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Disaster Robotics
Modular Snake (Mexico City Earthquake) 

[XX et al.,
 ICRA15]

PackBot (Fukushima Daiichi)

- Overhead Cameras
- Locomotive Reduction

EMILY (Greece Refugee Crisis)

[XX et al., IROS17,
D, XX, M, SSRR17]

- UAV-USV Team
- Visual Pose Stabilization
- Visual Navigation

[F, XX, M, THMS21,
XX et al., RA-L20, 
XX et al., FSR19

XX et al., SSRR19a, 
XX et al., SSRR19b,
XX et al., IROS18, 
XX et al., SSRR18

(Best Paper Finalist), 
XX et al., SSRR17]

- Viewpoint Theory
- Risk-Awareness
- Tethered Flight
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Learning Navigation in Challenging Environments
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Highly-Constrained 
Environments

[XX et al., RA-L21a, XX et 
al., ICRA21, W, XX et al., 

IROS21]

Offroad 
Environments

[XX et al., RA-L21b, K, S, 
A, R, XX et al., IROS22, 
D, P, N, XX, ICRA24, D, 

P, XX, under review]

Social 
Environments

[XX et al., CoRL22, K, N, XX et 
al., RA-L22, N, N, P, D, XX, 

IROS23]



The BARN Challenge and Datasets
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ICRA 2022 
Philadelphia
[XX et al. RAM22]

DynaBARN [N, J, H, X, L, XX, S, SSRR22]

Benchmark Autonomous Robot Navigation (BARN) 
[P, T, XX, S. SSRR20]

ICRA 2023
London

[XX et al. RAM23]



Learning from Hallucination (LfH)
Motivation: Highly-constrained conditions require more computation 
for classical sampling- or optimization-based methods or high-quality, 
but more expensive training data for learning methods.
Inspiration: Agile maneuvers in relatively (or completely) open spaces 
can be optimal for certain highly constrained environments.
Solution: Hallucinate many highly constrained environments to 
generate training data to learn an agile motion planner. 
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Minimal
[XX et al., ICRA21]

Most Constrained
[XX et al., RA-L21a]

Learning the distribution of all
[W, XX et al., IROS21]

Unreachable
Set(s)

LfH
Training 

Data

Agile 
Motion 
Planner
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Three Learning from Hallucination (LfH) methods
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(1) The most constrained (maximal) obstacle hallucination 
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(2) A minimal obstacle hallucination 

Then randomly sample additional obstacles
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(3) Learn obstacle distributions

Then sample from learned distributions



12

Motion Planning:

Find a motion planner 
as a function

Hallucination: 

Find a Hallucinator as a 
function

f�1(·) : p ! Cobst

<latexit sha1_base64="94GdETAD6otqtv0XYukGWjY89z4=">AAACDnicbVC7SgNBFJ31GeMramkzGAKxMOxKwEcVTGMZwTwgu4bZyWwyZHZnmbmrhCVfYOOv2FgoYmtt5984eRSaeODC4Zx7ufcePxZcg21/W0vLK6tr65mN7ObW9s5ubm+/oWWiKKtTKaRq+UQzwSNWBw6CtWLFSOgL1vQH1bHfvGdKcxndwjBmXkh6EQ84JWCkTq4Q3KUnzqjo0q6E40scY1fxXh+IUvIBVzup9DWMOrm8XbInwIvEmZE8mqHWyX25XUmTkEVABdG67dgxeClRwKlgo6ybaBYTOiA91jY0IiHTXjp5Z4QLRuniQCpTEeCJ+nsiJaHWw9A3nSGBvp73xuJ/XjuB4NxLeRQnwCI6XRQkAoPE42xwlytGQQwNIVRxcyumfaIIBZNg1oTgzL+8SBqnJadcurgp5ytXszgy6BAdoSJy0BmqoGtUQ3VE0SN6Rq/ozXqyXqx362PaumTNZg7QH1ifPyswm5s=</latexit>

