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A Quick-look of the Paper
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We propose the Shared-Specific Feature Modelling (ShaSpec) method that is considerably simpler and more
effective than competing approaches that address the issues above. Also, the design simplicity of ShaSpec
enables its easy adaptation to multiple tasks, such as classification and segmentation.




Results --- A Quick Look

Modalities Enhancing tumour tumour Core Whole tumour

FIT1 Tle T2|UHeMIS UHVED RbSeg mmFm|ShaSpec ShaSpec*|UHeMIS UHVED RbSeg mmFm|ShaSpec ShaSpec*|UHeMIS UHVED RbSeg mmFm|ShaSpec ShaSpec*
11.78 2380 25.69 3933 | 4352 45.11 26.06 5790 5357 61.21| 69.44 69.57 | 5248 8439 8569 86.10| 88.68 88.83
10.16  8.60 17.29 3253 | 41.00 4258 | 3739 3390 4790 56.55| 63.18 64.53 | 57.62 4951 70.11 67.52| 73.44 74.82
62.02 5764 67.07 72.60| 73.29 7580 | 6529 5959 76.83 7541 | 78.65 81.40 | 61.53 53.62 7331 7222 73.82 7495
2563 2282 2897 43.05| 4631 46.21 | 5720 54.67 5749 6420| 69.03 69.05 | 8096 79.83 8224 81.15| 83.99 84.90
10.71 2796 32.13 4296 | 44.76 44.81 41.12  61.14 60.68 6591 | 72.67 7277 | 64.62 8571 8824 87.06| 89.76  89.86
66.10 6836 70.30 75.07| 75.60 77.76 | 71.49 75.07 80.62 77.88 | 84.50 8475 | 68.99 8593 88.51 87.30( 90.06 90.12
3022 3231 33.84 47.52| 4720 47.22 | 5768 6270 61.16 69.75| 7293 7293 | 8295 8758 88.28 87.59( 90.02  90.09
6622 61.11 69.06 74.04 | 7576 78.26 | 7246 67.55 7872 7859 | 82.10 82.64 | 6847 6422 77.18 7442 7874 78.88
3239 2429 3201 4499 | 46.84 49.87 | 6092 56.26 62.19 6942 | 71.38 7139 | 8241 8156 84.78 82.20| 86.03  86.09
6783 6783 069.71 7451 | 7595 7859 | 76.64 7392 8020 78.61 | 83.82 84.08 | 8248 8132 8519 8299 8542 86.43
68.54 68.60 70.78 75.47| 7642  78.51 76.01 77.05 81.06 79.80| 8523 8536 | 72.31 86.72 88.73 87.33| 90.29  90.36
31.07 3234 3641 47.70 | 46.55 46,56 | 6032 63.14 6438 71.52| 7397 7399 | 8343 88.07 88.81 87.75| 90.36  90.37
68.72 6893 70.88 75.67| 7599 78.15 | 7753 76.75 80.72 79.55| 85.26 85.67 | 83.85 88.09 89.27 88.14| 90.78  90.79
69.92 6775 70.10 74.75| 7637 7835 | 7896 7528 80.33 80.39| 84.18 84.27 | 8394 8232 86.01 82.71| 86.47 86.51
. 7024 69.03 71.13 77.61 | 78.08 78.47 | 7948 77.71 80.86 8578 | 8545 8575 | 8474 8846 89.45 89.64 | 90.88 90.88
Average 46.10 46.76 51.02 59.85| 61.58 63.08 | 62.57 6484 6978 7297 | 7745 77.88 | 7405 79.16 8439 8294 | 8592  86.26

(o]

® O & @& & C 0 O O @ @0 OO0
® @ O & & O ® @ O O ® O O @ O
& 0 ® 0 C 8 0 e 0 C @O
* & & & 0 & & 0 8O0 0 OO O

Table 1. Model performance comparison of segmentation Dice score (normalised to 100%) on BraTS2018 of non-dedicated training.
ShaSpec and ShaSpec™ are the proposed models, with ShaSpec* being the model with prediction smoothness enhancement. The best and
second best results for each column within a certain type of tumour are in red and blue, respectively.

