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1. Motivation

Multi-Entity Actions
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Person-Person Interactions Hand-Hand Interactions Hand-Object Interactions Group Activities

- and more.

There are many existing benchmarks on interaction recognition.

* But why did almost all skeleton-based methods limit themselves to one specific type of interactions?
* (Can we treat all these 3D interactive skeletal data in a general view?

* More importantly, is there a way we could solve this general multi-entity problem in a unified manner?
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(a) Estimated Distributions of Point Clouds from Skeleton Sequences
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(b) Experimental Results

We aim to recognize multi-entity actions using single-entity classifiers with late fusion strategy, which is a
unified way to solve this general (in-the-wild) interaction learning problem.

However, we discover inter-entity distribution discrepancies (entity bias) in multi-entity skeletons.

This Is the crux towards better understanding of multi-entity actions. It explains:
* why multi-entity action modeling usually diverges from the single-entity one

* why models tailored for individuals get unsatisfactory performance in this scenario



2. Method

Implicit Convex Hull Constrained Adaptive Shift (Section3.1)

Parameterized Mapping for Coefficients(Section 3.2)
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NTU Mutual 11 & 26 Similar interaction categories, e.g. giving object, shaking hands, high-five, cheers and drink, exchange things and rock-paper-scissors
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ASB101 Skeleton sequences should be classified into 1,380 fine-grained categories (verb & noun) without object poses

CAD Recognize street group activities from estimated 2D joints in the wild, with number of entities up to 13

VD Recognize volleyball group activities from estimated 2D joints of 12 players and the position of the ball
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CHASE consists of a learnable parameterized network and an auxiliary objective.

_>

p* = Xsoftmax(W)

X: Spatiotemporal U keypoints of a multi-entity skeleton sequence. W: A learnable weight matrix. S: Convex Hull of X.

A proof to a simple yet crucial proposition: the new origin is a point that lies in the minimal convex set containing X. It

ensures sample-adaptivity and plausibility.

X = X (I — softmax(W)J1 )

U U
S=14) ap|p;€X,) a=18¢€(0,1),CS
=1

i=1



2. Method

Implicit Convex Hull Constrained Adaptive Shift(Section3.1) Feasbler” O Objective for Inter-entity Distribution

5 Infeasible p* ® Discre pancy Minimization (Section 3.3) NTU Mutual 11 & 26 Similar interaction categories, e.g. giving object, shaking hands, high-five, cheers and drink, exchange things and rock-paper-scissors
I Convex Hull e-e R | 1 P i i
y . A J = } i { & | J e | J jes J & | o
g B T ; = ;. 3 = S 1. 8 3
(0} & $ Yy p* = Ny R Y o — = = = e R = s ey =
o f oh ’ b b “ ‘ag:
(o] \m v

Mini-Batch
Sampling

p* = Xsoftmax(W) X = X(I — softmax(W)] »)

ASB101 Skeleton sequences should be classified into 1,380 fine-grained categories (verb & noun) without object poses

Discrepancy - L SEs] B & ¥ o8 " i
Parameterized Mapping for Coefficients (Section 3.2) [~ Minimization ’ @j ’ 5&] ‘ /’ > ’ ] J‘ J » J ? B J
eleton Sequence |
; % 5 | $ CAD Recognize street group activities from estimated 2D joints in the wild, with number of entities up to 13
N O « £ « = | =
: .\. X m x g d _ E : @ c Task
2x8xsx 8 _ gtk
&2 g 8’3’8’2*8 —»g 9—'—»%%»5— >5)
= o
; % g % 2 % w + g é (U] VD Recognize volleyball group activities from estimated 2D joints of 12 players and the position of the ball
X 2 O (% o o ]
g z | 1y Yoo A% % PERS
® Multiplication (&) W= IIJ(X) 3
€D Addition — Training & Inference  Reproducing Kernel Hilbert Space (RKHS)
---- Only for Training
W = ¢(X) = W36(Wap(W1 X + b)) MMD(P, Q) = sup_ (E[f(z)] — E[f(y)]) N o
£l < An auxiliary objective

A lightweight parameterization of the mapping aimed at minimizing the

from skeleton sequences to their specific

coefficients in convex combinations, further | M
improving sample-adaptivity. E, ;) [MMD(z)] ~ i Z MMD(zy,)
m=1

E,[MMD(z)] = 3 3 MMD(P', PY)/C(E, 2)

Inter-entity distribution
i=1 j=i+1

discrepancies.



