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Region of Interest (ROI) for each AU. Following the pre-
vious work [21], we select two points on the face based on
the most representative landmarks. Detailed postions are
shown in Table 1. Note that the ROI locations of AU4,
AU9, and AU26 are different from Zhang et al. [21] for
better identification.

Table 1. Region of Interest (ROI) for each action unit (AU). Scale
is measured by inner-ocular distance (IOD). Landmark (Lmk) po-
sitions are illustrated in Figure 1.

AU | Description | ROI Center

1 Inner Brow Raiser Lmk 22, 23

2 Outer Brow Raiser Lmk 18, 27

4 Brow Lowerer Brow center

6 Cheek Raiser 1 scale below eye center
7 Lid Tightener Lmk 39, 44

9 Nose Wrinkler Lmk 40, 43

10 Upper Lip Raiser Lmk 51, 53

12 Lip Corner Puller Lmk 49, 55

14 Dimpler Lmk 49, 55

15 Lip Corner Depressor | Lmk 49, 55

17 Chin Raiser 0.5 scale below Lmk 57, 59
23 Lip Tightener Lmk 52, 58

24 Lip Pressor Lmk 52, 58

25 Lips part Lmk 52, 58

26 Jaw Drop Lmk 57, 59

Detailed Results for Within-Domain AU Detection. We
provide detailed within-domain evaluations for every indi-
vidual AU on DISFA, BP4D in Table 2. The results show
that FG-Net achieves competitive performance compared
to the state-of-the-art which demonstrate that the pixel-
wise features extracted from StyleGAN2 are beneficial for
heatmap-based AU detection.

AU Intensity Estimation. Unlike AU detection which is
a binary classification problem, intensity estimation pro-
vides a discrete regression from input face images. FG-Net
addresses the AU detection problem using a heatmap re-
gression which can be extended to AU intensity estimation.

*Work done during internship at ByteDance.
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Figure 1. The positions for the 68 facial landmarks. Image is
adapted from the iBUG 300-W dataset [9].

Specifically, following [8], the peak value for the heatmap
is the corresponding AU intensity (ranging from O to 5) and
we take the maximum of each heatmap as the predicted AU
intensity.

The results on DISFA are shown in Table 3. The eval-
uation metrics are mean squared error (MSE |) and mean
absolute error (MAE |). The results show that FG-Net also
achieves competitive performance compared to the state-of-
the-art for AU intensity estimation.
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Table 2. Within-domain evaluation in terms of F1 score (1). Except for GH-Feat and ME-GraphAU + FFHQ pre-train, all the baseline
numbers are from the original papers. Our method has competitive performance compared to the state-of-the-art.

(a) Within-domain evaluation on DISFA [7].

Methods | AUI AU2 AU4 AU6 AU9 AUI2 AU25 AU26 | Avg.

DRML [22] 173 177 374 290 107 377 385 201 | 267

IdenNet [15] 255 348 645 452 446 707 810 550 | 526

SRERL [] 457 478 596 471 456 735 843 436 | 559

UGN-B [12] 433 481 634 495 482 729 908  59.0 | 60.0

HMP-PS [13] 380 459 652 509 508 760 933  67.6 | 61.0

FAT [3] 461 486 728 567 500 721 908 554 | 6L5

Zhang et al. [21] 550 630 746 453 352 753 935 544 | 620

JAA-Net [11] 624 607 671 411 451 735 909 674 | 635

PIAP [14] 502 518 719 506 545 797 941 572 | 6338

Chang et al. [1] 604 592 675 527 515 761 913 577 | 645

ME-GraphAU [6] 546 471 729 540 557 767 911 530 | 63.1

ME-GraphAU + FFHQ pre-train | 46.1 448 724 482 481 703 909 554 | 59.5

GH-Feat [17] 169 138 391 371 167 650 787 281 | 369

Ours | 63.6 669 725 507 488 765 941  50.1 | 654

(b) Within-domain evaluation on BP4D [18].

Methods | AUl AU2 AU4 AU6 AU7 AUI0 AUI2 AUI4 AUI5 AUL7 AU23 AU24 | Avg.
DRML [22] 364 418 430 550 670 663 658 541 332 480 317 300 | 483
IdenNet [15] 505 359 506 772 742 829 851 630 422 608 421 465 | 593
SRERL [4] 469 453 556 771 784 835 876 639 522 639 471 533 | 629
UGN-B [12] 542 464 568 762 767 824 861 647 512 631 485 536 | 633
HMP-PS [13] 531 461 560 765 769 821 864 648 515 630 499 545 | 634
FAT [3] 517 493 610 778 795 829 83 676 519 630 437 563 | 642
Zhang et al. [21] 526 470 614 768 792 835 886 604 493 626 508 496 | 635
JAA-Net [11] 538 478 582 785 758 827 882 637 433 618 456 499 | 624
PIAP [14] 542 471 540 790 782 863 895 661 497 632 499 520 | 64.1
Chang et al. [1] 533 474 562 794 807 8.1 890 674 559 619 485 490 | 645
ME-GraphAU [6] 527 443 609 799 801 853 892 694 554 644 498 551 | 655
ME-GraphAU + FFHQ pre-train | 51.1 388 570 768 789 832 883 641 440 615 445 452 | 6l.1
GH-Feat [17] 427 432 476 735 662 756 838 542 439 624 419 450 | 567
Ours | 526 488 571 798 775 856 893 680 456 648 462 557 | 643

Table 3. AU intensity estimation on DISFA [7] in terms of MSE (].) and MAE ({). Our method has competitive performacne compared to

the state-of-the-art.

Metric  Method | AUl AU2 AU4 AUS AU6 AU9 AUI2 AUIS AUI7 AU20 AU25 AU26 | Avg.
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APs [10] 068 059 040 0.03 049 015 026 0.13 0.22 0.20 0.35 0.17 | 030
Ours | 025 021 047 007 035 020 027 0.15 0.27 0.16 0.23 0.40 | 0.25
MAE  KIRE[20] 1.02 092 18 070 079 087 0.77 0.60 0.80 0.72 0.96 0.94 | 091
CCNN-IT [16] 073 072 1.03 021 072 051 072 0.43 0.50 0.44 1.16 0.79 | 0.66
KBSS [19] 048 049 057 008 026 022 033 0.15 0.44 0.22 0.43 036 | 033
SCC-Heatmap [2] | 0.16 0.16 027 0.03 025 013 032 0.15 0.20 0.09 0.30 0.32 | 0.20
Ours | 019 016 036 006 031 017 032 0.18 0.27 0.15 0.34 041 | 0.25
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