Computer Vision Reading Group

PointDAN: A Multi-Scale 3D Domain Adaption Network for Point Cloud
Representation - Qin, Can, et al.

April 215t 2020 — Xiaomeng (Mandy) Zhu
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a1 Background

« 3D vision
— multi-view, voxel, grid, 3D mesh and point cloud
« Point Cloud

— straightforward representation
— Properties:
> Unordered
> Interaction among points
> Invariance under transformations
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e PointNet (https://arxiv.org/abs/1612.00593)

— First deep neural networks directly deal with point clouds

— Proposes a symmetry function and a spatial transform network to obtain the invariance
to point permutation.

— Local geometric information is ignored

Classification Network
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» PointNet++ (hitps://arxiv.org/abs/1706.02413)
— Focus on how to effectively utilize local feature.

Sampling (farthest point sampling, FPS)

— Grouping

— Feature Learning

skip link concatenation

interpolate unit ,
pointnet pointnet

Classification
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« Unsupervised Domain Adaptation

— Narrow the distribution shift between the target and source domain

— Match either the marginal distribution or the conditional distribution between domains via
feature alignment

— Learning a mapping function f which projects the raw image features into a shared feature
space across domains.

— Maximizing the inter-class discrepancy while minimize the intra-class distance in a
subspace simultaneously.
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Background

« MMD (https://www.ncbi.nlm.nih.gov/pubmed/16873512)

— maximum mean discrepancy
— k: Gaussain kernel function RBF

m

1
MMD?F,p,q| = T D k(zi x;) + yr— Zk
i#] i#]
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« Domain-Adversarial Training of Neural Networks DANN
(https://arxiv.org/abs/1505.07818)

— Generator becomes a feature extractor
— fixed feature representations becomes transferable features
— Domain — invariance

— Discriminativeness
aL, E_“—*u
= 99, Closs Ly
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PointDAN

3D point cloud domain adaptation

« Abundant spatial geometric information
* Local Alignment

* Global Alignment

ModelNet :

J Success alignment
X Weak alignment
— Global Alignment

I
I
I
I
I
I
I
: Local Alignment
I

2D Domain Adaptation 3D Domain Adaptatlon
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Method

» Local Alignment
« Self-Adaptive (SA) node module with an adjusted receptive field
* Global Alignment
« An Adversarial-training strategy: Maximum Classifier Discrepancy
(MCD)

o . Target .o I
s\ 2 E SA Node / 3!% ?'-‘I I
. T S T T —— —_—
e | | ge¥%/ | Global-level Alignment
RS Source | Ceol 1T T g T T T T T T
p Geomemc Guided SA Node | Node ==
L Shift Learning Feature ' Attention Alignment |

W BRI,
i !
2 :
Source I .
\. Farthest Pu int g Interpolation . : I
5 lir — —_
FE e | | —> I Adversarial Lais ]
% ";h_‘-r."\:‘_-_. Interculatedl | » | Trai nlng ]
ﬁ'é 2 Feature | | o . R |
» . 2 =
& - Pnulmg ! I
Z . 1 Lesz ;
! 1
e

4

1 I

» |dentity I I

Target - Mid-level Connection Crigin |E| High-level
Encoder NxD Feature =t Generator

2020-04-21



Local-level Alignment
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Local Alignment:
1. Initialize the location of node by farthest point sampling to get n nodes
and their k nearest neighbor points
{Sc|Sc ={x"c, xc1, ..., xck}, x € R 3} nc=1
where the c-th region Sc contains a node x"c and its surrounding k nearest neighbor points
{xc1, ..., xck}.
2. Apply the bottom 3 feature extraction layers of PointNet as the encoder
E, extracted the mid-level point feature from the encoder v = E(X|©OE) to get
v'c and {vc1, ..., vck}
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Local- IeveI Alignment
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Local Alignment:
3. Geometric — Guided Shift Learning
« Deformable convolution network
@ (b) (© (d) (a) standard convolution (b) deformable convolution
« Utilize the local edge vector as a guidance during learning
1 k
offset calculate: Ade =+ > (Rr(vej — Vo) - (2j — &),
the edge direction
RT is the weight from one convolution layer for transforming feature
2020-04-21 11



Local-level Alignment
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4. Self-adaptive update of node and find their new k nearest neighbor points:

Te=2T.+ Af%c:

{ﬂjcl? ““,:I:C:FL'} —_ kNN(j:c|$j}j — U: ---:.ﬂ"f - 1).

