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Introduction

— Why is training CNNs hard?

— Vanishing gradients

— Common strategies to improve training

« Data-Dependent Initialization of CNNs
— Within-Layer normalization
— Between-Layer normalization
— Unsupervised pre-initialization

* EXxperiments

 Summary
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Introduction: Why is training CNNs hard?

FREIBURG
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>+ « | arge number of parameters
— High computational demand 60M !
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— (Poor) local optima VLTI
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|
— Vanishing / Exploding Gradients MAX POOLING
LOCAL CONTRAST NORM
307K CONV
. |
* Requires large amounts of MAX POOLING
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ala 35K CONV

http://www.cs.toronto.edu/~ranzato/publications/ranzato_cvprl3.pdf
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Introduction: Vanishing (Exploding) Gradients

 Influence of lower-level weights can decline (grow)
exponentially.
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Introduction: Change Rate of Weights

« Recall: Stochastic gradient descent
aﬁ(zN)
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Wi(i,7) = Wi(i,5) —n - We(i. 7)

= AWy (1,7) == —n - 8?/16/22(17?:;)

* Change rate determined by:
— Global learning rate 7)

— Architecture of the CNN
— Initialization (Current weights)

— Data distribution

Torsten Koller




Introduction: Common Approaches
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* Improvements based on
— Global learning rate 7):

m) [ earning rate schedules [

— Architecture of the CNN:

mm) Activation functions [, depth of architecture,
etc.

— Initialization:

m) (Un-)supervised pre-training 131, (proper) random
initialization 71, structured initialization 4, etc.

— Data distribution:
=) patch normalization 8. etc.
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Data-dependent Initializations of CNNs

£ « Goal: Speeding up CNN training via proper random
Initialization

BURG

* Desirable properties :
— Applicability to arbitrary feed-forward networks

2k = fr(2k—1,0k), 20~ D

— Unsupervised
— Data-efficient
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Data-dependent Initializations of CNNs

UNI
FREIBURG

« Change rate is a random variable

.o SI(F(zp)) N D: Distribution of data
AWk (Z’]) X Wi (2,5) <0 D F': network function

A~ 2 == ] -
C? = Ch.ig ldea: Initialize & normalize

b2 =c ki g

kyi,9

“ Enforce same learning rate
for each weight *
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Model assumptions

 ldea: simplify & approximate

O,E,i,szzowpsz—l(j) | azf(z‘)f(zN))Q}
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Model assumptions

 ldea: simplify & approximate
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“Average out”
Dependency! 9¢(zn)

N 04(z
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1 ~ 1
~ D Ciij= E.onn [r—10)?] - [lu simplification
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Model assumptions

« Making the procedure unsupervised:
— Assumption:
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l(zn) =n"2n, 1~ N(,I)
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Model assumptions
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« Change In objective: Fﬁjﬂ
4 N o N
Crid )
SN ~/ o _/
Constant change rate Constant change rate
per weight ( C7 . ;= cp) per column( Clg,j = ¢z )

« Advantage: (approximate) Independence

. _ 1
Cl%,j ::\EZOND [Z’f—l(.])ﬂ) | N”Wk”%EZOND [Hkag}
\
f
= Column-wise const. « Layer-wise const.

)
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* Obtain two-step normalization:

(pre-) initialization
Within-Layer Between-Layer
Normalization Normalization

Enforce constant > Rescale per-layer
learning rate ¢ for learning-rate to
each layer k obtain global
consistency
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Method: Within-Layer Normalization
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» Estimating and normalizing E.,p [zx—1(j)*] Vk

D 2o~ D

et

Affine Layer 1
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Method: Within-Layer Normalization
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» Estimating and normalizing E.,p [zx—1(j)*] Vk

A

D 20~ D f1(2),01(7)

el

Affine Layer 1

Estimate

A

[k (7')9 Ok (7’)

for all channels i
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D 2o~ D

et

Affine Layer 1

A

fi1(2),01(7)
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Method: Within-Layer Normalization
» Estimating and normalizing E.,p [zx—1(j)*] Vk

Rescale

Wk(i, :) — Wk(i, )/5A(Z)

bi(i) < B — fu(2)/6k(7)
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Method: Within-Layer Normalization
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» Estimating and normalizing E.,p [zx—1(j)*] Vk

D zo~ D ﬂl (7’)7 Y (7’)

‘-» -»‘1»

Affine Layer 1

Affine Layer 2
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Affine Layer 1
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Method: Within-Layer Normalization
» Estimating and normalizing E.,.p [zx—1(j)"]

/l2 (Z)v 02 (7/

Affine Layer 2

VE

Estimate
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for all channels i
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Method: Within-Layer Normalization
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« Estimating and normalizing E.. .p [zk_l(j)z} vk
20~ D fir(2),61(7) fra (7

(68

Affine Layer 1
Affine Layer 2

Rescale

: Wi (i, :) < Wi(i,:) /6% (3)
; bi (i) < B — (i) /5k(3)
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Method: How about non-affine Layers?
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* Q: How do we rescale non-linear layers?

« Assumptions:
— Same operation on each channel
— Operations on different channels are independent
— Not parametrized

Non-affine Layer
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* Obtain two-step normalization:

(pre-) initialization
Within-Layer Between-Layer
Normalization Normalization

Enforce constant > Rescale per-layer
learning rate cg for learning-rate to obtain
each layer k global consistency
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Method: Between-Layer Normalization
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* |dea:

1. Rescale change rate of layer k

2. Undo rescaling in layer k+1

=) Same network output, different gradients (*homework™)
* Problem: Changes learning rate of other layers

 Solution: Iterative method

Algorithm 2 Between-layer normalization.

