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1 Motion-DVAE training

1.1 Implementation of the generative model

We recall the generative model of Motion-DVAE:
T

po(w1.7, 21:7|w0) = po(21|z0)pa(w1]21, 20) | [ po(2t|21:0—1, m0)po(e|21:0, o), (1
t=2
We implement pg(x¢|21.¢, To) = N (x4; o, (211, To), Id) with:
* h¥ = dini(zo),
o h¥ =dp=(hi_q1,2t),
* o, (hi) = du(h¥).
For pg(z¢|z1:6—1,20) = N (2¢; po, (21:4—1, T0), 00, (21:4-1, o) ), We take:
* h§ = dini(xo)
* hi =dp=(hi_y, %)
* [po.(hi),00. (k)] = d.(h})

dp= and dp- are recurrent neural networks and are both implemented with the same LSTM. d;,,;, d;, and d, are MLPs
with 2 hidden layers using group normalization with 16 groups and ReLU activations. The latent dimension is 48, while
the LSTM hidden state dimension is 1024.

1.2 Implementation of the approximate posterior

The inference model is:

46 (z1:7|0:T) = 94(20|T0:7) H 46 (2t 2161, TeT, X0)- ()
t

4o (zt|21:0-1, e, w0) = N (245 o (21:0-1, Tor, 20), 0 (21:4—1, T, To)) is implemented by:
R h?l()b _ [héatl h;iata]
—_ b b
o h§t = eini(wo),

B = el ),

. hgata =0,
e = it (),

lob lob lob
o (g (W), 06(h")] = egion(h{™).

elh‘“ and eﬁ‘”a are LSTM neural networks, while e;,; and eg4;,, are MLPs. Implementations of LSTM and MLP are

similar to the generative model.
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1.3 Loss function

From Eq. (I) and Eq. (2)), following [2]l, the ELBO of Motion-DVAE is:

S

T
L(0, ¢;wor) = D By, [logpe(welz1:e, x0)] = Y By [Drr(ae(2t]21:0- 1, 2o, 20) [P (26214 -1, 70))]. - (3)
=1 =1

We define the loss function of Motion-DVAE:

LG b 20.7) = Lrec(0, 03 20.7) + Lxr (0,85 20.7) + Lyeg(0, 3 T0.7)- 4)

The first term can be developed as:

Mﬂ

Ere('( ¢7 Zo: T) Eq¢ [logpe (th|l’0, Zl:t)]

t

1

B

E% [IOgN(l‘té 1o, (21:¢, o), Id)]
t

1

[
[M]=

Eq, [II 1o, (214, m0) — x4 [13] -

t=1

This is a reconstruction term between the input and the output of Motion-DVAE.

The second term is a Kullback-Leibler divergence pushing the posterior distribution towards the prior:

T

Lrr(0,¢;x0.1) = Z Eq, [Drr(qg(2t|21:0—1, Te.r, 0)||po(2¢] 21:6 1, T0) )]
=1

We also add a regularization term using the SMPL model to enforce the final human mesh to be as close as possible to
the original mesh. It consists of a squared reconstruction error on meshes and joints:

T

Lreg(8, d320:0) = D By, [I| Ma(po, (216, 20)) — Mp() [13] -

t=1

1.4 Learning settings

We train Motion-DVAE with sequences of 30 frames from the AMASS [4]] dataset, previously downsampled to 30Hz.
Then, learning sequences last 1 second. We choose this duration because we argue that even if human motion can last
more than 1 second, direct dependencies between poses rarely exceeds 1 second. To ease learning, following [6]], we
align the first frame of each sequence in the canonical coordinate frame, meaning that translation 7y and the first two
components of root-orient ®( are 0. This enables focusing on learning spatial-temporal dependencies independently
from the starting point of the motion, which makes the motion prior more general.

‘We use batches of 64 sequences and train Motion-DVAE for 200 epochs. Similar to HuMoR [6], we use Adamax [3|]
with the same settings and learning rate decays. We also use KL-annealing [/1]] during the first 50 epochs. However, since
our model does not use past predictions for current state prediction, we do not need to perform scheduled sampling.

