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Semantic SLAM for Autonomous Driving
 Intelligent 3D Interaction with Wide & Dynamic Surroundings

– Accurate & Reliable Mapping with 3D Semantic Information
– Essential component for advanced autonomous driving systems
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LSPU: End-to-end Semantic SLAM SoC
 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

*Point Neural Network
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Proposed Semantic LiDAR SLAM
 3 Stages of LiDAR Point-Neural-Network SLAM (LP-SLAM)

– 3D Spatial Perception  LiDAR Odometry  LiDAR Mapping1 2 3

LiDAR Data

Semantic Global Map
& Trajectory

LP-SLAM
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Stage 1: 3D Spatial Perception
 3D Segmentation & Keypoint Extraction with PNN

– Point-level MLP and intra-frame *kNN for grouping and upsampling

Accurate
Spatial Perception

1. Keypoint : No
2. Object Label : Vegetation 
3. Coordinate : (x1, y1, z1)

1. Keypoint : Yes
2. Object Label : Wall
3. Coordinate : (x2, y2, z2)

Point Grouping Index Point Upsampling Index

k > 1

k = 1

Intra-Frame kNN: Point Structure Generation
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Stage 2&3: LiDAR Odometry & Mapping
 Reconstruction of Global Map & Trajectory

– Iteration of keypoint matching and non-linear optimization (NLO)
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Hardware Requirement of Semantic SLAM
 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) 
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Overall Architecture of LSPU
1. Point Structure & Matching Core

– 2D-SB based Upsampling Prediction
– 3D-SB based Memory Management Unit

2. PNN Engine w/ *GPTS
– 2-step Workload Balancing
– 3-level Reconfigurable Aggregation Unit

3. Non-linear Optimization Core
– Reconfigurable Computation Mode
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kNN Challenge: Performance Bottleneck
 Memory Intensive Computation with Large-scale LiDAR Points

– Massive operation & memory access by kNN of O(N2)
– For point structure: kNN iterations ∝ #(M)
– For point matching: kNN iterations ∝ #(P)

Ti-1 , Ri-1 

Real
Pose

Initial 
Pose

kNN for Point Structure kNN for Point Matching
Current
Frame

Previous
Frame

Current Map

Previous Map

 O(N2 + N2/σ) Searching

Sampling Rate: σ

 O(N2 × # Frames) Searching

M: # of Encoder / Decoder Pairs P: Iteration of NLO

Latency Breakdown
on Jetson TX2
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Point Structure Core (PSC)

Point Matching Core (PMC)

Current
Frame

Previous
Frame

Feature Extraction
w/ Large Field

Finding Point
w/ Small Field

Spherical Distribution
By LiDAR

100m

LiDAR-optimized Spherical Binning
 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%

2D-SB Searching

Skip 
kNN

Extraction of Rich 
Geometric Details

3D-SB Searching

Skip 
kNN

Current Frame Previous Frame

Expected Region 
for Previous Points
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Problem of Point Structure Generation
 Redundant Operations for Upsampling Index Searching

– Point group searching: ‘N-to-N’ points
– Upsampling index searching: ‘N-to-N/σ’ points

35.9% Energy ▼

*N/σ: Sampling by σ

N/σ points

Point Neural Network

N x N/σ kNN
Upsampling Index

N points N/σ points

N x N kNN
Point Grouping Index

Random 
Sampling

Overlapped kNN 
 Redundant Operations
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PSC: Upsampling Prediction
 In-advance Upsampling Prediction with PRNG-Sampling Circuit

– Data reuse in point group searching
– Unified point structure generation  35.9% Energy ▼

35.9% Energy ▼
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Problem of 3D-SB Searching
 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
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PMC: Dynamic Memory Allocation
 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
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kNN Performance w/ PSC & PMC
 2D-SB PSC: 55.4× Speed-up & 98.2% of Memory Bandwidth ▼
 3D-SB PMC: 68.4× Speed-up & 96.9% of Memory Size ▼
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PNN Challenge: Workload Imbalance
 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
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 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
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< Task Offloading >

GPTS: 2-step Workload Balancing (2/2)
 Step 2: Point-level On-line Task Offloading

