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Problem

® Facial Action Unit (AU) detection
A Easy samples

\/AU12

presence

e Standard supervised methods

A Single hyperplane

A Perform well on easy samples, e.g., high intensity
AUs, frontal head pose or on particular subjects

A Perform badly on hard samples, e.qg. , subtle AUs

® Main idea

A Easy-to-hard strategy

easy negative samples A\ hard samples
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® Previous work

A Address specific and known sources
- E.g. subtle AUs, head pose, individual differences [1]

A Semi-supervised learning methods (SSL) [2]
- Smoothness/Cluster/Manifold assumptions on rela-
tionships between input and label space
- Not suitable for AU

A Transfer learning methods [3,4,5]
- Only individual differences
- Absence of spatial-temporal smoothness
- Less efficient than CPM

[1] W.-S. Chu, et al. Selective transfer machine for personalized facial action unit
detection. CVPR 2013.

[2] S. Melacci, et al. Laplacian support vector machines trained in the primal,
JMLR, 12:1149-1184, 2011.

[3] Duan L, et al. Domain adaptation from multiple sources: A domain-dependent
regularization approach, TNNLS, 23(3): 504-518, 2012.

[4] B. Gong, et al. Geodesic flow kernel for unsupervised domain adaptation,
CVPR 2012.

[5] Q. Sun, et al. A two-stage weighting framework for multi-source domain

adaptation, NIPS 2011.
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Confidence Preserving Machine for Facial Action Unit Detection

Jiabei Zeng', Wen-Sheng Chu?, Fernando De la Torre?, Jeffrey F. Cohn?®, and Zhang Xiong'

® Diagram of CPM

Training subjects Train
—)» confident
: classifiers
. A
confident|
v easy test samples
classmersv (iterative CPM)
Test subject Train Prediction
> a0ss I
classifier

e (W+, W), or w, to confidently predict on positive and neg-

ative samples, respectively

e ldentify easy and hard samples (1)
A £ easy: (W+, W.) have same predictions
A H hard: (w-+, w.) have different predictions

e Objective (2)

min

truth labels
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relabel

® Relabeling strategies
A Holistic relabeling: Relabel all the hard samples

A Localized relabeling: Relabel part of the hard samples

_y X] E S_y O negative

A hard data

® Alternating algorithm for training confident classifiers

N = —y,Vx; € H.

otherwise

<> noise instance

Holistic on A Holistic on B

Algorithm 1 Train confident classifiers

Input: Data {(x;,%;)}".,; and its index set D

B

Output: Confident classifiers (w,,w_), easy samples &

and hard samples H
1: Initialization: £ < D; H < 0;
2: repeat
3: (W4, w_) < solve (2) with fixed £ and H;
4:  Update easy and hard samples (£, H) using (1);
5:  Update relabels nj, n; Vj € H;
6: until convergence or reach maximum #iteration
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Quasi-semi-supervised (QSS) Iearning' Iterative CPM (iCPM

® Generalization on unseen test subjects
A A person-specific classifier w; for a test subject

® (w-:, w.) might not generalize well due to
mismatch between training and test.

® Quasi-semi-supervised (QSS) classifier ® iCPM jointly learns (w-, w.) and QSS.

A To get the person-specific classifier w; . Algorithm 2 Iterative Confidence Preserving Machine

A Virtual labels for easy sampels from (w-, w.) Input: labeled training data {x;,y;}? , with index set
A Propagate virtual labels from easy to hard test samples D = {1,2,...,n}, unlabeled test data {x;°}2, with

index set D* = {1,2,...,m}
Output: QSS classifier wy
® : : 1: £« D, H + 0;
ObJeCtlve (4) 2: (Wy,w_) < solve (2);
: . T 2 t T Tt - - :
min > 0(Gi, Wi %)+ 7s||wil [P +90(X W) 'DTDX w3 (6,7) using (1);
W :i 4: repeat

under semi-supervided manner.

1EE loss spatial-temporal 5:  Update relabels 77;, n; s VJ € H;
| 2, smoothness © & (wy,wo) & solve (O) with fixed £ and #;
- 1 Ly —~ ' 7:  Estimate virtual labels {g; }™,,
Z Wi Xi 2 Z )\ij}eijwt X3 1 w,x>0,Vye{-1,+1},
1

e J:J;f_zT(/ \ Ui = { —1 WJXES<O,V’y€{ 1,41},

4 ] ud I 0 otherwise.
2] | preserve exclude z . Emar o o o o2 "
2 : FempOraI Spatial eij = ’» VL] . 8: .E,’t = {’& e D" | Sl’igIl(Wlxgh) — SlgIl(W__rXE )}9
SR I SR Similarity d|S|m|Iar|ty 07 otherwise ?: if 32,7 € &, s.t. 9 — —1,9; =1 t{lel‘l
index of 10: w; < solve (4) given X*¢ and {9;}™ ;
® Effectiveness of spatial-temporal smoothness - -
I : =1 —— = 1 —_— - 122 W= 5(Wi +Wo);
I truth L3 end if
el e L, LAl I |y =~y 14:  Update & = {i € D'|f; = sign(w, x!)};
100 200 300 400 frame 100 200 300 400 frame 100 200 300 400 frame 15:  Update (£, H) <+ (1);

