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Advanced Autonomy

Involves autonomous navigation, active SLAM, informative gathering, active sensing, etc.
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Advanced Autonomy

Decision-Making
Under Uncertainty
What should | be doing next?

Determine best action(s) to
accomplish a task, account for
different sources of uncertainty

Perception and
Inference

Where am I? What is the
surrounding environment?

Key required

capabilities

Perception and Inference {eeeeceed)  Decision-Making Under Uncertainty
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Perception and Inference

* Posterior belief at time instantk: by, = b[X}] = P(Xy | ag:e—1, 21:%)

/ OO )

state at time

»

. actions observations ;\Q_
instant k \§ "
N
Xk:{ajg,...,l‘k,Lk} ;“; &
Past & current  Environment representation,
robot states e.g. landmarks
Dmoser. A Can be represented with

graphical models, e.g. a Factor Graph




Partially Observable Markov Decision Process (POMDP)

* POMDP tuple: <X, Z, A; T: O: p: bk)

State, observation, and action spaces — / / /
Transition and observation models // / Obsrj\rNV::;on’
/
Belief-dependent reward function / /_\‘
/ ~ @
Belief at planning time instant k \L\/
action
L
° 1 'l .
Value function 4 (bk') — E£k+1;k+L|bfn E :p(b-’f-l-fa T+ bk‘-l-f))]
=0

Belief-dependent reward function

Q" (br,ax) = p(br,ar) + E,, 1og.ax V" (bkt1)]
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Partially Observable Markov Decision Process (POMDP)

L
* Value function Vi(bk) =E., 1eirlber [Z P(bk+e; Tete(br+e))]

£=0 \

Belief-dependent reward function

 Belief at the ¢-th look-ahead step: iy, = b[Xk_|_g] = IP)(X]H_E ‘ A0:k—15 20:ks Ak:k+0—1 5 Zk_|_1;k_|_g)

State at the /-th look Past actions & Future actions &

ahead step observations observations
! 1
7/
-
1
1
—

* Examples for re.ward function p(b,a): o ka1 o bal okt L
* Expected distance to goal ( ) Planning time Ith look ahead step
* Information theoretic reward ( )



Challenge

ere e Example - grid world
Probabilistic Inference pe-e

b [X]

Maintain a distribution over the state given data

A _ , Ll
b, =blX]1=PXlay, .z,

state actions observations True location

Future action

Decision-making under uncertainty

Involves reasoning about the entire observation

and action spaces along planning horizon Future observation 2, | 27,
b
< k+I

. . bX] o [I-ll._l.u |||I || L ||I| I||| .I|..|..|] [I ik || |||II| |.|_. Lih |I...||I.|_]
Computationally intractable T l /\ l VA
- RN .- X

More so, in high dimensional settings ] L] ] . . L]

Poses:

ct autonomously online and efficiently
tasks in a safe and reliable fashion??

3D points:



Agenda

Experience Reuse in POMDP Planning
POMDP Planning with Hybrid Beliefs
Simplification of POMDP with Formal Guarantees

Multi-agent POMDP Planning with Inconsistent Beliefs
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Agenda

Experience Reuse in POMDP Planning

POMDP Planning with Hybrid Beliefs

Simplification of POMDP with Formal Guarantees
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Experience Reuse in POMDP Planning

» Consider POMDPs with continuous state, action, and observation spaces

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Experience Reuse in POMDP Planning

» Consider POMDPs with continuous state, action, and observation spaces
« The probability of sampling the same belief/observation twice is zero

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Experience Reuse in POMDP Planning

» Consider POMDPs with continuous state, action, and observation spaces
« The probability of sampling the same belief/observation twice is zero

Online SOTA POMDP solvers typically perform
calculations from scratch at each planning session

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Experience Reuse in POMDP Planning

» Consider POMDPs with continuous state, action, and observation spaces
« The probability of sampling the same belief/observation twice is zero

* Previous planning sessions (experience) can provide useful information in the current
planning session

Online SOTA POMDP solvers typically perform
calculations from scratch at each planning session

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.




Experience Reuse in POMDP Planning

» Consider POMDPs with continuous state, action, and observation spaces
« The probability of sampling the same belief/observation twice is zero

* Previous planning sessions (experience) can provide useful information in the current
planning session

Key idea: Reuse previous planning session(s) to get an efficient estimation of
k+L 1

Q" (b,a) = Z v Er(bi, mi(bi), bit1) | be = b,a, = a] £ E,[G | bp = b, ax = a]

* Instead of calculating each planning session from scratch (state of the art)

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Experience Reuse in POMDP Planning

« Consider a planning session at time instant k

bi,
a

QTT (bka ak‘)

[Cu rrent time ]

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Experience Reuse in POMDP Planning

« Consider a planning session at time instant k

j b
bka s bk
i
a
a{:j ' a z ay
T —j —1 " —i
Q (bk.} a»k) bkj—l—l bki‘l‘l bki"‘l
J i z
bkj"'l ki+1 bk:i;—kl
7 i '
bkj+d k,;—l—dé) bki—l—dé)
{ Previous data ICu rrent time ]

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Experience Reuse in POMDP Planning

» Key idea: multiple importance sampling (MIS) estimator

______________________________

bij E b}gi bki r bgﬁo by
aij dj, ! " ay, ar, ag
b,:j;l kit 1 brit1 b1 L]
bj i | z : O)Z’fptl i
kit (O Phen) e O w, & L \Tsussial%, 3k, )
; TR ‘T P(ri; bl b, )
: o : | ' }Tsuffix
. . i . i bl;:—d
| é) é) O;&H-d
bfﬁj+dé> b%cq;—l—d b;fi+d \biwd J

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.



Experience Reuse in POMDP Planning
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» Key idea: multiple importance sampling (MIS) estimator

i
bk +dé> ki

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.

