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Resilient odometry via hierarchical adaptation
Shibo Zhao1*, Sifan Zhou1, Yuchen Zhang1, Ji Zhang1, Chen Wang2,  
Wenshan Wang1†, Sebastian Scherer1†

Resilient and robust odometry is crucial for autonomous systems operating in complex and dynamic environ-
ments. Existing odometry systems often struggle with severe sensory degradations and extreme conditions such 
as smoke, sandstorms, snow, or low-light conditions, threatening both the safety and functionality of robots. To 
address these challenges, we present Super Odometry, a sensor fusion framework that dynamically adapts to 
varying levels of environmental degradation. Super Odometry uses a hierarchical structure to integrate four core 
modules from lower-level to higher-level adaptability, including adaptive feature selection, adaptive state direc-
tion selection, adaptive engine selection, and a learning-based inertial odometry. The inertial odometry, trained 
on more than 100 hours of heterogeneous robotic platforms, captures comprehensive motion dynamics. Super 
Odometry elevates the inertial measurement unit to equal importance with camera and light detection and rang-
ing (LiDAR) systems in the sensor fusion framework, providing a reliable fallback when exteroceptive sensors fail. 
Super Odometry has been validated across 200 kilometers and 800 operational hours on a fleet of aerial, wheeled, 
and legged robots and under diverse sensor configurations, environmental degradation, and aggressive motion 
profiles. It marks an important step toward safe and long-term robotic autonomy in all-degraded environments.

INTRODUCTION
Odometry is an important technique to estimate the position and orien-
tation of robots over time, while also allowing for the three-dimensional 
(3D) geometry reconstruction of surrounding environments. It plays a 
crucial role in robotics, enabling spatial understanding and serving as a 
foundation for both high-level tasks such as navigation and exploration 
and low-level functions like path planning and control (1). As a result, 
odometry systems are widely used in robotic applications, including off-
road driving (2), search-and-rescue (3), and planetary exploration (4).

However, maintaining robust and resilient odometry performance 
in real-world applications remains challenging because of a range of 
environmental degradations, such as poor lighting, geometrical degra-
dation, motion blur from aggressive maneuvers, and extreme weather. 
These conditions make it difficult for odometry systems to extract and 
track reliable features from sensors over time, often leading to incor-
rect data associations (5) and eventual drift or failure.

To overcome these environmental degradations, researchers have 
explored multimodal sensor fusion methods, implemented as either 
loosely coupled (6–11) or tightly coupled (12–15) frameworks. Al-
though these approaches have substantially advanced the field, none 
can fully handle various forms of environmental degradation, par-
ticularly when visual and geometric signals degrade simultaneously 
(16). This shortcoming continues to hinder the development of ro-
bust and resilient autonomous navigation systems capable of long-
term operation in diverse environments. The key challenges can be 
summarized as follows.

Resilience under severe and persistent sensor degradation
Existing odometry solutions face substantial challenges when mul-
tiple sensors experience degradation or remain off-nominal over 
extended periods. For example, persistent smoke in wildfire envi-
ronments can affect both visual and light detection and ranging (Li-
DAR) sensors, substantially hindering navigation (17).

Balancing robustness and efficiency
Although many approaches improve robustness by integrating data 
from all available sensors to ensure redundancy and safety, they of-
ten introduce high computational costs because of complex fusion 
strategies (5). Achieving robustness without sacrificing efficiency 
remains an open challenge.

Generalization across varied degradation scenarios
Most methods need substantial tuning for different types of envi-
ronments because they are built on a “rigid” framework with a 
“fixed” parameter setting (5). For example, a method optimized for 
outdoor conditions may fail in indoor environments such as subter-
ranean environments. This lack of generalization limits these meth-
ods’ ability to generalize across diverse degradation conditions.

To address the first challenge of resilience, we drew inspiration from 
the human sensing system. Humans navigate degraded environments 
such as dense fog or darkness by integrating external perception with 
internal cues. When vision becomes unreliable, humans rely on vestibu-
lar and proprioceptive feedback to estimate motion, a process known as 
path integration (18). This allows them to maintain robust motion 
tracking even in the absence of external observation. Followed by this 
insight, we introduced a complementary internal sensing mechanism 
into robotic systems: a learned inertial module that infers motion from 
inertial measurement unit (IMU) data alone. Specifically, we developed 
a deep inertial network trained on diverse motion patterns to serve as an 
internal motion prior when external observations become unreliable.

To integrate this internal sensing into the odometry pipeline, we 
propose a reciprocal fusion strategy that combines traditional 
model-based odometry with the learned inertial module based on 
imperative learning (19). Instead of operating independently, these 
two components learn from each other: Under nominal conditions, 
the traditional estimator refines the inertial network using accurate 
pose estimates, allowing it to adapt online. As environmental degra-
dation worsens, the learned IMU network, having captured the sys-
tem’s motion dynamics, takes over estimation and ensures continued 
robustness. In this way, robustness becomes adaptive, evolving with 
the robot’s operating conditions.
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To address the second and third challenges, efficiency and gener-
alization, we introduce a hierarchical adaptation framework that 
dynamically adjusts its behavior on the basis of the severity of envi-
ronmental degradation. The framework operates through a multi-
level scheme: Lower levels provide rapid and resource-efficient 
adaptations to address mild disturbances. If these measures are in-
sufficient, higher levels provide more complex and computationally 
intensive interventions to support state estimation recovery. This 
layered design enables the system to maintain efficiency under nom-
inal conditions and robustness under extreme scenarios, adapting 
both its computational load and sensing strategy to meet the de-
mands of diverse environments.

In summary, we present Super Odometry (Movie 1), a sensor fu-
sion framework designed for resilient, efficient, and generalizable 
state estimation under diverse and extreme sensor degradations. 
Our key contributions are as follows.

Hierarchical adaptation mechanism
We propose a hierarchical adaptive framework to address degradation 
along a spectrum from mild to severe and scale its response to maintain 
efficiency and robustness. It is dynamically reconfigurable, functioning 
as a multilevel scheme. Specifically, the system initiates with adaptive 
feature selection to mitigate mild visual degradation, then transitions to 
adaptive state direction for moderate geometric degradation, proceeds 
to adaptive factor (engine) selection for mixed degradation, and ulti-
mately relies on a learning-based inertial odometry module when suf-
fering from complete degradation, as illustrated in Fig. 1.

Heterogeneous learning–based inertial odometry
Inspired by human path integration (18), we introduce a hetero-
geneous learning–based IMU odometry model to achieve internal 
motion estimation and predict 3D poses in real time. Trained on 

hundreds of hours of diverse robotic data, it achieved strong gener-
alization and maintained low-drift accuracy.

