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Semantic SLAM for Autonomous Driving

d Intelligent 3D Interaction with Wide & Dynamic Surroundings

— Accurate & Reliable Mapping with 3D Semantic Information
— Essential component for advanced autonomous driving systems
Autonomous Mobile Robots

Semantic SLAM = 3D Information
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LSPU: A 20.7ms Low-latency Point Neural Network-based 3D Perception and Semantic LiDAR SLAM System-on-Chip for Autonomous Driving System

(What is that?)
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LSPU: End-to-end Semantic SLAM SoC

*Point Neural Network

1 A 20.7ms and 349.6mw Semantic LIDAR SLAM Processor

— 1) *PNN-based 3D Perception & LIDAR SLAM SW/HW Architecture
— 2) 5 Heterogeneous Architecture with SIMD / Reconfigurable PE

Low-latency and Energy-efficient LSPU SoC
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Proposed Semantic LIDAR SLAM

1 3 Stages of LIDAR Point-Neural-Network SLAM (LP-SLAM)
—@ 3D Spatial Perception > @ LiDAR Odometry > @ LIiDAR Mapping
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Stage 1: 3D Spatial Perception

d 3D Segmentation & Keypoint Extraction with PNN

— Point-level MLP and intra-frame *kNN for grouping and upsampling
Point-level MLP & Keypoint Extraction
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Stage 2&3: LIDAR Odometry & Mag

d Reconstruction of Global Map & Trajectory

— lteration of keypoint matching and non-linear optimization (NLO)

@ Keypoint Matching with kNN
Inter-Frame kNN for Odometry
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Hardware Requirement of Semantic

d Multiple Algorithms: Extreme Complexity & Memory Demand
— Composed of 3 massive operations: 1) kNN, 2) PNN, and 3) NLO
=» CPU+GPU fails real-time processing of LP-SLAM (<50ms) ®

Point Cloud 3D Perception Odometry & Mapping Processing Time
v With Modern CPU+GPU
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A Dedicated SLAM Processor

with Heterogeneous Architecture is Necessary
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Overall Architecture of LSPU

1. Point Structure & Matching Core

— 2D-SB based Upsampling Prediction PNN Engine @ Intra-kNN PSC
. PNN Cluster #1 PRNG Samplin.g CirCl:Iit
— 3D-SB based Memory Management Unit PNN Cluster #0 2D-SB Searching Unit
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HOTCHIPS 2024 LSPU: A 20.7ms Low-latency Point Neural Network-based 3D Perception and Semantic LIDAR SLAM System-on-Chip for Autonomous Driving System 8 of 28



KNN Challenge: Performance Bottle

d Memory Intensive Computation with Large-scale LiDAR Points
— Massive operation & memory access by kNN of O(N?)
— For point structure: KNN iterations « #(M)

— For point matching: kNN iterations « #(P)
Latency Breakdown
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LIDAR-optimized Spherical Binning

1 Reduction of Meaningless Searching Area
— Point structure core: 2D spherical bin (2D-SB) searching
— Point matching core: 3D spherical neighbor-bin (3D-SB) searching
= Reducing kNN operations by 97.6~98.5%
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Problem of Point Structure Generat

1 Redundant Operations for Upsampling Index Searching
— Point group searching: ‘N-to-N’ points
— Upsampling index searching: ‘N-to-N/c’ points

N x N kNN Random N x N/oc kNN
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Overlapped kNN *N/o: Sampling by ¢
= Redundant Operations

Point Neural Network
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PSC: Upsampling Prediction

d In-advance Upsampling Prediction with PRNG-Sampling Circuit

— Data reuse in point group searching
— Unified point structure generation = 35.9% Energy V¥

Unified Point Structure < Energy per Frame>
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Problem of 3D-SB Searching

1 Memory Overhead by Fine-grained 3D-SB Searching
— Dynamic fluctuation in 3D-SBs =» static memory allocation w/ max. size
— Requires 7.4MB large on-chip memory vs. 12GB/s of EMA
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Observation: Bin-wise Coherency

 Predicting # of Keypoints in 3D-SBs using Neighboring Frames
— Static landmark across multiple frames
— Tracking the bin-level allocation strategy from previous frames