2 Unsupervised learned denoising posterior distribution

Let’s recall the joint distribution in the context of motion denoising:

T
po(yo:1, vo.1, 2178, 2o) = p(vo)p(Yolwo, B, vo) H (2t]z1:0-1, o) p(ve)Po (e | 21:0, B, v, o). )
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We want to express the posterior distribution pg(xo, 8, 1.7, Vo.7|Y0.1):

pe(ﬂfo, B, 211, Uo:T\yO:T) = p(5|U0:T, 21:T L0, yo:T)pe(Uo:n 21:T, 330|y0:T)

= p(5|U0:T, 21:T5 L0, yo:T)p(Uo:T\ZLT, Zo, yo:T)pa(Z1;T|JJ07 yo:T)p($o|y0:T)

T
= p(Blvo.r, z1:75 To,s Yo:1) H [p(vt|21:t, Yt, ¥0)po(2t|21:6—1, Y, xo)}p(vo\yov z0)p(wolyo.T)
t=1

T
p(Blyo:r) H[ (vt]21:¢, Yo, T0)Po (2t |21:6—1, Y1, To) | P(vo Yo, To)p (2o [Yo: 1)
t=1

As can be seen in the above calculations, we approximate the posterior of 5. We choose to ignore the noise and the
latent motion to simplify the model. In practice, 5 is computed as the average of the observed sequence of body shapes.

As a reminder, we define the following approximate posterior:

!

q(xo, B, z1.17, vo.7|Yo.7) = ¢(B|Yo:T) H{qy(vt\zm,yt,fﬂo)Q¢(zt|Z1;t71,yt:T,3?0) ¢ (volyo, 0)qw (zolyo.T).  (6)

3 ELBO derivation and loss functions

For finetuning Motion-DVAE, we aim to minimize the Kullback-Leibler divergence:

;I}Yir:}DKL(Qd),w,w(an B, z1.1, vo.7[yo.1)||pe (zo, B, 211, vo.7|Yo.1))- @)

We will do it by maximizing the ELBO:

L(¢,7,w) = Eq, _ . (20,8,21.2 w00 y0ir) 108 Po(Yo.T, V0.1, 2175 T, B) — 108 G4 . (T0, B, 217, vo.7 |[Yo.1)] - (8)

3.1 ELBO decomposition

One can notice that the first term of the ELBO involves the joint distribution defined in Eq. (5. Taking the logarithm
and expectation of this joint distribution, we obtain:

T
Eq, ..., [log p(vo) + log p(yol|zo, B,v0)] + ZE%,W [log po (2|0, 21:¢—1) + log p(ve) + log pg (yi|@o, 214, B, ve)] -
t=1

Similarly, the second term involves:

T
44,70 (0, B, 211, vor|yo.r) = q(Blyo:T H {qw V| 21205 Yt ©0) Qo (2e | 21:0—1, Y T,Zo)} ¢~ (volyo, 0)qw (To|yo.1),
t=1

which becomes after taking the logarithm and expectation:

E%mw(ﬂfoﬂathﬂ)o:T\yO:T) [IOg q(Blyo.r) + log G~ (volyo, xo) + log qu, (yO:T)]
T

+ Z E%p,»y,w(woﬁ,zl;T,vo;ﬂyo;T) [lOg Ay (Ut |21:t7 Yt, 'rO) + IOg Q¢>(Zt|zl:t—17 Yt:T> xO)] .
t=1
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The decomposed ELBO is then:

T
L(QI),’WW) = Eq(p,»y,w(ajo,ﬂ,zl;T,Uo;T‘yO:T) [logp(y0|$0, /87 UO) + Z logpg(yt|21:t, 5) Ut7 xo)]
t=1

+ E%,mw (z0,8,21.17,v0.T|Y0:T) [_ log q., ($O|y0:T)]

T T
+ Eqd),'y,w (z0,8,21:1,v0:7|Y0:T) [Z log pe (Zt|zlit*17 To) — Z log q¢(3t |21:6—1, Y1, CUO)‘|
t=1 t=1

t=0 t=1

T T
+ Ef]d),w,w(-’t()vaZl:Tﬂ)O:Tl?JO:T) [Z logp(vt) - Z log Q~ (Ut ‘Zl:ta Yt, 550)]
+ Eqaﬁ,%w(x07/3721:T7U0:T|yo:T) [_ log Q(ﬁ|y0:T)] 5

which can be rewritten as:

