
Q1. How much does Distributed K-FAC improve the 
performance?
A1. Here is a plot which 
shows that larger # GPUs 
improves the performance 
while # GPUs < # layers
(ResNet-50 has 107 layers
in total (FC, Conv, BN)).

Q2. Why do you want to accelerate training 
ResNet-50 on ImageNet?
A2. We chose training ResNet-50 on ImageNet as a benchmark 
where highly optimized SGD results are available as references. 
What we really want to accelerate are even larger problems.

Q3. What is the benefit of using K-FAC? It’s slower 
than SGD!
A3. Since K-FAC converges in fewer iterations than SGD, 
improving the per iteration performance will directly accelerate the 
training without additional tuning. Even if we end up having similar 
performance to the best known first-order methods, at least we will 
have a better understanding of why it works by starting from 
second-order methods.

Q4. What’s the Next?
A4. There is still room for improvement in our distributed design 
to overcome the bottleneck of computation/communication for 
K-FAC – the Fisher information matrix 
can be approximated more aggressively 
without loss of accuracy.

Q5. Codes available?
A5. Our Chainer implementation is 
available on GitHub!
(PyTorch version is coming soon)
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• Stochastic Gradient Descent

• Natural Gradient Descent (S. Amari, 1998)
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training time = time / iteration × # iterations

Step1: layer-wise block-diagonal Step2: Kronecker-factorization
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Layer-wise Update:
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Optimization in Deep Learning

Set of image & class label: 

Goal of optimization:

Loss function:

Stochastic learning with mini-batch: 
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(empirical) Fisher information matrix

Which Optimizer is “Fast” ?
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GPU

Data parallelism Layers parallelism

G1,A1,rW1LB(✓)
<latexit sha1_base64="2JY50+sPueerunN5oR5YPu+V+ic="></latexit>

GL,AL,rWLLB(✓)
<latexit sha1_base64="B6SWyLQLdi0gDl2vCtqaPz/TlVw="></latexit>

W1
<latexit sha1_base64="DJ3oSPWbOjvYHqbBy0e9sjM3rAI=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20oWy2m3bpZhN2J0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemEph0HW/ndLa+sbmVnm7srO7t39QPTxqmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px3cxvP3FtRKIecZLyIKZDJSLBKFrJb/dzb9qv1ty6OwdZJV5BalCg2a9+9QYJy2KukElqTNdzUwxyqlEwyaeVXmZ4StmYDnnXUkVjboJ8fuyUnFllQKJE21JI5urviZzGxkzi0HbGFEdm2ZuJ/3ndDKObIBcqzZArtlgUZZJgQmafk4HQnKGcWEKZFvZWwkZUU4Y2n4oNwVt+eZW0LureZd19uKo1bos4ynACp3AOHlxDA+6hCT4wEPAMr/DmKOfFeXc+Fq0lp5g5hj9wPn8AnmiOjQ==</latexit>

WL
<latexit sha1_base64="tF/sBEaYW+NWcpu+dOg68mSbGok=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRiwcPFYwttKFstpN26WYTdjdCCf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpgKro3rfjulldW19Y3yZmVre2d3r7p/8KiTTDH0WSIS1Q6pRsEl+oYbge1UIY1Dga1wdDP1W0+oNE/kgxmnGMR0IHnEGTVW8lu9/G7Sq9bcujsDWSZeQWpQoNmrfnX7CctilIYJqnXHc1MT5FQZzgROKt1MY0rZiA6wY6mkMeognx07ISdW6ZMoUbakITP190ROY63HcWg7Y2qGetGbiv95ncxEV0HOZZoZlGy+KMoEMQmZfk76XCEzYmwJZYrbWwkbUkWZsflUbAje4svL5PGs7p3X3fuLWuO6iKMMR3AMp+DBJTTgFprgAwMOz/AKb450Xpx352PeWnKKmUP4A+fzB8dvjqg=</latexit>