______________________________

o . (O O
i s z'
: Q" ap : A, ag
—'Z 1 !—‘i : —17
ki1l brit1 | br, +1 \
i E b*'?; E Ok +1
ki+1 ! ki;+1 X )
: : 'S +1O Wy
: | ?
! X & Ty ffig

a P(Tsiuffi:r:lbki Gk, TF)

P(Tsuffm:"bk ’ﬂk ? )

\_

MIS estimator:

QMIS(bkaak-) Zm 121 LT

/3

;Ln;fuc |bkaa'ka7r)él’m

ng- ( suffzm'bk ’ak:J 971—).

\
return — reused!

J

M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Incremental Belief Space Planning

. ML-BSP: BSP with ML observations
.+ (one sample per look ahead step)

____________________________________________

Basic simulation — autonomous navigation in unknown environments:

iML-BSP g s .

12+ i 8

(0 e]
o
[m]

Runing Tlme[s]

[m]

I
]

N
o

-

Norm Final Cov

|.
Estimation Err

N
©
T

Initial belief | . - %

-20 ‘ , 20 ‘ 60 ML iML ML iML ML iML
[m]

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Incremental Reuse Particle Filter Tree (IR-PFT)

* Extend PFT-DPW?!, incorporating trajectories from previous planning sessions for fast
estimation of Q(by, ay)

T O
o =
* Particlos Bl Speedup g
oM Belief - - L
Goal = =50
- Start O
-t
o
25 —100¢
&
-
)
()
5 10 15 20 < 150+ | : . .
Particles 5 10 15 20

Particles

1Z. Sunberg and M. Kochenderfer. "Online algorithms for POMDPs with continuous state, action, and observation spaces." ICAPS, 2018.

E. Farhiand V. Indelman, “iX-BSP: Incremental Belief Space Planning,” ICRA’19, arXiv’21.
M. Novitsky, M. Barenboim, and V. Indelman, “Previous Knowledge Utilization In Online Anytime Belief Space Planning,” RA-L'25.
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Action-Gradient Monte Carlo Tree Search for Non-Parametric Continuous (PO)MDPs

I I

[ Action update ] [Action backpropagation] [State backpropagation]

j,il\ : ;
: Q.;Fk
" of
[ ."-
B i e
- L

I. Lev-Yehudi, M. Novitsky, M. Barenboim, R. Benchetrit, and V. Indelman, “Action-Gradient Monte Carlo Tree Search for Non-Parametric Continuous (PO)MDPs,” arXiv’25. 21
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POMDP Planning with Hybrid Beliefs

Autonomous Semantic Perception

Ambiguous Environments

50

@____o___

- ‘\ /J)\:\ - ‘\ ":":\

I component 1 I

=1.0
3
©
Qa
2 0.5
T
@
< 0.0
O
[ ]

Viewpoint-dependent semantic models

* Hybrid beliefs (over continuous and discrete random variables)

* The number of hypotheses can grow exponentially

20

N )

30 40 50

X coordinate [m]

Data association hypotheses

O
o

 How do we do probabilistic inference and POMDP planning?

50 AN

Israel Institute
of Technology

PL
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and Perception Lab



Semantic Perception & SLAM

e Usually, semantics and geometry are considered separately
* Cannot use coupled observation models or priors

* Can lead to absurd results

~~
TECHNION Autonomous Navigation
M Israel Institute @! AN P L and Perception Lab

of Technology
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Class- and Viewpoint-Dependency

* |s it a floor or a roof?

* Depending on the viewpoint of the viewer!
* Looking on the people below - it's a floor
* Looking on the people above - it's a roof

* How do we know the viewpoint?

TECHNION Autonomous Navigation
Israel Institute @! AN P L and Perception Lab

of Technology

25




Class- and Viewpoint-Dependency

* View-dependent semantic observation model:

S rel
P(2% [ e, X™)

f éao«

Object class \ U A

Class Probabilit

o o =
o » o

-

~

w

Class Probabilit
g e g
o w o

Semantic observation Agent’s viewpoint 210 210,
(from a classifier) relative to object m l
o 0.0 © 0.0

X coordinate [m]

* Classes and poses can be coupled via learned prior probabilities.

* Reward/constraint can depend on both classes and poses (e.g., object search, search & rescue)

Y. Feldman and V. Indelman, “Bayesian Viewpoint-Dependent Robust Classification under Model and Localization Uncertainty,” ICRA’18, AURO’20.

V. Tchuiey, Y. Feldman, and V. Indelman, “Data Association Aware Semantic Mapping and Localization via a Viewpoint Dependent Classifier Model,” IROS’19.

V. Tchuiev and V. Indelman, “Epistemic Uncertainty Aware Semantic Localization and Mapping for Inference and Belief Space Planning,” Artificial Intelligence, 2023.
T.Lemberg and V. Indelman, “Online Hybrid-Belief POMDP with Coupled Semantic-Geometric Models and Semantic Safety Awareness”, arXiv’25.
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Hybrid Belief

* Hybrid Belief at time instant k:

b[ Xk, Cl = P(X,C | Hy)

History (actions, geometric &

Robot’s and objects’ poses Objects’ classes
semantic observations)

* Classes and agent poses are dependent e

* Classes of different objects are dependent

Y. Feldman and V. Indelman, “Bayesian Viewpoint-Dependent Robust Classification under Model and Localization Uncertainty,” ICRA’18 , AURO’20.

V. Tchuiey, Y. Feldman, and V. Indelman, “Data Association Aware Semantic Mapping and Localization via a Viewpoint Dependent Classifier Model,” IROS’19.

