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Background

What is Missing Modality Inference?
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Multimodal models trained on modality-complete samples but tested on modality-missing samples.
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Motivation IS
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When partial modalities are missing, the retaining
information is merely correlated to that of modality-
complete input in a probabilistic sense.

Objective: Transfer privileged information of modality-complete representation by
considering the indeterminacy in the mapping from incompleteness to completeness.

2l = arg ma>Z< p(2;]%:),
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x;: modality-missing sample z;: modality-complete representation




Method——Probabilistic Conformal Distillation IS

Modeling a distribution to learn the PDF by satisfying two key characteristics:

B Probability Extremum

* Points closer to the modality-complete representation have high probabilities.
* Points farther away the modality-complete representation have low probabilities.

Z,: Positive set of modality-complete representations
Z,: Negative set of modality-complete representations

q(z, € Zp|xi) > q(2;, € Zn|xi) = 0.

B Geometric Conformality conformal

* The relation of peak points of modeled distributions (m==-————) The relation of modality-complete representations:

G,: Positive set of modality-complete geometric vectors
G,,: Negative set of modality-complete geometric vectors

3(9; € Gp7g’i) > S(g; € Gnagi)a

Objective Function:
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Probabilistic Conformal Distillation

Method
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B Multimodal Probabilistic Modeling
q(zilx;)) ~ N (zz-;m-,cf?) , where p1; = f (2;),05 = h (1) -
B Probability Extremum

(Z log q(z,|xi) — Z logq(z”fxz> - L, = Z Z( #z d) +log0'i,d> Z Z( Mz d) +log0'z-,d>

2,€2p 27 €2n {plyp=y:} d {n|yny:i} d

Probabilit;Extremum
B Geometric Conformality

exp(B(g,9:)/7)

S(g;?gi) = eXp(ﬁ(g;,gi)/T){‘*‘l Z;é e}xp( (gn,gz)/T) gr(b) = af )s 9i(b) = a(ps, ),

Teacher Probability Extremum Geometric Consistenc
EZG log 5(9,, 9:) ) L,=- ) logs(g)gi), F (0) Y y
gp {p|yp:yi} . 01 IZ* g*: max/ ‘
Geometric ConSIStency ) om X
PCD .

B Overall Loss I i
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Table 1: Performance under different modality-missing inference condition on
two classification datasets and two segmentation datasets.

CASIA-SURF (ACER )

Method ‘ (R} (D} m (RD}  (RI} (DI} (RDJI} Average
Traditional [49] | 2303  17.10 4953 1040  41.02 1126 1.40 22.11
Separate Model [49] | 10.01 445 11.65 341 6.32 354 123 5.80
Augmentation [1] | 11.75 5.87 16.62 4.61 6.68 4.95 221 7.52
HeMIS [15] 1436 470 1621 323 6.27 3.68 1.97 7.18 )
MMFormer [50] 11.15 4.67 13.99 1.93 477 3.10 1.94 5.93 Table 2: Ablation Study
MMANET [46] 8.57 227 10.04 1.61 3.01 L18 0.87 3.94
MD [12] 10.84 6.65 1943 1264 7.84 3.99 0.96 7.30 CASIA-SURF
ETMC [14] 7.91 473 7.54 1.39 4.56 1.46 0.76 4.05 L. L. L, | {R} (D} n (R.D} (RI} (DI} {RDI} Average
RAML [6] 1126 3.10 11.65 1.92 535 1.76 1.09 5.16 .
v ox x| 1231 289 1924 1.31 8.16  2.19 135 6.78
PCD 7.23 2.20 5.66 0.99 2.86 0.89 0.74 2.93 v x v 13.55 2.01 18.02 0.86 5.81 2.53 0.85 6.24
A | 0.74%) 007%| 188%) 040%| 0.15%| 029%| 0.02%] 101%] v v x| 15 410 197 183 386 204 097 405
CeFA (ACER |) v v v | 7123 220 566 0.99 286  0.89 0.74 2.93
Method (R} (D} m (RD}  (RI} (DI} {RDI} Average CorA
Traditional [49] | 50.00 5000 4996 4925 4728 4895 3062 4786 Lo Lo L, ‘ (R} (D} {1} {R,D} (RI} (DI} {RDI} Average
Separate Model [49] | 27.44 33.75 36.17 35.62 31.62 36.62 24.15 32.20 v X X 26.95 38.06 37.06 24.18 24.75 32.82 25.38 29.89
Augmentation [1] 27.93 36.90 36.14 32.10 28.47 35.12 31.87 32.65 v v x | 2114 3376 3722 21.28 23.61  27.56 21.19 26.53
HeMIS [15] 3414 3797 3694 3602 3394 3192 4066 3594 v x v | 2062 3443 3523 18.18  21.86 32.63  21.72 26.38
MMFormer [50] 2851 3358 3956 2947  27.66 3217 3072 3152
MMANET [46] | 2715 3250 3562 2287 2327 3045 2368  27.94 v Y < | 2138 2801 3479 1719 2092 2168 1439 2263
MD [12] 27.13 3581 3799 2625 3129 3469 3049 3195 -
ETMC [14] 2474 3428  37.62 2252 2425 3063 2159 2795 c o - ‘ (R) (1) NYU{gT} Average | (R} {T}C“yscr{‘pke;} Averase
RAML [6] 2854 3388 4001 2382 28381 2885 2211 2943 e u 9 » g » 2
PCD 2138 2801 3479 1719 2092  21.68 1439  22.63 VX x| 4424 4117 4789 4443 77.54  59.64  78.46 71.89
A 336%. 449%| 083% 533%. 235%L S575%. 120%. 531%. Vv x v | 4596 4295 4854 4582 | 7811  60.62  79.07 72.60
VOV x| 4448 4202 4886 4512 | 7752 59.94  78.91 72.17
NYUV2 (mIOU 1) Cityscapes (mIOU 1) v Vv | 4568 4434 4944  46.49 7826 6130  79.53 73.03
Method {R} {D} {R.D} Average {R} {D} {R.D} Average
Traditional [36] 11.15 4.18 4878 2141 | 317 487 7873 28.89

