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Introduction Gradient Conflict of Load Balance Load Results

Effectively managing missing modalities is a 1. We assume the all load balance load 1s trying to 2. The set-up of Sparse MoE i1s as follow, where g; 1s WP T :

fundamental challenge in real-world multimodal make the routing distribution evenly, which the the gating score of expert E; with input data h. m; —— s = " il W
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results from systematic collection errors or sensor entropy of routing score. L ,q4 = ﬁ , Where masking operation. () Eixpert seloction of sofimax wl Lis (b) Expert sclection of ConfNet

Figure 3. Expert selection: X-axis represents epoch and Y-axis represents expert ID. The darker the color, the more selection will be for a
particular expert. See detailed and more plots in Appendix H

failures. We propose ConfSMoE to introduce a two-
stage imputation module to handle the missing
modality problem for the SMoE architecture by taking

H(g) =YY ,g;log(g;) is the entropy of
gating score. We can then have the gradient of

L] oaq 10 the form of Jacobian.

N
f(h) =h+) m;g;E;(h)
t—=1

Calculate the Jacobian of Spase MoE:

Table 1. Experiment setting I: Main results on MIMIC-IV
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» Typical Load balance loss generate a conflict z &
grafhe.nt to SMoE aTchltecture .durlng the i VR e PR TC | ¢ Audio-Exist
optimization, resulting an ambiguous expert VPRI JE o .lty; \I Colapse ' 1T (&) [& «  Audio-Impute
! o ecauseo .
selection. / ‘ i & Concat & Project Tohens J | ST D, - s Text-Exist
{ 5 S P ﬂ I ‘ | / —— ] SoftMax score I Text-Im pute
Sparse Modality Which Token 6 s .
: : : | g l Knvitor I| "t impute? NS emeew | Vision-Exist
» We address this by replacing the routing score to | —— N N | P I P —— (b) Vision-Impute
downstream task confidence score that guide the : Ei| |Es||||Us| |Us : >9 N meuwdModelty l
routing behavior specifically by the task-preference s /; | Conf-SMoE }" _________ Alleviated
instead of token-expert preference. | E2|\| Ea||||Us| | Uz| ]|l ( Modality Pool PR
o ’ ) \& & Add & Norm
: Expert Po »~ /ConfNet Pool : I | 1 i3 SoftMax router 2
o : . \/ Multi-Head Attention |
» We also address missing modality problem in : Yﬂ | rreed | =¢ (c)
multimodal learning task by a two-stage imputation | Router | : =¢ o
X . U
strategy: Impute the modality from its own \\ ! d s Multimodal 7 | =/ Alleviated
.. . . . .4 Tok / Uapse b
distribution and Further refine the missing modality et iy —== |\ =/ of axtamaigating.
, : : Summation @00l e A e \ N AP
score
by cross-modal interaction. & : Positional encoding e /E:::dr;\r P | | | | |
(@) ® : Multiply & Sum (d) -5 0 5 10 15

Figure 2: Proposed Method

Figure 5: Imputation in Embedding Space




