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• Goal: Odometry from raw accelerometer and gyroscope 
measurements from an IMU.

Inertial Odometry (IO)
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Inertial Meas. 
Unit (IMU)



What does an IMU measure?

• Raw IMU measurements are related to true linear accelerations 
and angular velocities as follows:

෥𝜔𝑖 = ഥ𝜔𝑖 + 𝑏𝑔
𝑖 + 𝜂𝑔

𝑖

෤𝑎𝑖  = ത𝑎𝑖 −  𝑏
𝑤𝑅𝑖

𝑇 𝑔 + 𝑏𝑎
𝑖 + 𝜂𝑎

𝑖

IMU Biases NoisesTrue meas.
Raw IMU 
meas.

Gravity vector pointing 
downwards in world 
frame

Transformation from 
body frame 𝑏 to world 

frame 𝑤
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Inertial Meas. 
Unit (IMU)



Types of Inertial Odometry
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Neural Displacement 
Priors: Learning-based 
priors can mitigate this drift.

Pure Integration: Biases 
and noise cause drift



Types of Inertial Odometry
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Drift due to noise integration

Pure Integration integrated displ.

noisy accel.

Neural Displacement Priors

𝑑
Σ

Correct drift with learned 
measurement updates



What is a Neural Displacement Prior? 

• From set of measurements 

 𝜔𝑖 =  𝑏
𝑔

𝑅𝑖 ෥𝜔𝑖 − 𝑏𝑔

 

 𝑎𝑖 = 𝑏
𝑔

𝑅𝑖 ෤𝑎𝑖 − 𝑏𝑎

• Learn to regress displacement 𝑑 and covariance Σ with neural network:

𝑑, Σ = Φ 𝜔𝑖 𝑖=1 
𝑁 , 𝑎𝑖 𝑖=1 

𝑁

gravity direction
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Factory calibration biasesOrientation wrt gravity 
aligned frame

Neural Displacement 
Prior (NDP)

𝑑
ΣGravity aligned 

frame 𝑏
𝑔

𝑅𝑖



Neural Inertial Odometry

Herath et al., “RoNIN: Robust Neural Inertial Navigation in the Wild”, ICRA, 2020
Liu et al., “TLIO: Tight Learned Inertial Odometry”, R-AL, 2020

IMU

෥𝜔, ෤𝑎

Odometry

external orientation 
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Ƹ𝑝Filter 
• EKF
• integrator

propagation (~1kHz)

est. or external 𝑏
𝑔 ෠𝑅𝑖

IMU Buffer

෥𝜔𝑖 𝑖=1
𝑁    ෤𝑎𝑖 𝑖=1

𝑁

𝑏𝑔, 𝑏𝑎 alignment/
bias correction NDP

factory calibr.
biases

𝜔, 𝑎 Σ, 𝑑

(20-40 Hz)



reflected trajectory

rotated trajectory

Symmetry in Neural Inertial Odometry
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𝒚

𝒙

𝒛 = gravity
Symmetries: Gravity-preserving roto-reflections
Group: 𝑂𝑔 3 ≅ 𝑂(2)

reference trajectory
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Symmetry in Neural Inertial Odometry

SO(2) equivariant frame

NDPs running on rotated 
data

EqNIO running on 
rotated data

trajectory
covariance

Inconsistent trajectories, 
despite data augmentation

Consistent trajectories thanks to 
equivariant processing

realigned trajectoriesrealigned trajectories

EqNIO (this work)Prior Work (RoNIN, TLIO…)

trajectory
covariance



Neural Inertial Odometry

Herath et al., “RoNIN: Robust Neural Inertial Navigation in the Wild”, ICRA, 2020
Liu et al., “TLIO: Tight Learned Inertial Odometry”, R-AL, 2020

IMU

෥𝜔, ෤𝑎

IMU Buffer

෥𝜔𝑖 𝑖=1
𝑁    ෤𝑎𝑖 𝑖=1

𝑁

𝑏𝑔, 𝑏𝑎 alignment/
bias correction NDP

Odometry

factory calibr.
biases

est. or external 𝑏
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external orientation 

𝜔, 𝑎
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Ƹ𝑝Σ, 𝑑 Filter 
• EKF
• integrator

propagation (~1kHz)

(20-40 Hz)

NDP Σ′, 𝑑′𝜔, 𝑎 𝜔′, 𝑎′ Σ, 𝑑

Eq. Frame 
Network

∗ ∗

. −1 

𝐹

𝐹−1

Canon. Prior



Equivariance of EqNIO
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NDP
Σ′, 𝑑′𝜌𝜔 𝑅 𝜔, 𝜌𝑎 𝑅 𝑎 𝜔′, 𝑎′ 𝜌Σ 𝑅 Σ

Eq. Frame 
Network

∗ ∗

𝜌𝐹 𝑅 𝐹

. −1 

𝜌𝑑 𝑅 𝑑



Equivariance of EqNIO
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NDP
Σ′, 𝑑′𝜌𝜔 𝑅 𝜔, 𝜌𝑎 𝑅 𝑎 𝜔′, 𝑎′ 𝜌Σ 𝑅 Σ

Eq. Frame 
Network

∗ ∗

Yaw Symmetry

𝜌𝐹 𝑅 𝐹

. −1 

𝜌𝑑 𝑅 𝑑

𝑆𝑂(2)

simpler training in 
canonical space



Equivariance of EqNIO
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NDP
Σ′, 𝑑′𝜌𝜔 𝑅 𝜔, 𝜌𝑎 𝑅 𝑎 𝜔′, 𝑎′ 𝜌Σ 𝑅 Σ

Eq. Frame 
Network

∗ ∗

Yaw Symmetry

𝜌𝐹 𝑅 𝐹

. −1 

𝜌𝑑 𝑅 𝑑

𝑆𝑂(2)

end-to-end equivariance



Equivariance of EqNIO
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NDP
Σ′, 𝑑′𝜔′, 𝑎′

Eq. Frame 
Network

. −1 

∗ ∗
𝜌𝜔 𝑅 𝜔, 𝜌𝑎 𝑅 𝑎 𝜌Σ 𝑅 Σ 𝜌𝑑 𝑅 𝑑

𝜌𝐹 𝑅 𝐹

Reflection Symmetry 𝑂(2)

end-to-end equivariance



Building the Equivariant Frame

𝑣𝑖
1, 𝑣𝑖

2
𝑖=1

𝑁

Eq. Frame 
Network 𝐹

𝑎𝑖 𝑖=1
𝑁

𝐶in
𝑠 × 𝑁
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2D vector features
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𝑁
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Network 𝐹



Experiments
Extensive evaluation on two  NDPs (RoNIN, TLIO), and 5 datasets
Consistent reduction of absolute and rel. trajectory error (ATE/RTE)
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RIDI DatasetAria Everyday Activities DatasetOXIOD Dataset

RoNIN Dataset TLIO Dataset



Application to RONIN

• Adding our EqNIO to RoNIN consistently improves results!
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Application to TLIO
• Adding our EqNIO to TLIO consistently improves results!

* Indicates NN results
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Conclusion
• We introduce a robust and generalizable canonicalization scheme 

for NDPs.
• We formalize the group actions of gravity-preserving roto-

reflection on IMU measurements.
• By reducing the data variability seen by neural networks these 

frames boost the generalization of existing networks and enforce 
exact equivariance.

• This work paves the way for robust, and low-drift odometry 
running on edge devices.
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