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4 Likelihood impartiality

We aim for a learning process that does not
prioritize learning any of the different
likelihood modalities. J
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VoL

B VzL ‘ 17 fy(91:0) Viapo <= Vp, L k— L(6,9) Two-step solution:

Algorithm 1 Backward pass within the impartiality block.

1: Input: Output gradient, V,,, L.
2: ford=1to D do
3: hg < BaVy,peVp,L
4 deL<—dend -hy
5. ga < Vyng - hyg
6: end for

7. g1.p < fy(91:D)
8: return ), gq
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B VzL ‘ 17 fy(91:p) VasPo| <= Vi, L— L(6,9) Two-step solution:
Vanpd 222
— Local step, B: re-scale gradients to
q

make them comparable.

Algorithm 1 Backward pass within the impartiality block.

Input: Output gradient, V,,, L.

for d =1 to D do

[ ha < BaVy.po Vp, L ]
deL — de?]d . hd
ga < Vyna - hy

end for

g1.p < fy(91:D0)

return ), g4
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B VzL * 17 fy(91:p) Vo <2 Vp, L f— L(0,6) Two-step solution:

Tonpe 222 ]

VoL

Local step, B: re-scale gradients to
make them comparable.

Algorithm 1 Backward pass within the impartiality block.

: Input: Output gradient, V,,, L. Global step, f: apply an MTL

1

2: for d = 1to D do algorithm to alleviate gradient
3 haq < /de'quQ Vng conflict.

4: deL<—dend ~hy
5
6

gda < VyNa - hy
: end for
7:(g1.0 < fy(91.0) ]
8: return ), gq
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Algorithm 1 Backward pass within the impartiality block.

1: Input: Output gradient, V,,, L.
2: ford=1to D do
3: hg < BaVy,peVp,L
4 deL<—dend -hy
5z gq Vy’l’]d -h
6: end for

7. g1.p < fy(91:D)
8: return ), gq
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X 31
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B Vil ‘ 17 fy(g1:0) W2 f— Vm,po ¥ Vp, L e L(6.9) The impartiality block is local!

Tonpe 222 ]

VoL

It can appear anywhere.

Algorithm 1 Backward pass within the impartiality block.

1: Input: Output gradient, V,,, L. It can appear more than once.
2: ford =1to D do
3 hg <+ ,dendpg VpoL
4 deL<—dend -hy
5z gq Vy’l’]d -h
6: end for

7: g1:p < fy(91:D)
8: return ), gq

Mitigating Modality Collapse in Multimodal VAEs via Impartial Optimization




ISCdM  UNIVERSITAT

VAE extensions I R

Mitigating Modality Collapse in Multimodal VAEs via Impartial Optimization



ISCdM  UNIVERSITAT

VAE extensions I R

"
X z y 1.8 m — po(X12) [ 10,0
HI-VAE ;
4,—\ 4,[

S |

Mitigating Modality Collapse in Multimodal VAEs via Impartial Optimization



VAE extensions

— L(60, )

ISCdM  UNIVERSITAT

M"w"“u DES
PG  sAARLANDES

Two impartiality blocks:
One fory
One for S

Mitigating Modality Collapse in Multimodal VAEs via Impartial Optimization



VAE extensions

MVAE

MMVAE

MoPoE

ISCdM  UNIVERSITAT

M"w"“u DES
PG  sAARLANDES

v, S] ns —s po(X|2) | L6, ) Two impartiality blocks:

One fory
nD

LI One for S

m

D

po(X|Z4)

po(Za) — L(0,9)

m

EEI

96(Zal X)

Mitigating Modality Collapse in Multimodal VAEs via Impartial Optimization



VAE extensions

MVAE

MMVAE

MoPoE

ISCdM  UNIVERSITAT
M"w"“u DES
[  SAARLANDES

m—
X z y - [y, 5] n. — po(X|2) b= L, ¢) Two impartiality blocks:
7z 4,—\ One fory

LI One for S

Additional goals:
Encoder Expert-Impartiality
Decoder Expert-Impartiality

As many impartiality blocks as modalities.
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Results - heterogeneous data

Table 1. Test reconstruction errors (median over five seeds) for different datasets and VAE models. Statistically different values according
to a corrected paired t-test (&« = (.1) are shown in bold. Models trained with our approach outperforms the baseline in most cases.

