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1. Introduction

In this document we present additional results corre-
sponding to the experiments shown in [1].

A. ROC Curves

The ROC curves for the AU estimates are shown in this
section.

A.1. Evaluation on a Single Dataset

A.1.1 Experiment on the CK+ Dataset with Eye Labels

See Figure 1.

A.1.2 Experiment on the CK+ Dataset with Automatic
Eye Detection

See Figure 2.

A.1.3 Experiment on the GEMEP-FERA Dataset
See Figure 3.

A.2. Evaluation across Datasets

A.2.1 Generalization from Constrained to less Con-
strained Condition

See Figure 4.
A.2.2 Generalization from less Constrained to Con-
strained Condition

See Figure 5.

B. F1-Score

The F1-Scores for the AU estimates are shown in this
section. If no threshold optimization is performed then the
thresholds are set to 0.5 for the PLS-based approaches and

Table 1. F1 scores in % on CK+ using eye labels. AVG is the
weighted average over the individual results, depending on the

number of positive samples given by in the column N.
[AU | N | linear PLS | RBFPLS | linear SYM | RBFSVM ]

T | 176 781 775 69.6 715

2 | 117 804 762 789 76.7

4 | 193 742 759 728 68.0

5 [ 102 715 762 743 738

6 | 123 728 682 67.0 65.7

7| 120 640 510 519 23

9 75 843 842 845 83.0

1| 34 15.0 57 14.6 0.0

12| 131 847 819 783 80.0

15 | 94 603 515 526 496

17_| 201 714 783 73.6 768

20 | 79 648 571 496 28.0

23| 60 352 286 29 143

24 | 58 382 26.7 T41 9.0

5| 34 854 865 865 86.1

26 | 50 15.6 74 59 0.0

27 | 8l 859 830 846 717
[AVG | [ 73 | 65 | 614 | 644 ]

0.0 for the SVM-based approaches. Otherwise thresholds
are optimized using equal error rate (EER) or F1 score as
metrics [2] on either the training folds of the LOSO scheme
or the whole training data in case of the cross-dataset tests.

B.1. Evaluation on a Single Dataset
B.1.1 Experiment on the CK+ Dataset with Eye Labels

See Table | for F1 scores without threshold optimization,
Table 2 for F1 scores using threshold optimization based on
EER and Table 3 for F1 scores using threshold optimization
based on F1 score.

B.1.2 Experiment on the CK+ Dataset with Automatic
Eye Detection

See Table 4 for F1 scores without threshold optimization,
Table 5 for F1 scores using threshold optimization based on
EER and Table 6 for F1 scores using threshold optimization
based on F1 score.
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Figure 1. ROC curves on CK+ using eye labels.
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Figure 2. ROC curves on CK+ using automatic eye detection.
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Figure 3. ROC curves on GEMEP-FERA.

B.1.3 Experiment on the GEMEP-FERA Dataset EER and Table 9 for F1 scores using threshold optimization

based on F1 score.
See Table 7 for F1 scores without threshold optimization,

Table 8 for F1 scores using threshold optimization based on
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Figure 4. ROC curves in on GEMEP-FERA using classifiers trained on CK+.
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Figure 5. ROC curves on CK+ using classifiers trained on GEMEP-FERA.

B.2. Evaluation across Datasets

B.2.1 Generalization from Constrained to less Con-
strained Condition

See Table 10 for F1 scores without threshold optimization,
Table 11 for F1 scores using threshold optimization based



Table 4. F1 scores in % on CK+ using automatic eye detection.
AVG is the weighted average over the individual results, depend-
ing on the number of positive samples given by in the column N.

Table 7. F1 scores in % on GEMEP-FERA. AVG is the weighted
average over the individual results, depending on the number of
positive samples given by in the column N.