f�1(·) : p ! Cobst

<latexit sha1_base64="94GdETAD6otqtv0XYukGWjY89z4=">AAACDnicbVC7SgNBFJ31GeMramkzGAKxMOxKwEcVTGMZwTwgu4bZyWwyZHZnmbmrhCVfYOOv2FgoYmtt5984eRSaeODC4Zx7ufcePxZcg21/W0vLK6tr65mN7ObW9s5ubm+/oWWiKKtTKaRq+UQzwSNWBw6CtWLFSOgL1vQH1bHfvGdKcxndwjBmXkh6EQ84JWCkTq4Q3KUnzqjo0q6E40scY1fxXh+IUvIBVzup9DWMOrm8XbInwIvEmZE8mqHWyX25XUmTkEVABdG67dgxeClRwKlgo6ybaBYTOiA91jY0IiHTXjp5Z4QLRuniQCpTEeCJ+nsiJaHWw9A3nSGBvp73xuJ/XjuB4NxLeRQnwCI6XRQkAoPE42xwlytGQQwNIVRxcyumfaIIBZNg1oTgzL+8SBqnJadcurgp5ytXszgy6BAdoSJy0BmqoGtUQ3VE0SN6Rq/ozXqyXqx362PaumTNZg7QH1ifPyswm5s=</latexit>

cc

<latexit sha1_base64="1xE3P8esyisWr58zuv7SOCSg5lk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSA+uzfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPIzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlerXt/XKvWbPI4inMApnIMHl1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA7Wo3J</latexit>

cg

<latexit sha1_base64="dS2dXF21JTpP9YMewCHTvXr4vsA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZbtKlm03YnQil9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSqFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZZJMM95kiUx0J6CGS6F4EwVK3kk1p3EgeTsY3c789hPXRiTqEccp92MaKREKRtFKD6wf9csVt+rOQVaJl5MK5Gj0y1+9QcKymCtkkhrT9dwU/QnVKJjk01IvMzylbEQj3rVU0ZgbfzI/dUrOrDIgYaJtKSRz9ffEhMbGjOPAdsYUh2bZm4n/ed0Mwyt/IlSaIVdssSjMJMGEzP4mA6E5Qzm2hDIt7K2EDammDG06JRuCt/zyKmldVL1a9fq+Vqnf5HEU4QRO4Rw8uIQ63EEDmsAggmd4hTdHOi/Ou/OxaC04+cwx/IHz+QNBao3N</latexit>
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Motion Planning:

Find a motion planner 
as a function

Hallucination: 

Find a Hallucinator as a 
function

f�1(·) : p ! Cobst

<latexit sha1_base64="94GdETAD6otqtv0XYukGWjY89z4=">AAACDnicbVC7SgNBFJ31GeMramkzGAKxMOxKwEcVTGMZwTwgu4bZyWwyZHZnmbmrhCVfYOOv2FgoYmtt5984eRSaeODC4Zx7ufcePxZcg21/W0vLK6tr65mN7ObW9s5ubm+/oWWiKKtTKaRq+UQzwSNWBw6CtWLFSOgL1vQH1bHfvGdKcxndwjBmXkh6EQ84JWCkTq4Q3KUnzqjo0q6E40scY1fxXh+IUvIBVzup9DWMOrm8XbInwIvEmZE8mqHWyX25XUmTkEVABdG67dgxeClRwKlgo6ybaBYTOiA91jY0IiHTXjp5Z4QLRuniQCpTEeCJ+nsiJaHWw9A3nSGBvp73xuJ/XjuB4NxLeRQnwCI6XRQkAoPE42xwlytGQQwNIVRxcyumfaIIBZNg1oTgzL+8SBqnJadcurgp5ytXszgy6BAdoSJy0BmqoGtUQ3VE0SN6Rq/ozXqyXqx362PaumTNZg7QH1ifPyswm5s=</latexit>

