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Dataset # _images # persons # imelge:s /person
CACD 56,138 500 79~306
CASIA-WebFace-Sub 181,901 925 100~804
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Fig. 2. lllustration of our proposed cost-effective framework. The pipeline includes stages of CNN and model
initialization; classifier updating; high-confidence sample labeling by the SPL, low-confidence sample annotating by
AL and CNN fine-tuning, where the arrows represent the workflow. The images highlighted by blue in the left panel
represent the initially selected samples.



Initialization
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Classifier updating
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CNN fine—tuning

High-confidence sample pseudo-
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I. SENESE

BRBMIEHENKR S, HETRE
SVM) RGN HEARETT

yi=V e(-1,10m,,

JHmMA, BIFEEMI23EE (OVA

TR RINEESE D = (x)i=, < RY, NNMIRIEA

y 2

ﬁZle i 'ZEE\E :Fﬁ

S SRHYFRIC

T

SVMIsE S czwu (w0

1 ;
> 5wl +

min
fw,hﬁv,ygE{—l,l}m ,iiﬂl} .

) x‘!,'.lyﬂ )

(2)

+ f (v ( J};}‘j)

st. vewr

ALgsypgked  SF LHIRARUE

v = {[t}

{J) G} 11,?{_5}]’1“};-?1

)

j—, denotes the weight vari-

ables reﬂectmg the training samples” importance,



I. SENESE

ASPL
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Without considering the learning objective, we can see that v1 tends to be
learned earlier than v2 and v3. This is because if we uniformly sample
sufficient points in the feasible region of the coordinate (v1, v2, v3), the

expecte i
f,f*”’
\/

. ﬁW 1
05 —_ | - 0.5

v, ©0 O v.

(a) SPL (b) SPCL
Figure 1: Comparison of feasible regions in SPL and SPCL.

min E(w,v. A\\¥)= viL(y;i.g(xi W)+ f(v:A
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s.t.ve v

Jiang L, Meng D, Zhao Q, et al. Self-paced Curriculum Learning[C]// AAAI
Conference on Artificial Intelligence. 2015.



e U2 = [0,1] is for the pseudo-labeled sample, i.e.,
i ¢ Q*. Then, its importance weights with respect

to all the classifiers {ugj :'};-”:1 need to be learned in
the SPL optimization.

e UM = {1} is for the sample annotated by the AL
process, i.e.,, 35 s.t. i € Q. Thus, its importance
weights are deterministically set during the model

training, 1.e., u,? ) =1.



I. Classifier Updating
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I. High-confidence Sample Labeling:
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I. High-confidence Sample Labeling:
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I . Low-confidence Sample Annotating

1. Annotated Sample Verifying:
X EB/RCE AR B EEGEAHERNS M BTALHET RFIA (TkRS)

2.Low-confidence Definition:
MDD RBAFZ o EENME AN, INZHFEREEAX SR, |
XN IERAESRIEFALE IR AR
We employed this simple strategy just due to ifs infuitive rationality
and efficiency.




I . Low-confidence Sample Annotating

JEAL

TEIMHARER, FMAREPSIH

e U} = [0,1] is for the pseudo-labeled sample,
. l]?"‘ — {1} is for the sample annotated by the AL

For those annotated samples, the corresponding
¥ = {1} with expectation value 1 over the whole set,
while for others U2 = [0, 1] with expectation value 1/2.
Thus the more mfnrmatlve samples still have a larger

expectation than the others.



Feature Representation Updating

WG SPLFNALE F A A X CNNES

FAENENZF S REE 70.001

1THR0A, FEEZEIRE
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Pace Parameter lamda Updating

(O, t=0
A= Al )—I—Ck*’,’}';—: 1<t<r (10)
}«{t 1) t>T

we empirically set {\°, a}
7 1S set as 12

= {0.2,0.08}.
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Algorithm 1: The sketch of ASPL framework

Input: Input dataset {x;}"_,
Output: Model parameters w, b

1:

10:

Use pre-trained CNN to extract feature
representations of {x;}_,. Initialize multiple
annotated samples into the curriculum ¥* and
corresponding {y;}, and v. Set an initial pace
parameter A = {A"}™.
while not converged do

Update w, b by one-vs-all SVM

Update v by the SPL via Eqn. (7)

Pseudo-label high-confidence samples {vilies by
the reranking via Eqn. (8)

Update the unclear class set [J

Verify the annotated samples by AL.

Update low-confidence samples {y;. llif‘},-ﬁ, by
the AL

if u unseen classes have labeled,

Handle u new classes via the steps in Sect. 4.1
Go to the step 2
end if

In every T iterations:

« Update {x;}», through fine-tuning CNN

« Update A according to Eqn. (10)
end while
return w.b;
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TABLE 1
I . Dataset The summarization of datasets we used.

Dataset it images it persons # ilnages,z’ person

CACD 56,138 500 79~306
CASIA-WebFace-5ub 181,901 925 100~804

CACD:
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I . Experiment setting

Y IR R WA LRI SEIe Ak & 2 SPII4ER, X LEREL:

) CPAL (Convex Progromming based Active Learning) : &EFFN
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i) CCAL (Confidence-based Active Learning via SVMs) : {XiE#F
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Fig. 3. Results on (a) CACD and (b) CASIA-WebFace-
Sub datasets. The vertical axes represent the recognition
accuracy and the horizontal axes represent the percent-
age of annotated samples of the whole set.
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Fig. 7. The comparison of different number of initial
samples and the further required annotation ported of the
AL process on the CASIA-WebFace-Sub dataset.
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TABLE 3

The error rates of the pseudo-labels assigned by SPL on
high-confidence samples.

iiteratiun_ 5 10 . 15 . 20 25
ASPL (w/o FT) 82% 69% 5.1% 5.0% 49%
ASPL 45% 41% 34% 33% 3.3%
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I . Why effective?
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