[ AU [ N [ linear PLS [ RBFPLS | linear SVM | RBF SVM |

[ AU [ N ] linear PLS [ RBFKPLS | linear SVM [ RBF SVM |

1 176 76.0 77.2 74.5 723 1 1584 453 34.1 394 39.5

2 117 773 785 73.6 71.0 2 1618 35.0 29.8 31.8 25.0

4 193 74.3 77.4 71.4 70.8 4 1342 11.5 6.6 21.6 16.3

5 102 75.5 70.4 65.6 67.4 6 1780 63.5 61.0 58.6 58.9

6 123 68.7 68.2 68.4 63.7 7 2100 51.3 43.0 51.9 51.2

7 120 49.3 45.6 43.8 41.5 10 2008 47.5 44.1 54.7 54.8

9 75 84.1 82.2 81.4 85.1 12 2692 67.3 68.1 67.9 66.3

11 34 13.6 5.7 12.0 0.0 15 1014 21.3 10.4 31.0 21.8

12 131 81.5 80.7 78.4 70.1 17 820 18.9 13.2 274 19.4

15 94 53.6 471 50.3 313 18 417 194 134 3.8 28

17 201 74.4 77.4 70.7 70.8 25 874 19.1 6.0 67.3 67.7
20 79 63.7 57.7 49.2 33.0 26 544 1.3 0.0 30.5 29.7
24 58 333 20.9 22.8 15.4
25 324 83.6 86.5 83.7 85.1 . .
76 30 185 14.0 547 133 Table 8. F1 scores in % on GEMEP-FERA using threshold op-
27 81 90.4 85.9 85.7 87.2 timization based on EER. AVG is the weighted average over the

[ AVG | [ 697 ] 685 ] 66.1 [ 629 ]

individual results, depending on the number of positive samples
given by in the column N.

Table 5. F1 scores in % on CK+ using automatic eye detection [[AU | N | linear PLS | RBFKPLS | linear SVM | RBFSVM |
and threshold optimization based on EER. AVG is the weighted I 1584.0 464 43 457 455
average over the individual results, depending on the number of 2 1618.0 38.3 364 384 37.8
o . . 4 1342.0 29.3 241 26.0 343
positive samples given by in the column N. 3 17800 1 608 334 338
[AU [ N [ linear PLS | RBFKPLS | linear SVM | RBFSVM | 7 31000 335 355 506 602
I 176.0 63.3 65.7 63.5 63.7 10 2008.0 458 46.5 54.1 55.8
2 117.0 574 582 555 55.7 2 2692.0 64.4 66.1 67.2 64.4
4 193.0 63.5 65.1 64.1 65.5 15 1014.0 352 38.0 375 39.1
5 102.0 50.1 51.8 47.9 494 17 820.0 274 30.7 333 344
6 123.0 56.3 55.7 53.6 539 18 417.0 20.1 225 18.0 16.7
7 120.0 472 52.0 50.6 51.1 25 771.0 555 60.5 59.6 58.9
9 75.0 497 49.0 485 4835 26 478.0 459 40.9 44.0 443
12 131.0 504 60.8 56.9 59.5
15 94.0 459 427 40.6 402
17| 201.0 654 64.5 638 65.2 Table 9. F1 scores in % on GEMEP-FERA using threshold opti-
20 | 7190 39.2 423 37.5 38.8 mization based on F1 score. AVG is the weighted average over the
23 60.0 28.0 278 25.0 263 o . .\
7 330 379 390 %7 315 individual results, depending on the number of positive samples
25 | 3240 76.1 781 76.8 775 given by in the column N.
26 50.0 21.2 19.8 21.6 19.8 [ AU [ N T linear PLS | RBFKPLS [ linear SVM | RBF SVM |
27 81.0 53.1 54.0 513 513 1 1584.0 440 381 374 37.0
[ AVG | [ 562 ] 574 ] 55.5 [ 564 ] 2 1618.0 28.7 37.2 44.7 24.8
4 1342.0 20.3 315 446 35.4
Table 6. F1 scores in % on CK+ using automatic eye detection and 2 ;gg:g g}:g gg:g zif:(; 2?;
threshold optimization based on F1 score. AVG is the weighted 10 [ 2008.0 55.4 55.9 58.6 57.9
average over the individual results, depending on the number of 12 | 2692.0 68.9 o4.1 64.5 oL1
. . . 15 1014.0 34.1 36.0 36.7 375
positive samples given by in the column N. 7 2300 35 7335 330 355
l AU [ N [ linear PLS [ RBF KPLS [ linear SVM [ RBF SVM l 18 417.0 172 208 15.8 16.8
1 176.0 66.8 67.7 67.9 65.5 25 771.0 61.0 36.3 32.1 32.0
2 117.0 63.8 61.4 60.9 61.1 26 478.0 525 1.8 52.9 525
5 102.0 57.6 58.5 533 533
6 123.0 60.6 59.9 585 582
7 120.0 48.6 53.1 533 51.8
9 75.0 53.7 539 52.0 53.0 Table 2. F1 scores in % on CK+ using eye labels and threshold
1 34.0 19.7 189 15.7 24.1 optimization based on EER. AVG is the weighted average over the
12 131.0 66.5 654 640 639 individual results, depending on the number of positive samples
15 94.0 492 473 46.5 474 X ; >
17 | 201.0 65.0 66.7 63.1 3.7 given by in the column N.
20 79.0 481 50.0 465 477 [ AU | N [ linear PLS | RBFKPLS [ linear SVM | RBFSVM |
23 60.0 32.5 31.9 32.8 31.2 1 176.0 625 66.7 65.0 65.8
24 58.0 315 347 30.6 347 2 117.0 55.8 56.5 55.9 56.3
25 324.0 75.2 773 75.2 76.7 1 193.0 64.6 65.90 614 605
26 50.0 25.3 27.4 28.1 26.2 5 102.0 515 54.6 493 50.1
27 81.0 56.4 56.6 58.8 582 6 123.0 549 54.8 545 552
[[AVG | | 59.3 | 60.5 | 59.2 [ 592 | 7 120.0 51.8 51.9 51.7 515
9 75.0 497 50.9 483 477
11 34.0 15.6 18.1 16.8 20.2
12 131.0 61.9 62.1 50.4 60.1
15 94.0 411 40.7 3777 39.1
17 201.0 64.3 68.2 65.3 67.4
20 79.0 37.9 39.9 36.0 37.2
23 60.0 287 20.4 25.4 26.1
24 58.0 27.7 284 29.3 284
25 324.0 785 79.3 79.9 79.6
26 50.0 20.7 21.0 214 217




