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Altermativerlllethods Regions v.s. Patches Experiments

A Input & output A Alternative CNNs A Importance between regions and patches A Settings
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

Convergence curve

—AlexNet
AUG : - articular AU, ie, saliency map [8]. e Metrics: F1 score and AUC
. ® Locally Connected Network (LCN) [2]: ConvNet architecture P = YallgeD -
(Cheek raiser) 0 ﬁU6+12 o LY, Y)=— = Z Z{ Y. > 0]log Y. Y,. € {-1.0.1} with conv5-conv7 replaced with locally connected layers. ® Active patch: L2 norm for per-AU classifier, ie, JPML [3] and APL [4]. S
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AU12 ® Regular ConvNet: DRML without the region layer. ' >
1 Cor;’er ” % +[Y e < 0]log(1 — g gion lay A Learneql regions and patches o Within-dataset: 3-fold partition for £
P puller) @170x170x3 e DRML: The proposed architecture. ® The face images were selected manually from the CK+ dataset [9]. trainfvalftest sets. =

A Network architecture

A Multi-label learning E conv1 region? i, A Comparisons

SRU2 ® Cross-dataset: BP4D --> DISFA.
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e Different from multi-class classification in holistic expression - A trainable  learning represent. linearity update .
recognition, AU detection is a multi-label classification _N Ground truth relation  AlexNet-learned relation = DRML-learned relation
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: : : : patch Rl conv | Y N | A BP4D [10]: 328 videos from 41 participants
A Region learning v.s. patch learning = 22— ‘ ‘ = el ® ConvNet/AlexNet shares kernels across an entire image. P P
| _ Fl-frame AUC
4 aF ~AUT Dﬁ OXEDCL a0x20x32 @20:20x32  3x3x32 ® LCN confines kernels to individual pixel locations. AU | LSVM  JPML  AlexNet ConvNet LCN DRML | LSVM JPML AlexNet ConvNet LCN DRML
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: patch RelU conv ™ o and LCN - 231 374 31.9 42.8 423 [43.0] | 229 462 36.1 474 53.6  [58.8]
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. AU10 @20x20x32 e Number of parameters (M: m|II|on) 10 | [77.2] 722 528 540 540 663 | 734 [752] 543 614 624  53.6
Facial image @160x160x32 @20x20x32 @20x20x32  3x3x32 @100x{lalx37 — - 12 | 637 [741]  49.0 61.0 547 658 | 553 605  50.0 602  [61.6] 60.8
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| ently in each patch, to capture local appearance changes. : .
lll‘l.'lll inotimport. y. . .p . P . p.p . i , , . 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 —— —
(adaptive) (dense) _
- Test 3.3+0.002 2.2+0.002 12.1+0.001 34.7+0.008 AU | LSVM APL AlexNet ConvNet LCN DRML | LSVM  APL  AlexNet ConvNet LCN DRML
A Contributions A COmpa”SOnS to the state-of-the-art 1 108 114 120 1.7 128 [17.3] | 216 327 478 442 441  [533]
DR - . . == * All experiments were performed on one NVIDIA Tesla K40c GPU and Caffe = | 199 128 110 120 120 D774 1S 278 o2 e
- _ _ | _ Feature PL & ML _ - L= _ _ 4 21.8 301 276 28.9 297  [37.4] | 172 379 44.0 47.9 477 [60.0]
e A unified framework: Address region Iearnlng and multi-label Methods AU relation _ .- _ toolbox [7] with modifications to support the region layer and multi-label loss. 6 157 124 226 21.4 231 [29.0] | 87 13.6 443 385 397 [54.9]
. : . _ _ _ _ _ 9 1.5 10.1 11.5 11.5 [12.4] 107 150  [64.4] 487 49.5 402 515
Iearnlng using one convolutional network. representatlon optlmlzatlon [4] L. Zhong et al. Learning multiscale active facial patches for expression 12 | [704] 659  31.1 31.0 264 377 93.8  [94.2] 553 54.8 547  54.6
. _ : T : : : 25 120 214 444 40.7 [46.2] 385 34 [50.4]  50.2 48.4 48.6 456
® A new region layer: An alternative layer between a standard JPML [3] Statistically M llv-crafted Alt 1 anaIYS'S' IE_EE Transactions on Cybernetics, (99), 2014. | 26 | 221 269 282 27.7 (3001 20.1 | 20.1 [47.1] 458 458 470 453
: ' anually-crafe ernative [5] M. Liu, S. Li, S. Shan, and X. Chen. AU-aware deep networks for facial e
ConvoluthnaI Iayer [1] and a |Oca”y Connected Iayer [2] derlved ] oy y I = . - p Avg.| 21.8 23.8 23.6 23.1 24.0 [26.7] 27.5 46.0 49.1 45.8 46.8 [52.3]
_ expression recognition. In AFGR, 2013. =
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