……

cc

<latexit sha1_base64="1xE3P8esyisWr58zuv7SOCSg5lk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSA+uzfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPIzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlerXt/XKvWbPI4inMApnIMHl1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA7Wo3J</latexit>

cg

<latexit sha1_base64="dS2dXF21JTpP9YMewCHTvXr4vsA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZbtKlm03YnQil9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSqFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZZJMM95kiUx0J6CGS6F4EwVK3kk1p3EgeTsY3c789hPXRiTqEccp92MaKREKRtFKD6wf9csVt+rOQVaJl5MK5Gj0y1+9QcKymCtkkhrT9dwU/QnVKJjk01IvMzylbEQj3rVU0ZgbfzI/dUrOrDIgYaJtKSRz9ffEhMbGjOPAdsYUh2bZm4n/ed0Mwyt/IlSaIVdssSjMJMGEzP4mA6E5Qzm2hDIt7K2EDammDG06JRuCt/zyKmldVL1a9fq+Vqnf5HEU4QRO4Rw8uIQ63EEDmsAggmd4hTdHOi/Ou/OxaC04+cwx/IHz+QNBao3N</latexit>



Learning from Most Constrained Hallucination
[XX et al., RA-L21a]

• Hallucinating the most constrained unreachable set 

• Train function approximator 

• During agile deployment
• Seek help from coarse global plan
• Create runtime hallucination
• Query learned
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g�1
✓ (·) : C⇤

obst ! p

<latexit sha1_base64="3epgEoXlAJ0+K0AHTyj5ZhgyYDc="></latexit>

g�1
✓ (·) : C⇤

obst ! p

<latexit sha1_base64="3epgEoXlAJ0+K0AHTyj5ZhgyYDc="></latexit>



• Motivation: What if a global path is not available for runtime 
hallucination? 
• Inspiration: Not every obstacle is required to make a plan optimal. 
• Solution: Identify a (not unique) minimal unreachable set, randomly 

sample obstacles in addition to this set for training, and deploy 
without runtime hallucination (Hallucinated Learning and Sober 
Deployment, HLSD). 
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Learning from Minimal Hallucination
[XX et al., ICRA21]



Hallucinating a minimal unreachable set 

Learning from Minimal Hallucination
[XX et al., ICRA21]

Cmin
obst = o(p | cc, cg)

<latexit sha1_base64="kdyFxr2j+U/Xr9+dBi0jO+Y+VC4=">AAACFnicbVBLSwMxGMzWV62vVY9egkWooGVXCupBKPbisYJ9QFuXbJq2odlkSbJCWbd/wot/xYsHRbyKN/+N2bYHrQ4Ehpn5knzjh4wq7ThfVmZhcWl5JbuaW1vf2Nyyt3fqSkQSkxoWTMimjxRhlJOappqRZigJCnxGGv6wkvqNOyIVFfxGj0LSCVCf0x7FSBvJs48rXix8pZPbuC1MML0nDihPEngBRSEc34+xh48g9vqHMOfZeafoTAD/EndG8mCGqmd/trsCRwHhGjOkVMt1Qt2JkdQUM5Lk2pEiIcJD1CctQzkKiOrEk7USeGCULuwJaQ7XcKL+nIhRoNQo8E0yQHqg5r1U/M9rRbp31okpDyNNOJ4+1IsY1AKmHcEulQRrNjIEYUnNXyEeIImwNk2mJbjzK/8l9ZOiWyqeX5fy5ctZHVmwB/ZBAbjgFJTBFaiCGsDgATyBF/BqPVrP1pv1Po1mrNnMLvgF6+MbshafBg==</latexit>

