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Altermativerlllethiods Regions v.s. Patches Experiments
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e Multi-label loss (cross-entropy)' e AlexNet [1]: An AlexNet trained with multi-label loss. ® Active region: Magnitude of per-pixel gradients with respect to a ® Prediction: fc9 feature + Linear SVM. 10
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AUG o Locall . - particular AU, ie, saliency map [8]. e \Metrics: F1 score and AUC.
. y Connected Network (LCN) [2]: ConvNet architecture |
(Cheek raiser) (Ducﬁgn6n+e1 gm”e) LY, Y)=— — 21 Zl{ Y, > 0]log Y e Y, e 1.0.1) with conv5-conv7 replaced with locally connected layers. e Active patch: L2 norm for per-AU classifier, ie, JPML [3] and APL [4]. s Scenarios )
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| AU12 Y e < 0]log(1 — Reqgular ConvNet: DRML without the region layer. A Learneql regions and patches e Within-dataset: 3-fold partition for
(Lip corner puller) @170x170x3 e DRML: The proposed architecture. ® The face images were selected manually from the CK+ dataset [9]. train/valftest sets. =
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A Multi-label learning E conv1 region . A Comparisons

GRU2 ® Cross-dataset: BP4D --> DISFA.
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recognition, AU detection is a multi-label classification APL (4] x x x x x Ground truth relation AlexNet-learned relation = DRML-learned relation
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A Region learning v.s. patch learning e 22— ‘ ‘ iy mE ® ConvNet/AlexNet shares kernels across an entire image. — —
| | " _ Y ~AUT L] (2,2) CAOAVGZ P I0x20x32 @20x20x32  3x3x32 ® LCN confines kernels to individual pixel locations. AU | LSVM  JPML  AlexNet ConvNet LCN DRML | LSVM JPML AlexNet ConvNet LCN DRML
3 § ~ 3 o @20X20x32 . o R o 232 326  97.0 404  [45.0] 364 | 207 407 349 49.4 5.9 [55.7]
= : - ® DRML serves as an alternative between the ConvNet/AlexNet wiiil 28 256 255 [461] 412 418 | 177 421 258 [SL3] 509  [545)

@160x160x32 @20x20x32 @20x20x32  3x3x32 @160x160x32 12 | 637 [741]  49.0 610 547 658 | 553 605  50.0 602  [61.6] 60.8

@20X20x32 ConvNet AlexNet DRML LCN g

Facial image

B I
o ReLU - . [
patch e COHV K ENEN 4 23.1 37.4 31.9 42.8 423  [43.0] 22.9 46.2 36.1 47 4 53.6  [58.8]
‘ O i NG g o v AUIA - AUTS  AUTZ AU AU b e e
| - I = P— - S - L = | . . . . . . . . . . . .
AU10 @20x20x32 e Number of parameters (M: m|II|on) e J _ i -’_:;-*I‘ i e ‘ . ' 10 | [77.2] 722 52.8 54.0 540 663 734 [75.2] 543 61.4 624 536

'AU12 E 14 64.3 [65.7] 1.7 56.7 59.9 54.1 46.8 53.6 47.7 29.8 [58.8] 57.0
/ ¢ \ ° (8.8) A 15 | 184  38.1 25.5 [44.1] 361 332 183  50.1 34.9 50.6 49.9  [56.2]
e _ ® | - : —_— W 17 33.0 40.0 41.4 385 46.6 [48.0] 36.4 42.5 48.5 [53.5] 48.4 50.0
IE" e B o = | | _ | #Params 256 M 260M 256 M <120M $®V "f‘g 23 | 194 304 261 [41.8] 332 317 | 192 519 405 495 503  [53.9]
: @ Atz B Y AU26 ® Patch clipping: Slice a 160x160 response map into an 8x8 uniform grid. % 9 ~ 4 — 24 | 207  [423] 235 328 353 300 | 117 532 317 5.5 477 [539]
AU12 - . _ , ® hunNning time (Mms Ave.| 353 459 38.4 47.0 46.6  [48.3] | 322 505 42.2 51.8 544  [56.0]
R ® Local convolution: Force the learned weights to be updated independ- % -
; S @ important - onvNet AlexNet DRML LCN 5, _ .
-y ~ Al B s 21" ila3PPearanGe Eagiacs. | _ & A DISFA [11]: 27 videos from 27 participants
Patch-based Patch-based ' e |dentity addition: Avoid vanishing gradients by adding skip connections.  Train 9.7+0.003 5.8+£0.005 31.2+0.001 74.7+0.006 O —— —
(adaptive) \dense) . Test 3.3+0.002 2.2:0.002 12.1+0.001 34.7+0.008 N | M AR Aledes Domia 1ON DNNL | VM JOL A Cenie DON DN
. : A COmpa”SOnS to the state-of-the-art Ll . e ,g 1 108 114 120 1.7 128 [17.3] | 216 327 4718 442 441  [53.3]
A Contributions D - T = * All experiments were performed on one NVIDIA Tesla K40c GPU and Caffe z.&z b P S e e S ¢ Sm .S {233}
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