Modalities Enhancing tumour tumour Core Whole tumour
FI T1 Tle T2 | KD-Net ACN | ShaSpec ShaSpec* | KD-Net ACN | ShaSpec ShaSpec* | KD-Net ACN | ShaSpec  ShaSpec*
e o o o 4099  42.77 43.94 43.97 6597 6772 [ 70.97 70.99 85.14 8730 | 89.28 89.38
o e ) o 3987 4152 45.24 46.76 70.02 7118 | 7028 70.64 7728 7934 79.40 79.50
o o . o 7532 7807 | 75091 78.40 81.89  84.18 | 84.19 85.47 76.79  80.52 80.43 80.55
o o ) . 39.04 4298 44.54 46.07 66.01 6794 [ 70.30 70.11 8232  85.55 85.58 85.62
Average 48.81 5134 | 5241 53.80 7097 7276 | 73.92 74.30 80.38  83.18 83.07 83.76

Table 2. Model performance comparison of segmentation Dice score (normalised to 100%) on BraTS2018 of dedicated training.

Experiments are conducted on both medical image segmentation and computer vision classification, with
results indicating that ShaSpec outperforms competing methods by a large margin. For instance, on

BraTS2018, ShaSpec improves the SOTA by more than 3% for enhancing tumour, 5% for tumour core and 3% for
whole tumour.




Main Contributions

* An extremely simple yet effective multi-modal learning with missing
modality method, called Shared-Specific Feature Modelling (ShaSpec),
which is based on modelling and fusing shared and specific features
to deal with missing modality in training and evaluation and with
dedicated and non-dedicated training;

* To the best of our knowledge, the proposed ShaSpec is the first
missing modality multi-modal approach that can be easily adapted to
both classification and segmentation tasks given the simplicity of its
design.

* Our results on computer vision classification and medical imaging
segmentation benchmarks show that ShaSpec achieves state-of-the-
art performance. Notably, compared with recently proposed
competing approaches on BraTS2018, our model shows segmentation
accuracy improvements of more than 3% for enhancing tumour, 5%
for tumour core and 3% for whole tumour.




Structure of ShaSpec model with Full modalities

- Skip Connection
e | (T
. |
1 Specific 1 ~ .
I 7T o
1
|
(1)
: 5 : I : FiL)
! |
i ! : | Residual Fusion
1 : (2| — — — -+ Distribution Procedure
1 | Shared + Alignment oredicti
1 1| Encader| | 1 Objective re_ ic _mn
L * ' Objective
o "o | t
1os@ ! ' : £ |
1 === =
I | \
X(z) —— | Spedific | : I-.. .y N foora . D r !
Encoder : | [ De A A
! | : I I
I -
| I 1
: 1 $ | 1 I
1 ! Skip Connection : :
. L . -
: 1 Domain . : . . , label
I l— — Classification . . . . |“ _,l
1 iecti -
()] | Objective (%)
: I
L X(N) — | Specific ] : . fw . , )
Encoder I I
S
. Skip Connection
=

Figure 1. Full-modality training and evaluation of ShaSpec. All modalities {x(i}}?;l € M are passed through one shared encoder
and individual specific encoders to produce the shared features {r(i)}?;l and specific features {s“)}f‘;l, respectively. Then, in a residual

learning manner, the shared and specific features are fused with a linear projection fgm; () to get the fused features {f (i) }:E\Ll for decoding.
The dashed blue arrows indicate different objective functions.



Structure of ShaSpec model with missing modalities
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Figure 2. Missing-modality training and evaluation of ShaSpec. Without losing generality, we assume x'™ is missing, where n can be
1,2, ..., N. For available modalities x*, ..., x(" =1 x(+1) x®) the shared-specific fused features £*), ..., f(n—1) gr+) - gN)
are extracted in the same way as in full modality. But for the missing modality data x™) | the fused features ") are generated from

available shared features r(l), cens r(”’_l}, r(”"'l), r'™) via a missing modality feature generation process. The dashed blue arrows
indicate different objective functions.



