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#% % 12 24 (Hebbian Theory)
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Competitive cftebbian fearning
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S roblem Statement

P umodeldri@ * model:% K7 F ~ model compression
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Knowledge aDiAtillation.
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What is "cfemperatuze” for?
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‘Kn.owleclge opibtillation.
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Connection to cftebbian afea’cning
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Connection to cftebbian afea’cning

Layer I-1 Layerl i1 = i1y 4t = {v'}
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Connection to cftebbian afea’cning

Since M = 0 when o # j, we get
B(y_,) ,  O(ReLU (out}))

_9(5)?) _ _
gtJ (GB) o 691,3 o 2 * y * 00, 8933 o 2 * yj 39153
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Connection to cftebbian afea’cning

2. in the other case, ReLU (out}) = 0 and (ReLU)’ = 0, s0
gij(x) =0
At the same time,
ReLU(out;) =0= y;f = Oand 2 *y; *yi_l =0

Hence
gij(z) = 2%y, xy;, ' =0
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Contribution

MAS estimates importance weights for all the network parameters
in an unsupervised and online manner, allowing adaptation to
unlabeled data.

They show how a local variant of MAS is linked to the Hebbian
learning scheme.
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(a) Original Model
[ random initialize + train
= (old task 1) ] fine-tune
(test hnage)ﬁ@»,., : ] unchanged
- (old task m)
0, 6,

_+ Bl &_AlexNet » 05 % % 5 & ericonvolutional layers + {4 2 & full
connected layers ; # 3 — & & _{rclass4p i sroutput layer » 14 6, % 71 ¢
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(b) Fine-tuning IR .
. . random initialize + train
Input: Target: | fine-tune
| unchanged
new task
image
new task
ground truth

Osfrbo grit 7 it » H 7 6o FF o & * low learning rate§ ¥ On o ¥
— FEF w A gs O ¥ oM Sk S BF T ®F fooverfitting > @ ficdd A7 3 full
connected layerssF3%-#c » & < f ' 7 % % Finetune-FC -
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d eature afxt’caction.

(c) Feature Extraction

Target: [ random initialize + train
| fine-tune
| unchanged

Input:
new task
image
new task
ground truth
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goint d’ zaining

(d) Joint Training
Input: Target:
—-

1d tasks’
_ . ° ZS ° h E random initialize + train
image for * ground trut | fine-tune
each task - ] unchanged

new task

ground truth
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atea’cning without cf otgetting

(e) Learning without Forgetting

Input: Target:
" model (a)’s
response for ] random initialize + train
n?:w task old tasks | fine-tune
Image | unchanged
new task
ground truth

i * &F 7 regularizationSGD 3" & network
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afobb dfunction

Loss 1 : — 4k 4-¥tnew taske 284 7 &
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Jwdf dtlgorithm

LEARNINGWITHOUTFORGETTING:
Start with:
0s: shared parameters
0,: task specific parameters for each old task
X,, Y, training data and ground truth on the new task
Initialize:
Y, + CNN(X,, 05, 0,) // compute output of old tasks for new data
6, < RANDINIT(|0,.|) // randomly initialize new parameters
Train:
Define Y, = CNN(X,,, 0., 0,) // old task output
Define Y,, = CNN(X,,, 6., 6,,) // new task outout

9:: 93: 9:1. — &l‘gmiﬂ ()\oﬁold(YG; ?o) + fwﬂew(Yn; i}n) + R(és, éo; én))

05,00.0n

fé * fr - i dataset¥tnew taski& (7 £ F N F ¢ - old taski {7 2
¥ A B 3T 02 hnew/old task® £ IR 24 (6~ 6,~ 0,,)
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S coblem

Incremental learning methods have been proposed to retain the knowle
acquired from the old classes, by using knowledge distilling and keeping a
exemplars from the old classes.

However, these methods struggle to scale up to a large number of classes.
(1) The data imbalance between the old and new classes

(2) The increasing number of visually similar classes
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The last fully connected (FC) layer is biased as the weights that are not sh
across classes. (& % 3 9| ik 42.new classes)

1

20 0.8

= B % ¢ incremental learning
? 06 methods® ¥+d 80i@ RN
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aBiﬁ (bias coxrzection) cflethod

Stage 1 . Stage 2

n— conv layers FC layer » bias correction — logits

: train,,.,, ) @newdass
s

DATA ' :

exemplars

The data, including exemplars from the old classes and samples from the new
classes, are split into a training set for the first stage and a validation set for the
second stage.

The bias correction layer is learned at the second stage, after learning the
convolution layers and FC layer at the first stage.

Note that valoid and val,e. are balanced.




Stage 7

Old model
xo Ceature FC s "0 =[0,,05,...,0,]
extraction n classes e
EDistiIling Loss
New model
X 0" "M (x) = [04,05, ., 00, 0y 1y oers O]
Cross Entropy Loss

the samples of the new classes : X™ ={(zi,%:),1 <i< M,y; € [n+1,..,n+m]}

M s the number of new samples, Zi and Yi are the image and the label,
respectively.

The selected exemplars from the old n classes : X™ = {(£j,95),1 < j < Ns,9; €

[1,...n]}, where Ns is the number of selected old images (Ns/n < M/m




Stage 7

the output logits of the old classifiers : 6™ (z) = [01(x), ..., 0n ()]

the output logits of the new classifiers :

0" (&) = [01(2), s 00 (@), Ont1 (), .
Distilling loss: _
Ld = 7 T ﬂ'k lf)g[?rk ]
reXnuxm k=1 T ;I-tfﬁ/ﬁ)i
) Bﬁk(:r)/T Bﬂk(I)/T
Ti(z) = m(z) =

n o5, (@)/T "m0y (@)/T
Ej_l Zj_l

Total loss: L = ALy + (1 — )t Classifiacation error

. T
The scalar Ais setto ;;0—,;, where n and m are the number of old and ne
classes.




8tage 2

Keep the output logits for the old classes (1, ..., n) and apply a linear
to correct the bias on the output logits for the new classes (n+ 1, . . .,

as follows {Uk l<k<n
gk =

aop+08 n+l1<k<n+m

where @ and 3 are the bias parameters on the new classes and 0y is the
output logits for the k-th class.

When optimizing the bias parameters, the convolution and FC layers are
frozen. The classification loss (softmax with cross entropy) is used to optimi

the bias parameters as follows n+m
Ly =— Z 0y—k log[softmax(qy)]
k=1



Results
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Variations cls loss | distilling loss | bias removal | FC retrain 20 40 60 80 100

baseline-1 v 84.40 | 68.30 | 55.10 | 48.52 | 39.83
baseline-2 v v 85.05 | 72.22 | 59.41 | 50.43 | 40.34
BiC(Ours) v v v 84.00 | 74.69 | 67.93 | 61.25 | 56.69
upper bound v v v 84.39 | 76.15 | 69.51 | 64.03 | 60.93
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Explanation of NG stabilization and adaptation.
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