Learning and adaptation over time
We developed a self-supervised online adaptation algorithm for 
the data-driven inertial odometry using self-supervised imperative 
learning (19). We formulated the system as a bilevel optimization: 
The IMU network learns motion patterns from free pose labels gen-
erated by a lower-level factor graph (20), whereas the upper-level 
inertial network provides motion priors back to the graph. This 
closed loop enables mutual correction between the learning-based 
and traditional estimators. We elevate IMUs to an independent role 
in sensor fusion, positioning them as equally important as cameras 
and LiDAR systems.

Extensive evaluation
Super Odometry was rigorously validated across over 200 km and 
800 operational hours over 6 years on aerial, wheeled, legged, and 
handheld robots under diverse and extreme degradation, consis-
tently outperforming state-of-the-art techniques. We believe Super 
Odometry represents a notable step toward a resilient and robust 
sensor fusion solution capable of operating reliably anytime, any-
where, and in any degraded environment. We expect this ad-
vancement to enhance long-term robotic autonomy and ensure the 
safety of robots. For more details on motivation and methods, refer 
to movie S1.

RESULTS
Real-world environments are often complex, involving multiple 
types of degradation ranging from mild to extreme. Therefore, an 
odometry solution should be adaptable and adjustable.

Movie 1. Summary of Super Odometry. This video introduces the core idea behind our resilient odometry framework and results. By elevating inertial sensing to a 
central role in state estimation and enabling it to self-evolve, robots gain an inner sense of motion that forms the foundation for robust odometry in extreme environ-
ments. The video presents diverse robot navigation results powered by the Super Odometry pipeline, highlighting strong adaptation to various forms of degradation and 
broad generalization across platforms. It also includes a single-run, 13-type degradation test covering all major failure modes. Together, these results point to a new direc-
tion for resilient SLAM, one that relies more on inner sensing rather than external perception alone.

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Zhao et al., Sci. Robot. 10, eadv1818 (2025)     10 December 2025

S c i e n c e  R o b o t i c s  |  R e s e a r c h  Ar  t i c l e

3 of 18

We categorize degradation into four types: Visual degradation 
refers to adverse visual conditions (e.g., low light, motion blur, and 
darkness) that impair feature extraction from cameras. Geometric 
degradation arises in environments lacking meaningful 3D struc-
ture (e.g., open spaces and long corridors). Mixed degradation oc-
curs when visual and geometric cues degrade intermittently. 
Complete degradation represents extreme scenarios where both vi-
sual and LiDAR sensors are off nominal, such as in dense smoke.

For visual degradation, our approach relies on adaptive feature 
selection to reject outliers. In geometric and mixed degradation, it 
actively selects the state direction and switches between sensor en-
gines to ensure that the most reliable measurements are used. When 
facing extreme degradation such as complete degradation, our ap-
proach adopts a learning-based inertial odometry to overcome off-
nominal sensor conditions such as smoke, dust, and snow.

In this section, we describe how our method performs across various 
degraded conditions. First, the method was evaluated through a com-
prehensive experiment, testing it under different degradation condi-
tions in one run. Second, to illustrate the functionality of the method, 
we begin with visual degradation as an example, highlighting the role 
of adaptive feature selection. Next, we used geometrically degraded 
environments to demonstrate adaptive state selection and mixed 
degraded environments for sensor engine switching. Last, we explain 
how the learning-based IMU estimator helps overcome complete 
degradation in extreme smoke environments.

Comprehensive degradation in one run
University campus environment
To thoroughly evaluate the robustness of our odometry system, we 
conducted a comprehensive degradation experiment on a legged ro-
bot in a single run. This experiment included visual, geometrical, 
mixed, and complete degradation scenarios. The test route, located 
on Carnegie Mellon University’s campus, covered a distance of 2966 m 
and took ~46 min to complete. The route incorporates more than 
13 complex degradation scenarios, involving various combinations 
of challenging conditions. These scenarios include geometrical deg-
radations such as long, textureless corridors (Fig. 2D), narrow and 
steep multifloor environments (Fig. 2, E and F), and transitions 

between indoor and outdoor environments (Fig. 2L). In addition, 
we introduced visual degradations (Fig. 2, G to N) such as smoke, 
white walls, low lighting, darkness, glass corridors, featureless sur-
faces, and lens flare. Mixed degradations, like steep staircases in 
darkness (Fig. 2B) and expansive dark courts (Fig. 2C), were also 
tested. Last, we examined complete degradation, where dense smoke 
enveloped the robot (Fig. 2A).

Our odometry system successfully completed real-time state esti-
mation without any failures, primarily using a LiDAR-inertial setup. 
The final end-point drift was only 0.2 m over a total distance of 2966 m, 
resulting in an exceptionally low drift rate of 0.006%. The complete 
mapping results are shown in Fig. 2, highlighting high-fidelity views 
of the map under selected degraded conditions. The mapping results 
indicate the high accuracy and robustness of our pose estimates. 
Notably, this performance was achieved without using any backend 
optimization techniques, such as loop closure. For more details on 
results, refer to movie S2.

Adaptive feature selection for visual degradation
In this section, we primarily use visual degradation as an example to 
explain how adaptive feature selection works. We first conducted 
photometric calibration on red-green-blue (RGB) images by adjust-
ing exposure time (21), which ensures that the images are consistent 
over time regardless of changes in lighting conditions. Then, we lev-
eraged our previously proposed method ThermalPoint (22) to 
achieve robust feature detection on RGB images. Unlike existing 
methods tracking all features passively (23,  24), we took into ac-
count the quality of feature correspondences and estimated their 
covariance for each 2D feature. By doing this, our method can ro-
bustly select the most informative features in very challenging sce-
narios such as textureless corridors, low lighting conditions, and 
even air obscurants shown in Fig. 3.

Adaptive state direction for geometric degradation
In this section, we use long corridors to illustrate the adaptive state 
direction mechanism. Long corridors, with repetitive and symmet-
rical features such as uniform walls lacking distinct geometry, pres-
ent substantial challenges for LiDAR systems (25). The similarity of 
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Fig. 1. Hierarchical adaptation on sensor fusion in robots. We propose a hierarchical adaptation strategy that initiates with adaptive feature selection for visual degra-
dation, moves to adaptive state direction for LiDAR degradation, applies adaptive factor (engine) selection for mixed degradation, and uses learning-based IMU odometry 
during complete degradation.
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these features across different positions makes iterative closest point 
(ICP) registration (26) poorly constrained in the forward direction.

The experiment involved navigating a completely dark, struc-
tureless corridor with highly reflective walls (Fig. 4A). Despite these 
difficulties, we successfully completed the testing route of 668  m. 
The vehicle operated aggressively, maintaining a speed of 4 m/s for 
up to 90% of the route and reaching a maximum speed of 5 m/s 
(Fig. 4B).

