o/nt5eJ/XiPBzmEzFVGcII/Y96FOIikqmhdE20JzhnJgCTAtbFbKeqCBoa1x7AqK/m1mW/F+d/CXXO6Wvf2yd7FXqhyP+pkjG2STbBOPHJAKOSNVUieM3JNH8kSenQfnxXl13r5HJ5zRzjoZg/PxBVsapeg=</latexit>

Tr⇤ = 2|E|(iv)

<latexit sha1_base64="faacgQgfEr+ChaSdXI52iTfP5Uo="></latexit>

uT⇤u =
X

(i,j)2E

(ui � uj)
2

(iii)
<latexit sha1_base64="aqxqsWHDfhJSaYjzv1CyhaE2BCs="></latexit>

Ker⇤ = Span(1) iff     is a connected graph
<latexit sha1_base64="7Jb0aPaeH7lrLdK3/bwU3VQeOPE=">AAACA3icbVDLSgMxFM3UV62vqks3wSK4KjMi6rIogssK9gHtUDJppg3NJENyR6hDl36CW/0Ad+LWD3Htj5hpZ2FbDwQO59zLPTlBLLgB1/12Ciura+sbxc3S1vbO7l55/6BpVKIpa1AllG4HxDDBJWsAB8HasWYkCgRrBaObzG89Mm24kg8wjpkfkYHkIacErNTpRgSGlIj0dtIrV9yqOwVeJl5OKihHvVf+6fYVTSImgQpiTMdzY/BTooFTwSalbmJYTOiIDFjHUkkiZvx0GnmCT6zSx6HS9knAU/XvRkoiY8ZRYCeziGbRy8T/vE4C4ZWfchknwCSdHQoTgUHh7P+4zzWjIMaWEKq5zYrpkGhCwbY0dwX46ClrxVvsYJk0z6reRdW7P6/UrvN+iugIHaNT5KFLVEN3qI4aiCKFXtArenOenXfnw/mcjRacfOcQzcH5+gXje5j2</latexit>

E

<latexit sha1_base64="+weiI1BaKq60Fr27iP3k5Xnjo3U="></latexit>

(i, j) 2 E , (j, i) 2 E
with



Spectral gap of well-known 
graphs
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Line/circle Complete

Star-graph
d-connectivity

<latexit sha1_base64="ifId4i6A9sRPNNJorKONC+553tM=">AAACCXicbVDLSsNAFL2pr1ofrbp0M1gEVyURUTdCUQSXFewD2lAm02k7dDIJMxOhpvkCP8GtfoA7cetXuPZHnLRZ2NYDFw7n3Ms9HC/kTGnb/rZyK6tr6xv5zcLW9s5usbS331BBJAmtk4AHsuVhRTkTtK6Z5rQVSop9j9OmN7pJ/eYjlYoF4kGPQ+r6eCBYnxGsjdQtFScdH+shwTy+TSZXRinbFXsKtEycjJQhQ61b+un0AhL5VGjCsVJtxw61G2OpGeE0KXQiRUNMRnhA24YK7FPlxtPgCTo2Sg/1A2lGaDRV/17E2Fdq7HtmM02pFr1U/M9rR7p/6cZMhJGmgswe9SOOdIDSFlCPSUo0HxuCiWQmKyJDLDHRpqu5L5qNnhLTirPYwTJpnFac84pzf1auXmf95OEQjuAEHLiAKtxBDepAIIIXeIU369l6tz6sz9lqzspuDmAO1tcvneCa8g==</latexit>