V. Tchuiev and V. Indelman, “Epistemic Uncertainty Aware Semantic Localization and Mapping for Inference and Belief Space Planning,” Artificial Intelligence, 2023.
T.Lemberg and V. Indelman, “Online Hybrid-Belief POMDP with Coupled Semantic-Geometric Models and Semantic Safety Awareness”, arXiv’25.
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POMDP Planning with Hybrid Semantic-Geometric Beliefs

k+L—1

* Value function Vi(bk) =E; 1.0l Z p(by, (b)), bys1]
I=k

True trajectory and unsafe areas

e Semantic Risk Awareness

10 - P | N
n -
| L
8 >

Paae 2 PUAL 12t & Xunoare(C, X))} |[m. 25, C, X ) -

L
L
5 L
T >~
Ob t ’ I . ’ 4 4 L
jects’ classes bjects’ poses 5

The number of classification hypotheses is MY (N: number of objects, M: number of classes)] ‘

4 6 8 10

How to sample w/o pruning hypotheses? How to estimate [P, f¢ ?

T. Lemberg and V. Indelman, “Online Hybrid-Belief POMDP with Coupled Semantic-Geometric Models and Semantic Safety Awareness,” arXiv’25.

12

28



~~
TECHNION

POMDP Planning with Hybrid Beliefs

Autonomous Semantic Perception

Ambiguous Environments

50
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Viewpoint-dependent semantic models

* Hybrid beliefs (over continuous and discrete random variables) ’

20

N )

30 40 50

X coordinate [m]

Data association hypotheses

O
o

* The number of hypotheses can grow exponentially “

 How do we do probabilistic inference and POMDP planning?

50 AN
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of Technology
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Ambiguous Scenarios

* Have to reason about data association hypotheses within inference and planning

An observation: L

(e.g. LIDAR)
Oo é. Oo’ &

[How should the agent act?] () (b)

a“‘----_-v

°° - B B2
(©) (d)

S. Pathak, A. Thomas, and V. Indelman, “A Unified Framework for Data Association Aware Belief Space Planning and Perception”, IJRR’18.

@ P(BIz,)
(> Wt .

30



Continuous-Discrete State Spaces

* The number of hypotheses may grow exponentially with the planning horizon!

Belief tre/wthesis tree
@. @
~_ ag / \
/ ~

/5% A A
6oy S0 (& s & @

56 b o ddoo e

M. Barenboim, M. Shienman, and V. Indelman, “Monte Carlo Planning in Hybrid Belief POMDPs,” IEEE RA-L'23.
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Continuous-Discrete State Spaces

* The number of hypotheses may grow exponentially with the planning horizon!

Belief tremhesis tree Sample a subset of hypotheses
ﬁﬂx ap / /.\
pd ~N
-

azs w3 ye /;b\\] ©
b S, CE <

O/ cbcbécbci)cbcjcb PO

ffe
)

[Impact on decision making? ]

M. Barenboim, M. Shienman, and V. Indelman, “Monte Carlo Planning in Hybrid Belief POMDPs,” IEEE RA-L'23.
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Simplification Framework

Accelerate decision making by adaptive simplification while providing performance guarantees

Break original problem into (computationally) easier problems

Provide :
performance Relate between the original & simplified problems
guarantees .

®

WLz Oy Develop online adaptation mechanisms

& performance

[Indelman RAL'16; Elimelech & Indelman IJRR'22; Sztyglic & Indelman IROS'22, Zhitnikov & Indelman AlJ'22, TRO'24; Shienman & Indelman ICRA'22;
Barenboim & Indelman NIPS'23; Kitanov & Indelman [JRR'24; Zhitnikov et al. JRR'24; Lev-Yehudi, Barenboim & Indelman AAAI'24, Yotam & Indelman TRO'24, Da & Indelman ISRR'24]
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Simplification of Decision-Making Problems

* Each element of the decision-making problem can be simplified

* Action-consistent simplification preserves order between actions w.r.t. original problem

6952.4

6952.2 -

6952 -

6951.8 -

6951.6 -

6951.4
0

V. Indelman, “No Correlations Involved: Decision Making Under Uncertainty in a Conservative Sparse Information Space,” IEEE RA-L'16.

|

— J(b,a)
— Js(bs,a)

actions

K. Elimelech and V. Indelman, “Simplified decision making in the belief space using belief sparsification,” IJRR’22.

-5302.4

-1-5302.6

-1-5302.8

-1-5303

-1-53083.2

-5303.4
30

Original problem
Simplified problem

[Same optimal action! ]
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Simplification of Decision-Making Problems

LB(b,a) < Q(b,a) <UB(b,a)

Computationally cheap(er)
bounds

V. Indelman, “No Correlations Involved: Decision Making Under Uncertainty in a Conservative Sparse Information Space,” IEEE RA-L'16.
K. Elimelech and V. Indelman, “Simplified decision making in the belief space using belief sparsification,” IJRR’22.
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Simplification of Decision-Making Problems

Concept:

* |dentify and solve a simplified (computationally) easier decision-making problem

* Provide performance guarantees

-~

Specific simplifications include:

Sparsification of Gaussian beliefs (high dim. state) Simplified models and spaces

Topological metric for Gaussian beliefs (high dim. state) e Simplification of policy space

Utilize a subset of samples (nonparametric beliefs)

Utilize a subset of hypotheses (hybrid beliefs) Simplification in a multi-agent setting

Simplification of Risk-Averse & Robust Planning

N

J

[Indelman RAL'16; Elimelech & Indelman IJRR'22; Sztyglic & Indelman IROS'22, Zhitnikov & Indelman AlJ22, TRO'24; Shienman & Indelman ICRA22;
Kitanov & Indelman [JRR'24; Zhitnikov et al. |JRR'24, Barenboim & Indelman NIPS'23; Lev-Yehudi, Barenboim & Indelman AAAI24, Kong & Indelman ISRR 2024]
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Simplification of POMDPs with Nonparametric Beliefs