Table 13. F1 scores in % on CK+ using classifiers trained on
GEMEP-FERA. AVG is the weighted average over the individ-
ual results, depending on the number of positive samples given by
in the column N.

Table 10. F1 scores in % on GEMEP-FERA using classifiers
trained on CK+. AVG is the weighted average over the individ-
ual results, depending on the number of positive samples given by
in the column N.

[ AU [ N [ Linear PLS [ RBFKPLS [ linear SVM [ RBF SVM |

[ AU [ N ] linear PLS [ RBFKPLS [ linear SVM [ RBF SVM |

1 176 52.2 51.0 489 484 1 1584 50.0 455 489 481

2 117 545 60.3 389 11.0 2 1618 31.0 12.1 193 18.6

4 193 114 1.0 253 16.2 4 1342 2.0 342 375 287

6 123 54.6 58.8 53.2 53.0 5 735 25.0 17.6 242 243

7 120 3.3 9.6 26.3 29.6 6 1780 56.9 4.4 36.1 143

10 21 75 93 8.1 73 7 2100 9.1 0.0 9.1 38

12 | 131 476 50.9 472 45.6 9 392 8.1 0.0 10.8 6.7

15 94 20.9 149 132 13.4 11 512 1.1 0.0 15.6 0.0

17 | 201 35.6 132 451 45.0 12 | 2692 470 1.1 29.8 222

13 9 0.0 0.0 0.0 0.0 15 | 1014 14.8 1.7 22.9 39

25 | 324 22.9 1.8 68.7 68.7 17 820 218 12.1 212 153

26 50 0.0 0.0 193 183 20 480 26.4 52 19.2 16.8

[AVG | [ 315 | 232 | 434 [ 402 | 23 | 163 0.0 00 0.0 0.0

24 124 45 0.0 0.0 0.0

25 874 286 29.1 674 70.8

Table 14. F1 scores in % on CK+ using classifiers trained on 26 544 3.6 0.0 83 0.0

GEMEP-FERA and threshold optimization based on EER. AVG 27 27 12.9 26.8 11.2 3.9
[ AVG | [ 31.8 [ 14.7 [ 27.6 [ 20.9 |

is the weighted average over the individual results, depending on
the number of positive samples given by in the column N.