W`
<latexit sha1_base64="I9+bXfKP8Ew9Qjb2D5+Iz1Z7Hsw=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaUDbbSbt0s0l3N0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3nlBpHstHM0nQj+hA8pAzaqzUbvWyLgox7ZUrbtWdg6wSLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCp6VuqjGhbEQH2LFU0gi1n83vnZIzq/RJGCtb0pC5+nsio5HWkyiwnRE1Q73szcT/vE5qwhs/4zJJDUq2WBSmgpiYzJ4nfa6QGTGxhDLF7a2EDamizNiISjYEb/nlVdK8qHqXVffhqlK7zeMowgmcwjl4cA01uIc6NICBgGd4hTdn7Lw4787HorXg5DPH8AfO5w82RJAT</latexit>

B
<latexit sha1_base64="sVHOAzGHs33lE5PsQrwykCZchyA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKeiz14rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZq1Pqlsltx5yCrxMtJGXLU+6Wv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7WfzQ6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDWz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m6INwVt+eZW0LiveVcVtXJertTyOApzCGVyABzdQhXuoQxMYIDzDK7w5j86L8+58LFrXnHzmBP7A+fwBlQuMyA==</latexit>

DNN r log p✓(y|x)
<latexit sha1_base64="m1TUBRLsTO87CZPgomikPWail28=">AAACHXicbVBNSwMxEM3Wr1q/qh69BIugl7Krgh5FLx4rWBW6pcymaRvMJksyK5a1f8SLf8WLB0U8eBH/jdnaQ219EPJ4b4aZeVEihUXf//YKM7Nz8wvFxdLS8srqWnl948rq1DBeZ1pqcxOB5VIoXkeBkt8khkMcSX4d3Z7l/vUdN1ZodYn9hDdj6CrREQzQSa3yYaggkhBK3aVJKwsjLdu2H7svxB5HGOz2H8ZVej/YK7XKFb/qD0GnSTAiFTJCrVX+DNuapTFXyCRY2wj8BJsZGBRM8kEpTC1PgN1ClzccVRBz28yG1w3ojlPatKONewrpUB3vyCC2+XKuMgbs2UkvF//zGil2jpuZUEmKXLHfQZ1UUtQ0j4q2heEMZd8RYEa4XSnrgQGGLtA8hGDy5GlytV8NDqr+xWHl5HQUR5FskW2ySwJyRE7IOamROmHkkTyTV/LmPXkv3rv38Vta8EY9m+QPvK8f90WjDA==</latexit>

DNN r log p✓(y|x)
<latexit sha1_base64="m1TUBRLsTO87CZPgomikPWail28=">AAACHXicbVBNSwMxEM3Wr1q/qh69BIugl7Krgh5FLx4rWBW6pcymaRvMJksyK5a1f8SLf8WLB0U8eBH/jdnaQ219EPJ4b4aZeVEihUXf//YKM7Nz8wvFxdLS8srqWnl948rq1DBeZ1pqcxOB5VIoXkeBkt8khkMcSX4d3Z7l/vUdN1ZodYn9hDdj6CrREQzQSa3yYaggkhBK3aVJKwsjLdu2H7svxB5HGOz2H8ZVej/YK7XKFb/qD0GnSTAiFTJCrVX+DNuapTFXyCRY2wj8BJsZGBRM8kEpTC1PgN1ClzccVRBz28yG1w3ojlPatKONewrpUB3vyCC2+XKuMgbs2UkvF//zGil2jpuZUEmKXLHfQZ1UUtQ0j4q2heEMZd8RYEa4XSnrgQGGLtA8hGDy5GlytV8NDqr+xWHl5HQUR5FskW2ySwJyRE7IOamROmHkkTyTV/LmPXkv3rv38Vta8EY9m+QPvK8f90WjDA==</latexit>

DNN r log p✓(y|x)
<latexit sha1_base64="m1TUBRLsTO87CZPgomikPWail28=">AAACHXicbVBNSwMxEM3Wr1q/qh69BIugl7Krgh5FLx4rWBW6pcymaRvMJksyK5a1f8SLf8WLB0U8eBH/jdnaQ219EPJ4b4aZeVEihUXf//YKM7Nz8wvFxdLS8srqWnl948rq1DBeZ1pqcxOB5VIoXkeBkt8khkMcSX4d3Z7l/vUdN1ZodYn9hDdj6CrREQzQSa3yYaggkhBK3aVJKwsjLdu2H7svxB5HGOz2H8ZVej/YK7XKFb/qD0GnSTAiFTJCrVX+DNuapTFXyCRY2wj8BJsZGBRM8kEpTC1PgN1ClzccVRBz28yG1w3ojlPatKONewrpUB3vyCC2+XKuMgbs2UkvF//zGil2jpuZUEmKXLHfQZ1UUtQ0j4q2heEMZd8RYEa4XSnrgQGGLtA8hGDy5GlytV8NDqr+xWHl5HQUR5FskW2ySwJyRE7IOamROmHkkTyTV/LmPXkv3rv38Vta8EY9m+QPvK8f90WjDA==</latexit>

GPU

GPU

...
...