, 0.30
e Value function .
L
V?T(bh') = EE&+1:E+L[Z _.O(b_!;:-}-ﬁ, ﬂ-a’f-l-f(b-'f-l-f-))] .
£=0 '
—0.00
Simplification: b= {x, w}

'+ Utilize a subset of samples for planning

.+ Information-theoretic reward (entropy)
'+ Analytical (cheaper) bounds over the reward  [b(b, b*,a) < p(b,a) < ub(b, b®, a)

_______________________________________________________________________________________________________________________

O. Sztyglic and V. Indelman, “Speeding up POMDP Planning via Simplification”, IROS’22.
A. Zhitnikov, O. Sztyglic, and V. Indelman, “No Compromise in Solution Quality: Speeding Up Belief-dependent Continuous POMDPs via Adaptive Multilevel Simplification”, IJRR’24.
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Simplification of POMDPs with Nonparametric Beliefs

* Adaptive multi-level simplification in a Sparse Sampling setting:

|5|

O Typical speedup of 20% - 50%,
Same performance!

O. Sztyglic and V. Indelman, “Speeding up POMDP Planning via Simplification”, IROS’22.
A. Zhitnikov, O. Sztyglic, and V. Indelman, “No Compromise in Solution Quality: Speeding Up Belief-dependent Continuous POMDPs via Adaptive Multilevel Simplification”, IJRR’24.



Simplification of POMDPs with Nonparametric Beliefs

* Adaptive multi-level simplification in an MCTS setting:
(a) O,
@ @ @ @
00 @0 0
@0 . ®0

A

2
>

M A MA

A

Overlap

Bounds

i
V

al a?

O. Sztyglic and V. Indelman, “Speeding up POMDP Planning via Simplification”, IROS’22.
A. Zhitnikov, O. Sztyglic, and V. Indelman, “No Compromise in Solution Quality: Speeding Up Belief-dependent Continuous POMDPs via Adaptive Multilevel Simplification”, JRR’24

40



Simplification of Decision-Making Problems

Concept:

* |dentify and solve a simplified (computationally) easier decision-making problem

* Provide performance guarantees

-~

Specific simplifications include:

Sparsification of Gaussian beliefs (high dim. state) Simplified models and spaces

Topological metric for Gaussian beliefs (high dim. state) e Simplification of policy space

Utilize a subset of samples (nonparametric beliefs)

Utilize a subset of hypotheses (hybrid beliefs) Simplification in a multi-agent setting

Simplification of Risk-Averse & Robust Planning

N

J

[Indelman RAL'16; Elimelech & Indelman IJRR'22; Sztyglic & Indelman IROS'22, Zhitnikov & Indelman AlJ22, TRO'24; Shienman & Indelman ICRA22;
Kitanov & Indelman [JRR'24; Zhitnikov et al. |JRR'24, Barenboim & Indelman NIPS'23; Lev-Yehudi, Barenboim & Indelman AAAI24, Kong & Indelman ISRR 2024]

41
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Simplification of BSP/POMDP with Hybrid Beliefs

Belief tree Hypothesis tree Belief tree with all hypotheses Belief tree with a subset of hypotheses

(S

“ 9
9

Concept:

* |nstead, utilize only a subset of hypotheses

* Derive reward bounds, given planning task (reward)
* Disambiguate between hypotheses
* Navigate to a goal

M. Shienman and V. Indelman, “D2A-BSP: Distilled Data Association Belief Space Planning with Performance Guarantees Under Budget Constraints,” ICRA’22, Outstanding Paper Award Finalist.
M. Shienman and V. Indelman, “Nonmyopic Distilled Data Association Belief Space Planning Under Budget Constraints,” ISRR’22.

M. Barenboim, M. Shienman, and V. Indelman, “Monte Carlo Planning in Hybrid Belief POMDPs,” IEEE RA-L'23.

M. Barenboim, |. Lev-Yehudi, and V. Indelman, “Data Association Aware POMDP Planning with Hypothesis Pruning Performance Guarantees,” IEEE RA-L'23.



Simplification of BSP/POMDP with Hybrid Beliefs

f loors:BSP without budget constraints floors:BSP without budget constraints
701 —8— ND2A-BSP 40] —®— ND2A-BSP
—8— NO_SIMPLIFICATION —8— NO_SIMPLIFICATION
60 -
’850
(O]
LD/*HJ
o
g 30
—
20 -
10 4
04 @ o T —
1 2 3 2 5 2 3 a 5 6 7 8 9
planning horizon prior hypotheses

* Significant speed-up in planning
e Same planning performance is guaranteed (no overlap between bounds)

43

M. Shienman and V. Indelman, “D2A-BSP: Distilled Data Association Belief Space Planning with Performance Guarantees Under Budget Constraints,” ICRA’22, Outstanding Paper Award Finalist.

M. Shienman and V. Indelman, “Nonmyopic Distilled Data Association Belief Space Planning Under Budget Constraints,” ISRR’22.
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Simplification of BSP/POMDP with Hybrid Beliefs

* Derived a deterministic bound to relate the full set of hypotheses to a subset thereof,

Corollary

For any policy , and selection of hypotheses set {3}.;-} :‘E[n the

following holds,

T &
|V (bo) — V™ (Bo)| < Rumax [TﬁngZ > Ea. [5:‘?]} .

Full tree Any subset \
. e . Importantly, the bound relies on the
_ _ _ available hypotheses
_ ‘ ‘ ® . Can bound the theoretical value with
/ N\ / access only to the simplified tree
@ O @) O @)
S 6 do S & [ Bounds can be evaluated onIineJ

M. Barenboim, I. Lev-Yehudi, and V. Indelman, “Data Association Aware POMDP Planning with Hypothesis Pruning Performance Guarantees,” IEEE RA-L'23.