5. Compute the final node features v°c by gathering all the point features inside
their regions:

{TC = Jiﬂl{;ﬁfk R(;(ch).

where RG is the weight of one convolution layer for gathering point features in which
RG SRT=R.

2020-04-21 12



Local-level Alignment
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6. Apply node attention network with residual structure to model the contribution

of each SA node for alignment
« Channel Attention (CA) from RCAN Image Super-Resolution Using Very Deep Residual
Channel Attention Networks (https://arxiv.org/abs/1807.02758)

HxWx(C HxWxC

o _M" "." {‘ hc — {’Q([f‘[f{j@(pl[fﬂzc)) Ve + ‘}m

Fig. 3. Channel attention (CA). @ denotes element-wise product

where zc = E(v'c(k)) indicates the mean of the c-th node feature. &(-) and ¢(+) represent the ReLU
function and Sigmoid function respectively. WD is the weight set of a convolutional layer with 1 x 1
kernels, which reduces the number of channels with the ratio r. The channel-upscaling layer WU , where
WU S WD =W, increases the channels to its original number with the ratio r.
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7. Local alignment by minimize the MMD loss
Ny Ng,Nyg ey
L . 1 (hs hs) _|_ 1 .(hs ht) + 1 (ht ht}
mimd — K1, g ki1, g K1, 7/
NsMg <= NNy < niny =
i,7=1 1,7=1 1,7=1
where K is a kernel function:Radial Basis Function (RBF)
1 m 1 7 m,n
MMD?[F,p,q) = ———— S k(z;. z;) + ——— > k(y. v;) — — > k(z;. v;
] F.pidl = s Z/; (e )+ 2o Z/; (v v5) — — sz:l (i v;)
Joint Distribution adaptation: to achieve effective and robust transfer learning, aim to simultaneously minimize
the differences in both the marginal distributions and conditional distributions across domains.
n""‘ln""-" Xi,Xj € ’D,E"J
o T T 9 “;,.,1“;,_,. X, X € DE"J
~min E tr (A XM .X A) + A||A|F G0,=1" x; € DO, x; € D
ATXHXTA=I =0 = (e) ()
nn] x; € DI x; € D
0, otherwise
14
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I 54 Node Initialization

A

Global Alignment:
8. Apply Generator (feature extractor):

* Apply the same encoder E to extract raw point cloud features: h™ i = E (xi |©E) over
the whole object.

« Concatenated the point features with interpolated SA-node features as h"i =[hi, h™i]
to capture the geometry information in multi-scale.

» Use the final convolution layer (i.e., conv4) of PointNet as the generator network G,
feed the h'l to G, then apply max-pooling, to make the feature to a high-level global

feature A
f; = max — pooling(G(h;|©4)).

where fi € R d represents the global feature of the i-th sample. And d is usually assigned as 1,024
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Global Alignment
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Maximum Classifier Discrepancy MCD (https://arxw.orq/abs/1712.02560)
« Utilizing the task-specific decision boundaries between classes.

 Match the feature distributions between different domains
 Two classifier networks F1 and F2 as discriminator.

Discrepancy Region Decision Boundary Training Flow
Previous Methods Proposed Method @ "”’ F, F :>
Before Adaptation Adapted Before Adaptation Adapted
Proposed Method Training Procedure Overview

Deceive
Domain Classifer

» Source Target - Domain Classifier — Task-specific Classifier
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Maximum Classifier Discrepancy MCD (https://arxiv.org/abs/1712.02560)

Training on MCD

method

Step A: train classifier and generator
Step B : Maximize discrepancy on target (Fix G)

Class Predictions

minimize softmax cross entropy

K
min L£(X,,Y,). min £ (X, ¥i) = —Epx, y,)~(x, %) 3 Umss 108 2(¥]%0)
G.F\ . F; =

;_l‘l‘i;_li L(X,,Y,) = Laav(Xy).

