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2. 1@idPrompt Learning7T7ARY/E%, H{1IA Alabel Embedding®] Y S5AU——XfR7, TIAZF ) EAUZ B RERR R

—

/ PointWise Conv, \

F ChannalWise Conv, PointWise Conv2d |=P» w - —> F'

Facial Feature [Attention Map| Attention Feature

Image Input

Global Convy

[ Feature Extractor Module

—/

element wise multiplication
\ residual /
c
. F
- - 71 ; 1 G
Region Attention Module PointWise Conv Global Feature
(PointWiseConv,) AU Prediction
PointWiseConv, AU,
AU,
[ AU Wise Module } P[ AU Correlation Learning Module ]—D[ Classifier ]—P :
AUy
\PointWiseConvy c

E

AU Label Embeading —




TABLE 1
COMPARISONS OF OUR METHOD AND THE STATE-OF-THE-ART METHODS ON BP4D IN TERMS OF F1 SCORES(%). THE BEST RESULTS ARE SHOWN IN

BOLD
Method AUl AU2 AU4 AU6 AU7 AUI0 AUI2 AUl4 AUIS AUI7 AU23 AU24 | Avg. o200
LSVM 232 228 231 272 471 712 637 643 184 330 194 207 | 353 N
JPML 326 256 374 423 505 722 74.1 657 381 400 304 423 | 459 0.175
DRML 364 418 430 550 670 663 658  54.1 332 480 317 300 | 483
EAC-Net 390 352 486 761 729 819 862 588 375  59.1 359 358 | 559 0.150
DSIN 517 404 560 761 735 799 854 627 373 629 388 416 | 589 015
ARL 458 398 551 757 712 823 866 588 476 621 474 554 | 6l.1 i
LP-Net 434 380 542 771 767 838 872 633 453 605  48.1 542 | 61.0 E 0,100
AU-GCN 468 385 60.1 80.1 795 848 8.0 673 520 632 409 528 | 62.8 =2 !
SRERL 469 453 556 77.1 784 835 876 639 522 639  47.1 533 | 629 0.075
AU-RCNN 502 437 57 785 785 826 87 677  49.1 624 504 493 | 63.0
UGN-B 542 464 568 762 767 824 8.1 647 512 631 485 536 | 633 0.050
JAA-Net 53.8 478 582 785 758 827 882 637 433 618 456 499 | 624 0,025
SEV-Net 582 504 583 819 739 878 875 616 526 622 446 476 | 639
HMP-PS 53.1 46.1 560 765 769  82.1 864 648 515 630 499 545 | 634 s s e e 0.000
FAUDT 517 493 610 778 795 829 8.3 676 519 630 437 563 | 642 AU Index
CISNet 548 483 572 762 765 852 872 662 509 650 477 565 | 643
D-PAttNet*t 507 425 590 794 790  85.0 89.3 67.6 51.6 65.3 49.6 545 | 64.7 Fig. 6. The L2 distance between different AU embedding.
ME-GraphAU | 53.7 469 590 785 800 844 878 673 525 632 506 524 | 647
(Ours) 570 514 571 779 79.1 843 890 677 541 629 503 547 | 654

1. AERAMLE T BRI EE RN F IR R EMEIEERE, XA/ BIBackboneth fE LI ESHEE

2. AEAF B ERYAU Label Embedding ™ Z [BITERIL2EEE . 1RIEBPADEIRE L, AURBEERERE
hM Bor, EIbAVL1R2R9 8 A S HMBAUZ B AOBE BAEXT AR A . TEERFEMITABUERYAUL, 2. 4, 617 Z[EA9HRA
PN, BAUMRFRAE BT RHAVGR RN IZER A XLAUR EERANES. W
RFIET AU Y I i 5 5AU123 Iy FO3 sh M A AU Z [B) OB ARS8/
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ﬁware Network for Fine-grained Action Recognition, PRCV2023
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Periodicity Feature Extraction Module
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Fig. 1: Periodic-aware network Architecture instantiates with a general 3D-CNN
architecture. The stem layer quickly downsamples the input feature maps with
convolutions of a quite large kernel size. The module PF'M is proposed to combine
both periodicity and spatiotemporal information.