T
E(d)? v UJ) = Eq(ﬁy%w(mg,ﬁ,zl;T,vo;T\yo;T) |}ng(]/0|$0, 67 UO) + Z Inge(yt|21:t, B; Ut, .’Eo)]
t=1

- Equ"mw (z0,8,21:1,v0.T |Yo:T) [IOg qu (w0|y0:T)]

T T
—Eqy . o (20,8000 21,7507 [DKL(H 46 (21| 21:0-1, Yo, ) || Hpg(mzlzt_l,xo))]

t=1 t=1

T T
_Eq<¢>,~,,w(ZD075721;T|U0;T7y0;T) [DKL(H Q'y(vt|zlzt7ytax0) H Hp(vt))]
t=0 t=0

- E%p,mw (z0,8,21.17,v0.7|Y0:T) [IOg q(ﬂ|yO:T)] .
3.2 ELBO terms calculation
3.2.1 Data commitment term
The first term is a data commitment term. We have:

T
]E%.,w,u(Io,ﬁ,zlzT,ﬂo:T\yozT) [Ing(y(J'xOv B, UO) + Z log pg (yt‘an 21:4, B, Ut)]
t=1

T
=Eq, .. [log/\/(yo; Mg (xo),v0) + Zlog/\/(yt; Mg (g, (z0, 21:4)), vt))]

t=1

j.d 0,5, t,5.d t,j,d

1 1 1
= 5840 [Z — (0,5, — Ma(x0)j.0)> + Y o (Wega = Mp(he, (2o, Zl:t))]yd)Z]

As expected, those are Mean Squared Errors weighted by the inverse of the variance.

3.2.2 [Initial state predictor term
The second term is linked to the initial state predictor:

Egy - (@0.8,21.7v0:7 |y0:7) [log g, (o |yo:7)] = Eq. (wolyo.r) [log g, (zo|yo.T)] -

This term corresponds to the negative entropy of g, (xo|yo.7). We chose not to use it during learning because it would
increase the initial state predicted variance, which is not a desired behavior.
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3.2.3 Motion prior term
The third term of the ELBO uses Motion-DVAE to implement a motion prior:

T T
Eq@%w(ro,ﬂ,vo:T\zLT,yo:T) [DKL (H q¢(zt|zl:t717yt:Tax0) || Hp0(2t|21:t1;x0)>‘|
t=1 t=1

T
= Z Equq(p |:-DKL (q¢(zt‘zl:t—lv Y., x0)||p9(zt|x07 Zl:t—l) ):|
1

o~
Il

I
M=

o~
Il
—

M\»—t

o o (Mg, — Hg)?
ZEQW% [bg e gy Z0 e ] .
=1 ¢ O, Ope,

3.2.4 Noise prior term

The fourth term of the ELBO is a noise prior term:

T T
EQQ&,'y,w($O:B~,ZI:T|UO:T7Z/0:T) lDKL(H q’Y(’Ut‘Zl:hytv:’jO) I Hp(vt)]

t=0 t=0
T
= ZEQwQ¢ [Drr(qy(velz1:4, ye, zo) || p(ve)]
t=1
A A
= > Euugy |Drr (26 (vega, 00z, e 0)s By (2, e 20)) || 26 (veja 50 5
t,j,d

- Z EQw 9¢

t,5,d
where I" and 1) are the Gamma and Digamma functions.

