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Model Generalization in Real World Conditions

Data-driven method is A Largescaledata alwaysencounterdata heterogeneity
sensitive to data mismatch A Medicalimaging:different vendors, imaging protocols,
patient population, etc.
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Tackling Data Heterogeneity: does Normalization Help?

An empirical study on the impact of scanner effects with brain imaging ¢

Imperial College London

Construct arage- and sexmatcheddataset with Tiweighted brain MRI from n = 592 individuals, where 296 subjects (146
are taken each fromtheCam! b ' yR ' Y. . X G2 &aAYdz I 4SS remosedopSaidabias Wo S

Verycareful preprocessings conducted, including: Ig¢orientation, 2) skull stripping3) bias field correction, 4) intensity
based linear registration (rigid and affine) to MNI space, 5) whitening for intensity normalization

A laldldlala

Site classification with random forest binary classifier J J J 3 ‘ A
Stripped Bias Field Aligned Intensities Accuracy Avg. Entropy Avg. Prob. ! T :
v v rigid whitening 96.96% 0.4039 0.8296 é% % % % ﬁ %
v v affine whitening 98.82% 0.3876 0.8397

SPM12 - Segment Accuracy Avg. Entropy Avg. Prob.
X v rigid graymatter 80.24% 0.6363 0.6399 ' g _ k A
X v non-linear graymatter  96.62% 0.5675 0.7234 4 i @:i:é 5’3% g":%%;"a
FSL - FAST Accuracy Avg. Entropy Avg. Prob. B .. %’gﬁ %,
v v rigid  graymatter  93.24% 0.4542 0.7968 é&

B.GlockeS{i If ® dal OKAyYy SaA BS NYWMIYHA wh (K (aldX GIAY 9 YLIANAOI f { (dzR& etsieuriPe\®rkdhop D1

Related work: [Shafto et al., 2014; Taylor et al., 2&Ldlowet al., 2015; Miller et al., 2016; Alfarimagroet al., 2018]



A case study with prostate Faeighted MRI image segmentation

Field Resolution(in- . - ::2;
Case
Dataset ) strength  plane/through- Coil Manufactor ] Sl
num
(T) plane)(mm)
Site A 30 3 0.6-0.625/3.6-4 Surface Siemens
Site B 30 1.5 0.4/3 Endorectal Philips
Site C 19 3 0.67-0.79/1.25 No Siemens

o 250 500 750 1000 1250 1500 1750 2000

Methods BFC NF Intensities | Site A Site B Site C | Overall
Separate (A) X X whitening 90.47 76.44 56.81
Separate (B) X X whitening 70.11 90.52 50.25 90.56
Separate (C) X X whitening 57.93 55.25 90.70
Joint X X X 86.51 88.00 86.78 87.10
Joint X X histogram 87.68 88.02 89.46 88.39
Joint X X scaled 90.43 88.06 88.26 88.92
Joint X X whitening 90.69 89.53 90.55 90.25
Joint X v whitening | 90.76 89.46  90.91 90.37
Joint v X whitening | 90.84  89.81 90.81 90.49
,k Joint v v/ whitening | 91.14  89.75 90.83 90.58

Site A Site B Site C
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Related work:Karaniet al. MICCAI 2018; Gibson et al. MICCAI 2018; John et al. ISBI 2019]



DSBN based Universal Network A >
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Dice Coefficient (mean-+std, %)
Methods Site A Site B Site C Overall
Tian et al. [26] 88.23 88.23 —
Rundo et al. [9] — — 88.66
Separate 90.47+3.00 90.52+2.45 90.70+3.34 | 90.56+2.88
% Joint 90.69+3.05 89.53+2.97 90.55+3.18 | 90.25+3.08
%’ USE-Net [19] 90.90+2.41 90.17£2.61 90.73+2.36 | 90.60+2.50
Dual-Stream [47] 90.87+2.85 90.57+2.12 90.10+3.28 90.514+2.72
Series-Adapter [48] 90.80+2.72 89.92+2.80 91.24+2.21 | 90.65+2.71
Parallel-Adapter [23] | 90.61£3.54 90.71£2.17 91.30£2.06 | 90.88+£2.79
e e W e DSBN (ours) 90.98+2.69 90.67+£2.22 91.07+1.86 | 90.91+2.36
012345678 91011121314151617 1819 2021222324 MS-Net (ours) 91.54+2.01 91.24+1.97 92.18+1.62 | 91.66+1.95
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£
Tackling Data Heterogeneity with Supervised Learning %‘g
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Unpaired Multtrmodal Learning with Knowledge Distillation