Table 2: Different stages fusion of peri- Table 3: Different squeeze methods for

odicity feature extraction module periodicity fusion module
Stagel Stage2 Stage3|Mean-Top1(%) Method lMean_Top]_(%) \Topl(%)
ol AP Base 16.72 55.94
48.40
g 49 44 Channel 50.39 57.66
PAN v v / 50.39 Temporal 49.54 56.95

Table 4: Performance Comparison of Different Methods in FineGym & Diving48

benchmarks
SEstd FineGym Diving48-V2
Mean-Top1(%) Top1(%) Top5(%)|Mean-Top1(%) Top1(%) Top5(%)

ST-GCN[4] 86.40 90.62 99.34 34.84 39.49 76.65
ST-GCN++[28] 90.03 93.12 99.57 40.89 46.65 81.62
CTR-GCN[14] 90.46 93.15  99.59 38.34 45.63  78.73
MS-AAGCN]29] 87.58 91.35 99.33 35.25 43.10 75.43
DG-STGCN[7] 90.60 92.90 99.59 35.26 41.32 75.38
MS-G3D|[9] 90.45 93.56 99.62 37.63 45.69 79.59
Pose-C3D-s[5] 92.07 94.85  99.79 41.66 52.03 86.19
Pose-X3D-s|5] 88.75 92.84 99.69 41.26 49.85 85.58
Pose-SlowOnly 5] 93.22 95.36  99.79 46.72 55.94  87.01
PAN-SlowOnly (ours) 93.91 95.65 99.79 50.39 57.66 88.12
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CFAT-2023 ARSIk ERER

Plaster  Silicone Headgear Headmold ADV  Cardboard  Poster Screen
L 3]
CFAT 2023 £ CFAT20235%=B-UES
HEfTHS (S45)
HiE 28E APCER BPCER ACER
1 MD-Face 0.11764(1) 0.11408(2) 0.11586(1)
2 KiwiTech 0.12685(2) 0.12176(6) 0.12431(2)
% j: *i{ I_I 3 GDUT-G2-413 0.13954(4) 0.11014(1) 0.12484(3)
G =]
4 Yifan 0.14349(6) 0.11565(3) 0.12957(4)
5 FaceSystem 0.14612(7) 0.12465(7) 0.13539(5)

an%, ABERBIEAER TSR : - — - -
N ARz, B AEREEET , s S— Spp— ap—
;E1E$Uﬁgﬁﬁjl mﬁlﬁ%g%AHﬁgx 8 XSBANK 0.15330(8) 0.12836(8) 0.14083(8)
1R, —EEBRARKIEMAID, &) : o230 o o539
BB FFIEAREAIRRK, Est 0 orrzse o861 orassoo
XIBTERVERY ARSI INARRTRA
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Train

fEBrwoni s 5 _E i) S gn 45 R

Notredam Yosemite

Liberty

Yosemite

Liberty Notredam

Test Liberty Notredam Yosemite pacan

SIFT |4] 29.84 22.53 27.29 26.55
DeepDesc |5] 10.90 4.40 5.69 6.99
MatchNet |6] 7.04 11.47 3.82 5.65 11.60 8.70 8.05
SNet |7] 6.39 8.43 6.61 283 6.61 5.57 5.28
L2Net [8] 2.36 4.70 0.72 1.29 2.57 1.71 223
HardNet |9] 1.49 2.51 0.53 0.79 1.96 1.84 1.51
HardNet-GOR|[ 10] 1.48 243 0.51 0.79 1.76 1.53 1.41
DOAP|11] 1.54 2.62 0.43 0.87 2.00 1.21 1.45
RALNet|12] 1.30 2.39 0.37 0.67 1.52 1.31 1.26
SOSNet|3] 1.08 2.12 0.35 0.67 1.03 0.95 1.03
CDF[13] 1.21 2.01 0.39 0.68 1.51 1.29 1.18
HSD+[14] 1.19 1.91 0.37 0.64 1.38 1.14 1.11
MR3A[15] 1.47 2.09 0.50 0.77 1.69 1.75 1.38
MED-Net|16] 1.21 2.10 0.40 0.74 1.85 1.77 1.35
HyNet|17] 0.89 1.37 0.34 0.61 0.88 0.96 0.84
HyNet-SOSR|17] 091 1.62 0.31 0.54 0.78 0.73 0.82
MSFASP(224-dim)| 18] 0.99 1.92 0.34 0.59 1.29 0.92 1.01
MSFASP-SOSR(224-dim)| 18] 0.93 1.88 0.30 0.62 0.95 0.62 0.88
Ours 091 1.74 0.30 0.65 0.78 0.62 0.82
Ours-SOSR 0.85 1.74 0.24 0.67 0.66 0.60 0.79
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Z<1 SHRECEUIE SR M RELL IR