3.2.5 Body shape term

The last term is about body shape:
E%,w,w(10,ﬂ721:T,v0;T|yo;T) [lOg q(ﬂ‘yOT)] =E [6(5 - BSPIN(yO:T))]

Since that term does not depend on any learned parameter, we ignore it during training.
4 Final predictions from observations

4.1 Initial state

We start by predicting the initial state:

xgd - Eflw(mo\yO:T)[Mﬁ(xO)] ~ Mg (1w (Yor)),s
where p,, is the mean vector of q,, (2o |yo.T)-

4.2 Motion prediction

Then we need to compute &1.7 = Ep, (2,.1|yo.0) [£1:7] Where
p(xir|yor) = /p&(x1:T71'Oa6;31:TavO:T|yO:T) dyodpd, . duy.p
= /p(ﬂ(xlszCO;ﬁ»Zl:TaUO:TayO:T)pG(an5;21:T7'U0:T|y0:T) dyodpdy, ., dyy.r

= Epg(xo,ﬁ,z1:T7vo:T|yo:T) |:p6‘ (xl:T|1'Oa 5a 21:T,Y0:T, yO:T) .

A A\ A A A
( 2) ¢(a7) - lOgF(av) +logT (2> + 5 (logﬁv — log 2) + ay 5757] ,

]Eqwq¢ |:DKL (N(Zfa ,[L¢(Zl;t_17l‘t;T,:CO),O'(j)(Zl;t_l,I’f,:T,l’O)) H N(Zt;ﬂ/ez (Zl:t—17$0)7 ng (Zl:t—17x0))):|

©))
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Approximating the posterior pg(zo, 3, z1.7, Vo.7|Yo:7) With ¢4 .., We obtain:
Ty = E(Id>.'y,w |:]Ep9(wlzT|I0~,67Z1:T7U0:T7yO:T)[xl:T} . (10)

We need to calculate pg (z1.7|20, 5, 21.7, Vo1, Yo:7):
C
10gp9($1:T|5007B7 Z1.1,Y0:T, yo:T) = 10%1’9(171:%550757 2117, Y0:T, yo:T)

= ZIng(yt‘xtaUt)p9($t|zlzT; o)
t

= ZlogN(yt; xy, diag(ve) )N (z; po,, , 00,),
P

where = denotes equality up to an additive constant that does not depend on z1.7. We can further develop the last line
and identify:

( Vgd(pe, )+ (00,)5,dYt5.d  Vi5,d(0e,)sd )
Tt,j,d; :

log po(z1:7|T0, B, 21:7, Vo1, Yor) = Zlog]\/' esd+ (00 )id " vesd + (00 )id
s w )3, s w )3,

t.j,d
This finally leads to:

. vt,5,dMp (1o, (To, 21:0-1)j,a) + ygd- d
R D [ d ! b, (11)

€T, - =
b Ut +1

5 Unsupervised denoising learning

5.1 Neural networks implementation

During the unsupervised denoising training, we introduce 2 neural networks, an initial state predictor and a noise
predictor. Those 2 models were not necessary for training Motion-DVAE on clean motion capture data since xo was
known and there was no noise in the observations.

As described in the main paper, the initial state predictor implements q,, (zo|yo.7) = N (Zo; pw (Yo.1), 0w (yo.7))- It is
implemented by:

b ho =0

* hy = T’h(ht+17yt)

* T = eini(hr)
rp, 1s an anticausal LSTM neural network. We want it to take the observations ¥y, backward in time because o should
depend more on yg than on yp. e;,; is an MLP.
For the noise predictor, we implement g (v¢|21.¢, Y¢, To) = Hj a LG (v, j,d; oy (2124, Y5 T0), By (2104, Ye, o)) as fol-
lows:

* h§ = dini(o)

o hi = dp-(hi . z)

* [y, By] = ev(he, yt)

d;n; and dp= are the MLP and the LSTM neural networks previously defined for Motion-DVAE. e;, is an MLP only
used by the noise predictor.

5.2 Learning settings

Unsupervised denoising training for regression mode is performed on training data for 500 epochs, with early stopping
when the validation loss does not improve for 10 epochs. Note that for noisy AMASS [4] data, the training converges in
about 50 epochs only, probably due to a large amount of training data. In optimization mode, we fix the number of
iterations (200 iterations on i3DB [5], and 50 for AMASS).

During unsupervised denoising learning, the decoder and prior networks are fixed, preserving the motion prior. We
optimize the weights of the encoder, initial state predictor, and noise predictor networks. As for training the original
Motion-DVAE, we use KL-annealing [/1]].
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