Point Mass
Holonomic

Shortest-Path
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Realistic 
Robot

cc

<latexit sha1_base64="1xE3P8esyisWr58zuv7SOCSg5lk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSA+uzfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPIzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlerXt/XKvWbPI4inMApnIMHl1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gA7Wo3J</latexit>

cg

<latexit sha1_base64="dS2dXF21JTpP9YMewCHTvXr4vsA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZbtKlm03YnQil9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSqFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZZJMM95kiUx0J6CGS6F4EwVK3kk1p3EgeTsY3c789hPXRiTqEccp92MaKREKRtFKD6wf9csVt+rOQVaJl5MK5Gj0y1+9QcKymCtkkhrT9dwU/QnVKJjk01IvMzylbEQj3rVU0ZgbfzI/dUrOrDIgYaJtKSRz9ffEhMbGjOPAdsYUh2bZm4n/ed0Mwyt/IlSaIVdssSjMJMGEzP4mA6E5Qzm2hDIt7K2EDammDG06JRuCt/zyKmldVL1a9fq+Vqnf5HEU4QRO4Rw8uIQ63EEDmsAggmd4hTdHOi/Ou/OxaC04+cwx/IHz+QNBao3N</latexit>

cm

<latexit sha1_base64="bxnh0Ev/DXndb64qHkYj1i8MRFM=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKQb0VvXisaD+gXUo2zbahSXZJskJZ+hO8eFDEq7/Im//GtN2Dtj4YeLw3w8y8MBHcWM/7RoW19Y3NreJ2aWd3b/+gfHjUMnGqKWvSWMS6ExLDBFesabkVrJNoRmQoWDsc38789hPThsfq0U4SFkgyVDzilFgnPdC+7JcrXtWbA68SPycVyNHol796g5imkilLBTGm63uJDTKiLaeCTUu91LCE0DEZsq6jikhmgmx+6hSfOWWAo1i7UhbP1d8TGZHGTGToOiWxI7PszcT/vG5qo6sg4ypJLVN0sShKBbYxnv2NB1wzasXEEUI1d7diOiKaUOvSKbkQ/OWXV0nrourXqtf3tUr9Jo+jCCdwCufgwyXU4Q4a0AQKQ3iGV3hDAr2gd/SxaC2gfOYY/gB9/gBKgo3T</latexit>

p

<latexit sha1_base64="aWRgqP3B5yRSbZQpa5XnUkfcx8M=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2Vmkm/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+RmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1Wvm7VK/SaPowgncArn4MEl1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/3fmNAA==</latexit>

ce

<latexit sha1_base64="W3SEYhDqrLchUmk61gnoSu1KPJM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSA+tjv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1atVr+9rlfpNHkcRTuAUzsGDS6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwA+Yo3L</latexit>

c

<latexit sha1_base64="bhiSapZqB4YpGiPqZwij2aj/HSs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmqxfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/IzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6Lq1arXzVqlfpPHUYQTOIVz8OAS6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fykWM8w==</latexit>



Learning from Learned Hallucination (LfLH)
[W, XX et al., IROS21]
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Learning Navigation in Challenging Environments

21

Highly-Constrained 
Environments

[XX et al., RA-L21a, XX et 
al., ICRA21, W, XX et al., 

IROS21]

Offroad 
Environments

[XX et al., RA-L21b, K, S, 
A, R, XX et al., IROS22, 
D, P, N, XX, ICRA24, D, 

P, XX, under review]

Social 
Environments

[XX et al., CoRL22, K, N, XX et 
al., RA-L22, N, N, P, D, XX, 

IROS23]



Learning Inverse Kinodynamics [XX et al., RA-L21b]

• Objective: Navigate a mobile robot to track a reference trajectory 
during deployment as quickly and as accurately as possible. 

22

Total 
time 

Accuracy of 
trajectory 
execution



Learning Inverse Kinodynamics [XX et al., RA-L21b]

23

Forward Kinodynamic 
FunctionController Robot StateControls

World State

Desired 
Trajectory

Problem: kinodynamic function depends on 
unknown world states!