Simplification of Decision-Making Problems

Concept:

* |dentify and solve a simplified (computationally) easier decision-making problem

* Provide performance guarantees

-~

Specific simplifications include:

N

Sparsification of Gaussian beliefs (high dim. state) e Simplified models and spaces

Topological metric for Gaussian beliefs (high dim. state) e Simplification of policy space

Utilize a subset of samples (nonparametric beliefs) * Simplification of Risk-Averse & Robust Planning
Utilize a subset of hypotheses (hybrid beliefs) * Simplification in a multi-agent setting

J

[Indelman RAL'16; Elimelech & Indelman IJRR'22; Sztyglic & Indelman IROS'22, Zhitnikov & Indelman AlJ22, TRO'24; Shienman & Indelman ICRA22;
Kitanov & Indelman [JRR'24; Zhitnikov et al. |JRR'24, Barenboim & Indelman NIPS'23; Lev-Yehudi, Barenboim & Indelman AAAI24, Kong & Indelman ISRR 2024]
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POMDPs with Deterministic Guarantees

SOTA sampling based approaches come with probabilistic theoretical guarantees

Theorem 2 Ler =° be an optimal policy at a belief by,. Let © be a policy derived from a DESPOT

that has heiale D ced eoorceivud Covive W wcsordomels: snemelad sosnnciar Cov hullaf b ' Ene rvise
DES POT 7. € (0. ]Theorem 1. Suppose that all assumptions listed above hold. Let N bol = My, Fore >0,
Theorem 1. For suitable choice of ¢, the value function constructed by PO-UCT converges
AdaOPS ——”””"” » holds wit] in probability to the optimal value function, V(h) B Ve(h). for all histories h that are
; prefired by hy. As the number of visits N(h) approaches infinity, the bias of the value
V(b function, EIV(h) \A'l‘h)_ is Olog N(h)/N(h))

where 1,

POMCP —

Can we get deterministic guarantees?

We show that deterministic guarantees are indeed possible!

M. Barenboim and V. Indelman, “Online POMDP Planning with Anytime Deterministic Guarantees,” NeurlPS’23.
M. Barenboim and V. Indelman. “Online POMDP Plannine with Anvtime Deterministic Ootimalitv Guarantees.” Artificial Intellicence 2026.
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Online POMDP Planning with Anytime Deterministic Guarantees

Concept:

Instead of solving the original POMDP, consider a simplified version of that POMDP.

M- N

Derive a mathematical relationship between the solution of the simplified, and the
theoretical POMDP.

M. Barenboim and V. Indelman, “Online POMDP Planning with Anytime Deterministic Guarantees,” NeurlPS’23.
M. Barenboim and V. Indelman. “Online POMDP Plannine with Anvtime Deterministic Ootimalitv Guarantees.” Artificial Intellicence 2026.
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Online POMDP Planning with Anytime Deterministic Guarantees

* Givena POMDP: M = (X, Z, A, by, Pr, Pz, p,7)
* Define a simplified POMDP,
M — {szgAagﬂjﬁT}ﬁzip?T)

T I
X(H) c X by(z) £ {b[l(*'f-') . T E X )
Z(H) C 2 0 . otherwise

- Plxiyq | 2 a8) gy € X(H, )
P(zi41 | @4, ae) %{ otherurise T

-

. o [Pz @) Loz € Z(Hy)
Plze | @) = {[} , otherwise
e Simplified value function

“_/ﬁ(Et) = r(’gl‘: ﬂ-t) + IE-E"HI:T [VW(EH']-)}

M. Barenboim and V. Indelman, “Online POMDP Planning with Anytime Deterministic Guarantees,” NeurlPS’23.
M. Barenboim and V. Indelman. “Online POMDP Plannine with Anvtime Deterministic Ootimalitv Guarantees.” Artificial Intellicence 2026.
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Online POMDP Planning with Anytime Deterministic Guarantees

* Deterministic guarantees (assuming discrete spaces)

Simplified tree
/—\ Tx, Ix,a _

1 Oz 4 L I .

| DetermlnlstiGUirantees IL @ O 0 0 e
il V(bo) —Vi(bo)| <€|

N Tée & ¢

{ Bounds can be evaluated online}

M. Barenboim and V. Indelman, “Online POMDP Planning with Anytime Deterministic Guarantees,” NeurlPS’23.
M. Barenboim and V. Indelman. “Online POMDP Plannine with Anvtime Deterministic Ootimalitv Guarantees.” Artificial Intellicence 2026.
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Online POMDP Planning with Anytime Deterministic Guarantees

Importantly, the bounds can be calculated during planning.

How can we use them?
* Pruning of sub-optimal branches

—— Made possible by the deterministic guarantees
e Stopping criteria for the planning phase

— Made possible by the deterministic guarantees
* Finding the optimal solution in finite time

—— Without recovering the theoretical tree

M. Barenboim and V. Indelman, “Online POMDP Planning with Anytime Deterministic Guarantees,” NeurlPS’23.

M. Barenboim and V. Indelman. “Online POMDP Plannine with Anvtime Deterministic Ootimalitv Guarantees.” Artificial Intellicence 2026.

-

Deterministic Guarantees

[V(bo) — V(bo)| < €

~

\_ J
=
=
=
e I(H,a%
£ I-
] Suboptimal
)
| |
| l l —
a a? a® a*



Simplifying Complex Observation Models with Probabilistic Guarantees

* We replace the (learned) observation model pz with a cheaper model gz
e Simpler GMM, Shallower Neural Network, etc.

* Example:
Simplified models
p,(zlx)
Original, expensive
N 8 P
q,z1x)
Simplified, cheap
Can we simplify the learned models?
What is the impact on planning performance?

