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Motivation: gradient structures of feed-
foward networks are distinguishable

Feed-forward networks:

- 0

DAG with activation functions

ordered disjoint layers

usually continuously differentiable

trainable via backpropagation

highly nonconvex

there are cases where the

local minimums are close to global
[Choromanska et al., 2015]
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Gradient graph:
Nodes: parameters
Edges: dependencies

Sparsity?
Example: Multtlayer perceptron

with 256-128-64-32-10 neurons
for CIFAR10



Mot 1ovatir-on: lcow degr e«

LIN, H. W., AND TEGMARK, M. Why does deep and cheap
learning work so well? Journal of Statistical Physics, 2017
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Motivation: promising results over
normalized gradients

Drop prediction in LTE data connection, transfer learning between eNodeBs
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Session based recommender via conditional Fisher information normalized gradient embedding
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Manifolds or point clouds In machine
learning ?
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Example: linear separator in 2D with binary
labels

It looks Interesting :)

Wh at about Neur al Net wor |l

L, What kind of surface iIs that?

Spoller: differentiable manifold




Manift ol ds

Manifolds are in a way surfaces

-~ Objects with n degree of freedom®:
The dimension of a manifold is the number of free (independent)
parameters to specify a point on the manifold (not equal to the
embedded dimension!).

Examples:

1. Curves embedded into 3D, x,y,z = f(t),g(t),h(t) for some
continuous functions f,g,h

2. Surface of unit ball in Ris a 2-dimensional manifold (unit sphere
IN n-dim: given a starting point the parametrization in the
neighbourhood of the point is only fi. dimensional)

3. Solid ball in R is a 3-dimensional manifold



Topological manifold
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Manifolds or point clouds?

Data Loss Hyperparameter surface
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usually Diff. Mmanifold!
feed-forward NN Is
[Ollivier et al, 2015,
Choromanska et al., 2015]
usually Not topol og$aUsHGER MAYIES f o d | .
Campbell, 1986, Amari, 1996

usually a set of topological
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| manifold!

Regul ar

Augmentation [Khrizhevsky et al., 2012]?
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Hyperparameter surface
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usually Not topological manifold!

Augmentation
[Khrizhevsky et al., 2012]

usually Diff. manifold!

Regularization
and Dropout [Hinton et al., 2012

Manifolds or point clouds?
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Manifolds or point clouds?
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What metric? How to find paths on the

surface?
ST mpl est soluta on: firrst order GD
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What metric?

A Previously determined metric Presumption of GradNet [1]: let the loss (f) be a parametric
cdf so that
+ second order gradients?
+ Hessian metric-> pos. def.? :( + the Hessian hg(x) = Hy(f(x;60)) exists:
- 0 f (;6)
+ exponential maps +J 00,00

+ geodesic convexity there is a RM where g Is ajuastarithmetic mearn
[Wensing et al., 2018, Sra et al., 2018] G = gx(he(x))

|+

I+

and the kernel (Hessian kernel, inverse)
Ko(xi,2j) = Vo f(xi;0) Gy 'Vof(x;;0)

satisfies the Mercer's conditions

+ In case of loglikelihood
+Fisher information and natural gradient:
[Amari, 1996, Pascanu et al. 2014]

F(0) := E(Vglog P(X|0)Velog P(X|0)")

I+

dot product approximation:
he(z) = Vo f(x;0)" Vof(z;0)

1] Dar - czy, B., Al eksziev, R. , BenczfYrr,waA.d Speaurrsael Hieestsw oarnk sma, niufnodledrs souvbenri sfsel eodn
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What metric?

ﬁ)rmalized

gradient vector
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What metric?

Sparsification of the gradients: \

A PrevioL ierarchical nature of feed-forward networks ) S S
Percenti l e rank per | ayeré on GPU? CuPyl for
+ sec ALeave only a fraction of the gradient vectors per layer -
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Sparsification of the metric:

ABIock nature (with proper activations) of Hessian over feed-forward networks ->
Important blocks

Adot product approximation and sparsification -> per sample the Hessian is highly
sparse

~

Afinite approximation via validation set and highly sparse Hessians -> fraction of the

metric we need to care about
Ainverse?

Hypothesis: the important blocks can be well approximated with low dimensional latent

f a c t o>nula-layer perceptron per layer
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Ok, what are the partial gradients of the
loss of unknown labeled sample?

Gradient based on fixed target | GadentbasedonGT loss
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Gradient representation:
what Is the loss for a test sample?
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adNet: |ents witlk Taalellz \

with 120k parameters on CIFAR and MNIST
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