All-Terrain  
Model

Learning Inverse Kinodynamics [XX et al., RA-L21b]

24

Forward Kinodynamic 
FunctionController Robot StateControls

World State

Desired 
Trajectory

Observation FunctionObservations

Our Approach



Learning IMU-IKD [XX et al., RA-L21b]
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Implementation

UT Automata Neural Network Architecture
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Seen Terrain

1.6m/s 1.7m/s 1.8m/s 1.9m/s 2.0m/s

2.1m/s 2.2m/s 2.3m/s 2.4m/s 2.5m/s

Baseline Ablation IMU-IKD Reference

Learning IMU-IKD [XX et al., RA-L21b]



28

Future Terrain

Learning IMU-IKD [XX et al., RA-L21b]



Learning Visual-Inertial IKD (VI-IKD) [K, S, A, R, XX et al., IROS22]

29

Image Patch Extraction to Anticipate 
Upcoming Kinodynamic Changes

Adding Vision in Addition to Inertia in the Observation y for 
Better Representation of Unknown World State w



Visual-Inertial Inverse Kinodynamics (VI-IKD) 
[K, S, A, R, XX et al., IROS22]
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Off-Road Challenges
From High-Speed to Vertically Challenging Terrain
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The Verti-Wheelers Project

32

[D, P, N, XX, ICRA24]
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Planning with Learned 6-DoF Forward Model

40[D, P, XX, under review]



Multi-Robot Mobility on Vertically Challenging 
Terrain?

41



Learning Navigation in Challenging Environments

42

Highly-Constrained 
Environments

[XX et al., RA-L21a, XX et 
al., ICRA21, W, XX et al., 

IROS21]

Offroad 
Environments

[XX et al., RA-L21b, K, S, 
A, R, XX et al., IROS22, 
D, P, N, XX, ICRA24, D, 

P, XX, under review]

Social 
Environments

[XX et al., CoRL22, K, N, XX et 
al., RA-L22, N, N, P, D, XX, 

IROS23]



SCAND: A Large-Scale Dataset of Socially 
Compliant Navigation Demonstration [K, N, XX et al., RA-L22]

• 25 miles (8.7 hours) of real-world data (~0.5TB)
• 138 trajectories, 15 days
• Data collected on two robots: Jackal and Spot
• Indoor and outdoor environments @ UT Austin
• Four different human demonstrators
• Coarse labels of social interactions

43



MuSoHu: Multi-Modal Social Human 
Navigation Dataset [N, N, P, D, XX, IROS23]

44

• 50km, 10 hours, 150 trials, 7 humans, and counting! 



Performer-MPC: Socially Compliant Navigation Behavior 
by Real-Time Transformers [XX et al., CoRL22]

45

Planning the most efficient, shortest length, minimal time plan? Social compliance improves motion planning performance! 



Performer-MPC: Socially Compliant Navigation Behavior 
by Real-Time Transformers [XX et al., CoRL22]

46

Blind Corner
Learning to anticipate Pedestrians

Pedestrian Obstruction
Learning to respect comfort distance



Team Coordination on Graphs [O, L, H, W, XX, S, IROS23]
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One agent provides 
support by holding 
up the ladder while 
the other agent 
climbs. 1

A
B

2 3

4

5

8

9

6

7

Support

Risk

Non-Risk

Goal

10

11

12

Robot A Position

Ro
bo

t B
 P

os
iti

on

1
A

B

2 3

4

5

8

9

6

7

Support

Risk

Non-Risk

Goal

10

11

12

Joint State Graph (JSG)



Team Coordination on Graphs [O, L, H, W, XX, S, IROS23]
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Adaptive Planner Parameter Learning (APPL): 
Leveraging Non-Expert Interactions in Social Environments
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Learning Navigation in Challenging Environments
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Highly-Constrained 
Environments

[XX et al., RA-L21a, XX et 
al., ICRA21, W, XX et al., 

IROS21]

Offroad 
Environments

[XX et al., RA-L21b, K, S, 
A, R, XX et al., IROS22, 
D, P, N, XX, ICRA24, D, 

P, XX, under review]

Social 
Environments

[XX et al., CoRL22, K, N, XX et 
al., RA-L22, N, N, P, D, XX, 

IROS23]
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Learning Navigation in Challenging Environments
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al., ICRA21, W, XX et al., 

IROS21]

Offroad 
Environments

[XX et al., RA-L21b, K, S, 
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D, P, N, XX, ICRA24, D, 

P, XX, under review]

Social 
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