To achieve this, we developed an adaptive state direction method, 
which actively predicted the degeneracy direction of the optimization 

and incorporated other pose priors (visual) to mitigate the ill-
optimization problem before failure.  Figure  4C shows the confi-
dence metric of LiDAR odometry reliability in the X, Y, and Z 
directions in the long corridor environments. It was observed 
that the confidence in the X direction, corresponding to the robot-
centered forward direction, was relatively low compared with those 
in the Y and Z directions during the run.

Figure 4D illustrates the relative confidence levels of visual and 
LiDAR odometry in the degeneracy direction. Our method assigned 
lower confidence to LiDAR odometry in the forward direction, 

Fig. 2. Evaluation of 13 types of degradation in a single run. (A to N) The color-coded trajectory depicts our estimated odometry of a legged robot navigating through 
more than 13 complex degradation scenarios. Despite these difficulties, the final end-point drift was only 20 cm over a total distance of 2966 m.
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whereas visual odometry maintained higher confidence. The weights 
for LiDAR odometry in the Y and Z directions remained unchanged, 
given that there was no degradation in those axes. In addition, our 
method outperformed state-of-the-art methods like FAST-LIVO 
(27) in achieving reliable scan registration in poorly constrained 
long-corridor environments.

By analyzing the relative confidence of LiDAR and visual odom-
etry, we color-coded the trajectory on the LiDAR map on the basis 
of each sensor’s contribution, as shown in Fig. 4B. In the corridor’s 
middle section, visual odometry was actively integrated into sensor 
fusion and addressed degeneracies, whereas at the end section, the 
system increasingly relied on LiDAR odometry. This process used 
soft fusion between LiDAR and visual odometry across each axis, 
providing additional constraints at optimal moments. For more re-
sults, refer to movie S3.

Adaptive engine selection for mixed degradation
Real-world environments present various challenges, where systems 
can experience visual or geometric degradation at different stages, 
classified as mixed degradation. A typical example is sensor-drop 
scenarios, where either visual or LiDAR data may be compromised 
and suffer from interruptions for extended periods. To solve this, we 
believe an odometry solution should be fail safe and failure aware. It 
should detect imminent failures like signal loss or degradation and 
provide recovery mechanisms.

We initially blocked the LiDAR’s side view using the cardboard 
shown in  Fig.  5A. Our algorithm, adopting an adaptive state-
direction mechanism, promptly predicted the degradation in the Y 
direction and reduced the LiDAR confidence weight to 60% in that 
direction (Fig. 5B). Simultaneously, the visual odometry confidence 
weight was increased to 40% to compensate for the LiDAR’s reduced 
performance. This process not only predicted the degraded direc-
tion but also adapted the necessary weights and constraints between 
the visual and LiDAR modality to prevent optimization failure.

Similarly, when the front and back views of the LiDAR were 
blocked, the LiDAR’s confidence weight in the X direction dropped 
to 60%, whereas the weight of the visual odometry in that direction 
increased to 40%. Upon fully blocking the LiDAR with cardboard, 
its weight in all directions dropped to 10%, whereas the visual 
odometry’s confidence weight rose to 90%. Last, when we blocked 
the camera, the LiDAR’s confidence weight across all directions re-
turned to greater than 90%. If a modality’s contribution to the joint 
state falls below 10% and remains low for more than 2 to 4 s, the 
system will disable that modality. This threshold and temporal 
window were empirically chosen and tunable to ensure fail-safe and 
failure-aware operation.  Figure  5C illustrates the odometry and 

mapping accuracy to evaluate the sensor dropout tolerance of our 
method. The largest absolute trajectory error (ATE) is only 0.184 m 
over a 600-s run.

Learning-based inertial odometry for complete degradation
In degraded environments like dense smoke, dust storms, and heavy 
snow, almost all the odometry algorithms (25, 27, 28) face severe 
challenges, because they encounter both visual and geometric deg-
radation over an extended period. Visual sensors struggle to capture 
the high-quality images needed to extract reliable features. LiDAR 
systems, which depend on laser pulses for distance measurements, 
experience reduced range and accuracy because of air obscurants.

To address these limitations, we propose a learning-based IMU 
odometry, given that IMU is unaffected by perceptual degradation. 
Our solution is straightforward: When other sensors, such as visual 
or LiDAR, are functioning well, the IMU odometry receives feed-
back from them and fine-tunes its path integration capabilities (18). 
However, when these sensors are compromised, such as in extreme 
environments, the IMU odometry takes over state estimation.
IMU pretrained model on large dataset
Developing robust IMU odometry is challenging, especially in en-
suring generalization across platforms. Most methods lack adapt-
ability beyond specific settings (29). We addressed this by proposing 
a general IMU model trained on large, diverse datasets (16, 30), cov-
ering drones, quadrupeds, cars, and humans. This broad training 
enabled it to outperform specific models (31–34) and adapt to vari-
ous platforms. Our approach aimed at strong generalization, rapid 
adaptation, and seamless integration into sensor fusion pipelines. To 
validate these objectives, we investigated three core research ques-
tions: (i) Can our model generalize across platforms and outper-
form specialized models? (ii) Can it adapt online to previously 
unseen environments? (iii) How does it enhance sensor fusion ro-
bustness in extreme environments?
Generalization of IMU-pretrained model
To address (i), we focused on two critical factors for training a more 
generalized IMU model: a heterogeneous shared backbone and 
large, high-quality, diverse data. To demonstrate the importance of a 
heterogeneous shared backbone, we evaluated different IMU mod-
els on data from four platform types: aerial, wheeled, legged, and 
handheld. For a fair comparison, all models, including AI-IMU 
(35), RNIN-VIO (33), TLIO (36), and IMO (29), were trained on 
the same large datasets and tested on identical unseen data.

As shown in Fig. 6A, our IMU pretrained model, built with a 
heterogeneous shared backbone, demonstrated strong few-shot 
capabilities. When tested across the four robotic platforms, it con-
sistently outperformed specialized models tailored for specific 

Air Obscurants Textureless Low Light

Fig. 3. Robust feature selection in low light, low texture, and obscured situations. The ellipses represent the uncertainty of 2D feature landmarks; a larger ellipse in-
dicates greater uncertainty. The ellipse orientation reflects the ambiguity in feature tracking along a specific 2D direction.
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Fig. 4. Illustration of adaptive state direction selection in a long corridor from the abandoned Pittsburgh hospital. (A) Relative weights of visual and LiDAR odom-
etry across different sections of long corridor environments. (B) Map of the long corridor, color-coded by the contributing modality; the purple circle indicates areas where 
visual odometry is actively integrated into sensor fusion, whereas the green circle denotes areas dominated by LiDAR odometry. Note: A modality is considered “domi-
nant” if its weight in the sensor fusion process is greater than 50%. (C) Confidence metric of LiDAR odometry over a distance of 668 m. (D) Relative confidence of visual and 
LiDAR odometry in the degeneracy direction, demonstrating more reliable scan registration achieved with our method.
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systems. Without requiring fine-tuning, our model provided the 
most reliable and accurate odometry estimates across a variety of 
motion patterns (see  Fig.  6A, last column). On average, it im-
proved ATE and time-relative trajectory error (T-RTE) by 35.5 
and 41.0%, respectively, compared with the second-best model 
(see Table 1). These results underscore the effectiveness of the het-
erogeneous shared backbone in achieving robust generalization 
across diverse robotic motion patterns.

