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Introduction

3D object detection is important [1, 2]

o autonomous driving
O  robotics

o VR/AR application
e Challenges [3, 4]

o a dataset of significant scale

m  high cost of manual annotation




Introduction to Active Learning

o Active learning [5]

o A technique in machine learning where the learning algorithm selectively
queries the most informative instances from the unlabeled data pool to have

them labeled by an expert.
- Advantage [6]

o  This technique helps to reduce the labeling cost and enhance the accuracy of

the model with a smaller amount of labeled data.

. . Iearn a model machine Ieamlng
Active learning methods: model
[ ]

Random
Iabeled

» Uncertainty [7] tralnlng set
« CORESET [8] unlabeled pool
. BADGE [9]

select queries

oracle (e.g., human annotator)
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Background

* 3D Object Detection
o Input: Point Clouds (LiDAR sensors)
m P ={(z,y,2,7)}
o 3D object detector
©  Output:
m Predicted Bounding box:

N; . . . .
° {b; }z'zl spatial coordinates; box size; heading angle

m Predicted Semantic Labels:
N;
o {c/};1 cie{l,2,...,C}

o N, represents the number of bounding box in the i-th point cloud



Background

e Active Learning for 3D Object Detection

o  Step 1: Labeled small number of point clouds Dy, randomly selected from Dy
m Initialize backbone 3D object detection model.

o  Step 2 (Retrain): Query Iteration g € {1,2,...,Q}

m  Active learning method 1 dindied "m

e select T" number of unlabeled point clouds from Dy Selected PLM Clonds
m Human annotator for labeling -
m New selected point clouds training set: '

e D; = D; UDg

o  Stop Active Learning: T reesi

I Labeled Training Unlabeled
m query round Q is reached. o7 oo
00

m  Budget: Ngnumber of bounding box is used.

18yisse|n
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Background

* Submodular Function and optimization

o  Aset function £, in discrete f:2°— R
= f(A)+ f(B) > f(AUB) + f(AN B)
e VABCD
m f(AU{z}) - f(A) = f(BU{z}) - f(B)
® YABCDACBandx¢B
o  Property of diminishing return
o fis strictly monotone if f{A) < f(B) for ACB
o Why choose Submodular Function:
m Example: Shannon Entropy [10]
m fis monotone submodular
e NP-complete greedy approximation algorithm [11]

e Faster than k-medoids approach
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Challenges:

- Various Difficulty levels

o  Size, Occlusion Level, and Truncation of 3D Objects:

m Eazy, Moderate, and Hard

m Selected labeled point cloud data should include various difficulty levels.

- Imbalanced Data:

o Each 3D scene can contain multiple objects, leading to highly imbalanced label

MV3D [CVPR2017]

distributions in the certain point cloud

m Include cars, but not cyclists or pedestrians



STONE: An illustrative pipeline
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STONE Algorithm Overview

- Revisiting Challenges

o Various Difficulty levels
m representative and inclusive of various difficulty level (sample uncertainty [10])
e Min absolute difference between f;(Dy)and f1(Dg)
o Since DsCDy
s max [i(Ds) ~ (Do)
o Imbalanced Data (clustering-based [12, 13, 14])
m Label distribution balancing
e selected unlabeled point clouds Dg are added to the labeled set Dy,
o label distribution quality not decrease

pmax [f1(Ds) = f1(Du)l + [f2(Dr) = f2(Dr U Ds)

ﬁI-D THE UNIVERSITY OF TEXAS AT DALLAS




STONE:

Stage 1: Gradient-Based Submodular Subset Selection

GBSSS (Part 1)

o Step 1: Input Dy into backbone model

m MC-dropout [15] at detector head for each point cloud P

e  Multiple regression and classification prediction [16]

o  Hypothetical label by average

o  Loss using hypothetical label as true label

m backpropagation
e gradients VgL, from FC layer

o  Step 2: After compute the gradient for each point cloud

m Feature-based submodular function

max Y g (M(Veffi))

®  DsCDuy,|Ds|=T: PeDs
® g(z) =log(l+z) concavity
o u(-)is H(VeL)informativeness [17]
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STONE:
Stage 1: Gradient-Based Submodular Subset Selection

- GBSSS (Part 2)

o Dataset highly imbalanced
m  Gradients become biased and inaccurate (fewer classes) [23]
o  Loss Re-weighing Module
m Regression Loss
e  Re-weighing Factor w, = nl We =

&

w
max(w.)

o M number of bounding box of class C

° T 1 c ~ Is
Lreg = Zc=1 We - L'r‘eg‘
m Classification Loss

e Rare classes penalize its distance to decision boundary (margin)

: 1
o Margin vector M; ¢ = Ve

A

° Lcls — Lcls(gia .f'l, - mz)

A

L = j—/'reg =+ f/cls
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STONE:

Stage 2: Submodular Diversity Maximization for Class Balancing

SDMCB

o  Multiple Semantic Classes Single 3D scene

CRB [16], KECOR [18]
e Partially Solve it

o  Step 1: Balance individual point cloud

C

o H(P)=-) plogp,. Pi.=

c=1

ene / N;

o  Step 2: Balance labeled point clouds

C

® H(Pz) = - Zpi,c logpi,c’ pi,c =

=1

enc / N«L

Ele ene/ Ni

2521 et/ B

| SDMCB ]

ﬂtep 1 - Balance the label \

distribution of individual
point cloud (Equation 6)

Select point clouds with the
highest entropy values

\/
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Experimental Setup
* Datasets
o  KITTI Dataset [19]
m 80, 256 labeled objects
m cars, pedestrians, and cyclists
o Waymo Open Dataset
m 158, 361 training samples
m 40, 077 testing samples
m 2 difficulty levels
* Baseline
o  Generic

m  Random, Entropy, COREST

o SOTA
m CRB
m KECOR

e Evaluation Metrics
o  Average Precision (AP)
o Bird Eye View (BEV)



Experiment Results

 KITTI Dataset [19]
o 3D AP(%) scores with 1% queried bounding boxes
o PV-RCNN [21] as the backbone

e CRB
o Eazy: 1.47%, MODERATE: 0.84%, Hard: 1.24%
« KECOR

o Eazy: 0.54%, MODERATE: 0.08%, Hard: 0.63%

CAR Pedestrian Cyclist Average
Method EASY MOD. HARD EASY MOD. HARD EASY MOD. HARD EASY MOD. HARD
CORESET 87.77 71.73 72.95 47.27 41.97 38.19 81.73 59.72 55.64 72.26 59.81 55.59
BADGE 89.96 75.78 70.54 51.94 46.24 40.98 84.11 62.29 58.12 75.34 61.44 65.55
LLAL 89.95 78.65 75.32 56.34 49.87 45.97 75.55 60.35 55.36 73.94 62.95 58.88
MC-REG 88.85 76.21 73.47 35.82 31.81 29.79 73.98 55.23 51.85 66.21 5441 51.70
MC-MI 86.28 75.58 71.56 41.05 37.50 33.83 86.26 60.22 56.04 71.19 57.77 53.81
CONSENSUS 90.14 78.01 74.28 56.43 49.50 44.80 78.46 55.77 53.73 75.01 61.09 57.60
LT/C 88.73 78.12 73.87 55.17 48.37 43.63 83.72 63.21 59.16 75.88 63.23 58.89
CRB 90.98 79.02 74.04 64.17 54.80 50.82 86.96 67.45 63.56 80.70 67.81 62.81
KECOR 91.71 79.56 74.05 65.37 5733 51.56 87.80 69.13 64.65 81.63 68.67 63.42
STONE 92.09 80.27 75.44 66.1 58.84 52.70 88.31 67.14 64.01 82.17 68.75 64.05
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Experiment Results

 KITTI Dataset
o 3D AP(%) scores with 1% queried bounding boxes
o SECOND [21] as the backbone (one stage) good generalization ability
« KECOR
o 3D Detection Hard: 3.4% mAP
o  BEV Detection Hard: 2.43% mAP

3D Detection average mAP BEV Detection average mAP

Method EASY MOD. HARD EASY MOD. HARD

Random 66.33 55.48 51:53 75.66 63.77 59.71

CORESET 66.86 53.22 48.97 73.08 61.03 56.95

LLAL 69.19 55.38 50.85 76.52 63.25 59.07
BADGE 69.92 55.60 51.23 76.07 63.39 59.47
BAIT 69.45 55.61 51.25 76.04 63.49 53.40
CRB 72.33 58.06 53.09 78.84 65.82 61.25
KECOR 74.05 60.38 55.34 80.00 68.20 63.20
STONE 76.86 64.04 58.75 82.14 70.82 65.68
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Experiment Results

70
0.375] : —————
0.350 /% Y /}¥ ) LN
— = ] o |
ol AL - ze0 i
> d | :
0 0.325 - —»— Entropy | < —o— Corest
E /”7‘; .// —o— Corest 90\-: Badge
@ Badge < 74 —— MC-REG
2 0.300 1 —e— MC-REG g 50 {/ LLAL |
LLAL ™ —<— Bait
0.275 —— STONE | —— STONE
’ -~~~ CRB ~ CRB
—+— Kecor —*— Kecor
0250510000 20000 30000 40000 50000 1000 2000 3000 4000
Number of Selected Bounding Boxes Number of Selected Bounding Boxes
«  Waymo Open Dataset [20] (left) KITTI Dataset [19] (right)

o  Regardless of the detection difficulty level

o  STONE consistently surpasses other baseline methods
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Thank You
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% Thank you for your time and attention during this
presentation. We hope you found it informative and

engaging!
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