|E| = n

<latexit sha1_base64="RkNrIRL0b3JrhnZ9z6zKzVaNGAY=">AAACC3icbVDLSsNAFJ34rPWV6tJNsAiuSlJE3QhFEVxWsA9oY5lMJ+3QySTM3Cg17Sf4CW71A9yJWz/CtT/ipM3Cth64cDjnXu7heBFnCmz721haXlldW89t5De3tnd2zcJeXYWxJLRGQh7KpocV5UzQGjDgtBlJigOP04Y3uEr9xgOVioXiDoYRdQPcE8xnBIOWOmZh1A4w9AnmyfV4dCHuyx2zaJfsCaxF4mSkiDJUO+ZPuxuSOKACCMdKtRw7AjfBEhjhdJxvx4pGmAxwj7Y0FTigyk0m0cfWkVa6lh9KPQKsifr3IsGBUsPA05tpTjXvpeJ/XisG/9xNmIhioIJMH/kxtyC00h6sLpOUAB9qgolkOqtF+lhiArqtmS/ABk9j3Yoz38EiqZdLzmnJuT0pVi6zfnLoAB2iY+SgM1RBN6iKaoigR/SCXtGb8Wy8Gx/G53R1ychu9tEMjK9f2Kublg==</latexit>

|E| = n2

<latexit sha1_base64="ifId4i6A9sRPNNJorKONC+553tM=">AAACCXicbVDLSsNAFL2pr1ofrbp0M1gEVyURUTdCUQSXFewD2lAm02k7dDIJMxOhpvkCP8GtfoA7cetXuPZHnLRZ2NYDFw7n3Ms9HC/kTGnb/rZyK6tr6xv5zcLW9s5usbS331BBJAmtk4AHsuVhRTkTtK6Z5rQVSop9j9OmN7pJ/eYjlYoF4kGPQ+r6eCBYnxGsjdQtFScdH+shwTy+TSZXRinbFXsKtEycjJQhQ61b+un0AhL5VGjCsVJtxw61G2OpGeE0KXQiRUNMRnhA24YK7FPlxtPgCTo2Sg/1A2lGaDRV/17E2Fdq7HtmM02pFr1U/M9rR7p/6cZMhJGmgswe9SOOdIDSFlCPSUo0HxuCiWQmKyJDLDHRpqu5L5qNnhLTirPYwTJpnFac84pzf1auXmf95OEQjuAEHLiAKtxBDepAIIIXeIU369l6tz6sz9lqzspuDmAO1tcvneCa8g==</latexit>

|E| = n<latexit sha1_base64="U0kHOxsjusyUrlXhNq6cJNzzE8k=">AAACCnicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdSMURXBZwT6gDWUymbZDJw9mbgo1zR/4CW71A9yJW3/CtT/ipM3Cth64cDjnXu7huJHgCizr2yisrK6tbxQ3S1vbO7t75v5BQ4WxpKxOQxHKlksUEzxgdeAgWCuSjPiuYE13eJv5zRGTiofBI4wj5vikH/AepwS01DXNSccnMKBEJHfp5NrTUtmqWFPgZWLnpIxy1LrmT8cLaeyzAKggSrVtKwInIRI4FSwtdWLFIkKHpM/amgbEZ8pJpslTfKIVD/dCqScAPFX/XiTEV2rsu3ozi6kWvUz8z2vH0LtyEh5EMbCAzh71YoEhxFkN2OOSURBjTQiVXGfFdEAkoaDLmvsCfPiU6lbsxQ6WSeOsYl9U7IfzcvUm76eIjtAxOkU2ukRVdI9qqI4oGqEX9IrejGfj3fgwPmerBSO/OURzML5+AWdfm2A=</latexit>

|E| = dn

<latexit sha1_base64="fPkJZr7n/giL3NGRANJXV/ek7bk=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcZpmYVsPDJw55x7u5XiJ4Aos69tYWl5ZXVsvbZQ3t7Z3ds29/aaKU0lZg8Yilm2PKCZ4xBrAQbB2IhkJPcFa3uB24reemFQ8jh5hmDA3JL2IB5wS0FLXPHSaTAJ27nXEJ/nn2u6aFatq5cCLxC5IBRWod80fx49pGrIIqCBKdWwrATcjEjgVbFx2UsUSQgekxzqaRiRkys3y68f4RCs+DmKpXwQ4V/8mMhIqNQw9PRkS6Kt5byL+53VSCK7cjEdJCiyi00VBKjDEeFIF9rlkFMRQE0Il17di2ieSUNCFzWwBPhiNdSv2fAeLpHlWtS+q9sN5pXZT9FNCR+gYnSIbXaIaukN11EAUjdALekVvxrPxbnwYn9PRJaPIHKAZGF+/HnucMw==</latexit>