We also investigated the effect of data diversity on model perfor-
mance. Specifically, we compared the performance of our IMU pre-
trained model when trained on data from a single platform versus 
data from various robot types. As illustrated in  Fig.  6B, models 
trained on diverse datasets showed substantial performance im-
provements. For instance, in the “human handheld” sequence, a 
model trained on data from aerial, wheeled, legged, and quadruped 
platforms outperformed one trained exclusively on human handheld 
data. The ATE decreased by up to 54%, whereas T-RTE and distance-
relative trajectory error (D-RTE) decreased by 117 and 100%, respec-
tively. These findings confirm the critical role of large, high-quality, 
and diverse datasets in improving model generalization. Training on 
a wide variety of robot data enables the model to perform well even 
when there are substantial differences between the training and test-
ing domains. For more details on results, refer to movie S4.

Fast online adaptation on test data from TartanDrive
Although our model was trained on a large dataset [as described in 
(i)], it still faces generalization issues when deployed on a robot plat-
form with different motion patterns. Moreover, collecting sufficient 
data for fine-tuning during deployment is often impractical. To ad-
dress (ii), we used online fine-tuning during deployment—we learn 
as we operate.

We assessed our model’s ability to generalize to an unseen plat-
form. The model was trained exclusively on the SubT dataset, which 
features a small ground vehicle with a maximum speed of 5 m/s. To 
evaluate its adaptability, we tested it on the TartanDrive dataset, 
which represents a full-size all-terrain vehicle with a maximum 
speed of 15 m/s. During the online fine-tuning process, the model 
was provided with only 60 s of IMU data, enabling it to adapt in real 
time from the SubT UGV (unmanned ground vehicle) model to the 
TartanDrive car model.

We compared our model against a state-of-the-art baseline model 
(33), trained on the same SubT dataset as ours, following an identical 
training process. In Fig. 6C, over a 60-s fine-tuning period, our mod-
el (blue lines) demonstrated substantially better odometry predic-
tions, closely aligning with the ground truth (dashed line). In 
contrast, the state-of-the-art model (green lines), although showing 
some improvement, exhibited substantial trajectory errors at the 60-s 
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Fig. 5. Adaptive engine selection for mixed degradation in sensor-drop scenarios. (A) We used cardboard to sequentially block the LiDAR’s side, front, and back views 
and eventually completely obstructed both the LiDAR and visual sensor to evaluate the dropout tolerance for 600 s. (B) The corresponding confidence metric of the LiDAR 
odometry system. (C) Odometry accuracy evaluation: The trajectory color encodes APE (absolute pose error) (37) (top), and the bottom shows mapping results with yellow 
indicating the estimated trajectory. w.r.t., with respect to.
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A Qualitative pose estimation comparison: our pre-trained IMU model vs. specialized IMU models

B Comparison of our pre-trained IMU model accuracy: single-robot vs. all-robot training

C Online adaptation comparison: our pre-trained IMU model vs. SOTA on unseen dataset
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Fig. 6. Evaluation on learning-based inertial odometry. (A) Qualitative pose comparison shows that our method (last column) achieves the highest accuracy against 
ground truth (dashed gray). (B) Accuracy improves significantly when the IMU pretrained model is trained on multirobot data versus single-robot data. (C) Online adapta-
tion on unseen datasets demonstrates that our model outperforms SOTA (state of the art), as supported by a quantitative comparison of ATE over time. Each iteration 
shown corresponds to 1 s of adaptation time (e.g., iteration 10 represents 10 s). GT, ground truth.
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mark. This online adaptation scenario shows the potential of our pre-
trained IMU model, which can adapt to new domains more rapidly 
and converges with fewer iterations than the state-of-the-art meth-
ods, as detailed in the table from Fig. 6C.
Enhance odometry robustness in smoke environments
To answer (iii), we designed experiments where the robot is required 
to operate in a smoke-filled environment to demonstrate how learning-
based IMU odometry can improve the robustness of odometry 
systems. It included two processes: self-supervised online adaptation 
[explained in (ii)] and learning-based IMU model deployment in the 
sensor fusion pipeline.

Self-supervised online adaptation. As discussed in (ii), Fig. 7C illus-
trates the self-supervised online adaptation process used to fine-tune 
our pretrained IMU model from the SubT vehicle to the TartanDrive 
vehicle. Initially, the TartanDrive vehicle operated in a smoke-free 
environment, where our factor graph pipeline continuously provided 
supervisory signals to refine the learning-based IMU odometry. 
This online training process required only 45 s of data collection to 
successfully evolve the pretrained SubT IMU model into the Tartan-
Drive model.

Learning-based inertial odometry deployment. After fine-tuning 
the IMU model, we integrated the learning-based IMU odometry 
into our adaptive sensor fusion pipeline and evaluated its perfor-
mance online using data from human-driven vehicles. We evaluated 
its performance in two challenging environments: an extremely 
smoke-filled area and a clear, open, flat area, as depicted in Fig. 7A. 
In these environments, LiDAR odometry became highly unreliable. 
When the vehicle entered the smoke or open flat areas, our adaptive 
pipeline automatically prioritized the learning-based IMU odome-
try solution (purple trajectory). This is because the learning-based 
IMU odometry remained unaffected by these environmental 

conditions and continued to provide reliable state estimation. Con-
versely, when the vehicle exited these areas and conditions improved, 
the pipeline seamlessly transitioned back to the LiDAR odometry 
solution (blue trajectory). This switching behavior was governed by 
the confidence level of the LiDAR odometry, as illustrated in Fig. 7D.

This transition was not a “hard switch” but a soft fusion approach 
that blended the outputs of both LiDAR and IMU odometry across 
each axis. This strategy mirrored the adaptive engine selection 
mechanism used in previous mixed degradation scenarios.

To validate our method, we conducted figure-eight driving tests, 
repeatedly transitioning between smoky and clear areas. The adap-
tive switching occurred multiple times, demonstrating the pipeline’s 
responsiveness to environmental changes. The estimated trajectory 
and the corresponding map are shown in Fig. 7B. Although the re-
constructed map exhibits severe noise because of the smoke, our 
sensor fusion pipeline consistently delivered robust state estimation.

This experiment demonstrated that incorporating learning-based 
IMU odometry significantly enhances the robustness of odometry 
systems in severely degraded environments. For more details on re-
sults, refer to movie S5.