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

Lo
ca

l N
oC

PNN Cluster #1
PNC #4
PNC #5
PNC #6

IDLE

Workload

SB2
SB6

SB1

SB0

SB8

SB9

#0 #1 #2 #3 #4 #5 #6 #7

SB
13 SB

11

Step1

Step2Latency Reduction

# 
of

 P
oi

nt
s

SB7

SB5

SB4

SB
12 SB3

SB
10

PNC

N
et

w
or

k-
O

n-
C

hi
p

PNN Core #7
IF MEM

Global Point-level Task 
Scheduler (GPTS)

PNN Core #0

…  

PNN Core #5

PNN Core #6
IF MEM

Offload

Prediction
Allocator

Reconfig.
Aggr. Unit

(RAU)

DMA

Shared
IOMEM

Point-level Task Offloader
Core

MonitorOffloading Table

Offload
Ctrlr.

IDLE

Request

Update Compared 
to On-line Workload

Over
PNC #6
PNC #1

Under
PNC #7
PNC #0

PNC #1PNC #2

Bin
11
2
2

#P
60

170
100

RAU
L1

L2
L1



LSPU: A 20.7ms Low-latency Point Neural Network-based 3D Perception and Semantic LiDAR SLAM System-on-Chip for Autonomous Driving SystemHOTCHIPS 2024 20 of 28

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
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PNN Performance w/ GPTS & RAU
 Step 1: SB-level Predicted Workload Allocation 
 Step 2: Point-level On-line Task Offloading
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Challenge of Non-linear Optimization
 Heterogeneous Characteristics of Iterative Optimization

– KCP: massive repetition of instruction sequence for each keypoint
– OTP: massive matrix operation of large-sized Jacobian multiplication
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NLOC: Reconfigurable Mode
 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)
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NLOC: Reconfigurable Mode
 Reconfigurable Instruction Link to Support Two PE Modes

– Instruction Shifting: point-level pipelined processing w/ keypoint matching
– SIMD: parallel matrix computation

 92.3% Processing Time Reduction of NLO
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NLO Performance Improvement
 Reconfigurable Pipelined & Parallel Computation Mode

– Asynchronous and parallelized computation w/ non-uniformly delayed PMC

KP1
KP2

KPN

KP1
KP2
KP3

KPN

N
LO

C
 

IS
FT

 &
 S

IM
D

B
as

el
in

e

Keypoint-level 
Pipelining (67.3%)

Parallel Matrix Calculation (25.0%) 

Total Latency 
Reduction (92.3%)

OTP

OTP

...

... ...

PMC KCP OTP



LSPU: A 20.7ms Low-latency Point Neural Network-based 3D Perception and Semantic LiDAR SLAM System-on-Chip for Autonomous Driving SystemHOTCHIPS 2024 26 of 28

Chip Photography and Summary
 16.4-to-54.3x Faster Latency than Previous System
 17.48mJ/Frame Lowest Energy Consumption
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Specifications

Technology 28nm CMOS

On-chip SRAM 914 KB

SLAM Latency

1.0 VSupply Voltage

20.7 ms

Resolution 16 ch / 28,800 Points
LiDAR
Sensor
Spec.

Range 100 m
Horizontal FoV 360°

Max. Frequency 50 ms (20 fps*)

Power Consumption 349.6 mW

*Limited to max. operating frequency of conventional LiDAR 

Energy per Frame* 17.48 mJ/frame

250 MHzMax. Frequency
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Conclusion
 LSPU is The 1st Implementation of LiDAR SLAM for Real-Time 

Semantic Mapping on Mobile Robots

 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

LSPU: A Mobile Sematic LiDAR SLAM Processor
with 17.48mJ/frame and 20.7ms Real-Time Operation
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Thank You
 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=ZHAC5MGPKc6zMKZ0ajif8swY2apIMc.1
(Password: LSPU)

mailto:jueunjung@unist.ac.kr
http://www.linkedin.com/in/jueunjung
https://isl-unist.ac/
https://unist-ac-kr.zoom.us/j/4403811673?pwd=ZHAC5MGPKc6zMKZ0ajif8swY2apIMc.1
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