__ Method | __ACC() | __Em()

Diff-FMaps 4.0% 7.1
3D-CODED 2.1% 8.1
Elementary 2.3% 7.6
CorrNet3D 6.0% 6.9

DPC 17.7% 6.1

Ours 20.93% 5.4
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72 TOSCAZHE SR M BEEL AR

__ Method | __ACC() | __Em()

Diff-FMaps -/- -/-
3D-CODED -/- -/-
Elementary -/- -/-
CorrNet3D 0.3 32.7
DPC 34.7% 2.8

Ours 37.3% 2.6
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17.7%
\4 20.4% 5.6
\4 18.9% 5.9
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KILO: Robust Kinematics-Inertial-LiDAR
Odometry for Dynamic Legged Robots
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Fig. 2: Comparison of the distribution of accelerometer measurements
along the Z-axis between the real environment and the simulation
environment. Unitree Gol with built-in IMU performs trot gait
movement in real environment and Gazebo simulation platform
respectively.
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Fig. 5: robot-centric incremental map
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TABLE I: Comparison of Relative pose Error (RPE) for our proposed method and other methods

Sequences Mean Euler Angle Error [deg] / Translation Error [m]
: ESKF4 LIO-SAM?® KILO
(mean velocity [m/s]) KF [3] (Ours) A-LOAM FAST-LIO2 POINT-LIO LIO-SAM (with ESKF) (Ours)
park! 0.76/0.75  0.97/0.67 | 0.74/0.18 1.06/0.28 1.09/0.24 x 3 0.68/0.17 0.13/0.06
corridor! 0.54/1.08 1.1/0.98 0.88/0.23 1.03/0.26 1.00/0.23 X 0.78/0.20 0.08/0.04
indoor? 0.71/0.10  0.53/0.09 | 0.45/0.04 0.84/0.09 0.72/0.06 0.47/0.04 0.47/0.04 0.07/0.03
running? 0.67/0.17  1.24/0.17 1.08/0.08 2.11/0.18 1.73/0.09 1.10/0.09 1.03/0.10 0.28/0.04

The distance of RPE is set based on the sequence’s distance (L RPE of 10 m, 2RPE of 1 m). 3 x denotes the method failed.
4 Our proposed kinematics-inertial leg odometry. ® LIO-SAM modified by leg odometry instead of original IMU odometry.
Bold values represent the best result among all methods. Underline values represent the best result among kinematics-inertial methods
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Fig. 7: Comparison of body height’s variation for various methods
while running on flat ground. The body height will drop when
running, and will not exceed the gray range in the figure.




TABLE II: Comparison of methods on sequence corridor

TABLE IV: Ablation analysis of Adaptive Scan Slicing and Splicing
(ASSS) during high dynamic motion (sequence running)

End-to-End Error [m] / Time Consumption per Scan [ms]

g Trajectory Mean Absolute Trajectory Error (ATE) [m]
A-LOAM HO-SAM  pyorr102 KILO
(with ESKF) (Ours) Length [m] KILO (w/s ASSS) KILO (full)
1.86/85.84 0.10/40.11 0.20/6.21 0.04/13.31 29.85 0.0614 0.0546
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