Static & Sharp Tracked Keypoints Allocation Strategy
Landmark from Previous Frames of Current Frame
Fre ame Frame MEM
. = T SB#O..___
5 SB | #KP
0 2 SB #1
1 20 -
Previous®. 2 - > }...SB#2___
Frame ‘- - - :
. . Dynamic Bin-wise Allocation
c,::l,'.g';,e,gt *~y  Spatio-temporal Coherency y C L
of Keypoints based on Prediction
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PMC: Dynamic Memory Allocation

d Hash Page-based Memory Management Unit (HMMU)

— Write controller: storing new keypoint into predicted memory space
— Read controller: parallel fetching to search neighbor-bins simultaneously

New :
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kNN Performance w/ PSC & PMC

d 2D-SB PSC: 5§5.4% Speed-up & 98.2% of Memory Bandwidth ¥
d 3D-SB PMC: 68.4%x Speed-up & 96.9% of Memory Size ¥

< *Speed-up for kNN >

< Memory BW w/ PSC > < On-chip Memory Size w/ PMC >
GB/s
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30x

15x 0.1

Ox

Memory Footprint [KB]

0

2D-SB 3D-SB
PSC PMC

*Baseline: Brute-force Searching

Brute-force PSC Static PMC
Searching w/PRNG Allocation w/HMMU
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PNN Challenge: Workload Imbalanc

 Bin-level Point-count Variations in Dynamic Environments
— Points are assigned to PNN cores by static SB-level pre-allocation
— Workload Imbalance b/w each cores

A ow Throughput ®
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c
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GPTS: 2-step Workload Balancing (

 Step 1: SB-level Predicted Workload Allocation
— Prediction of current workload by using data locality within intra-frame
— Workload variation b/w predicted & current workloads

. < Bin-wise Data Locality >
@[ T =1 |@T[ T Global Point-level Task 4% [PNN Core #0
' Scheduler (GPTS) I IIFINIIEIN:
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S — <ene. W0 Stop! e :
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PNC #0 #1 #2 #3 #4 #5 #6 #7
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GPTS: 2-step Workload Balancing |

1 Step 2: Point-level On-line Task Offloading

— Evaluation between predicted and current workload when PSC is finished
— Offloading excessive points to IDLE cores

e < Task Ofﬂoad|ng - .
i [PNN Cluster #1 Workload Global Point-level Task PNN Core #0}{
o (BNC#) | OO0 Scheduler (GPTS)
s (PNC#) [ OO0 E i :
® S : Reconfig.
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Reconfigurable Aggregation Unit (RAU)

 3-level Workload Allocation & Reconfigurable Aggregation
— Offloading excessive point sequentially according to the level
— Aggregating partial sums of offloaded pair into an IOMEM

Congestion-aware Task Offloading Priority

HOTCHIPS 2024
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PNN Performance w/ GPTS & RAU

 Step 1: SB-level Predicted Workload Allocation
1 Step 2: Point-level On-line Task Offloading

Global Point-level Task 4+ | PNN Core #0 < Speed-up for PNN >
Scheduler (GPTS) _Q);; MEM ﬂ
oa
Prediction Allocator | Point-level b
Task
Previous [Eme©°ME Offloader || ||
Workloadu g
sachidll | | Reconfig. || |5
Aggr. Unit E )
Allocation Map (RAU) 5
Bin Alloc. PNN Core #1
SBO, SB8 -
335,-337 %‘G'I'Eela -
~ PNN Core #7 SB-Level
Pre-allocation Step1 Step2
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Challenge of Non-linear Optimization

] Heterogeneous Characteristics of Iterative Optimization

Keypoint Matching by PMC

@ Point-to-Plane Distance

@ : Matched Points
2: Optimized Point
- = >
g =S (@ xB)]
= =
| a x b|

@) Calculating Gradient

dd _ ad 3P _[ad/3d,dd ad dd ad
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+H-sin(rz)sin(ry)+cos(rz)sin(rx)cos(ry)](y-ty)
-[cos(rx)cos(ry)](z-tz)

i

Iterative
Optimization

\ = 4

— KCP: massive repetition of instruction sequence for each keypoint
— OTP: massive matrix operation of large-sized Jacobian multiplication

dd, od, od, dd, dd, dd,

drx ory drz dtx dty dtz
dad, ad, dd, dd, ad, ad,

drx dry Orz Otx dty dtz

ddy ddy ddy 0dy 0dy 0dy
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N

@ LM-Equation
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Adiag(J"J)"'J'd
@ Non-linear Optimzation
A = argming (J'J Tiss+J'd)
€ QR Decomp.
(R'Q") QR Tk.1=R'Q" d
O T Integration

i - te
Twn = —g=
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t-t

Keypoint-level Computation Phase (KCP) # of Keypoints (~4K)
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NLOC: Reconfigurable Mode

d Reconfigurable Instruction Link to Support Two PE Modes
— Instruction FIFOs replacing the instruction cache for each PE
— Connection to neighboring FIFOs and instruction interconnect

