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Background

Pseudo-task regularization
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Introduction
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Problem statement
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Key idea

» Randomised Regression= Pseudo-task Regularization &
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Method

An overview of the proposed Pseudo-task Regularization(PtR)
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Method

Pseudo-task Regularization

Algorithm 1: Training with Pseudo-task Regular-
ization

Source: a) Off-the-shelf net; b) Labeled data in

target domain

Procedure:
for iteration (batch) i do

Compute cross-entropy loss g
it L far from minimum then

end

Back propagate LY only;

else

end

First, perform the following calculations: , _ )
(i) - L Freq(rep®, )

1. Lp;p, : the pseudo-regression task loss, & ptr = Jreg\TcP" 7,

w.r.t. the regression target ¢(*) generated

on-line; .

2. G and G\, : the gradient norms of

LY and LY, wrt. rep®. rep(® stands for

the image representations of the batch;

(i

3. G, ‘) and G the average of G'” and
ACE PtR =]
G (,53 r over the batch;
. a® .
4. Weight w: w = =7 for a target ratio
R “pir-R

Then, back propagate LY +w- ng R
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Experiment

Datasets
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Results

Pseudo-task Regularization (PtR), vanilla fine-tuning 2. 2 &= &= H| 1

VGG-16= Baseline 2B £ A2t
Regularization Gain : Pseudo-task Regularization (PtR) & 2 AtEE [, & 7HX| 2|7 2t sML1} 128 AFE B %
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Error Rate Reduction : SML1, L2 = 2t 7|HE A8 22M HO{T @ 780 ZAF LIEHH
Baseline Regularization Gain Error Rate Reduction
SMLI L2 SML1 L2

Flower102 83.92% (0.36)  2.38% (0.32)  2.61% (0.42) 14.80% 16.23%
CUB200 75.07% (0.26)  3.05% (0.39)  2.84% (0.37)  12.23% 11.39%

MIT67 71.55% (0.38)  1.42% (0.58)  1.39% (0.40)  4.99% 4.89%
Stanford40 76.99% (0.19)  2.50% (0.09)  2.21% (0.16)  10.86% 9.60%
WebFace500  77.54% (0.52)  0.95% (0.56)  0.83% (0.47)  4.23% 3.70%|
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Results

JointTrain: 0 & % & %*I st

Pair-wise Confusion (PC):

Feature Norm Penalty (FNP) feature normOj penaltyg

A2

CUB200 dataset 21 H| 1

Method Baseline  Acc. Gain
JointTrain (VGG-16) 72.1 74.6 2.5
LwF (VGG-16) 72.1 72.3 0.2
PC(VGG-16) 73.3 76.5 3.2
PtR (VGG-16) 75.1 78.1 3.0
PC (ResNet-50) 78.2 80.3 2.1
FNP (ResNet-50) 80.3 80.6 0.3
PtR (ResNet-50) 80.3 81.9 1.6
PtR (ResNet-50, w/o WD) 81.0 82.0 1.0

ul (CUB200

, Hower102 dataset)

Flower102 dataset 21} H| 11

Method Baseline  Acc. Gain
JointTrain (VGG-16) 72.1 74.6 2.5
LwF (VGG-16) 72.1 72.3 0.2
PC(VGG-16) 73.3 76.5 3.2
PtR (VGG-16) 75.1 78.1 3.0
PC (ResNet-50) 78.2 80.3 2.1
FNP (ResNet-50) 80.3 80.6 0.3
PtR (ResNet-50) 80.3 81.9 1.6
PtR (ResNet-50, w/o WD) 81.0 82.0 1.0




Results

CHE 2Rt |8

Borrowing Treasures from the Wealthy (BTfwW) : 2 H|O|EHAlIC] HEE
Inductive Bias (Ind.Bias) : 2 & 0| EtotE EoFF&= 7HFO|L| K|

S1HE= M5 H| W (MIT67, Caltech256 dataset)

MIT67 dataset 21 H| 1

Method Baseline Acc. Gain
JointTrain (VGG-16) 74 75.5 1.5
LwF (VGG-16) 74 74.7 0.7
PtR (VGG-16) 71.6 73.0 1.4
BTfW (ResNet-152) 81.7 82.8 1.1
Ind.Bias (ResNet-101) 77.5 78 0.5
FNP (ResNet-50) 77.4 78.0 0.6
PtR (ResNet-50) 77.4 77.9 0.5
PtR (ResNet-101) 78.7(778.°7)  79.2(79.2)  0.5(0.5)
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Caltech256 dataset 21t H| !

Caltech256-30

Caltech256-60

Method Bsin. Acc. Gain Bsln.  Acc.  Gain
BTfW 81.2 83.8 2.6 86.4 89.1 2.7
Ind.Bias 81.5 83.5 2.0 85.3 86.4 1.1
FNP 84.0 83.8 -0.2 86.8 86.9 0.1
PtR 84.0 84.5 0.5 86.8 87.2 0.4
PtR,w/o WD 84.0 84.5 0.5 86.9 87.2 0.3




Results

Sample from the validation set of CUB200 that PtR correctly rectified mis-dassification caused inthe

vanilla fine-tuning

Input: 171.Myrtle_Warbler

Predictions
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Conclusions

Condusions
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