Augmentation [1]
MMFormer [50] 4322 41.12 48.45 44.26 76.62 58.53 78.01 71.05
MMANET [46] 44.93 42.75 49.62 45.58 77.61 60.12 78.89 72.20

PCD 45.68 4434 4944 4649 7826 6130  79.53  73.03
A | 075%1 159%7 0.18%| 091%%1 | 0.65%1 1.18%1 0.64%1 0.83%1

|
|

Separate Model [36] | 44.22 40.55 48.89 4455 | 77.60 59.11 78.62 71.77
‘ 41.34 39.76 47.23 42717 ‘ 76.89 57.42 78.13 70.81
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Table 3: Performance under different modality-missing inference condition with
modality-missing training data.

CASIA-SURF (ACER |)

Missing Method (R} (D} (1} {(RD}  (R]} (D]}  {RD]I} Average

00| = Classo Class 1 w Class 0 Class 1 MMANET [46] | 13.50 3.38 6.57 6.57 3.72 1.83 1.31 4.67

= 30% ETMC [14] 7.63 3.62 10.18 1.12 521 1.43 0.96 431

3 240 30 30 (4

z PCD 8.28 213 6.66 1.24 2.66 2.66 0.60 3.18
2180 2 A 0.65%1 125%) 0.09%1 0.12%1 1.06%] 123%t 036%) 1.13%)

€ 120 10 MMANET [46] | 14.96 5.22 9.03 3.24 5.14 2.31 2.10 6.00

9 60| |y %03 04 05 06 07 %3 04 05 06 07 e ETMC [14] 9.38 742 7.44 141 3.98 3.16 0.58 477

I m i i

0 e PCD 7.14 1.77 10.88 1.08 3.70 1.10 0.88 3.79

00 02 04 06 08 1000 02 04 06 08 1.0 A 224%| 345%| 3.44%1t 033%) 028%| 121%| 030%1 0.98%.)
(a) Warm-up (b) MPCD
. .. . CeFA (ACER )

Figure 3: The prediction distributions of both the Missing Method (R} (D} (1 {R,D} (R} (D1} (RD,I} Average

teacher and the distilled student of PCD under all mul- MMANET [46] | 2839 3061 3412 3419 2339 3412 2711 3156

timodal combinations on CeFA. The X-axis represents 30% ETMC [14] 25.96 34.69 38.60 24.15 24.58 31.83 24.03 29.12

. . . . (4 — — —

the normalized logit output and the Y-axis is the number PCD 2342 3023 3460 1834 2198 2450 1507 2373
of samples after taking the square root. A 2.54%) 4.46%) 048%1 5.81%| 141%] 1.33% 8.96%) 5.39%)

MMANET [46] | 29.94 4340 3729  31.60  28.62 44.97 31.80  35.38

. ETMC [14] 2438  37.82 3833 2504 2439 36.96 24.03 3013

PCD 2491 3123 3440  21.09  23.98 23.31 1630  25.03
A 0.53%1 6.58%) 2.89%) 3.95%| 0.40%) 13.65%] 7.73%| 5.10%)




Conclusion

P |

» We propose a Probabilistic Conformal Distillation (PCD) method to handle the missing modality problem,
which transfers privileged information of modality-complete representation by considering the indeterminacy
in the mapping from incompleteness to completeness.

» We parameterize different modality-missing representations as distinct distributions to fit their unknown PDFs
in the modality-complete space. This is specially realized by considering the probabilities of extreme points
and ensuring the geometric consistency between peak points of different PDFs and modeled distributions.

» We conduct comprehensive experiments to demonstrate the effectiveness of PCD across a range of modality-
missing scenarios. Extensive comparison on multimodal classification and segmentation tasks consistently
validate the superior performance of our method compared to the state-of-the-art approaches.



