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Distributed algorithms [IJRR’17] 

Efficiency

Robustness

High-level 
understanding

VIO chip [RSS’17] 

VIO, Attention [TRO’18] 

FUSES [RAL'19]

Regular VIO [ICRA’19]

Outlier-robust object detection  
[RSS’19, RAL’19] Kimera [ICRA’19-20]

Pose graph optimization: duality 
[T-RO’15], SE-sync [IJRR’18] 
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Visual-Inertial Navigation:  
an optimization lens

Kimera: real-time  
high-level understanding
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Maximum A-Posteriori (MAP) Estimation
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Opportunities: 
• accuracy (EKF does  

1 iteration) 
• observability 
• libraries (GTSAM!)

Challenges: 
• IMU measurements arrive 

at high-rate (~200Hz) 
• hundreds of landmarks 

seen in each frame

Maximum A-Posteriori (MAP) Estimation



How to preintegrate noise? key to accurate estimation!

How to save  
computation? 
integration is 
performed in 
local frame, to 
be invariant to 
initial state 

Standard integration Preintegration

IMU Preintegration
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How to preintegrate noise? key to accurate estimation!

How to save  
computation? 
integration is 
performed in 
local frame, to 
be invariant to 
initial state 

Standard integration Preintegration

IMU Preintegration

Lupton and Sukkarieh, Visual-inertial-aided navigation for high-dynamic motion in built environments without initial conditions,  TRO’12
Forster, Carlone, Dellaert, Scaramuzza, On-Manifold Preintegration for Real-Time Visual-Inertial Odometry, TRO’17 (best paper award) 9



IMU Preintegration
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Preintegration

After 10 seconds, original 
problem has ~104 states

After 10 seconds, 
preintegrated problem  
has ~102 states

Lupton and Sukkarieh, Visual-inertial-aided navigation for high-dynamic motion in built environments without initial conditions,  TRO’12
Forster, Carlone, Dellaert, Scaramuzza, On-Manifold Preintegration for Real-Time Visual-Inertial Odometry, TRO’17 (best paper award)



Structureless Vision Model

11
Carlone, Alcantarilla, Chiu, Zsolt, Dellaert, Mining structure fragments for smart bundle adjustment, BMVC’14
Mourikis and Roumeliotis. A multi-state constraint Kalman filter for vision-aided inertial navigation. ICRA, 2007.

`k

Conditional independence: 
each 3D landmark can be 
computed independently once 
robot state is known

Schur complement trick: 
• solve for each landmark separately 
• substitute back in the optimization

Schur complement

see also: 
Null space trick [Roumeliotis and Mourikis] 
Schur complement trick in computer vision



Results: multiple platforms
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Hand-held 
sensor

Implemented in  
standard libraries
• GTSAM
• VI ORB-SLAM
• VINS-mono
• …
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proposed

< 0.5% position drift

Forster, Carlone, Dellaert, Scaramuzza, IMU Preintegration on Manifold for Efficient Visual-Inertial Maximum-a-Posteriori Estimation, RSS’15 (best paper finalist)
Forster, Carlone, Dellaert, Scaramuzza, On-Manifold Preintegration for Real-Time Visual-Inertial Odometry, TRO’17 (best paper award)

[2014-2015] [2016-2017]



Engineered Solutions / Applications

Oculus Rift Goggles

Skydio R1 drone

Pokemon Go

 
[ARCore]

Google Tango

Navion Chip 
2017  

(http://navion.mit.edu/)
13

http://navion.mit.edu/
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From VIO to High-level Understanding



Releasing Kimera
Real-time metric-semantic visual-inertial SLAM

A. Rosinol, M. Abate, Y. Chang, and L. Carlone. Kimera: an open-source library 
for real-time metric-semantic localization and mapping. Arxiv 1910.02490, 2019.  



Architecture

Outputs:  
- high-rate state estimates (@IMU rate) 
- local mesh (@50Hz) 
- global trajectory estimate including loop closures (<10Hz) 
- global mesh reconstruction (~1Hz)



Architecture
Kimera-Semantics

Kimera-VIO Kimera-Mesher
Kimera-RPGO GTSAM-based!use OpenGV!



Kimera-VIO & Kimera-Mesher

- IMU Preintegration + Structureless Vision Factors [RSS’15, TRO’17]     
- Regular VIO [ICRA’19]                                     



(Regular VIO)

Tightly 
coupled mesh 
regularization 
and VIO                                    

A. Rosinol, T. Sattler, M. Pollefeys, L. Carlone, “Incremental visual-inertial 3D mesh generation with structural regularities,” ICRA, 2019.



Kimera-RPGO (Robust Pose Graph Optimization

- Incremental implementation of Pairwise Consistency Maximization 
[Mangelson et al., ICRA’18]



Kimera-Semantics

Based on VOXBLOX for 
metric reconstruction



Why Kimera?
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Why Kimera?
solving 2D semantic segmentation failures:  

2D semantic segmentation is doomed to fail…



Why Kimera?
solving 2D semantic segmentation failures:  

2D semantic segmentation is doomed to fail…



Why Kimera?
solving 3D reconstruction failures
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Conclusion
• Visual-inertial navigation: a mature technology

- preintegration = accurate & fast 
- enabler for robotics applications and beyond 

• High-level understanding: key to many applications
- Spatial Perception, Spatial AI (A. Davison) 
- a lot of work to be done 
- opportunities to bridge learning and geometry

Thank you!

Antoni (Toni)  
Rosinol

Yun 
Chang

Marcus  
Abate



(Some) Next Steps for Kimera



(Some) Next Steps for Kimera
SE-sync: fast globally optimal SLAM

convex relaxationnon convex problem

Iterative optimization Proposed convex relaxation

SE-sync 
is fast

SE-sync 
is exact

Rosen, Carlone, Bandeira, Leonard, SE-Sync: A Certifiably Correct Algorithm for Synchronization over the Special Euclidean Group, WAFR, 2016 (best paper award)



(Some) Next Steps for Kimera
Certifiable robust SLAM!

We use novel mathematical tools (e.g., convex relaxations) to develop 
perception algorithms that are “hard to break”:  
operating correctly under extreme noise and outliers

Vision-based 
localization 
[RA-L 2019] 

(no GPS)

Proposed:Related work:

Lajoie, Hu, Beltrame, Carlone, Modeling Perceptual Aliasing in SLAM via Discrete-Continuous Graphical Models, RAL’19.  
 



(Some) Next Steps for Kimera

RANSAC

H. Yang, P. Antonante, V. Tzoumas, L. Carlone. Graduated non-convexity for robust spatial 
perception: From non-minimal solvers to global outlier rejection. Arxiv, 2019.

Object detection and localization
ProposedRANSACCorrespondences

[Zhou, CVPR’15] RANSAC Proposed