Domain Classification Objective --- Specific Feature Learning

Inspired by the domain adaptation technique from [ 10], we
propose to adopt the domain classification objective (DCO)
for the specific feature learning. The intuition is that if the
specific features from a certain modality can be used to clas-
sify its domain (e.g., in brain tumour segmentation the do-
mains can be Flair, T1, T1 contrast-enhanced or T2), then
these specific features should contain valuable information
that is specific for that modality. For domain classification,
the cross-entropy (CE) loss is used for all available modali-
ties. Formally, we have:

D] N

Laco (D, 07,0°°) = =3 " (£©) T log(foes (s})).
j=1 i=1
(5)



Distribution Alignment Objective --- Shared Feature

Learning

The distribution alignment objective (DAQ) is achieved by

attempting to confuse the domain classifier by minimising
the CE loss:

Dl N
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(6)

Another option for this distribution alignment objective
is the minimisation of the Kullback—Leibler divergence (KL
divergence) between probabilities produced by the shared
feature representations. To reduce the computation com-
plexity, we project the feature onto a low dimensional space
through a simple linear projection, as follows:

D] N

Laao(D,0%,09°) =3 3" KL[o(fpa(r”)), o fpuo (r1))]

i=11i,k=1
(7)

where the fguo(-) is the linear projection that produces an
input for the softmax function o (-), K L(-) is the Kullback-
Leibler divergence operator. One more option for the DAO
is the pairwise feature similarity, using

D] N
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Dataset & Results --- BraTS2018

Modalities Enhancing tumour tumour Core Whole tumour
FI T1 Tlc T2|UHeMIS UHVED RbSeg mmFm|ShaSpec ShaSpec*|UHeMIS UHVED RbSeg mmFm|(ShaSpec ShaSpec* UHeMIS UHVED RbSeg mmFm|ShaSpec ShaSpec*
e o o ol 11.78 2380 2569 3933 | 43.52 45.11 26.06 5790 53.57 61.21 | 6944 6957 | 5248 84.39 85.69 86.10| 88.68 88.83
o e o of 1016 860 17.29 3253 41.00 4258 | 37.39 3390 4790 56.55| 63.18 6453 | 57.62 4951 70.11 67.52| 73.44 74.82
oo e ol 6202 5764 67.07 7260 73.29 7580 | 6529 59.59 76.83 7541 | 78.65 8140 | 61.53 53.62 7331 7222| 73.82 7495
o o o e| 2563 2282 2897 43.05| 46.31 46.21 | 57.20 54.67 5749 64.20| 69.03 69.05 | 8096 79.83 82.24 81.15| 83.99 84.90
e e o ol 1071 2796 3213 4296 | 44.76 4481 | 41.12 6l1.14 60.68 6591 | 72.67 72,97 | 64.62 85.71 8824 87.06| 89.76  89.86
e 0o e ol 6610 6836 7030 7507 75.60 7776 | 7149 75.07 80.62 77.88 | 8450 84,75 | 6899 8593 8851 87.30| 90.06 90.12
e o o e| 3022 3231 33.84 47.52| 4720 4722 | 5768 6270 6l1.16 69.75| 7293 7293 | 8295 87.58 8828 87.59| 90.02  90.09
o e e of 6622 61.11 69.06 7404 | 75.76 7826 | 7246 67.55 7872 78.59 | 82.10 82.64 | 6847 6422 77.18 7442| 78.74 78.88
o e o e| 3239 2429 3201 4499 | 46.84 49.87 | 6092 5626 62.19 6942 | 71.38 71.39 | 8241 B81.56 84.78 82.20| 86.03  86.09
oo e e| 6783 6783 69.71 7451 7595 7859 | 76.64 7392 80.20 78.61 | 83.82 84.08 | 8248 81.32 85.19 8299 | 8542 86.43
e e o o 6854 6860 7078 7547| 7642 78.51 76.01 77.05 81.06 79.80 | 8523 8536 | 7231 86.72 8873 87.33] 90.29  90.36
e o o | 3107 3234 3641 47.70| 46.55 46.56 | 60.32 63.14 6438 71.52| 73.97 7399 | 8343 88.07 8881 87.75| 90.36  90.37
e 0o e | 6872 6893 7088 7567 7599 7815 | 77.53 7675 80.72 79.55| 85.26 85.67 | 83.85 88.09 89.27 88.14| 90.78  90.79
o e e e 6992 6775 7010 7475 76.37 7835 | 7896 7528 80.33 80.39 | 84.18 84.27 | 8394 8232 86.01 8271 | 86.47 86.51
e e o o 7024 6903 71.13 7761 | 78.08 7847 | 7948 7771 80.86 85.78 | 8545 8575 | 84.74 8846 89.45 89.64| 90.88  90.88
Average 46.10 46.76 51.02 59.85| 61.58 63.08 | 62.57 64.84 69.78 7297 | 7745 77.88 | 7405 79.16 84.39 8294 | 8592  86.26

