R HISE B E R SRS T4

12212635 EHIHIR 12212553 &F vk 12212961 BRFHZESF

—. 5§

[a—

AT H B H AR 2 N RS 25 3 B 5 VA B & 2850 S T8 o E]. IrPAE W 3
AN RIS, BB X, U E S Y.
R, FRATRL Rt — D EUER, B, AT H PP R AR TR 5= 5
PRAR I seminar, [FIZAM ARS8 S, AURF=H AR . FrRA, ixX i d meas & L
iR —mEdE, MAE tech report. 2SS, AT A XAIH I E W H
SRR, MR, ISR E A AR 2E ], AT A B O DABTXR B2 ) i 3
EEAR KR, JFH, AR SO AR 2 KA, FRATTBW T T A DR 2
SIWFRE . R, ARV A CEANH P T4, #3874,
T H E Ak
Boiba
1.1 g=RfAa?
Rz R 2 = e A — R RS A, SR, RN R ER R N T =R
PRABEIRE S, HaBdR A LIRS, TONEFE MRS S, B
R—MILF. TEWREREIRSNES. SR RAFREE. BRI
FERD UG R, X0 PR IR B 2 B0 i ) B 38 28— 50 A A s 1) D0 s kG BE RN 4 A1
MEFE KT, AR B AT AT AR 5 e 0 W BRAR T, R T As R A =2 AR AR
SMAT AL B TR B AR,
T BBl

1.2 A2 BRARB?
X S E AR FF R BT A RIS 75k, a4 s RN (5 B
BATAER, RIS, N AR EBRNE? FhScbryid 3 4emy, 1R M2
24, Hit oD Fg—E LEEIHFTAENER, HE, FERRBK. s
=IFEARZE 3D Y, BRI DA ST MR AR A TR R B R . e AR T
A5 TA) R, T A5 D) 5 A Aok AT LA ke S HE = e 500

1.3 anfar3RBUR = $iE 2
M RBEOE E A AHALFASRAS R, T DR = R AL R A, AU A
Bl =4 . RGB-D AHBLEE.



MEAGEN AR RGB-D EME, ARSI WEES BB S =, bR AT
PAIRBUHALNAES BN ERE | Sezp ol RIS T Bt A S (x, y, 2).
(U, v) REMRAAR, (cx, cy) IGO0, (fx fy) 2, d SIREE.
MM RGB-D MG #H BTSSR . ILAN, P53 = R I 5 58t 4h LiDAR
BoGHRM S, FEhE R, WL =Ry IR

1.4 3D #1 2D Ky%E#:
Rt AT E 3D (S B 83k 2D B b, i — Rl 4 (x,y,2)
AR — AR R I (xy), X2 3D F 2D AR, W, MRS 2D K%
PIROREE T IR R s 2T R, A AT DA HAE ) Jr s st ] 2.

. B

2.1 & XA EIRTAAK?
TS EIMROR Eatie: AR S =K, REMEaE b2 —EESsE, A
R SEAE — R, HHRHETIAZE. —AEWAERIT:

Urban-Scale Point Clouds in SenseUrban Dataset (Cambridge)

Input Point Clouds Annotated Semantic Labels

Mg lita s s, AMEaEEmN NS,
2.2 AR 2D F1 3D 1& X 4# backbone
2.2.1 U-net
u-net ;2 A encoder-decoder BiAY, ERHIAZ—K 2D g, it
—ETERE TR, RS T A BRI RHE



128 4
input
i > . output
Imat(-iig i = | *|*|™| segmentation
a2l &l & & map
' 128
= ’H‘J D”D"D = conv 3x3, ReLU
B =p copy and crop
D*D»D - D—D-F_"I # max pool 2x2
é ‘:} 4 up-conv 2x2
& = cONnv 1x1
HT AR

GRUZM A BB ATES D) R, 24— R IR
IR G AR R B iEA T B R AR, FF4E encoder F73 X5 B 73 HER A FFAE 14
Al decoder ¥ PHE:, H R PERMIFEHREGHFE. fEF—FEid1 186
PUB A A AR SRR BGE >k, 28 l—A> Bl iE i 4> FI 4R

HAL b, RBEUE 5B 25 2 encoder-decoder 2244, SR IURFAE,
FREAT EORFE, RSN FCN A1 segnet.

Convolutional Encoder-Decoder

Input I ﬂ Output

RGB Image jormalisatio Segmentatmn
-Poohng - UUUUU phng

AL, X JLA 53 #1458 14 encoder iﬁﬁﬁ%ﬁ%ﬂ? 5 VGG A E5H, decoder
WA FrATE, FCN Al unet 8 T RCEFUZ, segnet WIZR A T etife. IF H,
unet R T copy and crop $ AR5 encoder H1F 2k 15 AL fRAS 2% T AETS
PARZ (R iZ e iz JEAR)
2.2.2 F#igAEF(SparseConvNet)[4]
2.2.2.1 R+ AMERAFHER
Mg &R T 3D WUH H. 3D i = Eis iR i 1k S 2O ek i AR HER B
FUHEME, BB 3D S Bil s WA REBME, MEMEREREES, B3
BAE W st S B S AR A AR, BEESWEERE SEAEEEE
K, WHBCRICT., MEEHELE G R, REREENITTESR, M
Hi s
2.2.2.2 WA E SR LI




Mg B, MM RADBEES R, Mt TR,
LTI BIR A X LI oT R LHALE, DA/ NIRRT R Inds 5.