3. Experiments

Method Venue NTU Mutual 26(%) NTU Mutual 11(%) Method Venue H20(%) ASB101(%) CAD(%) VD(%)
X-Sub X-Set X-Sub X-View AT [26] CVPR’20 - - - 92.30
GDCN [11] TPAMI’23 85.80 92.10 - - ISTA-Net [35] IROS’23 89.09(41.21) 28.01(+0.06) 87.16(42.55) 91.40(40.23)
SkeleTR [76] ICCV’23 87.80 88.30 94.80 97.70 H20TR [80] CVPR’23 90.90 - . -
ISTA-Net [35] IROS™23 | 90.56(x0.08) | 91.72(x0.30) - - EffHandEgoNet [81] arXiv'24 91.32 - - -
pie o N arXiv24 20.00 20.00 %550 0820 CTR-GCN [36] ICCV'21 | 81681053 | 27831043 | 80-451220) | 92661021
CTR-GCN [36] ICCV'21 | 89.32(1006) | 90.19(x017) | 95:94(x036) | 98-32(0.29) GD (0 0105957 | 28031021 80617916 | 9o gg!0.24
11.98 12.15 10.51 10.51 i (Ours) - ‘U941 .98 *U9310.30) 01 (10.20) 09 (10.15)
+ CHASE (Ours) - 91.30[1 %, | 92-34/70%, | 96.45]00.. | 98.83/00) T PR o 1S S0 TEe
InfoGCN [37](k=1) CVPR'22 | 90.22(1013) | 91.13(x016) | 95-51(z010) | 97-76(0.22) nto Btsl) € e %{;g% ' %?iém ' (Tﬂ;?ﬁ@ : %92-;@
+ CHASE (Ours) . 01.86/100, | 92.41/1% | 96.35/051 | 98.25/0%% o (CIEL 5 (L) - 834714050 | 27-36(3019) | 84-18(15y) | 92-0000,)
STSA-Net [40] Neuro.’23 88.41(i0_01) 90.19(:‘:0.11) 95.96(:‘:0.09) 98.47(:‘:0.09) STSA-Net [40] Neuro.’23 9229(?50422) 2770(#50119) 8020(%3720) 9252('?(:)0222)
+ CHASE (Ours) : 89.77/100 | 91.54/107, | 96.6305% | 98.73[000 + CHASE (Ours) - 94.77 41.36) | 27-81(4013) | 8593(3546) | 92-78(50.41)
HD-GCN [38](CoM=1) | ICCV’23 | 88.251044) | 90.08(x012) | 95.58(x0.10) | 97-93(x0.07) HD-GCN [38](CoM=1) | ICCV’23 | 72.73(10.41) | 27.31(x0.36) | 76.93(x£a.38) | 91.32(x0.02)
2.56 1.97 10.64 10.38 18.88 10.19 15.46 10.68
+ CHASE (Ours) - 90.81/70%, | 92.06/;70, | 96.22/\¢ 0 | 98.31070, + CHASE (Ours) - 81.61 41 4s) | 27-50( 004 | 82391141 | 92:00 50 0n)
Method Acc (% A (% ICHAS o b
Set Method AvgKILD] | JSDJ BDJ AD | MMD | Vaiil?a - 302C (%) ( o) AS [ CHC| CLB | MPMMD | Ir | Acc(%) | A(%)
I Vanilla 1.0710.25) | 0.1910.04) | 0-25(10.06) | 0.46(10.06) | 0.94(10.54) S5CoM 88'66(i0~06> G IV v 0.1 | 91.30(49.22) -
CHASE (Ours) | 0.39(50.09) | 0-08(:002) | 0-10(:0.02) | 0-30(:0.03) | 0-05(:0.02) ° 00(10.26) | —Y. v v v 0.1 | 22651035 | —68.65
: BatchNorm 89.06(+0.16 —0.27 v v v 0.01 | 86.991016 | —4.32
I Vanilla 1'00(10.23) 0~18(i0.04) 0'23(10.05) 0'45(i0.05) 1-03(10460) ( ) / J J ( )
CHASE (Ours) 0'45(i0.08) 0'10(i0.02) 0'11(i0.02) 0'32(i0.03) 0'07(i0.02) ER [35] 89'34(10.15) +0.02 % % 0.1 91.20(20.13) —0.10
m Vanilla 0.72(x014) | 0-14(z002) | 0-17(x003) | 0-39(x0.04) | 1-25(0.60) Aug 89.72(10.04) | +0.40 Y U L oer | oo | TOR2
CHASE (Ours) 0'41(:t0.08) 0'08(:|:0.02) 0.10(:‘:0.02) 0'30(:|:O.03) 0.05(:‘:0.04) SZCOMT/STD 90'29(:t0.06) +0.97 / / / 0 | 20'22(i0»38) :70'88
v Vanilla 0.75(:‘:0.14) 0.14(:|:0.03) 0.17(:‘:0.03) 0.40(:|:0'04) 1'15(:t0.56) SZCOMT 90.79(:|:0.10) +147 ‘/ ‘/ ‘/ 0:1 9117§i2(1);); 70;13
CHASE (Ours) | 0.41(10.07) | 0.08(10.01) | 0.09(10.02) | 0-30(40.03) | 0.04(10.03) CHASE (Ours) | 91.30(1(22) | +1.98 0.1 | 89.50(5014) | —1.81

By adopting our proposed CHASE, we can boost the performance of the vanilla counterparts by a
noticeable margin in most multi-entity scenarios. CHASE also significantly minimizes discrepancies across
all evaluation metrics.
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4. Conclusions

* We discover an interesting observation in multi-entity skeletons: Entity Bias.

* Proposed a Convex Hull Adaptive Shift based multi-Entity action recognition method
(CHASE), serving as an additional normalization step for single-entity backbones.

* Our main insight lies in the adaptive repositioning of skeleton sequences to mitigate

inter-entity distribution gaps, thereby unbiasing the subsequent classifier and boosting
its performance in multi-entity scenarios.
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