k⇤k = 1

<latexit sha1_base64="fPkJZr7n/giL3NGRANJXV/ek7bk=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcZpmYVsPDJw55x7u5XiJ4Aos69tYWl5ZXVsvbZQ3t7Z3ds29/aaKU0lZg8Yilm2PKCZ4xBrAQbB2IhkJPcFa3uB24reemFQ8jh5hmDA3JL2IB5wS0FLXPHSaTAJ27nXEJ/nn2u6aFatq5cCLxC5IBRWod80fx49pGrIIqCBKdWwrATcjEjgVbFx2UsUSQgekxzqaRiRkys3y68f4RCs+DmKpXwQ4V/8mMhIqNQw9PRkS6Kt5byL+53VSCK7cjEdJCiyi00VBKjDEeFIF9rlkFMRQE0Il17di2ieSUNCFzWwBPhiNdSv2fAeLpHlWtS+q9sN5pXZT9FNCR+gYnSIbXaIaukN11EAUjdALekVvxrPxbnwYn9PRJaPIHKAZGF+/HnucMw==</latexit>

k⇤k = 1

<latexit sha1_base64="fPkJZr7n/giL3NGRANJXV/ek7bk=">AAACDnicbVDLSsNAFJ34rPUVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QycPZm6ENvQf/AS3+gHuxK2/4NofcZpmYVsPDJw55x7u5XiJ4Aos69tYWl5ZXVsvbZQ3t7Z3ds29/aaKU0lZg8Yilm2PKCZ4xBrAQbB2IhkJPcFa3uB24reemFQ8jh5hmDA3JL2IB5wS0FLXPHSaTAJ27nXEJ/nn2u6aFatq5cCLxC5IBRWod80fx49pGrIIqCBKdWwrATcjEjgVbFx2UsUSQgekxzqaRiRkys3y68f4RCs+DmKpXwQ4V/8mMhIqNQw9PRkS6Kt5byL+53VSCK7cjEdJCiyi00VBKjDEeFIF9rlkFMRQE0Il17di2ieSUNCFzWwBPhiNdSv2fAeLpHlWtS+q9sN5pXZT9FNCR+gYnSIbXaIaukN11EAUjdALekVvxrPxbnwYn9PRJaPIHKAZGF+/HnucMw==</latexit>

k⇤k = 1

<latexit sha1_base64="pncLR7Ipgb5M5yqi1HSE4IqeoV4=">AAACDnicbVDLSsNAFJ34rPVVHzs3g0VwVRIRdSMU3bhwUcE+oAllMpm0QyeTMHMjtKH/4Ce41Q9wJ279Bdf+iNM2C9t6YODMOfdwL8dPBNdg29/W0vLK6tp6YaO4ubW9s1va22/oOFWU1WksYtXyiWaCS1YHDoK1EsVI5AvW9Pu3Y7/5xJTmsXyEQcK8iHQlDzklYKRO6dBtMAXYvTeRgEw+10Yu2xV7ArxInJyUUY5ap/TjBjFNIyaBCqJ127ET8DKigFPBRkU31SwhtE+6rG2oJBHTXja5foRPjBLgMFbmScAT9W8iI5HWg8g3kxGBnp73xuJ/XjuF8MrLuExSYJJOF4WpwBDjcRU44IpREANDCFXc3IppjyhCwRQ2swV4fzgyrTjzHSySxlnFuag4D+fl6k3eTwEdoWN0ihx0iaroDtVQHVE0RC/oFb1Zz9a79WF9TkeXrDxzgGZgff0CfvyccA==</latexit>