Draw samples zop € D C D
repeat

Compute the ratio Cj, = £ [ék, j}

Compute the average ratio C' = (][, C;g)l/ N
/2

Compute a scale correction r = (é / ék) with a damping factor o < 1
Correct the weights and biases of layer k: by < 730k, Wi < e Wi
Undo the scaling ;. in the layer above

until Convergence (roughly 10 iterations)
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Method: Pre-Initialization

UNI
FREIBURG

« Until now:
— Pre-initialize zero-mean gaussian weights
— Within-Layer normalization
— Between-Layer normalization

« Variants of Pre-Initialization:
1. PCA on convolutional layers
- output feature maps are white & decorrelated

2. Spherical k-meansl!!! on convolutional layers
- outputs correspond to centroids of spherical k-means
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O .
4 Experiments
m
2 .
5% o Architecture: CaffeNet!10l
Input Layer 1 ) 2 0
ayer utput
" Layer 3 Layer 4 Layer 5
3Q ********* - 39 |—> v :D
3 1000
2 1% e N A09GH | | 4096
3
Barbenko etal.,
Neural Codes for Image Retrieval
B Input Max-pooling
W Conv/FC Relu
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Dataset: PASCAL VOC 2007

— 5011 training images

— 4952 test images

— 4 Top-Classes (Person, Animal, Venhicle, Indoor)
— 20 Subclasses
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http://host.robots.ox.ac.uk/pascal/VOC/voc2007/

 Tasks

1. Image classification: presence or absence of classes
« SGD for 80.000 Iterations, momentum 0.9, batchsize 10
« Learning rate: 0.001 ( times 0.5 every 10.000 iterations)

UNI
FREIBURG

1. Object Detection: classification and localization
(bounding box) —
+ Fast R-CNNEfor 150.000 iterations i

« Learning rate: (0.01/0.002/0.001)
dropped by (times 0.1 every
50.000

http://host.robots.ox.ac.uk/pascal/VOC/voc2007/
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« Experiment 1. Do we get a constant change rate?

— 160 Images for Data-dependent initialization
— 100 “test™-images to approximate change-rate statistics

O
-4
-]
-2
zI.IJ
=)
— Evaluation on CaffeNet
after initialization
103 -
o —— (Gaussian - = = Gaussian (caffe) | ]
8 U LTI Gaussian (ours) —— ImageNet
= Y === K-Means seses K-Means (ours)
3102 -
=

fco
fc7
fc8

(a) average change rate
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coefficient of variation
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(b) coefficient of variation

Kraehenbuehl et al., Data-dependent Initialization of CNNs
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4 Experiments
m
r 4~ . .« g .
% « Experiment 2: Classification

— Scaling vs. no scaling

— Within-layer vs. between-layer vs. both

— Gaussian vs k-means pre-initialization

— Four types of optimization methods

SGD SGD + BN ADAM ADAM + BN

Scaling Gaus. k-mns. Gaus. k-mns. Gaus. k-mns. Gaus. k-mns.
no scaling 50.8% 412% 51.6% 49.4% 509% 52.0% 55.7% 53.8%
Within-layer (Ours) 47.6% 41.2% - - - - 53.2% 53.1%
Between-layer (Ours) 52.7%  55.7% - - - - 54.5% 57.2%
Both (Ours) 53.3% 56.6% 56.6% 60.0% 53.1% 569% 56.9% 59.8%

Kraehenbuehl et al., Data-dependent Initialization of CNNs
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5¢ « Experiment 3: Classification + Detection
— Five different types of pre-training

1. Egomotion: motion between two images

2. Motion: relative motion of objects

3. Unsupervised: relative arrangement of image patches

4. K-means

5. 1000 class labels: Pre-trained model on imagenet
Method Supervision Pretraining time  Classification Detection
Agrawal et al. (2015) egomotion 10 hours 52.9% 41.8%
Wang & (yupt 2 (2015) motion 1 week 58.4% 44.0%
Doersch et al. (2015) unsupervised 4 weeks 55.3% 46.6 %
Krizhevsky et al. (2012) 1000 class labels 3 days 78.2% 56.8%
Ours (k-means) initialization 54 seconds 56.6% 45.6%
Ours + Agrawal et al. (2015) egomotion 10 hours 54.2% 43.9%
Ours + Wang & Gupta (2015) motion 1 week 58.1% 44.0%
Ours + Doersch et al. (2015) unsupervised 4 weeks 65.3% 51.1%

Kraehenbuehl et al., Data-dependent Initialization of CNNs
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« Experiment 4. ImageNet Nearest Neighbors
— Find nearest neighbors in layer fc-7

UNI
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Input

Ours
(Kmeans)

AlexNet

Kraehenbuehl et al., Data-dependent Initialization of CNNs
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Kraehenbuehl et al., Data-dependent Initialization of CNNs

31

Torsten Koller



UNI
FREIBURG

(pre-) initialization
Within-Layer Between-Layer
Normalization Normalization

Enforce constant > Rescale per-layer
learning rate ¢ for learning-rate to obtain
each layer k global consistency
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* Presented approach:
— Widely applicable to various feed-forward architectures
— Unsupervised
— Data-efficient and fast
— Can be used on top of other pre-training methods
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« Limitations
— Relies on several assumptions
— Not generally applicable to non-feed-forward networks
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Thank you!

Q&A
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