Quantitative comparison with state-of-the-art methods
Accuracy evaluation
To further validate the precision of pose estimation, we conducted 
ATE (37) analysis using our odometry system on the SubT-MRS 
dataset (16). This dataset encompasses challenging environments 
featuring sensor degradation, aggressive locomotion, and extreme 
weather conditions. The eight sequences in the dataset are catego-
rized into two groups for testing: geometric degradation and mixed 
degradation. ATE results of competing systems were sourced from 
an open odometry challenge (16). Participating teams were allowed 

Table 1. Quantitative pose comparison: Pretrained versus specialized IMU models. Our IMU pretrained model outperformed different specialized IMU 
models, achieving an average of 35.5% on ATE and an average of 41% on T-RTE, respectively, compared with the second-best model across various robotic 
platforms, including wheeled, legged, handheld, and aerial systems.

IMU model Wheeled (car) (16) Legged (quadruped) (16) Handheld (human) (58) Aerial (drone) (63)

﻿AI- IMU  ( 35 )

ATE ↓ 7.68 3.23 8.26 4.14

T- RTE ↓ 3.33 1.6 4.89 1.45

﻿RNIN- VIO ( 33 )

ATE ↓ 7.82 3.1 7.62 4.32

T- RTE ↓ 5.06 1.58 5.61 1.51

﻿TLIO  ( 36 )

ATE ↓ 8.12 3.61 6.96 3.93

T- RTE ↓ 3.73 1.73 4.82 1.4

﻿IMO  ( 29 )

ATE ↓ 8.12 3.35 10.19 3.72

T- RTE ↓ 3.73 1.64 5.67 1.34

﻿IMU- pretrain (ours)﻿

ATE ↓ 6.17 1.46 4.32 3.32

T- RTE ↓ 2.52 0.79 1.95 1.04

﻿Improvement﻿

ATE ↓ ↑ 19.63% ↑ 54.83% ↑ 47.69% ↑ 19.81%
T- RTE ↓ ↑ 24.36% ↑ 50.63% ↑ 60.05% ↑ 28.97%
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Fig. 7. Robust performance in a smoke scenario. (A) Adaptive engine selection between learning-based IMU and LiDAR odometry in challenging environments, with 
purple and blue trajectories indicating their respective use. (B) Trajectory and map generated using learning-based IMU odometry in heavy smoke. (C) Self-supervised 
adaptation fine-tunes the IMU model from SubT car to TartanDrive. (D) Confidence-driven adaptive fusion combines IMU and LiDAR odometry outputs using soft fusion, 
avoiding hard switches.
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to use loop closure techniques and offline processing to achieve 
high accuracy. Despite this, our method achieved an average ATE 
of 0.271 in real time. This performance surpassed the second-best 
method by 54%, showing our high accuracy and robustness 
in Table 2.
Robustness evaluation
An ideal evaluation metric should assess both accuracy and com-
pleteness (16). Although the ATE effectively measures trajectory 

accuracy, it does not adequately capture trajectory completeness. To 
address this limitation, we used robustness metrics (38), which ac-
count for both aspects. Table 3 presents a detailed comparison of 
these metrics across various scenarios and algorithms, highlighting 
that our method demonstrates superior robustness compared with 
competing approaches.

This comparison excludes completely degraded or smoke-related 
experiments (as illustrated in Fig. 7). The exclusion was due to the 

Table 2. ATE performance on SubT-MRS (38). – denotes incomplete trial.

Liu* (64, 65) Weitong* 
(20, 66)

Kim* (25, 67) Yibin (68) Zhong* (69, 70) Zheng (69) Ours

﻿Geometric degradation﻿

 F01 0.307 0.26 0.331 1.060 1.205 – 0.238

 F02 0.095 0.096 0.092 0.220 0.695 – 0.074

 F03 0.629 0.617 0.787 0.750 – – 0.396

 U01 0.122 0.120 0.123 0.470 1.175 – 0.026

 U02 0.235 0.222 0.270 0.620 1.72 – 0.104

﻿Mixed degradation﻿

Cave03 0.260 0.402 0.279 9.140 2.08 3.786 0.204

Corridor01 1.454 1.254 2.100 2.990 – 55.205 0.817

 Floor01 0.401 0.577 0.650 5.500 – 19.769 0.315

Average 0.588 0.663 3.825 4.312 1.209 26.254 0.271

*Incorporation of loop closure.

Table 3. Robustness performance on SubT-MRS (38). – denotes incomplete trial.

Weitong* (20, 66) Liu* (64, 65) Kim* (25, 67) Yibin (68) Zhong* (69, 70) Zheng (69) Ours

 R﻿p﻿: Geometric degradation (SubT- MRS)﻿

 Final01 0.922 0.920 0.884 0.849 0.278 – 0.929

 Final02 0.929 0.928 0.929 0.897 0.91 – 0.933

 Final03 0.906 0.904 0.906 0.827 0.827 – 0.916

 Urban01 0.933 0.931 0.933 0.875 0.905 – 0.937

 Urban02 0.919 0.917 0.915 0.795 0.877 – 0.925

 R﻿p﻿: Mix degradation﻿

Cave03 0.83 0.832 0.83 0.751 – 0.618 0.973

Corridor01 0.889 0.885 0.89 0.502 – 0.579 0.899

 Floor01 0.909 0.910 0.252 0.738 – 0.389 0.891

 R﻿r﻿: Geometric degradation (SubT- MRS)﻿

 Final01 0.931 0.930 0.923 0.924 0.296 – 0.938

 Final02 0.931 0.930 0.931 0.928 0.921 – 0.942

 Final03 0.907 0.908 0.908 0.898 0.851 – 0.925

 Urban01 0.938 0.937 0.938 0.933 0.922 – 0.943

 Urban02 0.924 0.922 0.92 0.914 0.905 – 0.941

 R﻿r﻿: Mix degradation﻿ ﻿

Cave03 0.848 0.848 0.848 0.846 – 0.629 0.964

Corridor01 0.89 0.885 0.89 0.874 – 0.882 0.944

 Floor01 0.914 0.908 0.26 0.886 – 0.489 0.924

*Loop closure usage.
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fact that all other algorithms fail under such conditions. For details 
on the robustness metric, refer to Materials and Methods.

DISCUSSION
In this section, we provide insights into developing a robust odom-
etry for degraded environments.

Hierarchical adaptation is a key factor for resilience
State estimation in challenging environments demands not only 
sensor redundancy but also computational efficiency. However, 
most existing odometry frameworks rely on rigid multimodal fu-
sion strategies that prioritize robustness by incorporating additional 
sensors yet still fail to generalize across diverse degradation scenar-
ios (17, 39).