Heterogeneous Homogeneous
Adult Credit Wine Diam. Bank IMDB HI rwm5yr labour|El Nino Magic BooNE

vanilla|0.213 0.128 0.086 0.187 0.203 0.082 0.170 0.105 0.109 | 0.109 0.064 0.042
ours |0.104 0.041 0.071 0.139 0.043 0.032 0.041 0.026 0.063 | 0.068 0.058 0.039

vanilla [0.226 0.134 0.075 0.185 0.199 0.090 0.155 0.094 0.098 | 0.086 0.053 0.037
ours [0.129 0.051 0.066 0.125 0.076 0.035 0.042 0.032 0.066 | 0.061 0.048 0.035

vanilla|0.234 0.132 0.077 0.176 0.191 0.088 0.153 0.094 0.096 | 0.085 0.050 0.037
ours [0.168 0.075 0.065 0.139 0.103 0.055 0.042 0.026 0.076 | 0.069 0.046 0.036

vanilla [0.127 0.107 0.126 0.114 0.141 0.079 0.105 0.044 0.100 | 0.098 0.062 0.039
ours |0.081 0.060 0.117 0.011 0.095 0.049 0.109 0.024 0.069 | 0.015 0.033 0.038

Standard VAE
g | 2
o >
) t

HI-VAE
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Results - multimodal data I o

Table 5. Self and cross latent classification accuracy (%) for differ-
ent models and losses on MNIST-SVHN-Text.
‘ ELBO IWAE SIWAE

’ Self latent classification

vanilla | 69.68 69.14 68.58
ours 69.95 69.06 69.75

vanilla | 71.81 87.55 71.30
MNYAE ours 87.83 90.78 85.55

vanilla | 89.85 87.23  67.58
ours 9147 90.74  69.26

’ Cross latent classification

vanilla | 33.60 39.15 38.36
ours 35.25 49.73 46.23

vanilla | 4425 76.81 40.60
MMYAR ours 7142 84.80  60.50

vanilla | 66.14  83.71 40.36
ours 84.52 90.48 53.24

MVAE

MoPoE

MVAE

MoPoE
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Table 9. Reconstruction coherence (A = {M, S, T'}) for each modality, model, and dataset.
ELBO IWAE SIWAE

Xd M S T M S T M S T

vanilla |97.53 88.26 99.30|97.27 87.19 98.76 |97.37 87.47 98.83
ours |97.85 89.65 99.64|98.28 89.01 99.93|97.42 87.63 99.20

vanilla | 86.01 45.59 89.17|85.25 84.03 88.66|58.95 61.27 63.27
ours |89.42 45.83 91.54|87.55 86.87 90.93|74.85 73.89 81.09

vanilla | 95.72 85.86 98.01|95.82 87.55 97.93|75.10 67.16 76.61
ours [96.50 93.60 99.14|97.29 92.93 99.00 | 96.91 89.01 99.28

MVAE

MMVAE

MoPoE
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Generation coherence for MMVAE
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~1.0

-
.....
L
.-

- 0.

-0.0 -0.0 - 0.0 -0.0 -0.0 -0.0
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Cradient conflict in multimodal VAEs ] o

Multitask Learning Heterogeneous VAEs Table 3. Reconstruction coherence (A = {M,S,T}) for each

modality and model, trained using SIWAE.

xs | M S T

|
Gty R A Py
\—>-—> J MMVAE vanilla
2(Z|X)

x {3y

5895 6127 63.27

l
LQEJ

ours 74.16 6893 78.17
vanilla | 75.10 67.16 76.61
MoPoE s | 9691 89.01 99.28
Want: Learn all tasks equally well. Want: Model all features equally well.
Problem: Negative transfer. Problem: Feature overlooking. Al CraliE Wi
Shared params: ¢. Shared params: ¢ and 0, e e TR
vaniia [U.21: 14 A
Excl. params: wi, ws,...,wk. Excl. params: wy, wy, ..., Wk. 2 ELBO < 10.104 0.041 0.071
Updating ¢: Updating ¢: 2 wap  Vanilla[0226 0.134 0,075
_§ ours [0.129 0.051 0.066
VpyVp, ELBO = g .
¢ = vanilla|[0.234 0.132 0.077
Vol =Voy| Y VyLy P DReG _
: ours |[0.168 0.075 0.065
: =V VynaV V,, ELBO
; 24 z}: 7V ndlo | Vs HLvap Vanilla|0.127 0.107 0.126
';‘:ag::gre ¢ ours |0.081 0.060 0.117

feature overlooking
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Gradient conflict in multimodal VAEs

Multitask Learning

X ooy & jzhf‘@ﬁ Z”ﬂﬂ%ﬂv“'zwwo
|
] ] |

Heterogeneous VAEs

’“ —]

w(Z|X

Want: Learn all tasks equally well. Want: Model all features equally well.