k⇤k = n

<latexit sha1_base64="05Reuw2i7vonDzDz3nJDgA6hiYo=">AAACEnicbVDLSgMxFM34rPVVdSO4CRZBEMpMEXUjFN24cFHBPqDTlkyatqGZzJDcEepQv8JPcKsf4E7c+gOu/RHT6Sxs64HAyTn3cJPjhYJrsO1va2FxaXllNbOWXd/Y3NrO7exWdRApyio0EIGqe0QzwSWrAAfB6qFixPcEq3mD67Ffe2BK80DewzBkTZ/0JO9ySsBI7dy+W2UKsHtrIh3SOkmul7JVbOfydsFOgOeJk5I8SlFu537cTkAjn0mggmjdcOwQmjFRwKlgo6wbaRYSOiA91jBUEp/pZpz8YISPjNLB3UCZIwEn6t9ETHyth75nJn0CfT3rjcX/vEYE3YtmzGUYAZN0sqgbCQwBHteBO1wxCmJoCKGKm7di2ieKUDClTW0BPngcmVac2Q7mSbVYcM4Kzt1pvnSV9pNBB+gQHSMHnaMSukFlVEEUPaEX9IrerGfr3fqwPiejC1aa2UNTsL5+Ae5gnbE=</latexit>
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<latexit sha1_base64="2ZIBbRHYSByZJDKwwifwBD90UR8=">AAACFnicbVDLSgMxFM3UV62vUZe6CBZBEOpMEXUjFN24cFHBPqAvMpm0Dc1khuSOUIdu/Ao/wa1+gDtx69a1P2L6WNjWA4GTc+7hJseLBNfgON9WamFxaXklvZpZW9/Y3LK3d8o6jBVlJRqKUFU9opngkpWAg2DVSDESeIJVvN710K88MKV5KO+hH7FGQDqStzklYKSWvV8vMwW4fmsiPmkej66XspnkT/xBy846OWcEPE/cCcmiCYot+6fuhzQOmAQqiNY114mgkRAFnAo2yNRjzSJCe6TDaoZKEjDdSEa/GOBDo/i4HSpzJOCR+jeRkEDrfuCZyYBAV896Q/E/rxZD+6KRcBnFwCQdL2rHAkOIh5VgnytGQfQNIVRx81ZMu0QRCqa4qS3Ae4/DVtzZDuZJOZ9zz3Lu3Wm2cDXpJ4320AE6Qi46RwV0g4qohCh6Qi/oFb1Zz9a79WF9jkdT1iSzi6Zgff0CGP+fZA==</latexit>

k⇤+k = n2/d

<latexit sha1_base64="gZaWj/DRzVnsAFU09IoKe6FLp4w=">AAACEHicbVDLSsNAFJ34rPUVFdy4GSyCIJRERN0IRTcuXFSwD2himUym7dDJg5kbocb+hJ/gVj/Anbj1D1z7I07TLGzrgYEz59zDvRwvFlyBZX0bc/MLi0vLhZXi6tr6xqa5tV1XUSIpq9FIRLLpEcUED1kNOAjWjCUjgSdYw+tfjfzGA5OKR+EdDGLmBqQb8g6nBLTUNnedOpOAnRsd8cn9Ufa9sNtmySpbGfAssXNSQjmqbfPH8SOaBCwEKohSLduKwU2JBE4FGxadRLGY0D7pspamIQmYctPs/iE+0IqPO5HULwScqX8TKQmUGgSengwI9NS0NxL/81oJdM7dlIdxAiyk40WdRGCI8KgM7HPJKIiBJoRKrm/FtEckoaArm9gCvP841K3Y0x3Mkvpx2T4t27cnpcpl3k8B7aF9dIhsdIYq6BpVUQ1R9IRe0Ct6M56Nd+PD+ByPzhl5ZgdNwPj6BU9OnNA=</latexit>
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<latexit sha1_base64="gZaWj/DRzVnsAFU09IoKe6FLp4w=">AAACEHicbVDLSsNAFJ34rPUVFdy4GSyCIJRERN0IRTcuXFSwD2himUym7dDJg5kbocb+hJ/gVj/Anbj1D1z7I07TLGzrgYEz59zDvRwvFlyBZX0bc/MLi0vLhZXi6tr6xqa5tV1XUSIpq9FIRLLpEcUED1kNOAjWjCUjgSdYw+tfjfzGA5OKR+EdDGLmBqQb8g6nBLTUNnedOpOAnRsd8cn9Ufa9sNtmySpbGfAssXNSQjmqbfPH8SOaBCwEKohSLduKwU2JBE4FGxadRLGY0D7pspamIQmYctPs/iE+0IqPO5HULwScqX8TKQmUGgSengwI9NS0NxL/81oJdM7dlIdxAiyk40WdRGCI8KgM7HPJKIiBJoRKrm/FtEckoaArm9gCvP841K3Y0x3Mkvpx2T4t27cnpcpl3k8B7aF9dIhsdIYq6BpVUQ1R9IRe0Ct6M56Nd+PD+ByPzhl5ZgdNwPj6BU9OnNA=</latexit>