16: E— EUE,
17: until convergence

® {(CPM on a synthetic example
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Multiple  Indentify Unlabeled Different Smoothness Non-parallel Progressive [6] R. Khemchandani, et al. Twin support vector

classifiers easy/hard data distribution assumption hyperplane labeling machines for pattern classification, TPAMI,

Boosting v X X X X X X 29:905-910, 2007.

e TW-SVM [6] . v X X X X v X [7] M. P. Kumar, et al. Self-paced learning for latent
Self-paced learning [7]  x v x x x X . variable models, NIPS 2010.
RO-SVM [8 X v X X X X X :
Co-training [9 P g P [8] Y. Grandvalet, et al. Support vector machines

o-training [J] X X X X with a reject option, NIPS 2009.

Lap-SYM [2] p ’ / x / g’ X 9] A. Blum, et al.Combining labeled and unlabeled
DAM [3] v « v v v « v [9] A. um, et al.Combining labeled and unlabele
CPMs % % % % % % % data with co-training, CoLT 1998.

Experiments

! .
@ Settings

A SIFT descriptors on predetermined facial landmarks
A 10-fold with disjoint training and test sets

E ® Datasets

- A GFT [10]: 50 2-min spontaneous videos from 50 participants
A BP4D [11]: 328 spontaneous videos from 41 participants
| A DISFA[12]: 27 spontaneous videos from 27 participants
® Metric e Evaluate CPM componants
A Frame-based F1 BN SV [ Conf [ CPM iCPM
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e Comparisons
A baseline methods (SVM, Adaboost), SSL (Laplacian SVM [2]),
transfer learning methods (DAM [3], MDA [4], GFK [5])

Table 1. Comparison on GFT. (“H” stands for an extra post-processing with HMM)

F1-frame F1l-event
SVM|H Ada|H LapjH DAM MDA GFK iCPM| SVMH Ada|H LapH DAM MDA GFK iCPM

1 30.3(16.8 20.3(154 12.1{164 1.7 29.2 309 299 | 20.3|]179 15.3|128.2 54| 9.7 2.1 213 21.6 27.1
2 25.6/18.4 14.8|21.8 26.0/19.3 53 258 293 25.7 | 20.2]21.1 12.2|30.7 18.2{16.6 4.7 213 225 248
6 66.2|/66.4 62.1(47.3 2.7|/40.7 58.0 63.8 66.1 673 | 49.1|56.8 47.5/43.4 44375 500 470 502 56.8
7 70.9|72.2 69.6/50.0 24.0|50.3 66.0 66.6 722 725 | 50.4|59.8 50.7(44.0 21.6/48.3 41.7 492 52.1 60.1
10 | 65.5|65.5 65.5/43.7 56.7|61.2 649 654 675 67.0 | 50.2|57.8 50.2/46.6 46.5|57.5 53.1 516 543 58.1
12 | 74.2|75.9 73.0|54.5 64.8|69.0 729 719 727 75.1 | 56.3|65.0 54.7|1599 549|644 619 520 543 65.0
14 | 79.6|78.1 77.7|59.2 76.7|151.2 79.5 74.0 79.8 80.7 | 63.8/70.8 62.3|159.9 81.5/61.2 64.6 63.7 648 74.7
15 | 34.1/17.5 20.3]20.5 19.3|]139 14 31.8 31.7 43.5 | 28.1/20.1 17.7|41.8 159|202 23 254 268 32.2
17 | 49.2|50.6 48.2|38.6 42.5|21.2 346 474 489 49.1 | 429|53.1 37.1|138.5 36.4(259 29.6 414 413 523
23 | 28.3]29.8 19.4|20.7 27.1|125.1 2.8 26.0 26.7 35.0 | 27.7(359 16.8|36.7 9.5|19.5 44 26.7 27.1 259
24 | 31.9/21.0 22.3|25.8 25.7|1169 3.0 31.8 33.0 31.6 | 30.3]21.8 20.8|26.4 21.7|13.9 49 300 305 318

Av. | 48.7(46.6 44.8|36.1 32.8/35.0 355 485 48.6 52.5 | 38.6/43.7 35.0141.5 27.3]34.1 290 39.1 389 46.3