This limitation arises from two common assumptions: Measure-
ment noise follows a Gaussian distribution, and averaging redun-
dant measurements yields accurate estimates. However, in practice, 
these assumptions break down in degraded environments such as 
smoke or darkness, where sensor signals deviate from expected 
distributions and corrupted measurements dominate certain di-
rections of the state space. As a result, state estimation becomes 
unreliable, and optimization grows computationally expensive 
because of the increasing difficulty of distinguishing inliers from 
outliers. This highlights a critical need for foundational research 
on resilient systems.

To address this, we propose a hierarchical adaptation framework 
for resilient odometry. Our approach dynamically reconfigures the 
system on the basis of degradation severity, starting with lightweight 
adaptations and escalating to more complex ones when needed. This 
multilevel strategy enables reliable state estimation across diverse 
degradation types, including visual, geometric, mixed, and full-
sensor failures (see Fig. 2).

Low-cost IMUs are more useful than expected
Historically, IMUs have been treated as auxiliary or secondary sen-
sors in odometry pipelines, typically limited to preintegration (40). 
However, we argue that IMUs hold far greater potential and can 
serve as independent sources for state estimation, contributing as 
meaningfully as LiDAR and visual sensors.

We introduce a reciprocal fusion strategy in which learning-
based IMU odometry and traditional model-based sensor fusion 
continuously learn from each other to enhance overall performance. 
Our approach enables the IMU model to adapt and improve using 
feedback from the sensor fusion pipeline while simultaneously pro-
viding motion priors and acting as a reliable fallback solution under 
degraded conditions. This bidirectional adaptation leads to im-
proved accuracy and robustness across diverse environments.

Improving sensor calibration and time synchronization
Currently, the performance of our system depends heavily on accu-
rate calibration and precise time synchronization. Implementing 
online calibration and time-sync techniques (41) could eliminate 
the need for manual parameter tuning. A promising direction is to 
leverage continuous-time batch optimization (42) combined with 
observability-aware calibration (41), which actively selects informa-
tive motion segments to align sensor trajectories. This would enable 
the joint estimation of intrinsic parameters, extrinsic transforma-
tions, and temporal offsets in a unified framework.

Improving generalizability of the IMU model
The learning-based IMU model requires faster adaptation to new ro-
bots and environments. Despite generalizing well across platforms, it 
struggles with unseen domains because of distribution gaps between 
training and testing data. Incorporating both real-world and simulat-
ed IMU data could reduce this gap and improve generalization.

In conclusion, the proposed hierarchical adaptation system offers 
robust, adaptable, and efficient state estimation in degraded environ-
ments. Although challenges remain, such as time synchronization, 
calibration, and improvements to the generalization of learning IMU 
odometry, this work lays a strong foundation for advancing resilient 
odometry under real-world conditions.

MATERIALS AND METHODS
Before outlining our methodology, we first clarify the key technical 
terms used in this paper. We propose hierarchical multilevel mech-
anisms to address environmental degradation, ranging from mild 
to extreme. These mechanisms include adaptive feature selection, 
adaptive state direction, adaptive engine selection, and learning-
based inertial odometry. For clarity, we group adaptive feature se-
lection, state direction, and engine selection under the term adaptive 
sensor fusion, because they were based on classic factor graph 
optimization. We treat learning-based inertial odometry sepa-
rately, because it relied on a deep learning network. Together, these 
components formed what we defined as a hierarchical adaptation 
framework.

Problem definition
State estimation definition
Following the SLAM (simultaneous localization and mapping) for-
mulation (1, 5), the general goal of state estimation is to infer the 
agent’s state xt, and optionally the map mt, from a sequence of con-
trol inputs u1:t and observations o1:t, via the posterior

In contrast with SLAM, the odometry problem focuses solely on 
estimating the agent’s trajectory over time, without building a per-
sistent map. The objective is to estimate the current or next pose 
xt + 1 given a sequence of past observations o1:t and control inputs 
u1:t. Odometry aims to compute

Assuming a probabilistic motion model P
(

x
t+1∣xt , ut+1

)

 and an 
observation model P

(

o
t+1∣xt+1

)

 , the belief over the current state is 
recursively updated using Bayes’ rule

where η is a normalization constant. On the basis of the above, the 
odometry problem is incrementally estimating the next pose xt + 1 
by given local observations and short-term motion models.
Robustness definition
Existing evaluation metrics such as ATE (43) have limitations in 
evaluating the odometry’s robustness in real-world applications. 
ATE primarily focused on the overall trajectory error and cannot 
effectively capture the robustness of the algorithm. To evaluate ro-
bustness, we used the relative pose between frames as robustness 

P
(

xt ,mt ∣o1:t , u1:t
)

(1)

P
(

xt+1∣o1:t , u1:t
)

(2)

P
(

xt+1∣o1:t+1, u1:t+1
)

=η ⋅P
(

ot+1∣xt+1
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∫ P
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metrics (38). Unlike traditional relative pose error (RPE) evalua-
tions, our metric assesses both the local accuracy of the trajectory 
and its completeness across the entire trajectory. The robustness 
metric is the area under the curve (AUC) of the F1 score

where the precision P quantifies the precision of the relative pose, 
namely, how closely the estimated relative pose matches the ground 
truth point and the recall rate R measures the completeness, and to 
what extent the estimated relative pose covers all ground truth points. 
Specifically, an estimated error e is regarded as an inlier if it is smaller 
than a threshold T. To evaluate robustness across different tolerance 
levels, we applied an exponential mapping exp(−10T) to normalize 
the threshold range to [0, 1]. We then computed the AUC of the F1 
score by sweeping across this range of thresholds. This provides a 
comprehensive, threshold-independent measure of overall robustness.
Position robustness Rp and rotation robustness Rr
The AUC of the F1 score can be defined using both linear velocity and 
angular velocity, which can reflect the robustness of position and rota-
tion estimation, respectively. Specifically, we define Rp = AUC

(

F1
(

ve
))

 
and Rr = AUC

(

F1
(

ωe

))

 , where ve and ωe are the estimated error of 
relative position and orientation between frames, respectively.

Overview of approach
The core of our method was a hierarchical adaptation framework 
that integrated adaptive sensor fusion with learning-based IMU 
odometry in a self-supervised manner, as shown in  Fig.  8A. This 
framework was structured as a bilevel optimization (19), where 
adaptive sensor fusion is in the lower level (a “teacher”), providing 
optimization-based constraints for the IMU odometry in the upper 
level (a “student”). When vision or LiDAR functions well, IMU 
odometry receives feedback to learn robot motion. When vision or 
LiDAR degrades, the IMU module takes over to maintain reliable 
estimation. Together, this cooperative symbiosis substantially en-
hances the robustness, resilience, and adaptability of odometry sys-
tems in challenging environments. For details, see the “System 
overview” section in the Supplementary Materials.

