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Abstract

Human motion prediction is essential for applications ranging from autonomous systems to immersive virtual environments.
However, most existing models focus on everyday motion, limiting their effectiveness in dynamic, expressive contexts like sports,
VR, and assistive robotics. To address this, we target the LaFAN dataset, which captures high-energy movements with significant
intra-class variation. We propose a novel framework combining three ideas: (1) a latent diffusion model for improved temporal
consistency, (2) a reinforcement learning approach for stable long-term prediction, and (3) a robust noise optimization strategy
to counter diffusion sampling noise. Experiments show our model produces realistic, coherent motion sequences, highlighting its

potential for complex and expressive motion prediction.
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Transformer 7|8t U-Net2 &-83%F LDM: Transformer®} La-
tent Diffusion Model ©] AgH-2 X[ &2} of|S HA|of A A o
Z 2y it $e]9] sfo] Lol = mYle tioFat of 7l e H o]
A& E55lo] &8sttt U-Neto] AlE2 EA] 3% (hierarchical
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range dependency modeling), 712|317 ZF A A H A 7oA
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2 Related Work

2 Q70 pAE A 7H4 B Hokg FHOR 7]

2.1 Latent Diffusion Model

Latent Diffusion Model (LDM)& =& EX] =
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& FASHHA L 45 atd o 2 FAAAZITH 10, 11].
LDMhlr—S Z23 g 84 gl Bof ZAX A (conditional gen-
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Figure 1: Whole Model.

2.3 Dual sampling

Diffusion W&le 2 44 mdl Boolq 948 458 o
st gdshA AGE 1 it 55], &HE Yk 7|9Ee] Sampling
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Al ot o] &4 &2 dE Hd o] o] LDMo| 7|Hsh=
o|z RO} S E L& HAse], LDMo| A43t o] = 7
A Yol A ¢a3t =S WS 4 Q= st & 2]
Zderets &4 L AP S5 ol= AA 21E &§
Stof, dE md T Qo3 LH°1V‘] AA 8 T F7Hel A <]
POMDPE #2151t} o] 4
£ &8oto] aetsa —)F “’3 Ui 4l

Lnozsemke

world L

cumulative reward)-& 9] et5-2 21331t} of 7] A] r& GOl A

&= (discount factor)E oJu]gtc}:

Lwortda = Z rk. ||]5k - worldModelPredict(sk)Hg .
keZ

(6)

| | A 2= 52 ol
£73& sAlol H A sFstart g
,$e= 9 EH’Q 2-g-sto] m| |
2 HIHe oy
U Aol A 732 Z_}%:r" 5t7] 914l Neu-
E 71919 =2413815 S35t ok dHg ol thgh Bot 2t
Mgk W-8- Section C-& 3+=x5}17] vl

! Nlﬂ
filo
f
-
ol

L

o |o
fu

X

A,
)Jl

HT
HT 12 ot
iy
2
o o
1o

o,
_O|L
l—_]
ﬂ o

ox <k

o e Joy i
oy >

N

|

3

g
)%

oo 1o
oL

at.)
=

e/ 1~ N | T e
>

qu oS X

>

¢

g
o
S

6 Dual sampling

2 dFolA = 71E9] p-samplings o] A pd-sampling& 7}
Sto] A ©h<e samplingo] obd o] = o th gt FAIgk-S A A sh=
sampling& Fol 4] o] zof th3t A 3k5 X asH¢let. ofof o
gt sampling ©] 5412 o e} &t

p sample + pd sample
2
(o)t (o)

2

normal sample =

)

=p+es

A7) A p FAE B (mean)S Ve, ¢ 7+7}o] Sam-
pling Yol A AHE-H o] =25 yepilct $-2l=

normal sam-
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7 Experimental results

FAHoR, $4 49U LRAL 1, 84 dole Aol 1
A glo]e Al = Aiming2] 40%, Dance®] 42%, Fight2] 33%,
Ground®] 50%, Jump®] 33%, Multi-Action®] 75%, Obstacle2]
44%, Push®] 33%, Run®] 25%, Splinter2] 50%, Walk2] 16%7}
L o] 252 F= Subject 13} Subject 20f] 23] 424
oAt Lol 4] SAEL Hohg dole 2 ALgE 9