AU

I Table 2. Comparison on BP4D. (“H” stands for an extra post-processing with HMM)
F1-frame F1-event

SVM/H AdaJH Lap/H DAM MDA GFK iCPM| SVM[H AdajH LapH DAM MDA GFK iCPM

46.0(43.4 41.5/37.7 43.8|129.0 382 396 424 46.6 | 29.2|38.1 29.8/41.7 29.2|27.8 26.7 30.5 29.7 353
38.5|38.4 12.4|25.5 17.6|27.8 273 370 358 38.7 | 29.3|136.1 12.9(32.4 24.8(27.1 123 28.2 289 325
48.5/41.6 39.430.4 27.2|26.1 29.1 45.7 47.3 465 | 33.5|37.4 28.9|28.3 30.5|26.5 223 328 328 394
67.0|62.0 71.7/61.2 71.5(26.1 67.5 69.2 71.2 684 | 53.7\37.4 54.4|58.5 53.7|126.5 554 529 544 60.9
7 72.2|156.5 74.7\53.7 71.6(52.2 72.6 702 725 738 | 59.0/55.3 55.2|49.2 56.2|57.6 61.1 584 549 62.1
10 | 72.7|54.6 75.7|62.1 728|553 744 71.0 742 741 | 61.3|52.8 59.3|67.8 60.7/60.6 68.6 57.5 59.7 65.1
12 | 83.6/65.4 84.3|62.6 84.3|553 764 81.8 83.9 84.6 | 62.5/52.8 63.9|60.8 64.2|60.6 60.8 599 656 714
14 | 59.9/49.2 61.0/50.9 62.6|126.3 599 578 57.2 622 | 49.5|46.3 51.7|156.7 51.9|26.9 53.3 50.2 487 559
15 | 41.1|139.9 30.6/30.4 352|255 159 414 40.6 443 | 33.7|39.0 24.4[39.0 254|254 12.7 282 31.1 374
17 | 55.6|57.8 56.6|47.8 59.1|146.3 529 50.1 554 57.5 | 46.0|56.1 44.0|51.5 44.0|41.7 515 39.6 440 499
23 | 40.8/39.4 33.0|32.8 33.6|127.6 39 362 399 41.7 | 36.4/44.0 28.2|1414 27.2|122.2 5.8 30.7 333 419
42.1|/19.3 34.2|126.7 405|169 49 41.1 41.7 39.7 | 37.7116.0 30.9|35.7 34.8|13.8 3.6 354 356 38.7

Av. | 55.7|147.3 51.3|43.5 54.7[36.9 42.6 534 552 56.5 | 44.3|44.8 40.3|146.9 419|365 36.2 420 432 49.2
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Table 3. Comparison on DISFA. (“H” stands for an extra post-processing with HMM)

F1-event

F1-frame
SVM|H Ada|H LapjH DAM MDA GFK iCPM SVM|H Ada|H Lap|H DAM MDA GFK iCPM

265|144 17.1|1124 13.1{16.2 7.9 190 232 29.5 | 145|17.6 16.1|21.2 9.6/]116 54 11.6 18.1 18.7
24.0|15.3 20.1j10.5 6.4[12.6 13.1 95 163 248 | 10.8|17.6 17.3]17.0 11.4/11.0 121 164 174 19.2
56.1/48.5 59.8|126.4 21.1{23.4 404 59.3 60.3 56.8 | 31.6|37.2 32.5]27.7 15.9|16.2 324 28.6 283 41.8
40.9|1349 31.9|22.1 22.1{19.9 19.2 21.1 419 41.7 | 30.3|29.2 28.3|25.9 23.7|13.5 22.6 30.8 30.6 36.9
9 30.5/10.9 29.3|17.4 12.1]10.9 119 7.6 303 31.5 | 234|132 22.7|139.9 78| 83 143 274 146 31.7
12 | 65.6/70.1 69.4[46.3 33.7|32.2 509 63.1 69.6 71.9 | 49.9|57.1 51.9|61.6 33.2|20.7 443 421 46.2 56.6
25 | 78.3|84.1 83.9(70.5 35.3|130.3 56.2 813 80.0 81.6 | 31.9/76.7 38.0|58.8 42.5|121.2 564 46.5 36.1 76.7
26 | 50.0/51.5 359.6|50.5 18.9|25.5 432 51.1 54.6 513 | 38.6|51.7 38.7|149.5 48.7(]184 38.4 36.4 373 47.7

Av. | 46.5|41.2 46.6|32.0 20.3]121.4 304 39.0 470 48.6 | 28.9|37.5 30.7|37.7 24.1|15.1 28.2 30.0 28.6 41.2
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