Adaptive sensor fusion
We proposed adaptive sensor fusion that hierarchically selects in-
formation from parameters, features, states, and engines across mul-
tiple levels. It included adaptive feature selection, adaptive state 
selection, adaptive engine selection, and adaptive parameter tuning.
Adaptive feature selection
As shown in Fig. 8B, step 1, not all features (visual or geometric) 
contributed equally to state estimation. Thus, selecting the most in-
formative ones is essential. For visual features, we used the Hessian 
matrix of KLT (Kanade-Lucas-Tomasi tracking) tracking (44) and 
analyzed its covariance ΣSE (2) using small patch sizes (45) from in-
tensity residuals. Given the estimated Rθ ∈ SO(2) , the rotated cova-
riance for each 2D feature is

For LiDAR, we evaluated the quality of correspondences on the basis 
of the fit of neighboring points to point, line, or plane distributions (46)

where σi are the eigenvalues of the principal components analysis 
(PCA) used for the point-to-point, point-to-line, point-to-plane 

distance error metric (38). The normalization coefficient μ =

3
∑

i=1

σi 

is used, and Wl =

{

w
po→po

i
,w

po→li

i
,w

po→pl

i

}

∈ [0, 1] describes the 

linearity 
(

w
po→li

i

)

 , planarity 
(

w
po→pl

i

)

 , and scatter 
(

w
po→po

i

)

 of the 
features. This approach enables the selection of the meaningful fea-
tures while reducing the computational load.
Adaptive state direction
Various forms of degradation hinder the robustness of existing odom-
etry systems (25,  47). However, existing approaches require prior 
knowledge of the environment to determine well-conditioned state 
estimation and cannot adapt very well to changing environments (48–
51). Moreover, some methods perform degeneracy analysis (52) or es-
timate a robust kernel function (53) during or after the optimization. 
However, this may be too late to predict potential failures (48), and in-
sufficient data association already causes unreliable optimization.

To address potential failures, we performed a degeneracy analy-
sis by evaluating the observability of LiDAR odometry at the front 
end (Fig. 8C, step 2). We focused on LiDAR rather than vision, be-
cause it offers more reliable observability and uncertainty estimates 
for each state direction. Once LiDAR quantifies directional uncer-
tainty, visual weights can be adjusted accordingly. Specifically, we 
predicted ICP alignment risk and computed the observability Obs𝑖 
for each point along each state direction. Each correspondence was 
then labeled on the basis of the state it primarily influences. Due to 
space constraints, refer to the Supplementary Materials for details 
on alignment risk prediction and observability for each point-to-
plane constraint.

To evaluate observability over a scan, we developed a statistical 
method that analyzes label distributions across state directions. Let 
 = {x, y, z, roll, pitch, yaw}  be the set of observable dimensions in 
our state space. For each dimension i ∈  , we defined Ni as the 
count of observability labels in that dimension. The total observ-
ability count was given by Ntotal =

∑

i∈�

Ni . We defined the normal-
ized confidence metrics as

Here, the factor ∣∣ = 6 scales the metrics to [0, 1] under uni-
form distribution across all dimensions. These confidence metrics 
construct a diagonal 6-by-6 covariance matrix

It is important to note that Eq. 9 assesses the ratio of observabil-
ity labels in a specific direction to the total number of labels. This 
relative approach is based on the hypothesis that in well-structured 
environments, observability should be uniformly distributed across 
all state directions.

By analyzing label distributions across scan correspondences, our 
approach detects weakly observed directions needing reinforcement. 

F1(e) =
2P(e<T)R(e<T)

P(e<T) + R(e<T)
(4)

Σ2D,θ = RθΣSE(2)R
⊤

θ (5)

w
po→li

i
=

σ1 − σ2

μ
,w
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i
=

σ2 − σ3

μ
,w
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i
=

σ3

μ (6)
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Σcov = diag
(

γtrans, γrot
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This allows the system to fuse sensor information more effectively, 
especially along those vulnerable directions.
Adaptive engine selection
In real-world settings, sensors often operate under persistent degra-
dation (e.g., darkness). To reduce computation and filter faulty data, 
we proposed an adaptive factor selection strategy that dynamically 
reconfigured the factor graph on the basis of sensor quality (Fig. 8B, 

step 3). Factor graph optimization should be dynamically reconfigu-
rable on the basis of degradation type. By evaluating factor quality, 
the system decided whether to include or exclude a sensor’s data. 
For example, during prolonged visual degradation, where the visual 
sensor’s contribution dropped below 10% for 2 to 4 s (such as in 
darkness), the system excluded visual factors and relied on LiDAR. 
If LiDAR became unreliable because of loss of observability, its 

Fig. 8. System overview. (A) A hierarchical adaptation framework that integrates adaptive sensor fusion with a learning-based IMU odometry. The sensor fusion module 
provides free pose supervision to guide the learning process of the IMU odometry, helping to reduce drift and capture motion patterns. In turn, the IMU odometry offers 
motion priors and serves as a fail-safe solution. (B) Illustration of adaptive feature selection, adaptive state direction estimation, and adaptive engine selection.
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factors were also rejected. In mixed degradation scenarios, the sys-
tem selected the most reliable sensor data. When both LiDAR and 
vision failed, the system fell back to learning-based IMU odometry.

We adopted a factor graph to represent all residuals but actively 
selected them in optimization on the basis of degeneracy. Using 
prior observability analysis, the covariance matrix cov guided the 
inclusion of only well-constrained factors

In this context, eprior
io

 represents the relative pose factor provided 
by learning-based IMU odometry, weighted by the proposed covio. 
Similarly, epriorvo  was the relative pose factor from visual odometry, 
weighted by covvo. The term epo→po,li,pl

i
 indicated point-to-point (line, 

distance) residuals between two keyframes with covariance covL 
(38). For more on the relative pose factor, refer to the Supplemen-
tary Materials. This adaptability ensured that our sensor fusion re-
mains flexible and resilient, dynamically optimizing performance 
under varying conditions.
Adaptive parameter tuning
As shown in Fig. 8B (step 1), our method used self-tuning strategies 
to ensure adaptability across diverse platforms and environments 
(54,  55). For visual odometry, we adjusted image contrast to im-
prove feature detection (21). LiDAR odometry, however, may di-
verge in narrow spaces (e.g., stairwells or corridors) because of 
parameters optimized for open environments. To address this, the 
algorithm dynamically adjusted the weighting between visual and 
LiDAR odometry to adapt to both confined and open areas. For de-
tails, see the adaptive state direction in multifloor environments ex-
periment in the Supplementary Materials.

Other parameters, such as voxel size, were adapted to the scale of 
the environment. The algorithm also used intensity values to filter 
airborne obscurants (56) and gravity vectors to estimate initial rota-
tional alignment between LiDAR and IMU (57).