RGN T, WAKEEE M2 48d, Hhas T A%
PFRHER S . ST ERGEIRN S, WA KEEE MU, HYEERIRER
RN (batch size . JHIEEC (channels) . HE ( helght L B (width)
e EAE LT (K. 9. &, RS A MRHMESE4EE G2t
PRFRRAE Y 23 [A) 1) 24 3 @I

Kot A A TR B *%’EB’J%T@ IESEAE B A bR B AR RARME, B
B RFER R AfEiiga, ROUEESELHAE. BIREREN, FResix
SRIUE|==d(c) '??BJ)\%&EEI’HF%TEUEXﬂ?#ﬁﬁﬁ H, HATER A SRR AETA%
AR B ESE, AR, ARSI T A&, A k.
i tH B (R RE AR GAS A, SOCSRIESE S I .
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Definition: To join information from two or more modalities to perform a
prediction task.

® Model-Agnostic Approaches

1) Early Fusion 2) Late Fusion

Modality 1 s » Modality 1==> [ Classifier] ==}
Classifier (e
Modality 2 mmmp Modality 2= —)



Model-Based (Intermediate) Approaches

1) Deep neural networks
2) Kernel-based methods

3) Graphical models

Multi-View Hidden CRF
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Definition: Identify the direct relations between (sub)elements from two or

more different modalities.

Modality 1 Modality 2
& @ Explicit Alignment

\ - The goal is to directly find correspondences
e between elements of different modalities

. \e Implicit Alignment

H Uses internally latent alignment of modalities in

a /‘ e order to better solve a different problem
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Table 2
Comparisons of different models in three different UDA scenarios (%) in terms of mIoU. For brevity, we use SG for Singapore and SK for SemanticKITTI. Avg takes the
mean of the predicted 2D and 3D probabilities after softmax.

Method USA - SG Day - Night A2D2 — SK
2D 3D Avg 2D 3D Avg 2D 3D Avg
XMUDA (Jaritz et al., 2020) 59.3 52.0 62.7 46.2 44.2 50.0 38.3 46.0 44.0
XMUDAgp;, (Jaritz et al., 2020) 61.1 54.1 63.2 47.1 46.7 50.8 41.2 49.8 47.5
AUDA (ours) 59.8 52.0 63.1 49.0 47.6 54.2 43.0 43.6 46.8
AUDAgy, (ours) 61.9 54.8 65.6 50.3 49.7 52.6 46.8 48.1 50.6
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The CoSMix model can be broadly categorized into three primary components: Semantic

Selection, Compositional Mix, and Training and Update, which aim at facilitate robust and
adaptive point cloud segmentation across domains. Each section plays a critical role in enhancing
the model's capability to generalize and perform effectively in diverse and challenging
scenarios.This paragraph provides a comprehensive analysis of these three sections, elaborating on

their respective roles and the methodologies employed within each.
3.1 Semantic Selection

The first stage, Semantic Selection, is crucial for identifying and extracting informative and
reliable point cloud patches from the source and target domains. This process leverages class
frequency distributions to dynamically sample classes, ensuring that the selection is both
representative and balanced. The approach adapts to the data distribution at each iteration,
enhancing the model's ability to handle long-tailed classes. Specifically, for the source point cloud,
we compute the class frequency distribution and utilize a weighted random sampling function to
select a subset of classes. The likelihood of selecting a class is inversely proportional to its

frequency, promoting the inclusion of underrepresented classes. Additionally, in the experiments,



the number of patches selected from available classes is assigned based on prior experience, and
the value is set by examining the long-tail classes present in the source domain during the

adaptation process.

In the context of Semi-Supervised Domain Adaptation (SSDA), the patch selection
methodology mirrors that employed for the source domain, wherein different classes are selected
based on known labels. Conversely, in Unsupervised Domain Adaptation (UDA), the target
domain data initially lacks corresponding labels. However, through the learning process of the
teacher network, pseudo labels are generated, facilitating the subsequent steps in the adaptation

process.

3.2 Compositional Mix

Compositional Mix module combines and mixes the features extracted from both source
domain and target domain. Considering of the spatial consistency and semantic information, the
hybrid point cloud data generated in the process can retain the key features of the original data.
The Compositional Mix process is carried out on two branches separately. It involves three

consecutive steps: local random augmentation, concatenation, and global random augmentation.

Local random enhancement is applied to the patches obtained in the semantic selection phase
to increase data variability. These augmented patches are then concatenated with point clouds
from the other domain, forming mixed point clouds. Finally, the mixed point clouds are subjected

to global random augmentation to further enhance their diversity.

3.3 Training and Update

From the first two steps, both branches obtain mixed point cloud data. In the training stage,
during each batch iteration, the student network parameters are updated to minimize the total
objective loss, which is the sum of the losses of the two branches. The segmentation loss is
computed for the mixed point clouds, targeting the reduction of segmentation errors in both
domain transfers. The loss of a single branch is calculated using Dice segmentation loss, known

for its effectiveness in handling large-scale point clouds with long-tailed class distributions.



In the experiment, the learning update of the student network is only performed in a single
branch, and its parameters will be shared with the student network of another branch after

completion. Then, the parameters of the teacher network are updated via the exponential moving
average (EMA) method. 6 l =po i,— , + (71— B)0, ensuring stable pseudo-label generation and

maintaining high average confidence.
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