I. Lev-Yehudi, M. Barenboim, and V. Indelman, “Simplifying Complex Observation Models in Continuous POMDP Planning with Probabilistic Guarantees and Practice,” AAAI’24.
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Simplifying Complex Observation Models with Probabilistic Guarantees

* We replace the (learned) observation model pz with a cheaper model gz

» Simplified action-value function: Q%

/ Corollary 3 \

For arbitrary €, > 0 there exists a number of particles for which

QF (bt a) — Q4% (b, )| < Pmp (b, @) + ¢

with probgbifftj/ of at least 1 — 9§ \fb?\any guaranteed planner

\_ . ‘ /

T

1 \

\ \

1 \
\

Theoretical Q func'tion Estimator of the Q function of a
of the POMDP, with particle-belief POMDP, with
original models simplified models

I. Lev-Yehudi, M. Barenboim, and V. Indelman, “Simplifying Complex Observation Models in Continuous POMDP Planning with Probabilistic Guarantees and Practice,” AAAI’24.



Partitioning of a Multivariate Observation Space

 Consider a multivariate random variable Z € Z , that represents future observations:

Z=(Z4". 7% ...,2™)

* Examples:

Raw measurement of an image sensor Factor graph

120 |1 R )C
me (1m | 8124 13 |10 (10 |20 166 | 06 | 6 1m0 0

T. Yotam and V. Indelman, “Measurement Simplification in p-POMDP with Performance Guarantees,” IEEE T-RO’24.
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Partitioning of a Multivariate Observation Space

 Consider a multivariate random variable Z € Z , that represents future observations:

Z=(Z4". 7% ...,2™)

* We can partition Z € Z into different subsets/components, e.g.
7¢={2",2%,...,2")
A VAR A AL

Z =7Z°UZ%

/Z

711110 72110

* Hierarchical Partitioning: St Ngzit g0 742124

Zlalla-1 724|141 gmalm/24_4

T. Yotam and V. Indelman, “Measurement Simplification in p-POMDP with Performance Guarantees,” IEEE T-RO’24.
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Partitioning of a Multivariate Observation Space

LB < H(X|Z) <UB H(Z°,Z2°) = H(Z°) + H(Z°) - L(Z°; Z°)

LBEH(Z* | X)+ H(Z°|X) — H(Z°) — H(ZF) + H(X) H(Z*) H(Z°)

UBEH(Z°|X)+H(X) - H(Z

VAV

T. Yotam and V. Indelman, “Measurement Simplification in p-POMDP with Performance Guarantees,” IEEE T-RO’24.



Partitioning of a Multivariate Observation Space

Application to Active SLAM

Trajectory
Possible Paths
40 «  Observed Landmarks

30

north
N
il
v PAlLWERLE

10 NS ! J : Vo e

# Paths # Factors | RP I’AMDLZ MP (OUI‘S)l 17.5 20.0 22.5 25.0east 27.5 30.0 325 35.0
100 2956 No | 11.521 £0.537 | 6.888 £ 0.155
100 2956 Yes | 24.636 £1.381 |11.758 £ 0.372
100 5904 Yes | 84.376 + 14.458 | 32.069 £ 4.913

Table: Total planning time in seconds (lower is better)

1T. Yotam and V. Indelman, “Measurement Simplification in p-POMDP with Performance Guarantees,” IEEE T-RO’24.

2D. Kopitkov and V. Indelman, “No Belief Propagation Required: Belief Space Planning in High-Dimensional State Spaces via Factor Graphs, Matrix Determinant Lemma and Re-use of Calculation,” IJRR’17.
2D. Kopitkov and V. Indelman, “General-purpose incremental covariance update and efficient belief space planning via a factor-graph propagation action tree”, IJRR’19.




Real Worl Experiment - Visual Active SLAM
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Partitioning of a Multivariate Observation Space

Application to Active SLAM

3400

3350

Method time [sec]

3300

MP (ours)'| 585.507 & 27.153
rAMDL® | 802.545 + 25.651
iISAM2° | 1764.835 &+ 26.521

Table: Total planning time in seconds (lower is better)

Entropy

3250

3200

3150
150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 a00 950
Path

1T. Yotam and V. Indelman, “Measurement Simplification in p-POMDP with Performance Guarantees,” IEEE T-RO’24.
2D. Kopitkov and V. Indelman, “No Belief Propagation Required: Belief Space Planning in High-Dimensional State Spaces via Factor Graphs, Matrix Determinant Lemma and Re-use of Calculation,” IJRR’17.

2D. Kopitkov and V. Indelman, “General-purpose incremental covariance update and efficient belief space planning via a factor-graph propagation action tree”, IJRR’19.

3M. Kaess, et al., "iSAM2: Incremental smoothing and mapping using the Bayes tree," IJRR’12.



Simplification of Decision-Making Problems

Concept:

* |dentify and solve a simplified (computationally) easier decision-making problem

* Provide performance guarantees

-~

Specific simplifications include:

Sparsification of Gaussian beliefs (high dim. state) Simplified models and spaces

Topological metric for Gaussian beliefs (high dim. state) * Simplification of policy space

N

Utilize a subset of samples (nonparametric beliefs)

Simplification of Risk-Averse & Robust Planning

Utilize a subset of hypotheses (hybrid beliefs) Simplification in a multi-agent setting

J

[Indelman RAL'16; Elimelech & Indelman IJRR'22; Sztyglic & Indelman IROS'22, Zhitnikov & Indelman AlJ22, TRO'24; Shienman & Indelman ICRA22;
Kitanov & Indelman [JRR'24; Zhitnikov et al. |JRR'24, Barenboim & Indelman NIPS'23; Lev-Yehudi, Barenboim & Indelman AAAI24, Kong & Indelman ISRR 2024]
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Simplification of Risk Averse POMDP Planning

L

Gr =Y r(bs,ar)

return t—=k

* Distribution over returns/rewards

A P(Gk | bk?’ﬂ')

V7™ (br) = ¢ (P(Gk | by, m))

CVaR
|

Risk measure (e.g. CVaR)

> Gy

A. Zhitnikov and V. Indelman, “Simplified Risk Aware Decision Making with Belief Dependent Rewards in Partially Observable Domains,” Artificial Intelligence, 2022.
Y. Pariente and V. Indelman, “Simplification of Risk Averse POMDPs with Performance Guarantees,” arXiv'24.