514 Holelol 28U M oR fARE FA1So] EgH o] 9)
oLt 7} dolelet FAGH B2 A AL EgH A grot Al

A& BRI BT % =S TAA,

A ) AT ARFehE B2 )2 meol 9128 Al 714
71 =} s woto] Hteheick. 3 WA 7% e BeLFu-
sion& 2 €179} 4151 LDM& SH--gh} [17], op2]et 5 7]
Z B dlo] TransFusion-2 Transformer 7]5F2] Diffusion Model-&
e sto] F2F o S 23t 28, 29]. BE HE-2 RTX 3070
Ti GPUL} AMD Ryzen 5 5600X 650 CPUZ} AF2F%] o] A of A
ShEEUTh REllE oty AR T3} Zo] AFo|5t3l Tt Bel-
Fusion®} TransFusion& 2F 24 A T 9] 6+ A|7to] A Q E| Q) 11,
SHH, A QFohE 8] HE-E of7| 8l A o B/t 7140 dE
Ldof ofgt atels MY o= Qlof of 3UA L O] ot AlZto]
AQ =T

2] 9] HFH.2 BelFusion ¥ TransFusion¥} & 3kAF 7|dt
(diffusion-based) B S} 5 LSt EFY AT 4= (time steps)E Al
gate] shaE Y. o SRS Bolel] 9, Al3E 51
7 4 Feround-ruh) & che T 2 AEE AHgato] v
W 35}9itH MPJPE (Mean Per Joint Position Error) — 34 %]
Q21o] H+, &= u|E (m), MPJRE (Mean Per Joint Rotation
Error) — 34 34 @ 2}9] H, &9+ T (degree). Table 1= 2+

Table 1: Model-wise Comparison of MPJRE and MPJPE Perfor-

mance.

Model Performance Aim  Ground Fight Push Multiple Walk
Ours MPJPE (m) max  0.039 0.079 0.068  0.097  0.063 0.124
avg  0.014 0.021 0.017  0.024  0.022 0.052
MPJRE (deg) max 4.388 4.389 12.534 10.501 7.810 10.412
avg  1.660 1.788 2.831  3.509  3.468 2.886
Belfusion MPJPE (m) max 0.357 0.393 0.425 0409  0.275 0.279
avg  0.032 0.051 0.066  0.039  0.040 0.033
MPIRE (deg) max 8.125 12.457 19.470 14911 17.241 15.521
avg  1.995 2410 4932 3519  3.649 3.112
Transfusion MPJPE (m) max 0.347 0.416 0.398 0435 0335 0.291
avg  0.046 0.070 0.051  0.047  0.050 0.042
MPIJRE (deg) max 8.928 11.658 15.190 14.813 11.888 16.003
avg 2962 3.293 4612 4255 4327 3.885
A HFER L /RE SAT &, A HFol gt Aol 2 3
Wi QA2 AN S RS BE QLA 7P $53

A skt
o F0% AL, e BE P FAo] ulS 5 2

o Hish olela< A er, I 23 A So] ArEom o]=
7S AES Bylvhs Aotk v, A= BES A 98
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Table 2: MPJRE and MPJPE Performance Comparison (Ablation

Study).
Model Performance Aiming Dance Fall Splinter  Walk
Ours MPJPE (m) min 0.011 0.015  0.005  0.001 0.007
max 0.077 0174  0.079  0.078 0.169
average 0.014 0.056  0.025  0.016 0.052
MPJRE (deg) min 0.630 1.615 0717  0.039 0.664
max 4.388 12.781 12770 12.505 10.412
average 1.660 5952 3196 2979 2.886
Standard DM MPIJPE (m) min 0.013 0.012  0.011  0.007 0.016
max 0.491 0.176 0330  0.234 0.114
average 0.251 0.052  0.089  0.076 0.049
MPIRE (deg) min 1.767 1.814  1.703 1.481 1.857
max 16.548  24.111 31.337 29.396 15.104
average 6.451 7.168 10.191  10.590 6.915
Standard LDM  MPJPE (m) min 0.004 0.011  0.009 0.022 0.011
max 0.245 0.187 0352  0.170 0.144
average 0.075 0.067  0.102  0.062 0.052
MPIRE (deg) min 0.494 1415 0.995 1.042 0.984
max 5.962 12.887 13.358 14.648 11.412
average 2.095 5590 5255  4.667 3.887
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Table 3: MPJRE and MPJPE Performance Comparison (No Sam-
pling vs. Ours).