...
...

...
...

...
...

Each GPU handles
different parts of mini-batch      

Each GPU applies K-FAC to
the weights of different layers
(the weights will be synchronized.)

Reduce-Scatter

Kazuki Osawa, Ph.D. candidate at Tokyo Tech
(oosawa.k.ad at m.titech.ac.jp)

supervised by Rio Yokota

Kronecker product

This work (75.0%)
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Akiba+, 2018 (74.9%)

mini-batch size
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SGD

K-FAC

K-FAC converges faster than SGD (SOTA results)
• Our Distributed K-FAC enabled tuning large mini-batch K-FAC on ImageNet in realistic time.
• We tuned K-FAC with extremely large mini-batch size {4096, 8192, 16384, 32768, 65536, 131072}.
• We achieved validation accuracy >75% in {10948, 5434, 2737, 1760, 1173, 978} iterations.
• We showed the advantage of a second-order method (K-FAC) over a first-order method (SGD)

in ImageNet classification for the first time.

Competitive training time
• Data and layers hybrid parallelism introduced in our design 

allowed us to train on 1024 GPUs
• We achieved 74.9% in 10 min by using K-FAC with the 

stale Fisher information matrix for mini-batch size 32,768.
• (32images/GPU x 1024GPUs = 32,768images)

(|B|=32,768)
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Layer    

Layer

…
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<̀latexit sha1_base64="tO8xm45MXnYyaIGHhHOD/E2+VfU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaUDbbSbt0swm7G6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByl/udJ1Sax/LRTBP0IzqSPOSMmlzqoxCDas2tu3OQVeIVpAYFmoPqV38YszRCaZigWvc8NzF+RpXhTOCs0k81JpRN6Ah7lkoaofaz+a0zcmaVIQljZUsaMld/T2Q00noaBbYzomasl71c/M/rpSa88TMuk9SgZItFYSqIiUn+OBlyhcyIqSWUKW5vJWxMFWXGxlOxIXjLL6+S9kXdu6y7D1e1xm0RRxlO4BTOwYNraMA9NKEFDMbwDK/w5kTOi/PufCxaS04xcwx/4Hz+AA4Qjj0=</latexit>

L
<latexit sha1_base64="9PF+tKjSQN8i8QYPTB/Bgp+YVSU=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0KWgZtLCwSMB+QHGFvM5es2ds7dveEcOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W0+oNI/lgxkn6Ed0IHnIGTVWqt/3SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvIuKW78sV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw6L8678zFvXXHymSP4A+fzB6QzjNI=</latexit>

softmax

x
<latexit sha1_base64="DQivoxdGTcXKHyd2yP4tsN1A+g4=">AAAB+HicbVDLSgMxFL3js9ZHR126CRbBVZlRQd0V3LisYB/QDiWTSdvQTDIkGbEO/RI3LhRx66e482/MtLPQ1gMhh3PuJScnTDjTxvO+nZXVtfWNzdJWeXtnd6/i7h+0tEwVoU0iuVSdEGvKmaBNwwynnURRHIectsPxTe63H6jSTIp7M0loEOOhYANGsLFS3630QskjPYntlT1Oy3236tW8GdAy8QtShQKNvvvViyRJYyoM4Vjrru8lJsiwMoxwOi33Uk0TTMZ4SLuWChxTHWSz4FN0YpUIDaSyRxg0U39vZDjWeTY7GWMz0oteLv7ndVMzuAoyJpLUUEHmDw1SjoxEeQsoYooSwyeWYKKYzYrICCtMjO0qL8Ff/PIyaZ3V/POad3dRrV8XdZTgCI7hFHy4hDrcQgOaQCCFZ3iFN+fJeXHenY/56IpT7BzCHzifPwMuk0c=</latexit>