Non-linear Optimization Core (NLOC) Instruction FIFO o —
Ctrlr. Instruction Memory Group #0 o
- — |" — |" — |" o
PE Group #0 "L E
Recontguraie nsvucton ik A MY | = ==dlF
N =X - X~ X~ BE
g : £
S Data Aligning Link 1| | £ Group #1 £
b PE Group #1 - 2 :[]J :[]J :[]J —*:[H— §
[ 2
— PE Group #2 — © . = "3
- c
C_reeeen | g G230 GC3 3
-
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NLOC: Reconfigurable Mode

d Reconfigurable Instruction Link to Support Two PE Modes
— Instruction Shifting: point-level pipelined processing w/ keypoint matching
— SIMD: parallel matrix computation

Instruction Shifting Mode (ISFT) —— SIMD Mode ——
© ©

g stil=p =g =gl=gl
c c

() (<))

—» = X = X = X = BE
c c

= e hahag| Sla e tal
¢ o $ (&)

= )

Point-level Pipelined Processing | = Parallel Matrix Calculation =

= 92.3% Processing Time Reduction of NLO
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NLO Performance Improvement

1 Reconfigurable Pipelined & Parallel Computation Mode
— Asynchronous and parallelized computation w/ non-uniformly delayed PMC

PMC KCP 5 OTP
o > 4
S KP; i E
O " '
% KP i i
Q orf
Keypoint-level E
g Pipelining (67.3%) } _ b
O 5 KP ---- Parallel Matrix Calculation (25.0%)
O« kP’ ‘ Total Latency
2~ Reduction (92.3%)
& OTP
NWOTP. ..o
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Chip Photography and Summary

 16.4-to0-54.3x Faster Latency than Previous System
d 17.48mJ/Frame Lowest Energy Consumption

3.6 < > . ps .
e IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII :: 1 Latency [mS] SpeCIfIcatlons
= [PNNE Ctrir, | E ----------- " )
3 ::::g :(1) : PNN | Technology 28nm CMOS
f [PNNC#1) Gprs Cluster £ ~ X
: 16.4 54 3 On-chip SRAM 914 KB
e B
E| HIE g Resolution 16 ch /28,800 Points
© § NoC&Top Ctrir. ¥ E LiDAR
“| T Non-lin = S Range 100 m
| Ppmc -linear | = ensor - -
e Optimization | & Spec. | Horizontal FoV 360
H nter- -
; Cores : Max. Frequency 50 ms (20 fps*)
(AL R LI R R R RN R RN Jetson RTX This Supply Vo'tage 1 .0 V
TX2  2080TI Work
Max. Frequency 250 MHz
ASIC | Process | Power | Latency | mJ/frame
SLAM Latenc 20.7 ms
JeSOn | X | 16nm | 15W | 341ms | 16,853 Y
z(l)?ggfn X 12nm | 250W | 1124ms | 85324 Power Consumption 349.6 mW
LSPU O | 28nm |0.35W | 20.7ms | 17.48 Energy per Frame* 17.48 mJ/frame

*Limited to max. operating frequency of conventional LIDAR
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Conclusion

d LSPU is The 15t Implementation of LiDAR SLAM for Real-Time
Semantic Mapping on Mobile Robots

1 For Energy-Efficient and Real-Time Semantic LiDAR SLAM

1) 2D/3D-SB Searching kNN Cores with Dynamic Memory Management
2) PNN Task Scheduler for 2-step Workload Balancing
3) Reconfigurable NLO Core for Keypoint-level Pipelining

B

LSPU: A Mobile Sematic LIDAR SLAM Processor

with 17.48mJ/frame and 20.7ms Real-Time Operation
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Thank You

1 Feel Free to Contact Us!
— Email: jueunjung@unist.ac.kr
— LinkedIn: linkedin.com/in/jueunjung
— Lab Homepage: isl-units.ac

— Zoom Meeting:
https://unist-ac-
kr.zoom.us/j/4403811673?pwd=ZHACSMGPKc6zMKZ0ajif8swY2apIMc.1
(Password: LSPU)
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