Problem: Negative transfer.
Shared params: ¢.

Excl. params: w{, ws, ..., Wk.

Updating ¢:

Vol =Vy | Y VyLy
]\.

———
negative
transfer

Problem: Feature overlooking.
Shared params: ¢ and 0,
Excl. params: wi,ws, ..., Wg.
Updating ¢:

VpsV,, ELBO =

= v@y Z Vyndvmlpﬁ Vp() ELB()
d

feature overlooking
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Generation coherence for MMVAE

10 1.0
G~

10 10 F10

“ 3 Ours

i...% Vanilla

“o0.0 Lo.0 Lo.0 Lo.0 Loo0 “o.0
Self M Self S Self T CrossM CrossS CrossT

Table 3. Reconstruction coherence (A = {M,S,T}) for each
modality and model, trained using SIWAE.
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% ‘ 3 maximize B, ;x) [log pa(x|z)] — KL(gs(z|x)|| p(2))

: 0, ¢
p(z)

e Heterogeneous data. Each feature x; is of a different type:

A /\ ] _l'rﬂ-h_h—._ 4 Likelihood impartiality

N(piz, 00) - logN(pig,05)  Cat(m,) Pois(),) All dimensions are equally important. We want

Real-valued Positive-valued Categorical  Count data a learning process impartial to the likelihood of
Thus, a heterogeneous likelihood is of the form each of the dimensions. )

po(X|z) = de X4|2).
d=1

31.03.2022 | On impartiality and loss comparability
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Each modality is of a different type:

X|Z Hp(l X(I‘Z

d=1
Real-valued Fositive-value

[”D N N J

\—/||
P
N

<

i
:

. shared modality
Cat(m,) Pois(A,) specific
Categorical ~ Count data
W1 > ,Cl
[*1] X —fo—y wo — Lo — >, Ly
4 2 — mxwz - L(a %) T
" Wp — Lk

94d = vyndvndpé) ﬂ n Po <—‘
}

VzL Zd_l gd (—.(— V»,,Zpe — VpeL — L(G,gb)
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Solution algorithm

Impartiality block
v / - Input: shared

- Split-and-merge structure
VzL 1" fy(91:0) ViaPo <2 Vo L k— L(8,9) - Suffers gradient conflict

- - Two-step solution:

_ xBp
[ WD J— Vanpo ¢ - Local step, p: re-scale grads
oI to make them comparable.
9e
- Clobal step, f: apply an MTL
Algorithm 1 Backward pass within the impartiality block. algorithm to alleviate

1: Input: Output gradient, V, L. gradient conflict.
2: for d = 1to D do - Local character
33 hg<+ BaVypoVp,L - Anywhere
4 VL <= Vyna -hg - More than once
50 ga < Vyna - hy
6: end for
7: gi1.p <+ fy(91:0)
8: return ), gq

31.03.2022 | On impartiality and loss comparability
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How to achieve impartiality il e

AR
X B1
[ Ve Po <—’
B VzL q 17 fy(91:p) Vmpo &V, L L©,9) Thestieartelityidrock is local!
[ L Vnupﬂ &/

i
=L mal(etﬂmmodotrmrakﬂqoos&ble)
Algorithm 1 Backward pass within the impartiality block.
1: Input: Output gradient, V,,, L. fidrhedbsiepdatagdmylamidiikierent
2: ford =1to D do Mgaritligoritbaiteviate gradient
3: [ hq < BaV .09 Vp, L ] conflict.
4. deL<—dend -hy
5. ga< Vyna-h
6: end for
7:(g1.0 < fy(91.0) ]

8: return ), gq
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Analyzing modality collapse
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Impartiality block
Each modality is of a different type:
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