Imperial College London
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Minimize probability divergence:
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Average activations of 24 :] Z3 m z2 |:| Zy H Zy kd C Zc: KL (qc HqC) KL (qCHqC) ’
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a temperature value H [ |] I:I |:| c
then apply softmax e e = - - oo lloaoa ooaelUao Do eao
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Ground Truth
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Abdominal CT

Abdominal MRI
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Tackling Data Heterogeneity with UDA

Unsupervised domain adaptation through pixétvel alignment

Segmenter Image Transformation Network Inference
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Related work: [YHuoet al., ISBI 2018; Z. Zhang et al. CVPR 2018; Y. Zhang et al. MICCAI 2018]
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Tackling Data Heterogeneity with UDA

o
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Target Image PUDA-Cyc PUDA-Seg Source Image i Ground Truth T-noDA
(a) (b)
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Related work: [YHuoet al., ISBI 2018; Z. Zhang et al. CVPR 2018; Y. Zhang et al. MICCAI 2018]



Tackling Data Heterogeneity with UDA

Unsupervised Domain Adaptation: Featutevel Alignment

Train a source domain segmentation model

A joint crossentropy loss and dice loss

.- >, 298
E . S S 1 ~8 o )\ =1 yz,cyz,c
seg — We - yi,c Og(pi,c) N 8 NS . .
’L:l CEC CEC ’5:1 y@,cy@,c 3:1 y?,,(:y?,,c
—— e e e e e e e - S et e 1 RS ST T
I Residual Module ~ | I Residual Modules I ™ Residual Modules Dilated Residual Module | -
MRI (Source) : w (! (| Conv8,9  ConviO MRI Segmentation
‘ HHEIHE A 1! oL 4 B A
Ll G e B I | 1 1] i B SN o ;o™ % -
"B HIIA HI|!! I I HEHIIE EHI BB . Sy
1 LELE 2 AN I SLEUC LELE LELE < N NN :
CHHEH EHH T T TR RIS >z 4~
B B I 11 HE I K B S 5 N
' HEB HH!' I ' RM4:32x32x128 HH HE : iz g : %
a4 EHE . | K3 "B BE HE -
I I | RM2:64x64x64 | ' RM5: 32x32x256 . *-
RMI1:128x128x32 | | RM3:32x32x128 | !_ RM6: 32x32x512 _! I RM7:32x32x512 | 256x256x40

Q.DottX / ® hdz2 | y3IfF > Si -Modality Dbrhayh AdzhtiSionidtorviSelE 2 NR. aAa2 YSRAOF f LY 3S {S3IYSyidisiA



Unsupervised Domain Adaptation: Featutevel Alignment @"ﬁ
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Domain Adaptation Module (DAM) at Depth d  pomain Critic Module (DCM)

Unsupervised learning with adversarial loss

domain adaptation module (generator): min La(XT, D)= —Ep (1), gy (ot )y~p, [D(Ma(z'), Fu(z"))]

domain critic module (dISCI’ImIna'[OI‘)mDmED(X XU M) = B, o), Fy et ))~r, [D(Ma(a), Fu(2h))] —
E(ars (@), Py (o)) ~p, [PD(MA(27), Fr (27))], st | Dl L<x
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Related work: [Kamnitsaset al. IPMI 2017] 11
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Unsupervised learning with adversarial loss

domain adaptation module (generator): min La(XT, D)= —Ep (1), gy (ot )y~p, [D(Ma(z'), Fu(z"))]

domain critic module (dISCI‘ImIna'[OI‘)mDmED(X XU M) = B, o), Fy et ))~r, [D(Ma(a), Fu(2h))] —
Evis @0). 55 (o)) ~B, [PIMA(27), Fi (27))], 8.2 | Dl L< i
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Related work: [Kamnitsaset al. IPMI 2017] 12




~

| (a)CTlmége 7 » - | { (g)CycIeGAN

Related work:[DPANNGaninet al. IMLR 2016ADDATzenget al. CVPR 201CycleGANZhu et al. ICCV 2Q17 (K]
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Synergistic Learning