Lagv(Xt) = Ex~x, [d(pr(ylxe). p2(y|xe)))]

K
1
dpv.p2) = Y b - Py
(73}

lll(i'll Lsai(Xs):
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9. Apply Maximum Classifier Discrepancy MCD
« Task loss: classify loss: %

L (Xsp YS) = _E(xs,yg)w(Xﬂ,YB) Z ]l[k:yg]log(p((y = ys)lc(E(x.Sl@E)leG)))
k=1 —

encoder extract
feature hs

T
generator to high-
level feature fs

« Discrepancy loss: |1 distance between the SoftMax scores of two classifier:
Lais(xt) = B, x, [|[P1(¥]%2) — p2(y[%0)][]-
The two classifiers F1 and F2 take the features fi and classify them into K classes as
pi(yilx) = F; (£[07)

where j =1, 2, pj (yi |xi) is the K-dimensional probabilistic softmax results of classifiers
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Local-level Alignment
- = =T

Global Alignment =

Source

Target

10. Training
« Step 1, minimize the classification loss to minimize empirical risk on source
domain, maximize discrepancy loss to train F1, F2

}1?,1};112 Lcls - ALdz’s-

« Step 2, minimize discrepancy loss, classification loss, and MMD loss to train
generator G, encoder E, node attention network W and transform network R.

i L AL 4; Lnds
G:IEI}%/%,R cls+ dzs"’B mmd s

where both A and B are hyper-parameters which manually assigned as 1.
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Theoretical analysis

Ben-David, S., Blitzer, J., Crammer, K., Kulesza, A., Pereira, F. and Vaughan,
J.W., 2010. A theory of learning from different domains. Machine learning, 79(1-
2), pp.151-175.

« MCD method is motivated by this theory.

» use H-divergence to establish a connection between source domain error and
target domain error:

1
er(h) <es(h)+ Ed?{A?{(S:T) + C.

l duan(S,T) =2 sup |Exesin, (x)#hs (0] — ExnT Ly (o2ha ]|
hihoeH

‘ SUP  Exr 7 Lin, 0 2ha ()] = SUP Ex 7 Lir oG ix) £ FroG(x)]-
hi,ha€H (71 (x)#h2 (x)] o Fy [F10G (x)#F20G(x)]

min max Ey 71 p o q(x)£Fa0G(x)]-
G FI:FQ
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PointDA — 10 Dataset

Table 1: Number of samples in proposed datasets.

. Dataset Bathtub Bed Bookshelf Cabinet Chair Lamp Monitor Plant Sofa  Table  Total
NOIREREIS  EOTMIY Sty e " Tain 106 515 572 200 889 124 465 240 680 392 4. 183
¢ . { - cm— :"3 3 Test 50 100 100 86 100 20 100 100 100 100 856
e RS 3 Lamp ~1" AN g Tain 599 167 310 1,076 4,612 1,620 762 158 2,198 5,876 17,378
R ' { 1 . h Test 85 23 50 126 662 232 112 30 330 842 2,492
: - g Train 98 329 464 650 2,578 161 210 88 495 1,037 6,110
fl- e RSy FURRFICITN b Test 26 85 146 149 801 41 6l 25 134 301 1,769
Bed J‘" ""‘.3"} _ Monitor f‘-g“‘ rz'. 5 g
2 VEats - WAl
¢ ’f" e H
Bookshef S | pam r  a ,,'2 ’ * ModelNet-10 (M): Sample points on the surface as
- e i pointNet++ to fully cover the CAD models;
Catinat LR ““'\“{E st § ’Wﬁﬁ = e « ShapeNet-10(S): Apply uniform samplying to collect
& T == the points of ShapeNet on surface, which may lose
¥ 43 JK ooyl d ‘r}' s { 4 " ‘y;'% H H .
Cair BRI & i | SR some marginal points compare to ModelNet;

« ScanNet-10(S*): Isolate from real-world indoor
scenes, the objects often loss some parts and get
occluded by surroundings.
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Experiments

» Six types of adaptation scenarios whichare M - S, M —- S*, S - M, S — S*,
S* >MandS*— S

* PointNet as backbone of Encoder E and Generator G;

* F1 and F2 are two-layer multilayer perceptron (MLP);

« Optimizer: PyTorch with Adam (A method for stochastic optimization);
« GPU: NVIDIATITAN GPU;

» Learning rate: 0.0001 under weight decay 0.0005;

» Epochs = 200;

« Batch size = 64;

e Extract the SA node features from conv3, number of SA node = 64.

