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AUs and FACS

AU1 Inner Brow Raiser

Facial expressions are intuitive responses to
human emotions and natural ways of
communication. Facial expressions detection
has been an important topic in the field of
Computer Vision.

AUs can be labeled with Facial Action Coding
System(FACS). In FACS, each expression is
considered to be composed of multiple AUs,
which can effectively eliminate ambiguity in
labeling.
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Overview of MRP-Net
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We use Efficient-Net as stem
network. Only use the
features which Efficient-Net
outputs and delete the
pooling and fully connected
layers.

After that, we get 1280
feature maps with a size of
7x7. Then, the features are
processed by MRP module
to a vector of 1024-
dimension to predict AU
probabilities.



Multi Region Perception
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This picture gives the detailed structure
of MRP module for multiple region
perception.

For the feature maps of stem network,
we want to capture the information of
different locations and sizes rather than
simply reducing the dimension of
features.

Therefore, we divide the input feature
maps into a, b, ¢, and d groups for
processing. MRP module outputs a
vector of 1024-dimension for predicting
the probability of AUs.



Batch Balanced Learning

The samples of different AUs in the N: Batch size

dataset are unbalanced. s : :
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We proposed Batch Balanced Learning to solve this problem.



Comparison with Other Methods

Fl scORE ON BP4D DATASET Fl scorE ON DISFA DATASET

Methed | AUL  AUZ  AU4  AU6  AUT AU AUIZ AU AUIS  AUIT  AUZ3 AU | Awg Method AU AUz ALS  AUS ALD AUIZ  AU2S  AUZ6 | Ave
LSVM (32] | 232 228 231 22 470 TI2 637 643 184 330 194 207 | 353 LSYM 132 08 00 . oa s —_ 20 1 s

IPML [7] 326 256 374 423 505 722 T4l 657 381 400 304 423 | 459 + 132 * : =i - - - = == =t
DRML [10] | 364 418 430 550 670 663 658 541 332 480 317 300 | 483 DRML [10] 173 77 314 D10 10.7 317 383 0.1 ) 267
CPM [19] 434 407 3.3 592 613 621 6ES5 525 367 54.3 395 T8 0.0 APL 8] 114 12.0 30.1 124 10.1 659 214 26.9 38
EAC-Net[9) | 390 352 486 761 729 819 862 S88 375 5001 359 358 | 559 ROI [25] 415 26.4 66.4  [S0.7] 85 £9.3 8.9 15.6 485
ROI [25] 362 36 434 770 73T ES0 870 626 [457] S8R0 383 374 | 64 JAANet [33] | 437 [462) se0 414 447 0.6 §51 554 6.0

-N 73 i 77 7 i 3 37 . -

JAA-Net [33] | 472 440 549 775 746 840 869 619 436 603 427 418 | 600 DSIN [34] 4z d 9.0 5.4 6 468 NS %04 422 36
DSIN [34] SL7 404 560 761 735 799 854 62T 373 [629] 388 416 | 589 LP-Net 126 200 4 T t6s 956 729 s ol | 569

LP-Net [26] | 434 380 542 771 76T E38 872 [633] 453 605 481 [542) | 6L0 P-Net [26] - R S : - = [65.0] | 56.
MRP-Net | [54.0] [47.5] [S63] [785] (769] [855] [893] 609 446 6LS  [S04] 487 | [628) MERFP-Net [49.68]  29.1 TS 5D [54.33]  [TR.F4] [9405] 5200 | [60.0]

Bracketed and bold numbers indicate best performance; bold numbers indicated second best. Bracketed and bold numbers indicate best performance: bold numbers indicated second best.

MRP-Net have an average F1 score improvement of 2.95% on BP4D and 5.43% on DISFA.
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Ablation Study

F1 SCORE OF ABLATION EXPERIMENTS ON BP4D DATASET

Method All AlU2 AU4 AU6 AU7T  AUI0 AUI2Z AUI4 AU1IS  AUI7 AU23  AU24 | Avg

EF+CE 44.3 428 51.9 71.5 68.6 80.7 80.8 579 [49.4] 54.9 43.5 45.8 57.7
EF+MRP+CE 43.5 4.2 529 76.8 75.6 84.7 88.6 58.9 46.7 59.8 44.3 [50.2] 60.5
EF+MRP+DCE | [57.24] 38.7 52.0 75.9 [78.2] 83.3 76.9 [61.6] 40.4 56.9 42.7 46.7 59.2
EF+MRP+FL 49.8 41.6 46.8 [(83.4] 76.1 85.1 87.0 59.7 42.8 [64.6] 49.1 47.9 61.2

EF+MRP+BBL| 54.0 [47.5] [56.3] 785 76.9  [855] [89.3] 609 44.6 61.5  [504] 48.7 |I62.S]

Bracketed and bold numbers indicate best performance; bold numbers indicated second best.
EF:Efficient Net B1; CE:Cross Entropy; MRP:MRP Module; FL:Focal Loss; BBL:Batch Balanced Learning.

MRP module have improved F1-57.7 to 60.5.
Batch Balanced Learning have improved F1-61.2 to 62.8 to Focal Loss.
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Comparisons
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Compared with LP-Net, MRP decreases the number of network parameters by
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54.62% and the number of network FLOPs by 19.6%.



In this paper, we proposed an end-to-end trainable network MRP-Net, which
consists of feature extraction network and multiple region perception module
for automatic AU detection without depending on facial landmark
information.

We proposed a batch balanced learning method to solve the samples
unbalanced problem in multi-label learning.

Our work outperforms the existing methods on two widely used AU datasets,
with a significant reduction in the number of network parameters that can be
efficiently migrated to portable devices.
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