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Mostly on the landscapeMostly on the landscape
 

1. Shape of the landscape 
2. Dynamics on the landscape
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Loss function fixes the landscapeLoss function fixes the landscape

1. Take an iid dataset and split into two parts 
2. Form the loss using only 

3. Find: 
4. ...and hope that it will work on 

D   & D  train test

D  train

L  (θ) =train   ℓ(y, f(θ;x))
∣D  ∣train

1

(x,y)∈D  train

∑
θ =∗ arg minL  (θ)train

D  test
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 number of parameters 
 number of examples in the training set  

N : θ ∈ RN

P : ∣D  ∣train
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Observation 1Observation 1
GD vs SGDGD vs SGD
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Moving on the fixed landscapeMoving on the fixed landscape

1. Take an iid dataset and split into two parts 
2. Form the loss using only 
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4. ...and hope that it will work on 
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“Stochastic gradient learning in neural networks”
Léon Bottou, 1991

GD is bad use SGDGD is bad use SGD
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Bourrely, 1988

GD is bad use SGDGD is bad use SGD
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Fully connected network on MNIST: KN ∼ 450

GD is the same as SGDGD is the same as SGD

9



Bourrely, 1988

Different regimes depending on Different regimes depending on NN
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Fully connected network on MNIST: KN ∼ 450

GD is the same as SGDGD is the same as SGD

Average number of mistakes: SGD 174, GD 194 
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Recent theoretical resultsRecent theoretical results

Is it really the case that in the large  limit, GD  SGD? N =
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Recent theoretical resultsRecent theoretical results

    Mean Field approach to 1 hidden layer NNs:

Mei, Montanari, Nguyen 2018 
Sirignano, Spiliopoulos 2018
Rotskoff, Vanden-Eijnden 2018
Chizat, Bach 2018

Is it really the case that in the large  limit, GD  SGD? N =
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Recent theoretical resultsRecent theoretical results

Is it really the case that in the large  limit, GD  SGD? N =

"when initialized correctly and in the many-particle limit
the gradient flow converges to global minimizers"

    Mean Field approach to 1 hidden layer NNs:

Mei, Montanari, Nguyen 2018 
Sirignano, Spiliopoulos 2018
Rotskoff, Vanden-Eijnden 2018
Chizat, Bach 2018
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Regime where SGD is really special?Regime where SGD is really special?

Where common wisdom may be true (Keskar et. al. 2016): 
 Similar training error, but gap in the test error.→

fully connected, TIMIT MN = 1.2 conv-net, CIFAR10 MN = 1.7
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Jastrzębski et. al. 2018
Goyal et. al. 2018
Shallue and Lee et. al. 2018
McCandlish et. al. 2018
Smith et. al. 2018

The 'generalization gap' can be filledThe 'generalization gap' can be filled
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Jastrzębski et. al. 2018
Goyal et. al. 2018
Shallue and Lee et. al. 2018
McCandlish et. al. 2018
Smith et. al. 2018

The 'generalization gap' can be filledThe 'generalization gap' can be filled

But the noise is not Gaussian!
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The 'generalization gap' can be filledThe 'generalization gap' can be filled

But the noise is not Gaussian!

Simsekli, Sagun, Gurbuzbalaban 2019
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Large batch allows parallel trainingLarge batch allows parallel training
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Large batch allows parallel trainingLarge batch allows parallel training
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Large batch allows parallel trainingLarge batch allows parallel training
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Large batch allows parallel trainingLarge batch allows parallel training
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Observation 2Observation 2
A look at the bottom of the lossA look at the bottom of the loss
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Different kinds of minimaDifferent kinds of minima

Continuing with Keskar et al (2016): LB  sharp, SB  wide...
Also see Jastrzębski et. al. (2018), Chaudhari et. al. (2016)...
Older considerations Pardalos et. al. (1993)
Sharpness depends on parametrization: Dinh et. al. (2017)

→ →
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A look through the local curvatureA look through the local curvature

Eigenvalues of the Hessian at the beginning and at the end 
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A look through the local curvatureA look through the local curvature

Eigenvalues of the Hessian at the beginning and at the end 
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A look through the local curvatureA look through the local curvature

Increasing the batch-size leads to larger outlier eigenvalues:

 the width is sensitive to a very small space only
 small chance for barriers in such a flat landscape

→

→
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Gradients live in the top eigenspace Gradients live in the top eigenspace 

, ,  2018Gur-Ari Roberts Dyer

Accuracy 

Loss

Overlap

Attempt to understand this analytically: Vladimir Kirilin
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https://arxiv.org/search/cs?searchtype=author&query=Gur-Ari%2C+G
https://arxiv.org/search/cs?searchtype=author&query=Roberts%2C+D+A
https://arxiv.org/search/cs?searchtype=author&query=Dyer%2C+E


More on the lack of barriersMore on the lack of barriers
1. Freeman and Bruna 2017: barriers of order 
2. Baity-Jesi et. al. 2018: no barrier crossing in SGD dynamics
3. Xing et. al. 2018: no barrier crossing in SGD dynamics
4. Garipov et. al. 2018: no barriers between solutions
5. Draxler et. al. 2018: no barriers between solutions

1/N
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A toy modelA toy model
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Lessons from observationsLessons from observations

Observation 1: captures wide/sharp discussion
Observation 2: captures flatness

f(θ) = θ2 f(θ  , θ  ) =1 2 (θ  θ  )1 2
2
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Defining over-parametrizationDefining over-parametrization
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1. For large  the dynamics don't get stuck 
 When is the training landscape nice? 

 
2. Often , yet it doesn't it overfit 

 Relationship of the landscape with generalization?

N

→

N >> P

→

Puzzles with partial answersPuzzles with partial answers

 number of parameters 
 number of examples in the training set  

N : θ ∈ RN

P : ∣D  ∣train
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 number of parameters 
 number of examples in the training set  

 critical number of parameters that fits 

N : θ ∈ RN

P : ∣D  ∣train

N :∗ D  train

Sharp transition to OP in NNsSharp transition to OP in NNs

up
pe
r b
ou
nd

jamm
ing lin

e

N ∗
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Sharp transition to OP in NNsSharp transition to OP in NNs
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N ∗
N = 2P

L  >train 0

L  =train 0
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Sharp transition to OP in NNsSharp transition to OP in NNs
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Jamming is linked to GeneralizationJamming is linked to Generalization
Te

st
 E

rr
or

 

N N/N ∗
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Jamming is linked to GeneralizationJamming is linked to Generalization

Belkin et. al. December 31, 2018
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Jamming is linked to GeneralizationJamming is linked to Generalization

Behnam Neyshabur's slide - also see Neyshabur et. al. 2018 
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Ensembling improves generalizationEnsembling improves generalization

Te
st

 E
rr

or
 

N

Key is reducing fluctuations
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Open Questions (with partial answers)Open Questions (with partial answers)

What controls the dynamics of SGD? 
 
How is it linked to generalization? 
 
Is the problem essentially convex? 
 
What's the role of the algorithm? 
 
What's the role of priors on performance? 
 
Is ensembling after jamming the best one can get?
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Thank You!Thank You!
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