Learning-based inertial odometry
We introduced a learning-based inertial odometry system designed 
to capture motion patterns across various robots. The structure is 
shown in Fig. 8A. It consisted of two key components: a pretrained 
IMU model trained on large datasets and an adapter network for 
unseen environments. To enable generalization and few-shot capa-
bility, the pretrained model was trained on diverse datasets, includ-
ing wheeled, legged, and aerial robots and handheld devices. It 
includes five modules: IMU data preprocessing, data augmentation, 
a heterogeneous shared backbone, a multihead design, and a loss 
function (Fig. 8A). We first describe the pretrained IMU model and 
then its adapter network.
Data preprocessing
Our training dataset included more than 100 hours of real-world 
IMU data from diverse platforms—wheeled robots, drones, legged 
robots, and human-held devices—sourced from SubT-MRS (16), 
TartanDrive (30), IDOL (58), Blackbird (59), and UZH (60). These 
datasets provide both raw IMU measurements and ground-truth 
trajectories across eight platforms with varying dynamics. To ensure 
consistency, we unified all IMU axes to a common frame (X-forward, 

Y-left, Z-up) and resampled all data to 200 Hz via interpolation. 
This preprocessing reduced variability across sources and ensured 
uniform input quality during training and inference.
Data augmentation
Inspired by the work of Cao et  al. (61), we rotated the IMU data 
around the X, Y, and Z axes by a specified degree. Simultaneously, 
the corresponding ground truth trajectory was also rotated by the 
same angle. A pretrained neural network for the IMU was trained 
on both the original and rotated datasets, as illustrated in Fig. 8B. 
This approach substantially enlarges the IMU training dataset and 
enhances the model’s generalization capability.
Heterogeneous shared backbone
After preprocessing and augmentation, IMU data were passed 
through a heterogeneous shared backbone designed to generalize 
across diverse robot platforms. This backbone maps data into a uni-
fied high-dimensional latent space that captures common motion 
knowledge, enabling efficient adaptation to new platforms with 
minimal additional training.

As shown in Fig. 8A, the network consisted of three key compo-
nents: a 1D ResNet backbone, LSTM (long short-term memory) lay-
ers, and a multihead output. The ResNet extracted motion features 
from the IMU data; the LSTM modeled temporal dependencies; and 
the multihead layer predicted local velocity and its covariance, com-
pleting the motion estimation pipeline.
Multihead
Building on a shared heterogeneous backbone, we introduced a 
multihead architecture to map latent features to velocity estimates, 
with each head tailored to a specific robot type (Fig. 8B). This ar-
chitecture offered two main advantages: (i) It enabled learning of 
diverse motion patterns in parallel, enhancing adaptability across 
different robot types; and (ii) it stabilized training by avoiding 
conflicting learning objectives. The mathematical formulation is 
as follows

Here, f ( ⋅ ) represents the function defined by the neural network 
that processes inputs from the IMU sensor. The network receives 
as input the acceleration a, angular velocity ω, and the hidden state 
hn–N produced by the LSTM at the previous time step. For each IMU 
measurement, we removed the gravity vector Wg = [0, 0, 9.8] as well 
as the acceleration bias ba and gyro bias bg. At each time step, the 
network predicts the current motion on the basis of the hidden state 
hn–N and a local window of N samples of acceleration and angular 
velocity in the inertial frame B. The output of the network consists 
of the estimated relative velocity ̂v  and its associated uncertainties ̂u.

Unlike existing learning-based IMU odometry methods (29, 36), 
which process IMU data in world coordinates (W), our method 
operates entirely in the body frame (B). Specifically, we first trans-
formed all IMU data into a unified body frame (Z-up, Y-left, X-
forward). We then directly used raw acceleration (α) and angular 
velocity (ω) in the body frame as input to the network and regressed 
velocity in the body frame. Because both the input and loss func-
tions were defined in the body frame, our method reduced the risk 
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of overfitting to specific trajectories in the world frame and exhibit-
ed improved generalization.
Loss function
Our network used relative loss functions, as illustrated in Fig. 8B. 
The relative loss function helped the network capture motion dy-
namics within a single window, improving the smoothness of the 
predicted odometry. To optimize the relative loss, we used the mean 
square error (MSE), defined as follows

We defined the loss in the body frame. Specifically, v̂j→j+1 represents 
the 3D velocity output of the network for the j-th window in the body 
frame, whereas vj→j+1 denotes the corresponding ground truth in the 
same frame. Variable n is the batch size during training, m is the starting 
window of the sequence, and M is the total number of LSTM windows.
Covariance
The covariance estimation follows the methodology outlined in 
(36). The network outputs a 3D vector, where each element repre-
sents the logarithm of a diagonal element of the covariance matrix 
Σ. For more implementation details on learning IMU odometry, re-
fer to the Supplementary Materials.

Adaptor network
Although the pretrained IMU model was designed to generalize 
across platforms, it cannot guarantee “few-shot” capability for every 
robot or motion pattern. To address this limitation, we introduced a 
lightweight low-rank adaptation (LoRA) module (62) that enabled 
the model to acquire knowledge and improve continuously as it pro-
cessed additional data. This adapter was integrated into the pretrained 
IMU model (Fig. 8B). To update each weight matrix W0 ∈ ℝ

d×k of the 
pretrained IMU model, we applied a low-rank decomposition

where B ∈ ℝ
d×r and A ∈ ℝ

r×k , r is the rank, and r ≪min(d, k) . Dur-
ing adaptation, W0 remained fixed, whereas A and B are trainable 
parameters. Both W0 and ΔW  =  BA process the input, and their 
outputs are summed, resulting in

where A is initialized by a random Gaussian distribution and B 
starts at zero. By freezing the original model parameters, our adap-
tive sensor fusion framework transferred knowledge solely to the 
LoRA adapter, preventing catastrophic forgetting. The adapter’s 
small parameter set enabled rapid assimilation of new information 
for real-time adaptation. For more details, refer to our experiments 
on catastrophic forgetting in the Supplementary Materials.

This approach ensured flexible adaptation to diverse robotic sys-
tems while preserving the pretrained model’s generalization ability. 
It enabled efficient incorporation of new knowledge and system-
specific optimization without compromising the core capabilities.

Statistical analysis
Statistical analysis was performed in Python using the NumPy library 
to compute the ATE (37) and robustness metrics (16). Evaluations 

in Fig. 5 and Tables 2 and 3 were conducted on the SubT-MRS dataset 
(16), which contains eight sequences categorized into geometric and 
mixed degradation groups. Each algorithm was evaluated across mul-
tiple runs per sequence using our ICCV (International Conference on 
Computer Vision) 2023 SLAM Challenge submission system, and re-
sults from competing methods were provided by the original authors. 
For fair comparison, all odometry trajectories were up-sampled to 
200 Hz. The mean ATE quantified trajectory accuracy, and the ro-
bustness metrics jointly assessed accuracy and completeness, provid-
ing an integrated measure of system resilience. Sequences where all 
baseline algorithms failed, e.g., dense smoke in Figs. 2 and 7, were 
excluded from the averaging and omitted from Tables 2 and 3.
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