Table 1. Model performance comparison of segmentation Dice score (normalised to 100%) on BraTS2018 of non-dedicated training.
ShaSpec and ShaSpec* are the proposed models, with ShaSpec* being the model with prediction smoothness enhancement. The best and
second best results for each column within a certain type of tumour are in red and blue, respectively.

Red: Enhancing Tumor (ET)
Green: Edema (ED)

Blue: Tumor Core (TC)

Whole Tumor (WT) = ET + ED +TC Modalities Enhancing tumour tumour Core Whole tumour
. . FI T1 Tle T2 | KD-Net ACN | ShaSpec ShaSpec* | KD-Net ACN | ShaSpec ShaSpec* | KD-Net ACN | ShaSpec  ShaSpec*
Annotations com prlse 3 typeS Of . o o o 40.99 4277 43.94 43.97 65.97 67.72 70.97 70.99 85.14 87.30 89.28 89.38
l b l . h ~ h . o . o o 39.87 41.52 45.24 46.76 70.02 71.18 70.28 70.64 77.28 79.34 79.40 79.50
abels: the GD-enhancing tumor (ET o o e o | 7532 7807 | 7591 78.40 81.89  84.18 | 84.19 85.47 7679  80.52 | 80.43 80.55
— 1 o o o . 39.04 42.98 44.54 46.07 66.01 67.94 70.30 70.11 82.32 85.55 85.58 85.62
label 4)' the perltumoral edema Average 48.81 51.34 52.41 53.80 70.97 72.76 73.92 74.30 80.38 83.18 83.67 83.76

(ED — label 2), and the necrotic and
non-enhancin g tumor core (NCR I NET Table 2. Model performance comparison of segmentation Dice score (normalised to 100%) on BraTS2018 of dedicated training.

— label 1). 285 cases for training +
validation; 66 cases for testing



Experimental Results on Audio-Visual
Classification Datasets

Audio rate | LowerB  UpperB | AutoEncoder GAN Full2Zmiss SMIL | ShaSpec
5% 92.35 98.22 89.78 89.11 90.00 92.89 93.33
10% 92.35 98.22 89.33 89.78 91.11 93.11 93.56
15% 92.35 98.22 89.78 88.67 92.23 93.33 93.78
20% 92.35 98.22 88.89 89.56 92.67 94.44 94.67

Table 3. Model performance comparison of classification accuracy of missing modality (by setting different available audio rates) on
Audiovision-MNIST dataset. The lower bound (LowerB) is a LeNet [ | 6] network trained with single modality (images only). The upper
bound (UpperB) 1s a model trained with all data modalities (all images and audios). The best results for each row are bolded.



Analysis and Visualizations

DAO Type CE KL L1 MSE
Enhancing Tumour | 41.23 4041 4258 43.19
Tumour Core 62.72 062.83 064.53 062.44
Whole Tumour 7391 7419 74.82 73.25

Table 4. Model ablation of different distribution alignment ob-
jectives for non-dedicated training, where only T1 is available for

testing on BraTS2018.

Figure 5. t-SNE visualisation of shared and specific features of
four modalities from all training data on BraTS2018. The shared
features of four modalities are presented by ‘X’ in different colours,
while the specific features of four modalities are presented by ‘0’
in different colours.
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