k⇤+k = 1

Which graphs have a good connectivity?



A simple use case: Gossip Algorithms

• Define the degree as              . 

• And consider the following averaging procedure: 
 

• This can equivalently written as 

• Since we have 
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di = #{j, (i, j) 2 E}

<latexit sha1_base64="rvi5aMhCjq0ZEtHHZ93nkqcOmso="></latexit>
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<latexit sha1_base64="KC4BfWoXsOynhctiXJF7D6/Wz1o="></latexit>
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2
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x⇤ 2 arg inf
x

k⇤xk2We know that this procedure admits a minimiser 
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Decentralised SGD

• Decentralized SGD can be performed in two steps: 

• Step 1 (Consensus): each node replaces its model by a weighted 
average of neighbors using a Laplacian-based update. 

• Step 2 (Local learning): each node takes an SGD step on its local 
objective using the mixed model 

• Interpretation: mixing reduces disagreement across nodes; the 
gradient step improves the objective, together they trade off 
consensus vs. progress.
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<latexit sha1_base64="GluYNKQvcws23uZeUSgyyVnHwgw="></latexit>

yt = xt �D�1⇤xt

xt+1 = yt � ⌘rF (yt)
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[rF (y)]i = rfi(yi)where



Fault Tolerance
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Faults Are the Norm in Distributed Training

• Failures are frequent: GPU/node crashes, network hiccups, NCCL 
timeouts, stragglers, and storage/I/O stalls can cause job crashes or 
multi-minute pauses. 

• Baseline recovery = checkpoint & restart: periodically save state, 
then resume from the latest checkpoint after a failure. 

• To resume faithfully, checkpoint more than weights: model 
parameters + optimizer state + LR scheduler + random seeds + 
dataloader/sampler state (otherwise training diverges or repeats data). 

• Why it matters even more in peer-to-peer settings: connectivity is 
inherently less reliable (devices can drop at any time). 

• But it’s not just P2P: even in well-managed clusters, transient network/
storage issues make failures and slowdowns common enough that 
resilience is a first-class concern.
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The node failure on clusters
Ref.: The Llama 3 Herd of Models, Llama 

Team, 2024
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<latexit sha1_base64="DoPLFF9Iof4BS49GCNtVjNR7wE8="></latexit>

Component Category Interruption Count % of Interruptions
Faulty GPU GPU 148 30.1%
GPU HBM3 Memory GPU 72 17.2%
Software Bug Dependency 54 12.9%
Network Switch/Cable Network 35 8.4%
Host Maintenance Unplanned Maintenance 32 7.6%
GPU SRAM Memory GPU 19 4.5%
GPU System Processor GPU 17 4.1%
NIC Host 7 1.7%
NCCL Watchdog Timeouts Unknown 7 1.7%
Silent Data Corruption GPU 6 1.4%
GPU Thermal Interface + Sensor GPU 6 1.4%
SSD Host 3 0.7%
Power Supply Host 3 0.7%
Server Chassis Host 2 0.5%
IO Expansion Board Host 2 0.5%
Dependency Dependency 2 0.5%
CPU Host 2 0.5%
System Memory Host 2 0.5%

Table 1: Root-cause categorization of unexpected interruptions during
a 54-day period of Llama 3 405B pre-training. About 78% of unexpected inter-
ruptions were attributed to confirmed or suspected hardware issues.



Reliability & Challenges at 16K-GPU LLM Training
• Harder than CPU clusters: 16K-GPU training has more failure modes 

than much larger CPU fleets; synchronous training means one GPU fault can 
restart the whole job. 