Decoder
P .
Shared
Encoder
E i g "
/ ) MRstyIized‘ CTstyIize
e asCT asMR
FEEIIE S Prediction of CT dev
Methods Adaptation Dice ASD
Image Feature | AA LAC LVC MYO Average | AA LAC LVC MYO Average
W/o adaptation | | 284 277 4.0 8.7 172 1206 162 N/A 484 N/A
DANN (Ganin et al. 2016) v 39.0 45.1 283 257 34.5 162 92 12.1 10.1 11.9
ADDA (Tzeng et al. 2017) v 476 609 112 292 37.2 138 102 N/A 134 N/A
CycleGAN (Zhu et al. 2017) v 73.8 757 523 28.7 57.6 11.5 136 92 8.8 10.8
CyCADA (Hoffman et al. 2018) v v 729 770 624 453 64.4 96 8.0 9.6 10.5 9.4
Dou et al. (Dou et al. 2018) v 74.8 51.1 572 478 57.7 27.5 20.1 295 312 27.1
Joyce et al. (Joyce et al. 2018) v - - 66 44 - - - - - -
SIFA (Ours) % v | 811 764 757 58.7 730 | 106 74 6.7 7.8 8.1
| ® | KSy 3> \Syerdisicdmageland-Féathre ddaptation: Towards @rosklity Domain Adaptation for Medical Image Segmentatian ! ! | L

Related work:[DPANNGaninet al. IMLR 2016ADDATzenget al. CVPR 201CycleGANZhu et al.

ICCV 2Q17
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Cardiac MRI — Cardiac CT Abdominal MRI — Abdominal CT

Dice ASD Dice ASD
Method Method . . - . . :
] _ AA  LAC LVC MYO Average | AA LAC L[VC MYO Average Liver R kidney L. kidney Spleen Average | Liver R. kidney L.kidney Spleen  Average
Supervised training | 92.7 911 919 877 909 | 15 35 L7 21 2.2 Supervised training | 92.8 86.4 87.4 88.2 88.7 (0 1.8 0.9 12 12
owfﬂﬁd%’“:‘m] ?33 gg; :]09 5%78 gg fgg 1:-32 1{”{;’2 Ti: 1[‘2“; W/o adaptation 73.1 473 57.3 55.1 58.2 29 5.6 7.7 7.4 5.9
nr- aiNet |4 R . . .. . ul . K . .
SynSeg-Net [37 85.0 82.1 72.7 81.0 80.2 22 1.3 21 2.0 1.9
SynSeg-Net [37] | 716 69.0 516 408 582 117 78 70 92 89 AydaOﬁt o [[15]] g5 4 0.7 707 a17 316 17 15 13 16 16
AdaOutput [15] | 652 76.6 544  43.6 59.9 179 55 59 89 9.6 o GILN . 234 203 794 g 70 I 3 5 o e
CycleGAN [8] 738 757 523 287 57.6 115 136 92 8.8 10.8 CiEZDA [][8% 84-5 78-6 80-2 76-9 80-1 2-6 1-4 1‘3 1-9 1-8
CyCADA [18] 729 770 624 453 64.4 96 80 96 105 94 ) : : -3 . - - . : . :
Prior SIFA [20] 81.1 764 757 587 73.0 106 7.4 6.7 7.8 8.1 Prior SIFA [20] 87.9 83.7 80.1 80.5 83.1 2.1 1.1 1.6 1.8 1.6
SIFA (Ours) 813 795 738 66 T4l | 79 62 55 85 7.0 SIFA (Ours) 88.0 83.3 80.9 82.6 83.7 1.2 1.0 1.5 1.6 L3
Cardiac CT — Cardiac MRI Abdominal CT — Abdominal MRI
Method Dice ASD Method Dice ASD
_ _ AA  LAC LVC MYO Average | AA  LAC [LVC MYO Average Liver R.kidney L.kidney Spleen Average | Liver R. kidney L. kidney Spleen Average
Supervised training | 82.8  80.5 924 788 83.6 36 39 1l 1.9 2.9 Supervised training | 92.0 9L.1 80.6 85.7 873 I3 2.0 .5 13 L5
W/o ﬂdﬁp[aIan 5.4 30.2 24.6 2.7 15.7 154 16.8 13.0 10.8 14.0 W/o zldaptalion 48.9 50.9 65.3 65.7 57.7 4.5 123 6.8 4.5 7.0
PnP-AdaNet [44] | 437 470 777 486 543 14 145 45 53 39 SynSeg-Net [37] 373 903 766 06 534 o 07 i3 35 37
SynSeg-Net [37] | 413 575 636 365 497 86 107 54 59 76 AdzOutput [15] 858 29,7 763 822 8.5 19 14 30 13 21
AdaOutput [15] | 608 398 715 355 519 57 80 46 46 57 CycleGAN [8] 23 8 873 763 204 31 20 35 o 26 >4
CycleGAN [8] 643 307 650 430 507 58 98 60 50 6.6 C§CADA [18] 287 293 781 802 o1l s 1 3 Le s
CyCADA [18] 605 440 776 479 575 77 139 48 52 79 ) : : . : . . . . . .
Prior SIFA [20] | 670 607 751 458 62.1 62 98 44 44 6.2 Prior SIFA [20] 88.5 90.0 79.7 81.3 84.9 23 0.9 1.4 24 L7
SIFA (Ours) 653 623 789 473 63.4 73 74 38 44 5.7 SIFA (Ours) 90.0 89.1 80.2 82.3 85.4 1.5 0.6 1.5 24 1.5