2020-04-21
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Table 2: Quantitative classification results (%) on PointDA-10 Dataset.
G L A P M-S M-=S* S—-M S—-5* S*>M S*-S Avg
w/o Adapt 42.5 22.3 39.9 23.5 342 469 349

MMD [18] / 575 279 407 267 473 548 425
DANN[10] ./ 587 294 423 305 481 567 442
ADDA [32] / 610 305 404 293 489 511 435
MCD [26] +/ 620 310 414 313 468 593 453
v 625 312 415 315 469 593 455

Ours v v Y 637 321 445 337 482 630 475

v v v v 642 330 476 339 491 641 487

Supervised 90.5 532 862 532 862 905 766

« Ablation Study: global feature alignment, i.e., G, local feature alignment, i.e., L, SA node
module (including adaptive offset and attention), i.e., A, and the self-training, i.e., P: to
finetune the model with 10% pseudo target labels generated from the target samples with
the highest SoftMax scores.

* Outperform (especially on A)
» Great margin exist between supervised method and DA methods
«  MMD and GAN-based methods
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Table 3: Class-wise classification results (%) on ModelNet to ShapeNet.

G L A P Bathtub Bed Bookshelf Cabinet Chair Lamp Monitor Plant Sofa Table Avg

wlo Adapt 594 1.0 18.4 74 557 435 848 600 34 397 373
MMD [18] +/ 771 07 20.0 1.6 636 584 888 834 05 87.6 482
DANN [10] +/ 826 04 20.1 15 721 526 902 867 10 802 486
ADDA [32] +/ 845 1.0 229 24 667 628 836 701 18 868 483
MCD [26] +/ 848 44 18.4 77 749 620 856 800 16 822 502
v v 846 08 19.2 1.6 756 612 927 863 09 834 506

Ours v v v 857 24 20.4 1.0 790 642 901 833 3.6 830 513

v v v 847 16 19.0 13 819 633 905 823 22 829 510

Supervised 889 886 478 880 966 909 937 571 927 OL1 835

« Local alignment help boost the performance on most of the class

« Imbalanced training sample affect the performance of models, and self-
training

2020-04-21



akp

Q%‘ = %Q

9] Results

38 OCH KONST 8%

St

0.6

Accuracy
o
(2]

ol
.

'
0.3 -"’, G+L+A+Pse

ri
0 50 100 150
Iteration Epoch

Convergence M — S:
local alignment helps
accelerate the convergence
and make them more stable

[ Conv
65 — [ Convz | |
[Cconva

M-=S S =M
DA Direction
Mid-level feature extraction
from different conv layer:
conv3 contains the best mid-
level feature for local
alignment

Local alignment of two cross-domain
objects:

SA nodes represent similar geometry
structure, i.e., legs, plains contribute most
to local alignment.

Common knowledge learned by SA
nodes for local alignment.
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Feature work

» Achituve, I., Maron, H. and Chechik, G., 2020. Self-Supervised Learning for

Domain Adaptation on Point-Clouds. arXiv preprint arXiv:2003.12641.

Table 2: Accuracy per class (%)

Method |Bathtab |Bed|B00kshelf|Cabinet | Chair |Lamp | Monitor|Plant|Sofa| Table |Avg.
ModelNet to ScanNet

# Samples | 26 |8 | 146 | 149 | 801 | 41 | 61 | 25 |[134| 301 | -

Unsupervised 48.7 |41.2 40.9 3.8 54.1 | 29.3 57.9 82.7 [43.0| 288 43.0

PointDAN [30] 56.4 |61.5 29.9 24 71.7 | 30 42.6 26.6 | 53 14.8 38.9

PCM + RegRec-T (ours) 57.7 |41.2 49.8 2 59.8 | 35 53.6 88 [47.5| 62.8 |49.7
ModelNet to ShapeNet

# Samples | 85 | 23 | 50 | 126 | 662 | 232 | 112 | 30 | 330 | 842 | -

Unsupervised 81.2 |174 96.7 1.6 89.4 | 66.5 84.5 86.7 90.6 88.8 70.3

PointDAN [30] 82 36.2 97.3 0 94.6 | 54.90 | 93.50 | 95.6 |92.9| 91.5 |73.8

PCM + RegRec-T (ours) 87.5 |[43.5 97.3 1.1 92.6 | 48.7 89.6 96.7 |90.9| 89.3 |73.7
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Thank you for listening!
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