I. Nutov and V. Indelman, “Simplified Risk Aware CVaR-based POMDP With Performance Guarantees: a Risk Envelope Perspective”, TR’24.

Y. Pariente and V. Indelman, “Bounding Conditional Value-at-Risk via Auxiliary Distributions with Bounded Discrepancies,” arXiv’25.
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Simplification of Risk Averse POMDP Planning

* Impact of simplification on distribution over returns/rewards

» Simplified risk-aware decision-making with formal guarantees

Return
"
'I P(G | by, mrs) Vﬂ(bk) — (P(IP(G.% | bk}ﬂ-))
# L
IE,, Risk measure (e.g. CVaR)
. s  simplification
P(Gk | bk Tt) —  original
—  simplified —
simpline Kﬂ-(bk) S Vﬂ-(bk) S Vﬂ-(bk)
ﬂ'k—{— F’nliciesh

A. Zhitnikov and V. Indelman, “Simplified Risk Aware Decision Making with Belief Dependent Rewards in Partially Observable Domains,” Artificial Intelligence, 2022.
Y. Pariente and V. Indelman, “Simplification of Risk Averse POMDPs with Performance Guarantees,” arXiv'24.

I. Nutov and V. Indelman, “Simplified Risk Aware CVaR-based POMDP With Performance Guarantees: a Risk Envelope Perspective”, TR’24.

Y. Pariente and V. Indelman, “Bounding Conditional Value-at-Risk via Auxiliary Distributions with Bounded Discrepancies,” arXiv’25.



Probabilistically Constrained Belief Space Planning

kt+L—1
max [ pe+1 | bk, T
subject to P(c(bg.p+r;¢,0) = 1|bg, mpy) > 1 — € b )

. . 1.
Information gain*: [0k+1

| A bito
C(bk:k—|-L7 ¢7 5) _ 1{( ?;L,f_l ¢(bt,bt+1)) >0} (bk:k+L) 2’1’“/ °k l

Information gain Q O
k+L

c(br:kyr; ¢, 0) = H L{op:(b0)> 6} (De)
(=k

Safety?:

Safety

A. Zhitnikov and V. Indelman, “Simplified Continuous High Dimensional Belief Space Planning with Adaptive Probabilistic Belief-dependent Constraints,” T-RO’24.
2A\. Zhitnikov and V. Indelman, “Anytime Probabilistically Constrained Provably Convergent Online Belief Space Planning,” T-RO’25.



Robust Online Planning Under Uncertainty

* So far, models were assumed to be given and perfect
* |n practice, models are learned from data [ How to do online robust p'a””‘”g?J

 What happens when the models are uncertain?

Uncertainty set: Robust value function:
Pi(St41 | St =s,Ar =a) € Pf’a V7T(s) = gﬂ% VT’P(S)
S

Depth d

Robust Sparse Sampling (RSS) Algorithm:

* A sample-based online robust planner i a"’\
* Applicable to infinite or continuous state spaces (é é
!
* Finite-sample performance guarantees o1 @

T. Shazman, |. Lev-Yehudi, R. Benchetrit, and V. Indelman, “Online Robust Planning under Model Uncertainty: A Sample-Based Approach,” AAAI’26.
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Robust Online Planning Under Uncertainty

* So far, models were assumed to be given and perfect
* |n practice, models are learned from data [ How to do online robust p'a””‘”g?J

 What happens when the models are uncertain?

Uncertainty set: Robust value function:
Py(St41 | St =8, At =a) € P;" V7™(s) = gw_i% VmE(s)
C
Y, Depth d
Robust Sparse Sampling (RSS) Algorithm: 4 Guarantees I
* A sample-based online robust planner ~ *
TT T

* Applicable to infinite or continuous state spaces ‘V (S) -V (5) ‘ S €
* Finite-sample performance guarantees \_ A

T. Shazman, |. Lev-Yehudi, R. Benchetrit, and V. Indelman, “Online Robust Planning under Model Uncertainty: A Sample-Based Approach,” AAAI’26.
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Simplification of Decision-Making Problems

Concept:

* |dentify and solve a simplified (computationally) easier decision-making problem

* Provide performance guarantees

-~

Specific simplifications include:

Sparsification of Gaussian beliefs (high dim. state) Simplified models and spaces

Topological metric for Gaussian beliefs (high dim. state) e Simplification of policy space

Utilize a subset of samples (nonparametric beliefs) * Simplification of Risk-Averse & Robust Planning

N

Utilize a subset of hypotheses (hybrid beliefs) * Simplification in a multi-agent setting

~/

[Indelman RAL'16; Elimelech & Indelman IJRR'22; Sztyglic & Indelman IROS'22, Zhitnikov & Indelman AlJ22, TRO'24; Shienman & Indelman ICRA22;
Kitanov & Indelman [JRR'24; Zhitnikov et al. |JRR'24, Barenboim & Indelman NIPS'23; Lev-Yehudi, Barenboim & Indelman AAAI24, Kong & Indelman ISRR 2024]
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Multi-Robot Belief Space Planning

A common assumption: Beliefs of different robots are consistent at planning time

* Requires prohibitively frequent data-sharing capabilities!