Table 11. F1 scores in % on GEMEP-FERA using classifiers

[ AU [ N ] linear PLS [ RBFKPLS | linear SYM [ RBF SVM | ; R
] 760 560 o 502 57 Framed on CK+ and threshold op.tlm.lz.atlon based on EER: AVG
2 117.0 49.7 49.9 53.7 522 is the weighted average over the individual results, depending on
4 193.0 23.2 12.7 12.8 8.3 the number of positive samples given by in the column N.
6 123.0 578 54.7 56.0 56.8 [AU | N _ [ linearPLS | RBFKPLS | linear SVM | RBF SVM |
170 12210(;) 16537 263; ng 39(); 1 1584.0 49.9 40.1 50.5 50.0
B Hl. 0 46“3 48' 0 47'4 46' I 2 1618.0 37.6 8.2 42.4 423
— = : : : 4 1342.0 41.8 20.1 42.6 40.7
15 94.0 27.8 29.9 15.6 16.6 5 7*35 O 28.2 = 6 32.8 32'0
17 | 201.0 545 455 50.3 49.9 z 7500 e T 51 57
18 20 >9 6.7 76 75 7 2100.0 20.4 0.1 41.9 422
25 324.0 54.5 10.7 64.9 64.6 5 3950 79 03 68 53
26 50.0 15.2 0.0 21.8 21.8 W 3150 75 0.0 3] 0.4
[AVG ] [ 82 [ 325 [ #7 [ A1 | 12| 2692.0 6138 13 562 5811
15 1014.0 243 0.0 35.6 353
Table 15. F1 scores in % on CK+ using classifiers trained on ;(7) iég'g ;5; g(‘) ;‘2‘? ;(2)'3
GEMEP-FERA and threshold optimization based on F1 score. 3 1630 70 00 50 50
AVG is the weighted average over the individual results, depend- 24 124.0 3.0 0.0 6.5 0.0
ing on the number of positive samples given by in the column N. 2 7710 674 679 64.9 66.4
[AU | N [ linear PLS | RBFKPLS | linear SVM | RBFSVM | L A2 ok 2 a2 %7
1 176.0 547 539 59.9 59.2 = = - = =
2 [ 1170 554 643 505 552 [AVG | [ 410 [ 13 [ 41 [ 40 |
q 193.0 139 2.0 62 10 ) ) )
6 123.0 57.6 62.6 512 50.7 Table 12. F1 scores in % on GEMEP-FERA using classifiers
7 120.0 13.7 14.0 28.1 29.6 trained on CK+ and threshold optimization based on F1 score.
ig 12%11'00 46695 ig' é 411(5)' é 495'90 AVG is the weighted average over the individual results, depend-
3 940 53 84 97 0% ing on the number of positive samples given by in the column N.
17 201.0 50.1 241 20.0 0.0 [ AU [ N T linear PLS | RBFKPLS | linear SVM | RBF SVM |
18 9.0 4.9 0.0 0.0 0.0 1 1584.0 499 40.1 50.0 49.7
25 324.0 58.6 30.2 69.0 68.8 2 1618.0 37.3 8.2 25.6 25.2
26 50.0 15.5 0.0 24.8 25.1 4 1342.0 41.8 20.1 42.6 35.8
l AVG [ [ 03 [ 31.9 [ 04 [ 2.0 l 5 735.0 25.3 7.6 30.6 29.8
6 1780.0 60.4 8.1 48.3 41.5
7 2100.0 21.2 0.1 16.7 16.9
9 392.0 12.7 0.5 11.1 14.2
11 512.0 14.2 0.0 21.4 0.6
12 2692.0 59.7 1.8 38.6 37.5
15 1014.0 16.0 0.0 28.9 25.0
17 820.0 17.3 8.1 24.7 24.5
20 480.0 253 0.0 23.6 222
23 163.0 1.1 0.0 13 0.7
24 124.0 6.6 0.0 0.0 0.0
25 771.0 68.6 67.9 67.8 69.9
26 478.0 36.3 0.4 28.8 4.7
27 27.0 11.2 17.0 8.2 9.3

[AVG | [ 393 | 113 | 341 | 312 ]




Table 3. F1 scores in % on CK+ using eye labels and threshold
optimization based on F1 score. AVG is the weighted average
over the individual results, depending on the number of positive
samples given by in the column N.

[AU | N | lincarPLS | RBFKPLS | linear SYM | RBFSVM |

1| 1760 68.0 693 6538 67.0

2| 1170 632 626 615 613

4 [ 1930 66.9 694 61.0 835

5| 1020 5738 593 555 564

6 | 1230 6.1 604 593 615

7| 1200 544 546 54.0 535

9 750 543 5538 538 543

11| 340 217 256 2356 259

2| 1310 68.7 68.1 63.6 65.7

5 | 940 513 476 450 459

17| 201.0 664 682 648 654

20 | 790 440 508 459 74

23| 60.0 383 410 343 36.6

| 580 378 378 339 371

25| 3240 765 76.0 79.0 76.1

26| 500 29 23.0 2.0 24

27 | 810 580 5638 56.7 56.2
[AVG | [ 609 | 615 [ 592 | 597 ]

on EER and Table 12 for F1 scores using threshold opti-

mization based on F1 score.

B.2.2 Generalization from less Constrained to Con-
strained Condition

See Table 13 for F1 scores without threshold optimization,
Table 14 for F1 scores using threshold optimization based
on EER and Table 15 for F1 scores using threshold opti-
mization based on F1 score.
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