p(y|x)
<latexit sha1_base64="bJo+0U6EvP+XBvCn65GwURolgJI=">AAAB/XicbVA7T8MwGHR4lvIKj43FokIqS5UAErBVYmEsEn1IbVQ5jtNadezIdhAhVPwVFgYQYuV/sPFvcNoM0HKS5dPd98nn82NGlXacb2thcWl5ZbW0Vl7f2Nzatnd2W0okEpMmFkzIjo8UYZSTpqaakU4sCYp8Rtr+6Cr323dEKir4rU5j4kVowGlIMdJG6tv7cTV97PmCBSqNzJXdj4/Lfbvi1JwJ4DxxC1IBBRp9+6sXCJxEhGvMkFJd14m1lyGpKWZkXO4lisQIj9CAdA3lKCLKyybpx/DIKAEMhTSHazhRf29kKFJ5ODMZIT1Us14u/ud1Ex1eeBnlcaIJx9OHwoRBLWBeBQyoJFiz1BCEJTVZIR4iibA2heUluLNfnietk5p7WnNuzir1y6KOEjgAh6AKXHAO6uAaNEATYPAAnsEreLOerBfr3fqYji5Yxc4e+APr8wd195Uv</latexit>

r log p✓(y|x)
<latexit sha1_base64="m1TUBRLsTO87CZPgomikPWail28=">AAACHXicbVBNSwMxEM3Wr1q/qh69BIugl7Krgh5FLx4rWBW6pcymaRvMJksyK5a1f8SLf8WLB0U8eBH/jdnaQ219EPJ4b4aZeVEihUXf//YKM7Nz8wvFxdLS8srqWnl948rq1DBeZ1pqcxOB5VIoXkeBkt8khkMcSX4d3Z7l/vUdN1ZodYn9hDdj6CrREQzQSa3yYaggkhBK3aVJKwsjLdu2H7svxB5HGOz2H8ZVej/YK7XKFb/qD0GnSTAiFTJCrVX+DNuapTFXyCRY2wj8BJsZGBRM8kEpTC1PgN1ClzccVRBz28yG1w3ojlPatKONewrpUB3vyCC2+XKuMgbs2UkvF//zGil2jpuZUEmKXLHfQZ1UUtQ0j4q2heEMZd8RYEa4XSnrgQGGLtA8hGDy5GlytV8NDqr+xWHl5HQUR5FskW2ySwJyRE7IOamROmHkkTyTV/LmPXkv3rv38Vta8EY9m+QPvK8f90WjDA==</latexit>

(at least for a small DNN)

F�1
` ⇡ (G` ⌦A`)

�1 = G�1
` ⌦A�1

`
<latexit sha1_base64="aTsHk+gKFAQTrxG/F/wOQn/2o/s="></latexit>

K-FAC (J. Martens+, 2015) accelerates NGD
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Summary | Large-Scale Distributed Deep Learning
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Large mini-batch training is essential
• The goal of large-scale distributed deep learning is accelerating training by using many 

GPUs at the same time.
• Larger mini-batch allows us to utilize more GPUs and to converges in fewer iterations.

But, large mini-batch training is difficult …
• SGD with large mini-batch (> 8K) suffers from the generalization gap (P. Goyal+, 2018).
• Previous approaches tried to solve this problem by ad-hoc modification of SGD.
• K-FAC with large mini-batch (<= 2K)  was said to be able to generalize well (J. Ba+, 2017), 

but the comparison to SGD wasn’t done with well-trained models.
• No one has shown the clear advantage of K-FAC over SGD since K-FAC requires extra 

(heavy) computation/communication that need to be distributed among many GPUs.

K-FAC can handle extremely large mini-batch (Our Contribution)
• We implemented Distributed K-FAC which allowed us to scale K-FAC up to 1024 GPUs.
• We trained ResNet-50 on ImageNet with extremely large mini-batch size (131K).
• We show the advantage of K-FAC over SGD for large mini-batch for the first time.

Benchmark | Training ResNet-50 on ImageNet in 978 iterations / 10 minutes with K-FAC

https://github.com/tyohei/chainerkfac

https://github.com/tyohei/chainerkfac