: %

A R‘ ] ﬁ '
rd A S
/ ¥ \ HE¢, z", z" A HE¢, z" ,z"
g :: \ l a ] l

/&T a’ i’ = e l'

! !y ! r 1 r I / r
B ,-",a ;a’ {a,a /a La’ {a,a
1 1
: l/ ‘\ " " l‘\

4
L - - \ o >
’ [
"‘ ,1' ‘\\ K \ , \\\
1.7 \Y ’) ‘. ZT'
(o o CIS) a . ---- aD
r r P

~~
TECHNION Autonomous Navigation
u Israel Institute % AN P L and Perception Lab

of Technology
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Multi-Robot Cooperative BSP with Inconsistent Beliefs

What happens when data-sharing capabilities between the robots are limited?

* Histories & beliefs of the robots may differ due to limited data-sharing capabilities

T =P(xy | Hy) by = P(xk | Hy) MHE £ Hy

Available only to robot r Common history, e.g. from the last Available only to robot r’

data-sharing
T. Kundu, M. Rafaeli, and V. Indelman, “Multi-Robot Communication-Aware Cooperative Belief Space Planning with Inconsistent Beliefs: An Action-Consistent Approach,” IROS’24.
T. Kundu, M. Rafaeli, A. Gulyaev, and V. Indelman, “Action-Consistent Decentralized Belief Space Planning with Inconsistent Beliefs and Limited Data Sharing: Framework and Simplification
Algorithms with Formal Guarantees,” Submitted, 2025.

M. Rafaeli, and V. Indelman, “Towards Optimal Performance and Action Consistency Guarantees in Dec-POMDPs with Inconsistent Beliefs and Limited Communication,” Submitted, 2025.
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Multi-Robot Cooperative BSP with Inconsistent Beliefs

What happens when data-sharing capabilities between the robots are limited?

* Histories & beliefs of the robots may differ due to limited data-sharing capabilities

! ! !
o T T T T T
* Can lead to a lack of coordination and unsafe and sub-optimal actions

. ¢ ) ¢ ,
P ® ) ﬁ ' H= 7' % H¢. z" .2

~
VSN HE.z" 72" Z HE. z" 2z M N

(Challenge:

e Guarantee a consistent joint action selection by individual robots despite inconsistent histories

* Otherwise, self-trigger communication

\_ J

- ra F g <

T. Kundu, M. Rafaeli, and V. Indelman, “Multi-Robot Communication-Aware Cooperative Belief Space Planning with Inconsistent Beliefs: An Action-Consistent Approach,” IROS’24.

T. Kundu, M. Rafaeli, A. Gulyaev, and V. Indelman, “Action-Consistent Decentralized Belief Space Planning with Inconsistent Beliefs and Limited Data Sharing: Framework and Simplification
Algorithms with Formal Guarantees,” Submitted, 2025.

M. Rafaeli, and V. Indelman, “Towards Optimal Performance and Action Consistency Guarantees in Dec-POMDPs with Inconsistent Beliefs and Limited Communication,” Submitted, 2025.



Action Consistency

* If two decision-making problems have the same action preference, this implies both have the

same best action regardless of the actual objective/value function values

Objective A W Decision-making problem 1

Decision-making problem 2

actions

* Key idea: to guarantee consistent multi-robot decision-making, each robot
* reasons about its own and other robots’ action preferences while accounting for the
missing information between the robots
* checks if for all these realizations, we get the same best joint action

V. Indelman, “No Correlations Involved: Decision Making Under Uncertainty in a Conservative Sparse Information Space,” IEEE RA-L'16.
K. Elimelech and V. Indelman, “Simplified decision making in the belief space using belief sparsification,” JRR’22.
A. Kitanov and V. Indelman, “Topological Belief Space Planning for Active SLAM with Pairwise Gaussian Potentials and Performance Guarantees,” IJRR’24.
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Decentralized Verification of Multi-Robot Action Consistency (MR-AC)

* From the perspective of robot r, MR-AC holds if the selected joint actions are the same based on:

1. Its local information
2. What it perceives about the reasoning of the other robot r’
3. What it perceives about the reasoning of itself perceived by the other robot r’

Available only to robot r Common history, e.g. from the last Available only to robot r’
data-sharing

T. Kundu, M. Rafaeli, and V. Indelman, “Multi-Robot Communication-Aware Cooperative Belief Space Planning with Inconsistent Beliefs: An Action-Consistent Approach,” IROS’24.

T. Kundu, M. Rafaeli, A. Gulyaev, and V. Indelman, “Action-Consistent Decentralized Belief Space Planning with Inconsistent Beliefs and Limited Data Sharing: Framework and Simplification
Algorithms with Formal Guarantees,” Submitted, 2025.

M. Rafaeli, and V. Indelman, “Towards Optimal Performance and Action Consistency Guarantees in Dec-POMDPs with Inconsistent Beliefs and Limited Communication,” Submitted, 2025.
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Decentralized Verification of Multi-Robot Action Consistency (MR-AC)

* From the perspective of robot r, MR-AC holds if the selected joint actions are the same based on:

1. Its local information
2. What it perceives about the reasoning of the other robot r’
3. What it perceives about the reasoning of itself perceived by the other robot r’

« Same best action in all cases? A' i_%§<_2_ 2
* Yes: MR-AC is guaranteed to be satisfied S A m - A
* Robots are guaranteed to choose the same joint action A E
* No further data sharing is needed! - »

* No: self-trigger communication, share some data, repeat Steps 1-3

T. Kundu, M. Rafaeli, and V. Indelman, “Multi-Robot Communication-Aware Cooperative Belief Space Planning with Inconsistent Beliefs: An Action-Consistent Approach,” IROS’24.

T. Kundu, M. Rafaeli, A. Gulyaev, and V. Indelman, “Action-Consistent Decentralized Belief Space Planning with Inconsistent Beliefs and Limited Data Sharing: Framework and Simplification
Algorithms with Formal Guarantees,” Submitted 2025.

M. Rafaeli, and V. Indelman, “Towards Optimal Performance and Action Consistency Guarantees in Dec-POMDPs with Inconsistent Beliefs and Limited Communication,” Submitted, 2025.
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