Model Performance Dance Run Walk

Ours MPIRE (deg) 8.141 6.304 6.606
MPJPE (m) 0.0201 0.0664  0.077

No Sampling MPJRE (deg) 9.925 8.4255 9.24377
MPJPE (m) 0.1307 0.1470 0.1348

pling B3 10| 2] A AL 2§ 715TE & 4 Ugieh
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9 Conclusion and Discussion
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S 29 B RE EH02 Aol
gom, Zeshs B4 el Al H52 U o
ot} 7= Neural Ordinary leferentlal Equations
(Neural ODEs)S &850, POMDP2] A Alef] 37tof 2% <
she Yl e 4 9l o1& AR} (continuous operator)E Sh5

St} [94]. T2 3t e AFARS A o5t}

(0]

V:X—=S8
A7 X= Al Aje] A 7 B= 9 57t (input space)
L GUE oI, S A B e 5 b

o] A LJol| A V= FA F3HA A5 2 ol A1 9] A4 = A
AL n =2 FEAA]ZIT].

=9 BE2 F 9 diyz 4 A i fiie s R
Z 7V A 52 I Z (motion poses) = A4S, Dyy1, ..., Do
&0 =2 TS A5k, o] At 29 A 2] (world-model
processing)E 15l 52 H#of| AFH o714 D= o2
et = ®7]oltt: diffusionPredict(s;). & HA] Y] 6= GAN
I FAfE HFA] 0 2 R E o] = (synthesized noise)E &2 o}
), defjo] lo|2E At B} Y= FAEE HE o]

oM,
X,
ﬂ.l[ﬂl
o
1o
ol
LU
rr

gttt dE ndl
o = o]— -rxﬂ SEER on/q :,L/a Qi Zrast
2= —‘E‘?ﬂ% Neural ODE®} LDM2 &85t 1154
Zb o & HAE s dsty] It Astels e +
ket (791, o] B3-S A A TANL BEAO R LT
Z} 45} (motion dynamics)o]] o gt ¥ o} & 7}&]
Phsaol ket

C.1 Input

LDMO] Qg o g2 AFgsto 2, A IHA-S
g5l B2 HolA] ok Balolth APHA JFL
ODES 9= 2 o 17 Fahgoan wasisl, ol 5
A< A7t 45t (continuous-time dynamics)2 H Tt ZFAAH A
2dgst 4~ 9] A sttt LDM-2 §-7 AlE] (environment states)
= T 7R A 842 Aot} o &% I Z(predicted poses)
A= (= 7Hp) 0] = (synthesized or fake noise).

o

o A H|(states):

- 959 X Z(Predicted poses): LDM-2 107] 2] £ = A]
ALZ | 2510, o] = skl o] A E 9] s AL
g,

— 7% o] Z(Fake noise): ©] A Q4= A A o)
A AT (GAN)T} A s S2bsle, 9= gl yof
A HE d|o]E] SamplingS §E517] 15 714
o8 A4

A 220t P E ko] 2E W/ EEHRHN, dE B2
AZ G284 (sample efficiency)2 FAA] 7|10, Ht AFA A&
detetaa 7ot 2ot

C.2 Learning

4E ndo] sk A0 Sampling, T4 of| =, 18|11 HA} 7]
Ht 2] A3} (reward-based optimization)E FA] 02 o|2ojXit},
2Ee mx FolA G5 2AQS AALHA Al Eehs
e oli\—o]—tﬁ BAY 7|49F &4 §k (reward-guided loss function)
Sl A5 A= E FIAIKI [66]. o] S5 TA= “Felet
=l e Cﬂﬁ"—iolfﬁ, dE Bdlo] tF- sampled %4 (sampled
trajectories)= o= Auststy, A4 HAQ 549
S} (real-world dynamlcs)oﬂ Hotoh= Hoh AR QL v]Ef ALE]

