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Simultaneous localisation and mapping (SLAM)

Build a coherent world representation and localise the camera in real-time

Video:
Dyson 360 Eye



https://www.youtube.com/watch?v=OadhuICDAjk
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Simultaneous localisation and mapping (SLAM)

SIGGRAPH Talks 2011
KinectFusion:

, Real-Time Dynamic 3D Surface
[Whelan et al. 2012] Reconstruction and Interaction
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https://www.youtube.com/watch?v=quGhaggn3cQ#t=102
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Three “Pertormance” metrics

Holistic approach to SLAM “performance”:
SLAMBench
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SLAMBench framework

SLAM benchmarks

Dense SLAM Semi-dense SLAM Sparse SLAM

Implementation languages

Desktop to embedded platforms

Datasets

Performance evaluation

[Nardi et al., 2015]



Luigi Nardi - Imperial College London

“Performance” on SLAMBench

* Runtime/energy/accuracy measurements
 Accuracy provided via absolute trajectory error (ATE)
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"Performance” on SLAMBench |

* Runtime/energy/accuracy measurements
 Accuracy provided via absolute trajectory error (ATE)

: CPU CPU CPU GPU  TDP
Machine CPU name GFLOPS cores Cr0 GPUName qp) ops watts

Hggggfg;ﬂf' A 1A5R+MA7 4 +4 |ARM| Mali-T628 | 60 + 30




Luigi Nardi - Imperial College London

“Performance” on SLAMBench =

* Runtime/energy/accuracy measurements
 Accuracy provided via absolute trajectory error (ATE)
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SLAMBench
today

e Publicly released
13/11/2014
(800+ downloads)

. Early adopters:
o Computer Visi
o Compiler/runti
o Architecture
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Web: apt.cs.manchester.ac.uk/projects/PAMELA/tools/SLAMBench/

Paper: introducing SLAMBench, a performance and accuracy
benchmarking methodology for SLAM”, arxiv.org/abs/1410.2167


http://apt.cs.manchester.ac.uk/projects/PAMELA/tools/SLAMBench/
http://arxiv.org/abs/1410.2167
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SLAMBench opportunities

Chip design and simulation tools
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SLAMBench opportunities

Chip design and simulation tools

SLAMBench evolution:
Point fusion
- Octrees
- Semi-dense SLAM
Feature-based SLAM
Kernels can be improved individually
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SLAMBench opportunities

SLAMBench evolution:
Point fusion

Chip design and simulation tools - ©ctrees
Semi-dense SLAM
Feature-based SLAM

Kernels can be improved individually
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SLAMBench opportunities

SLAMBench evolution:
Point fusion
Chip design and simulation tools ~ * Octrees
Semi-dense SLAM
Feature-based SLAM
Kernels can be improved individually

Domain-specific language (DSL) targeting
high performance, low-power solutions

Design-space exploration, e.g. algorithmic,
compiler and hardware parameters
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SLAMBench kernels tuning, e.g.
vectorisation, GPU, auto-tuning
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SLAMBench opportunities

Chip design and simulation tools

Domain-specific language (DSL) targeting
high performance, low-power solutions

Design-space exploration, e.g. algorithmic,
compiler and hardware parameters

SLAMBench kernels tuning, e.g.
vectorisation, GPU, auto-tuning

SLAMBench evolution:
Point fusion
Octrees
Semi-dense SLAM
Feature-based SLAM
Kernels can be improved individually

- CPU/GPU mapping/partitioning
- Just-in-time compilation
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
e Application-specific parameters

e Minimisation methods
e Early exit condition values
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
e Application-specific parameters
e Minimisation methods
e Early exit condition values

2. Compilation:
opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc.
LLVM flags: O1, O2, O3, vectorize-slp-aggressive, etc.
Local work group size: 16/32/64/96/112/128/256
Vectorisation: width (1/2/4/8), direction (x/y)
Thread coarsening: factor (1/2/4/8/16/32), stride (1/2/4/8/16/32),

dimension (x/y)
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
e Application-specific parameters
e Minimisation methods
e Early exit condition values

2. Compilation:
opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc.

LLVM flags: O1, O2, O3, vectorize-slp-aggressive, etc.