L 8 e e e e

image  W/o adaptation  SynSeg-Net AdaOutput CycleGAN CyCADA SIFA (Ours) Supervised Ground truth

Testimage  W/o adaptation  SynSeg-Net AdaOutput CycleGAN CyCADA SIFA (Ours) Supervised Ground truth
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Harmonizing Transferability and Discriminability for Adapting Fﬁﬁ
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HTCN: Hierarchical Transferability Calibration Network

A transferability and discriminability may come at a contradiction given the complex combinations of objects
A hierarchically (locategion/image/instance) calibrates the transferability of feature representations

Source Domam Local Feature Masks ITWAT-1
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Harmonizing Transferability and Discriminability for Adapting Eﬁ
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HTCN: Hierarchical Transferability Calibration Network

(b) SWDA (CVPR 2019) (¢) HTCN (Ours)
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Tackling Data Heterogeneity for Domain Generalization %‘i"}
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Domain Generalization

Problem setting train on multiple source domains amfirectly generalize to unseen domains

Regularization for generisemanticfeatures

: : Multi-source domains
A adversarial feature alignment for

C : Unseen
domain invarianceiet a. eccv 2018] target domain
A decompose networks parameters to
domainspecific/invarianixnosia eccv 2012] R | Unified
: | classifier
A data augmentation based methods

[Shankar et al. ICLR 2018; Volpi eNalurlPS018]

A multi-task or selisupervised signals
[Ghifaryet al. ICCV 2015; Carlucci et al. CVPR 2019]




Tackling Data Heterogeneity for Domain Generalization

Domain Generalization with GradieAtased Metalearning

Model-agnostic learningMAML (modelagnostic metdearning)[Finn et al. ICML 2017]

— meta-learning

9 ---- |learning/adaptation
VL;
VL,
ve!l Ny *03

Applying to domain generalization:

A MLDG: directly applying episodic training paradjgre al. AAAI 2018]
A MetaReg metalearning of weights regularization terjBalaji et alNeurlP018]
A Episodic training with alternative model updatgeiset al. ICCV 2019]

Imperial College London
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MASF: ModelAgnostic Learning of Semantic Features

Episodic training paradigm ‘ .

"O dod‘) o (’b "Y(x;:)o 'Y Imperial College London
Available domains:O0 008 RO ; |
Neural network is composed of:O 2 Y * Fy — 1 VLask
Learning with explicit simulation of domain shift: 1

Fy T~ VEgiobal

At each iteration, split into met&rain ©  and metéest O
Update the parameters one or more steps with gradient descent:

(1/)/7 9/) — (wa 9) — avw,ﬂﬁtask(ptr; wa 9)
qu - VEloca,l

Then, apply metdearning step, to enforce certain properties to be
exhibited on helebut domainO , to regularize semantic features
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MASF: ModelAgnostic Learning of Semantic Features

Global Class Alignment

Imperial College London

Inter-class relationships concept is domamvariantand transferable

An each domain, compute claspecific mean feature vector:

A Compute soft label distribution:

Awith ofo "0 © , regularize consistency eflagsralignment:

(Note: complexity of pairs is controllable via rbatch sampling in largscale scenarios.)