• Failures are frequent at scale (on a 54-day snapshot): 

• 466 total job interruptions (47 planned, 419 unexpected) 

• 78% of unexpected interruptions were confirmed hardware 

• GPU issues dominate: 58.7% of unexpected issues 

• Only 3 cases needed significant manual intervention; the rest handled by 
automation 

• Improving recovery mattered: reduced startup + checkpoint time 

• Stragglers hurt everyone: one slow node can slow thousands of GPUs.
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On the necessity to Checkpoint wisely
• LLM-specific pain point: optimizer state are typically massive (often 

larger than the model weights), making checkpoints heavy and slow. 

• Sharding reality: checkpoints are often sharded across ranks; resuming 
may require either 

• restarting with the same sharding, or 

• using tooling to reconstruct full weights (or convert between formats). 

• Reshardable checkpoints: store state so it can be repartitioned when 
you reload (not tied to a fixed parallelisation grid), this is the point of 
torch.distributed.checkpoint(). 

• Why it matters: the ability to resume with different DP / TP / PP 
degrees enables faster recovery and elastic scaling when the cluster 
returns with a different GPU count or topology.
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How is Checkpointing implemented?

• A background thread writes checkpoints while training continues 
on the next steps. 

• Checkpoint data is staged from GPU → CPU before being 
persisted to storage. 

• To maximize overlap, torch.distributed.checkpoint() offloads 
state-dict creation + GPU→CPU copy to a background thread. 

• Each checkpoint is sharded into multiple files, typically at least one file 
per rank. 

• The stager operates in-place: the model allocates storage first, and 
checkpointing reuses that storage via Sateful objects (objects that 
can save and restore a given training moment).
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Checkpointing Tradeoffs

• Loading: time to load checkpoint from storage when recovering from 
interruption 

• Saving Overhead: overhead on training from saving checkpoints 

• Computation Loss: computation time lost when resuming from the most 
recent checkpoint 

• Size overhead: frequent checkpointing requires a significant amount of 
storage which can be expensive.
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Almost free fault tolerance checkpointing
• Assume at least one replica stays healthy: it acts as the source of truth for the 

latest model state. 

• Fault-tolerant DDP recovery: the recovering worker peer-to-peer pulls 
the weights (optionally optimizer state) from that healthy replica to rejoin 
quickly.
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Dealing with Stragglers
• Synchronous DDP all-reduce: each step is gated by the slowest 

rank (straggler effect). 

• Pipeline parallelism: a slow stage creates pipeline bubbles and 
backpressure across stages. 

• Diagnosis is tricky at scale: mixed fabrics + large process groups 
blur whether the bottleneck is compute, network, or a flaky 
device. 

• Mitigation: detect and localize stragglers, then isolate&replace them 
or shrink the group to keep throughput stable. 

• Forward-looking: elastic membership (variable world size via re-
rendezvous) to continue training despite churn. (quite beyond the scope of 

those lectures)
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TorchFT
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TorchFt

• TorchFT is compatible with TorchTitan and implements features like 

• Health & coordination: per-step heartbeating to determine 
which workers are healthy/unhealthy. 

• Fault-tolerant collectives: ProcessGroup implementations that 
surface errors clearly and can be reinitialized cleanly. 

• Live recovery transport: checkpoint/state transfer from a 
healthy peer for fast recovery (and some scale-up flows). 

• Peer discovery & topology: mechanisms like Lighthouse to find 
and connect to healthy replicas.
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Lighthouse or Parameter Server
• Lighthouse mode: a 

coordinator tracks the 
set of healthy workers 
and helps peers discover 
each other for P2P 
recovery/transfers. 

• Parameter-server 
mode: TorchFT 
provides a fault-tolerant 
parameter server built on 
reconfigurable 
ProcessGroups (which 
stores parameters), and 
it doesn’t require 
Lighthouse.

Ref.: Xxxx, Machin et al.

Ex.: 
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FT without Checkpointing
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Conclusion

• Now, let’s try out our collaborative lab using TorchTitan and 
TorchFT
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