Local work group size: 16/32/64/96/112/128/256
Vectorisation: width (1/2/4/8), direction (x/y)
Thread coarsening: factor (1/2/4/8/16/32), stride (1/2/4/8/16/32),

dimension (x/y)

. Architecture:
« GPU frequency: 177/266/350/420/480/543/600/DVFS
« # of active big cores: 0/1/2/3/4
o # of active LITTLE cores: 1/2/3/4
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What is the optimisation space?

Configuration parameters:

1. Algorithmic:
e Application-specific parameters
e Minimisation methods
e Early exit condition values

2. Compilation:
opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc.
LLVM flags: O1, O2, O3, vectorize-slp-aggressive, etc.
Local work group size: 16/32/64/96/112/128/256
Vectorisation: width (1/2/4/8), direction (x/y)
Thread coarsening: factor (1/2/4/8/16/32), stride (1/2/4/8/16/32),

dimension (x/y)
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3. Architecture:
« GPU frequency: 177/266/350/420/480/543/600/DVFS
« # of active big cores: 0/1/2/3/4
e # of active LITTLE cores: 1/2/3/4

Warning: huge spaces, img)ossible to run exhaustively
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KinectFusion algorithmic features

Features

04x64x64, 128x128x128,
256x256%x256, 512x512x512

u distance 0..0.5
Pyramid level iterations (3 levels) 0,1,2,3,4,506,7,8,9, 10, 11

Image resolution (image ratio) 1,2,4,8

Tracking rate 1,2,3,4,5

ICP threshold 106.. 102
Integration rate 1 .. 30

Volume resolution

10
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KinectFusion algorithmic features
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KinectFusion algorithmic features

Features Ranges

04x64x64, 128x128x128,
256x256%x256, 512x512x512

u distance 0..0.5
Pyramid level iterations (3 levels) 0,1,2,3,4,506,7,8,9, 10, 11

Image resolution (image ratio) 1,2,4,8

Tracking rate 1,2,3,4,5

ICP threshold 106.. 102
Integration rate 1 .. 30

Volume resolution

Image resolution (image ratio) Volume resolution

A7 — 11.,».‘1

640x480 320x240 160x120 80x60 2X2X2 3x3x3 6x6x6

10



Luigi Nardi - Imperial College London

Exploration goal

Error
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Incremental exploration approach

Algorithmic Compiler Architecture
Space Algorithmic Space Compiler Space Final
Pareto Pareto
Pareto
Manual and _
ML exhaustive EXhaUSt|Ve
search search search
Frame rate Frame rate = ;
Power Power rame rate
Power

Accuracy (Accuracy)




Luigi Nardi - Imperial College London

Algo design-space exploration (DSE)
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Machine learning methods useo
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DSE on algorithmic parameters error/runtime
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DSE compiler parameters speedup

2.0
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DSE architecture parameters power/runtime
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DSE final results and conclusion

Constraint Runtime (FPS) Max ATE (cm)  Power (Watts)
Default 6.03 441 2.77
Best runtime 39.85 4.47 1.47
Best accuracy 1.51 3.30 2.38
Best power 11.92 4.45 0.65
Power < 1W 29.09 4.47 0.98
Power < 2W 39.85 4.47 1.47
FPS > 10 11.92 4.45 0.65
FPS > 20 28.87 4.47 0.91
FPS > 30 32.38 4.47 1.01

Multi-objective optimisation: frame rate/power/accuracy

Auto-tuning tool to pick interesting points

KinectFusion real-time on a popular embedded device

Enabling auto-tuning at the domain-specific language (DSL) level

18




DSE the big picture |

Architecture Data

Design space

Compiler Programs
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DSE the big picture

A Algorithm

Design space
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