= QAT & YES drrolde TashE oy AU
de moEo s gl dat

ﬂll

=

oz, 9E BEL B2
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A= % glon, Fosa 874 el Ase U o
Al 4= Qltt. $-2]+= Neural Ordinary Differential Equations
(Neural ODEs)E 825101, POMDP2] 2 AJE| Z7tol] A2 5
e R 4 e B4
e} [94]. T2t 22 AV

ox
>
o

A A2} (continuous operator)E- S5

A ofgik:

7t (input space)
+ A &4 T= T4 OIAE

S+&
UetlE= 2ot 2 AFe] E7F (infinite-dimensional state space)
o % S o) AU V2 E0 9 EAAAN <

works) ﬁl&&ﬂwaﬁi%@%a%
Proposition. X& FHUME A FZF (compact topological

space)o] 2} o}al, Mo] eFgh 914 (weak topology)& Z+= &710]
2kl 5hAb (o) oa“?_}z—*.?l ZZ o). ol AAMAFV - X — S
7F A&ol2td, o] = SoflAf of-* W E (weak-*)gF A (O] A])=
L =3} [91].

=, AARA} V= of-*+ =3 (weak-* convergence) 2] T+ of| A 5}
%9 4= 9121, o] Neural ODE o}7| €13 o] A Uuts} 715
S 217 A=} (neural operator)S SH56}= o] 5o}t

Proof ©]= Hhps -2 2 A 2] (Banach—-Alaoglu Theo-
rem)o]| o2 A=, I 5 F7HO] Al F1F (dual space)of| A &3l
©9] 3 (bal)© oF SO FAUES BT nebs X7}
HIMESIY VI A45d A9, V(X)E 59 -+ At A oA

5 AMET A (image) & FAT.
AA o g2, AAXA} VE A7 edATRH(neural operator) 2 S5

Sl A2 oF 4~ (weak convergence) 714 St A& 755
Fg A o|rt.
Interpretation. ©] Ze|JI= P T HHEH W} 4

(image) 2] 2F-* AME A (weak-* compactness)o]] 7|HFs}o], 112}
2 (high-dimensional) =& 2B 7= XA H (partially observed
systems)o| A = M| A 55+ (world dynamics)& LWtst 7Hsgt
Hhxlo 2 nelgdsl 4= 9l 2 S}

&3l Neural ODE:= 5t 71535t -4 AR} (bounded
operator) & 5o YRS} “52F (motion) 2} -5 8} (dynamics)&
FQe % oA Bef. ol elgh BRI, B AP Foke 3] 5
2 28 2| Yok FWESHHAE Ak Q] ChopA] (manifold)

£ 347

ol E

Internal Structure of the World Model. Figure 4°f YEHT vt
o o], gt nd YR = HFA L = Hlo]HE A
A517] §5l B & A1 737 (auxiliary neural networks)©] ARg-E T,

World Model
Graph K;
i

q_sample

Model Sy

| P_sample /_\
i <

Figure 4: World Optimization Controller - A More Detailed Ver-
sion.

o2 gt AATE2 thFet 2 o

knowledge)S 535t 910, o]

&2} A 5o] 7155ttt [62].

EA W (feature map)2] E?iﬂi% FEAI717] S15H, VAES]
% 9l5} 9T}, VAR:

HE Hlolg et s ]’04 o2 2

Bt gseta Aug

=z

mlm mlm J

o]

Pty Pt+17 Pt+10 = Oﬂ%i

o] o & A= 4t =Y —‘%JEL i €] p-sampling 2= 554
A=t
C.3 Output
o]% Yt mule &4 9tpof o5l -k &= p-sampling T3
QAT A EEith ol oo FAEE AEE g o
O, Ut Bdlp F L dS5S SSHA "ot
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